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ABSTRACT 
 

In response to the threat of pandemic flu outbreaks, emerging novel influenza 

surveillance systems, such as syndromic surveillance, now utilize pre-diagnostic data to monitor 

flu activities. Biases due to the changes in health related behavior, and the background noise 

caused by seasonal flu epidemics, may limit its utility for early detection. Situational awareness, 

the ability of monitoring and characterizing flu transmission over time, is considered to be a 

more reasonable goal for conducting influenza surveillance. Indeed, disease surveillance is a 

process, the product of which reflects both real illness and public awareness of the disease. 

Biases are therefore embedded in each surveillance systems, and need to be assessed to better 

provide situational awareness for decision making purpose.  

 Through qualitative studies including systematic review of the scientific literature, 

official documents and news reports, as well as interviews with selected health officials from 

health departments, objectives, utility and performance of influenza surveillance systems, 

especially syndromic surveillance systems, were assessed using pH1N1 outbreak as an critical 

event. The results show, syndromic surveillance provided situational awareness that allowed 

early recognition of the connection between outbreaks in the United States and Mexico, and led 

to early response. The utility of syndromic surveillance at health departments is limited, due to 
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the lack of targeted analytical tools and clarified objectives based on systemic assessment of the 

biases. 

 Influenza surveillance data from Georgetown University and Hong Kong government 

were used to explore the possibility of using biases as a characterization tool. Bayesian 

Hierarchical model was applied to estimate the statistical relationships between influenza 

surveillance data and the informational environment, such as the alerts from HealthMap and web 

queries from Google. The model identified the types of characteristics in surveillance systems 

that are less likely to be influenced by the information environment, and systems that might 

monitor the same population or are subject to the same biases in its process.  

 More than just the noise in the system, informational environment associated biases can 

be used as a characterization tool, which can facilitate practitioners to make informed decisions 

on choosing surveillance systems to serve for specific situation awareness purposes.  
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PREFACE 

This dissertation will be divided into six chapters. This first chapter will introduce the 

terms and concepts related to infectious disease surveillance and influenza surveillance that may 

not be familiar to readers outside the specific subject area. It mainly focuses on the general 

process, latest development and challenges, in order to give an overview of the current practice 

in the field. The second chapter will be presenting a published original research based on 

conducting syndormic surveillance for operational purposes at Georgetown University during 

2009 pH1N1 outbreak. The challenges encountered in the practice of syndromic surveillance led 

to two main questions about influenza surveillance, (1) why are we doing influenza surveillance 

through multiple different systems, (2) how to analyze and interpret the influenza surveillance 

data given the biases embedded in almost all data streams. The third chapter is a published 

collaborative research project with Dr. Michael Stoto, in order to assess the performance of 

syndromic surveillance and event-based surveillance in early identification of the pH1N1 

outbreak in Mexico and the United States. The primary data collection was conducted by me; 

while the majority of the writing was done by Dr. Stoto. The fourth chapter is an original 

research project to assess the gaps between available influenza surveillance data and the 

information needed for decision making at health departments during the 2009 pH1N1 outbreak. 

The fifth chapter will present an exploratory research project of using informational environment 

data input to characterize influenza surveillance systems through Bayesian hierarchical model. It 

provides a new approach to assess the biases embedded in the surveillance data, which will 

inform interpretation and utilization of influenza surveillance data in future outbreak. 

  



 

vii 
 

TABLE OF CONTENTS	  

Chapter I .......................................................................................................................................... 1	  

1	   Introduction ............................................................................................................................. 1	  

1.1	   Infectious disease surveillance in public health practice ................................................. 1	  

1.1.1	   Establishment of case definition ............................................................................... 2	  

1.1.2	   Framework of surveillance systems .......................................................................... 4	  

1.1.3	   Data analysis and interpretation .............................................................................. 11	  

1.1.4	   Utilization and response .......................................................................................... 13	  

1.2	   Influenza and Influenza surveillance .............................................................................. 16	  

1.2.1	   History of influenza epidemic ................................................................................. 16	  

1.2.2	   Biology of Influenza virus ...................................................................................... 17	  

1.2.3	   History of influenza surveillance ............................................................................ 19	  

1.2.4	   Recent advances in influenza surveillance ............................................................. 20	  

1.3	   Aims of dissertation ....................................................................................................... 24	  

Chapter II ...................................................................................................................................... 26	  

2	   Evaluating Syndromic Surveillance Systems at Institutions of Higher Education (IHEs) ... 26	  

2.1	   Background .................................................................................................................... 26	  

2.2	   Methods .......................................................................................................................... 27	  

2.2.1	   Data Collection ....................................................................................................... 27	  



 

viii 
 

2.2.2	   Data Preparation ...................................................................................................... 30	  

2.2.3	   Data Analysis .......................................................................................................... 31	  

2.3	   Results ............................................................................................................................ 32	  

2.4	   Discussion ...................................................................................................................... 37	  

2.4.1	   Unique transmission patterns in IHEs ..................................................................... 39	  

2.4.2	   Influence of incentives and informational environment ......................................... 42	  

2.4.3	   Evaluation of syndromic surveillance systems ....................................................... 44	  

2.5	   Conclusions .................................................................................................................... 45	  

Chapter III ..................................................................................................................................... 47	  

3	   Did Advances in Global Surveillance and Notification Systems Make a Difference in the 

2009 H1N1 Pandemic? ................................................................................................................. 47	  

3.1	   Background ................................................................................................................. 48	  

3.2	   Methods ...................................................................................................................... 50	  

3.3	   Results ........................................................................................................................ 51	  

3.4	   Implications for Policy and Practice ........................................................................... 61	  

3.5	   Limitations .................................................................................................................. 68	  

3.6	   Conclusion .................................................................................................................. 68	  

Chapter IV ..................................................................................................................................... 74	  



 

ix 
 

4	   Assessing the Gaps between Available Influenza Surveillance Data and the Information 

Needed for Decision Making during the 2009 pH1N1 Outbreak ................................................. 74	  

4.1	   Background .................................................................................................................... 74	  

4.2	   Data sources and methods .............................................................................................. 78	  

4.3	   Results ............................................................................................................................ 80	  

4.3.1	   Influenza surveillance systems before and after the pH1N1 outbreak ................... 80	  

4.3.2	   Proposed objectives for conducting influenza surveillance .................................... 85	  

4.3.3	   Desired features and challenges in existing influenza surveillance systems .......... 87	  

4.4	   Discussion ...................................................................................................................... 90	  

4.4.1	   The uncertainties in pandemic flu outbreak and implications for public health 

emergency response and preparedness ................................................................................. 90	  

4.4.2	   Capabilities of syndromic surveillance ................................................................... 93	  

4.5	   Conclusion ...................................................................................................................... 96	  

Chapter V ...................................................................................................................................... 98	  

5	   Characterizing Influenza Surveillance Systems using Bayesian Hierarchical Model .......... 98	  

5.1	   Background .................................................................................................................... 98	  

5.1.1	   Biases in surveillance systems ................................................................................ 98	  

5.1.2	   Methodological challenges in influenza surveillance modeling ........................... 102	  

5.2	   Data and methods ......................................................................................................... 111	  



 

x 
  

5.2.1	   Data sources .......................................................................................................... 111	  

5.2.2	   Model structure ..................................................................................................... 122	  

5.2.3	   Simulation and model fitting ................................................................................ 126	  

5.2.4	   Model implementation .......................................................................................... 132	  

5.3	   Results .......................................................................................................................... 133	  

5.4	   Discussion .................................................................................................................... 150	  

5.4.1 	   Limitation of the study .......................................................................................... 150	  

5.4.2	   Characterization of the surveillance systems using the P model .......................... 159	  

5.4.3	   Characterization of the surveillance systems using the NP model ....................... 164	  

5.5 Conclusions ....................................................................................................................... 169	  

Chapter VI ................................................................................................................................... 171	  

6	   Conclusion .......................................................................................................................... 171	  

6.1	   Summary of findings .................................................................................................... 171	  

6.2	   Reflections .................................................................................................................... 176	  

6.3	   Conclusion .................................................................................................................... 178	  

Appendix I: Data Sources Description for Chapter II ................................................................ 181	  

Appendix II: Summary Table of the Surveillance Systems for Chapter II ................................. 187	  

Appendix III: Interview outline for Chapter IV .......................................................................... 189	  

Appendix IV: Georgetown University Institutional Review Board (IRB) Exempt Approval .... 191	  



 

xi 
 

Appendix V: Supplementary Tables and Figures for Chapter V ................................................ 194	  

Appendix VI: Confirmation of Permissions for Use of Copyrighted Materials ......................... 201	  

Appendix VII: Abbreviations ..................................................................................................... 203	  

Bibliography ............................................................................................................................... 207	  

 

  



 

xii 
 

LIST OF FIGURES 

Figure 1 Typical course of influenza infection ............................................................................. 18	  

Figure 2 Categorical pH1N1-related message timing and volume ............................................... 33	  

Figure 3 University A student ILI caes reported to SHC, ED, deans’ offices compared to regional 

ACHA, CDC ILINet and local Google Flu Trends data ............................................................... 34	  

Figure 4 ILI case reports to athletic trainers (AT) and resident assistants (RA), residence hall 

offices (RHO) requests for supplies, and calls to the H1N1 advice line compared SHC visits and 

dean’s office reports, University A only ....................................................................................... 35	  

Figure 5 Real-time and retrospective employee absenteeism, University A only ........................ 36	  

Figure 6 ILI cases reported to SHC and hospital ED from both universities compared to regional 

CDC ILINet data ........................................................................................................................... 37	  

Figure 7 Influenza activity in general population and institutions of higher education (IHEs) 

population ..................................................................................................................................... 41	  

Figure 8 Timeline of H1N1 events ............................................................................................... 55	  

Figure 9 Pyramid of influenza infection severity and influenza surveillance system .................. 82	  

Figure 10  Conceptual model for biases in influenza surveillance data ..................................... 100	  

Figure 11Selection flowcharts for Google search key words ..................................................... 118	  

Figure 12 Overview of the influenza surveillance systems (2007 – 2009) ................................. 121	  

Figure 13 Posterior distributions for the public awareness index and non-flu index coefficient in 

the NP model ............................................................................................................................... 134	  

Figure 14 Posterior distributions for lab(%positive) with different time lag models in the NP 

model ........................................................................................................................................... 137	  



 

xiii 
 

Figure 15 Comparison of the posteriors for the public awareness index and non-flu index 

coefficient of 2007, 2008 and total non-pandemic period .......................................................... 140	  

Figure 16 Comparison of the posteriors for informational environment indices of winter/spring 

peak and summer peak in 2008 ................................................................................................... 140	  

Figure 17 Posterior distributions of 𝛽!,!,! (m=2,..,5; j=1,…,11) in the P model ........................ 143	  

Figure 18 Posterior distributions of 𝛼!,!,! (m=2,..,7; j=1,…,11) in the P model ........................ 145	  

Figure 19 Posterior distributions for of 𝜌!,!,!,!  (i=2,..,4; j=1,2,8,9) for hospitalization data series in 

the NP model ............................................................................................................................... 168	  

Figure 20 Scatter plot matrix of hospitalization data in non-pandemic period ........................... 169	  

Figure 21 Comparison of the posteriors for informational environment indices of using informed 

and non-informed prior distributions .......................................................................................... 194	  

Figure 22 Comparison of the posteriors for informational environment indices of winter/spring 

peak and summer peak in 2008 ................................................................................................... 195	  

Figure 23 Posterior distributions of 𝛽!,!,! (m=2,..,5; j=7,8,9) in the P model ............................ 195	  

Figure 24 Posterior distributions of 𝛼!,!,! (m=2,..,7; j=6,…,9) in the P model .......................... 196	  

Figure 25 Posterior distribution for the informational environment coefficients in year segmented 

NP model .................................................................................................................................... 197	  

 

  



 

xiv 
 

LIST OF TABLES 

Table 1 Objectives for influenza surveillance .............................................................................. 76	  

Table 2 New systems and features in response to the 2009 pH1N1 outbreak .............................. 82	  

Table 3 Data sources ................................................................................................................... 113	  

Table 4 Alert sources for HealthMap .......................................................................................... 115	  

Table 5 Inclusion and exclusion criteria for HealthMap data ..................................................... 116	  

Table 6 Categorization of the informational environment data .................................................. 119	  

Table 7 Choice of distribution for each surveillance data stream ............................................... 122	  

Table 8 Similarity matrix for structural errors for flu-HA, P&I-HA, GOPC and GP ................ 126	  

Table 9 List of informational environment indices used in the NP and P model ....................... 128	  

Table 10 Description for the time lag P model ........................................................................... 129	  

Table 11 Description for the time lag the NP model .................................................................. 130	  

Table 12 Priors for the model coefficients .................................................................................. 131	  

Table 13 RMSE and NRMSE comparison for NP model ........................................................... 133	  

Table 14 Posterior distributions for the NP model ..................................................................... 134	  

Table 15 Model performance comparison among different time lag models for lab(%positive)136	  

Table 16 RMSE and NRMSE comparison for the optimized P model ....................................... 141	  

Table 17 Posterior distributions for the optimized P model ....................................................... 145	  

Table 18 Basic P model performance comparison between incidence rate of all-age group versus 

5-14yr .......................................................................................................................................... 149	  

Table 19 Top performing time lag models for each surveillance system ................................... 149	  

Table 20 Posterior distributions for the basic P model ............................................................... 197



 

1 
 

Chapter I 

1 Introduction 

1.1 Infectious disease surveillance in public health practice 

 Monitoring population health status and trends is a cornerstone of public health. Among 

all health problems, infectious disease has become an increasingly pressing issue. It was widely 

accepted decades ago that as human civilization develops, a society will experience an 

epidemiological transition of major health problems ― from infectious disease and famine to 

degenerative and man-made diseases (Omran 2005). The theory was introduced in the historical 

context that effective antibiotics, chemotherapies and vaccines were developed to successfully 

prevent, treat, and even eradicate infectious diseases that had caused significant morbidity and 

mortality in the long history of human civilization (Nelson, Williams & Graham 2000). In late 

20th century, however, the emergence of HIV/AIDS epidemic and the spread of drug-resistance 

tuberculosis and malaria (Krause 1992), challenged the perception that the age of infectious 

diseases was coming to an end. Instead, emerging and re-emerging infectious diseases now 

define the final stage of epidemiological transition (Harper, Armelagos 2010). 

 Public health surveillance, as defined by the United States Centers for Disease Control 

and Prevention (CDC), is an “ongoing, systematic collection, analysis, and interpretation of 

health data,” which is “essential to the planning, implementation, and evaluation of public health 

practice,” “closely integrated with the timely dissemination of these data to those who need to 

know,” and is also linked to “prevention and control.”  Therefore “a surveillance system includes 

a functional capacity for data collection, analysis, and dissemination linked to public health 

programs.” (Centers for Disease Control and Prevention 1986) This definition, first published in 
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1986, remains unchanged after almost three decades, given its flexibility and applicability even 

in the modern days of surveillance practice. However, the actual practice of surveillance 

especially that of infectious disease, is much more complicated and keeps changing along with 

advancements in technology and methods. As an overview, this introduction is organized along 

the lines of the process of surveillance ― establishment of case definition, surveillance network, 

data analysis and interpretation, utilization and response.  

1.1.1 Establishment of case definition 

Infectious disease is caused by exogenous biological agents, such as viruses, bacteria, 

fungi, protozoa, prion, and multicellular parasite among others. Pathogens can cause 

symptomatic, asymptomatic or latent infection, and can be spread from one host to another 

through pathways such as direct contact, blood, feces, body fluid, air, other vectors, and so forth 

(Nelson 2000). 

The establishment of a case definition therefore, is built based on these key elements of 

infectious disease.  

1.1.1.1 Biological criteria 

 A case definition based on laboratory findings is usually the most specific. Laboratory 

testing can be used to identify a pathogen directly and indirectly. Direct tests refer to the 

identification of the actual pathogens, such as the pathogen-specific gene sequence from samples 

collected from the host (Dwyer et al. 2006). Indirect methods, on the other hand, refer to the 

identification of pathogen-specific antibodies in the host as a result of immune response. 

Identification of the antibody, however, can be an indicator for current infection, past infection 
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or latent infection (Ratnam 2005). Sometimes it is the specific features of the pathogen that the 

laboratory test targets, such as the drug-resistance profile of multi-drug resistant Tuberculosis 

(MDR-TB), Methicillin-resistant Staphylococcus aureus (MRSA), and such (Fischbach, Walsh 

2009). For certain novel pathogens that standardized laboratory test might not be readily 

available; laboratory findings that characterize the pathogen can be used as an interim case 

definition. For instance, according to CDC, an unsubtypable influenza virus should be reported 

as a novel influenza virus if it is positive for type A, but negative for subtypes H1 and H3 (Kaul 

et al. 2010).  

1.1.1.2 Clinical characteristics 

 When infected patients seek medical attention, clinicians need a case definition to 

identify suspicious cases for further laboratory testing. Clinical characteristics observed by 

physicians treating patients, such as disease progression, clinical manifestation, response to the 

treatment, other underlying conditions, and so forth can help to further refine the case definition, 

assess the disease burden, and inform public health response.  

However, when a condition is not well-understood, and the pathogen is not yet identified, 

the observation of an unusual trend among patients with specific clinical characteristics can lead 

to the identification of a novel pathogen. For instance, during the early days of the human 

immunodeficiency virus (HIV) epidemic, it was the clustering of cases of Pneumocystis carinii 

pneumonia among young adults that first triggered alarms, and further investigations soon found 

out it was a novel HIV pathogen (Centers for Disease Control and Prevention 1996). Using 

clusters of symptoms to assess the potential risk of disease transmission has become the 

prototype for syndromic surveillance, which will be discussed in details later in the chapter. 
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According to a recent consensus study among clinicians and surveillance professionals, 

commonly used symptoms are categorized into three groups: respiratory syndromes, 

gastrointestinal syndromes and constitutional/influenza-like-illness (ILI) syndromes (Chapman et 

al. 2010). These clusters of syndromes are related to commonly seen infectious diseases such as 

food-borne disease, upper respiratory infection and so forth. Some of them also include general 

symptoms that are often seen during the early stage of more severe infectious diseases, such as 

anthrax and hemorrhagic fever among others (Buehler et al. 2003).  

1.1.1.3 Epidemiological characteristics 

 Epidemiological characteristics can also be used in a case definition, especially when the 

pathogen is not identified or standardized laboratory testing available. Information such as age, 

gender, comorbidity, geographic distribution, occupation, socio-economic status, travel history, 

contact history, specific behavioral factors among others are important information to help 

identify suspicious cases.  Even though the epidemiological characteristics are not as specific as 

laboratory and clinical ones for defining a case, they provide valuable information that 

practitioners and researchers can use to formulate hypothesis about the potential transmission 

pathway, outbreak sources, subpopulation susceptibility and so forth.  

1.1.2 Framework of surveillance systems 

1.1.2.1 The physician–laboratory–public health investigator network 

 Traditional surveillance systems rely on physicians’ reporting, laboratory testing and 

epidemiological investigation of unusual events.  These are considered the backbone of public 

health surveillance and response, and the quality of these activities is one of the main indicators 
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of a nation’s disease surveillance capability (Institute of Medicine et al. 2007). This includes 

voluntary reporting from sentinel sites, which cover a wide range of conditions such as ILI and 

mandatory reporting from all healthcare facilities and practitioners, for a list reportable diseases 

which may vary from country to country (Centers for Disease Control and Prevention 2012b, 

Yohannes et al. 2004, Public Health Agency of Canada 2004). Such surveillance systems 

monitor disease trends among in-patient population. When necessary, they can also focus on 

subsets of more severe in-patient illnesses, including those involving intensive care unit (ICU) 

support and death (Presanis et al. 2011).  

 The traditional physician-laboratory surveillance network has its strengths and 

weaknesses. Given confirmed laboratory results, the data is more specific than those using pre-

diagnostic data. Also, the availability of identifiable information for each case makes it possible 

to initiate epidemiological investigation and intervention early. On the other hand, it takes time 

to get a confirmed lab results for any individual case, which results in a time lag from days to 

weeks. For instance, the CDC influenza surveillance network collects various influenza 

indicators such as clinical symptoms, virology laboratory test results, hospital admissions and 

vital statistics, with several weeks of lag in data reporting (Dugas et al. 2013b). Also, for 

countries that don’t have national healthcare systems, it is challenging to engage private hospitals 

and physicians into routine reporting, due to the concerns about patients’ privacy, lack of 

feedback, administrative work, time constraints, and additional training required (Krause, Ropers 

& Stark 2005, Tan et al. 2009, Krause 2004, Doyle, Glynn & Groseclose 2002b). 
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1.1.2.2 Centralized health information surveillance 

 These surveillance systems are based on large health-related databases that usually cover 

the majority of a population that are usually not originally set up for infectious disease 

surveillance as their primary purpose, such as vital statistics, and electronic health record 

systems, and others. 

 Since the data are readily available, these systems do not require extra resources and 

manpower to collect the data. However, for electronic health records, due to privacy and ethical 

concerns, procedures for accessing and utilizing the data have to be carefully reviewed to be in 

compliance with applicable laws. For instance, in the United States, the Health Insurance 

Portability and Accountability Act (HIPAA) Privacy Rule has provisions to protect patients’ 

personal health information from undue disclosure that may limit surveillance capacity (Tellman 

et al. 2010). In order to allow functional data sharing between health departments, healthcare 

facilities and practitioners, when electronic health records are made available for reporting under 

the data sharing standards of Meaningful Use, efforts have been made to guide preparation and 

planning, so that the electronic health records can be used in surveillance activities (International 

Society for Disease Surveillance Meaningful Use Workgroup 2012, Stoto et al. 2009).   

1.1.2.3 Novel surveillance methods 

1.1.2.3.1 Syndromic surveillance 

The term “syndromic surveillance” originally referred to “gathering information about 

patients' symptoms (e.g., cough, fever, or shortness of breath) during the early phases of illness” 

(Henning 2004) This was then further expanded to include a variety of pre-diagnostic data, such 
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as ILI related emergency room visits, school absenteeism, and over-the-counter (OTC) 

medication sales among others. There are several key features of syndromic surveillance 

systems. As pre-diagnostic indicators of illness, data sources are usually only approximations of 

disease status, such as chief complaint, laboratory test requests, and absenteeism, among others. 

Data acquisition and analysis is automated or partially automated, and in real-time or near-real-

time. The indicator data are then classified into certain syndrome categories, and then aberrant 

trends in disease syndromes are identified via computerized tools. Results are usually displayed 

through secure Internet-based technologies (Chretien et al. 2008, Buehler et al. 2008)  

 Data sources for syndromic surveillance mostly fall into two categories: 1) the use of 

health care services such as patient visits to clinics or emergency departments (ED), ambulance 

dispatch records, health hotline calls, laboratory test requests, prescriptions; and 2) indicators of 

health-related behaviors, such as the purchase of OTC medicines or absence from school or work 

(Mandl et al. 2004). Syndromic surveillance is considered to be superior to traditional 

surveillance in timeliness and sensitivity, since lab testing is time and resource consuming, 

especially in developing countries. However, experts have questioned the current trend of 

dramatically increased investment and implementation of syndromic surveillance, without clear 

system capabilities definition and comprehensive assessment for system validity, especially 

when many of these are often created “based on opportunistic datasets”, (Institute of Medicine et 

al. 2007, Stoto 2007). It is worth noting that syndromic surveillance has gone beyond the “public 

health laboratory” and has been pushed into public health practice in a relative short period of 

time, in developed countries as well as developing countries (Chretien et al. 2008, May, Chretien 

& Pavlin 2009, International Society for Disease Surveillance 2012, Jena 2012, Murphy 2012,  
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Zhang et al. 2013), thanks to the rapid growth of information technology. However, there is to 

date no compelling evidence of the effectiveness of syndromic surveillance, therefore it needs to 

be carefully assessed when syndromic surveillance is recommended as a “solution” for disease 

surveillance, especially to resources limited countries(Institute of Medicine et al. 2007). 

1.1.2.3.2 Event-based surveillance 

 Event-based surveillance is a novel surveillance method that draws information about 

potential risk for population health “from rumors and other ad-hoc reports transmitted through 

formal channels (i.e. established routine reporting systems) and informal channels (i.e. media, 

health workers and nongovernmental organizations reports)” (World Health Organization  2008).  

Different from indicator-based surveillance, which routinely collects data about the occurrence 

of predefined diseases, specific pathogens, syndromes or conditions from health-care providers 

(Amato-Gauci, Ammon 2008), event-based surveillance does not have the key components of 

case definition as discussed above, such as laboratory criteria, clinical characteristics or 

epidemiological characteristics. The data format is not pre-defined, or stratified by age or other 

demographic variables (World Health Organization 2008). Event-based surveillance has a broad 

definition for “event” and flexible format for reporting. For instance, it can be an informal report 

about a cluster of deaths in the same area within a short period of time. Organizations such as the 

Global Public Health Intelligence Network (GPHIN) and HealthMap search the Internet and 

other media sources to identify disease outbreaks that might not have been confirmed by the 

authorities, while The Program for Monitoring Emerging Diseases (ProMED) Mail makes it 

possible for physicians to share observations on unusual clinical cases and local transmission 

activity across the world (Brownstein, Freifeld & Madoff 2009, Brownstein et al. 2010). Due to 
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nonspecific case definitions and flexibility in reporting channels as well as format, event-based 

surveillance is considered to be more sensitive than indicator-based surveillance (World Health 

Organization 2008). However, rumors and informal reports about diseases and social disruption 

can be captured by the Internet-based surveillance systems, sometimes even faster than 

traditional surveillance systems, and directly reported to the international public health 

community (Nelson et al. 2012). Due to the flexible data format and nonspecific case definition, 

event-based surveillance usually requires some level of manual curation and is not fully 

computerized, and the result output is usually qualitative and requires professional judgment and 

epidemiological investigation. It is a brand new dimension of disease surveillance that 

researchers have just started to develop, characterize and evaluate (Corley et al. 2012).  

1.1.2.3.3 Passive and active surveillance 

 For traditional infectious disease surveillance, “passive surveillance” refers to the routine 

reporting from physicians to public health practitioners on a list of pre-defined conditions, while 

“active surveillance” refers to proactively contacting healthcare providers or laboratories for 

information about diseases (Teutsch 2000). For the Internet-based surveillance, the difference 

among systems can still be described as passive versus active. Passive Internet surveillance can 

be defined as using a specific algorithm to retrieve health related information from a data set that 

was originally collected for purposes other than disease surveillance. For instance, Google Flu 

Trends uses influenza related search queries to model the flu activity (Carneiro, Mylonakis 

2009), while some other studies try to capture ILI through micro-blogging platforms such as 

Twitter (Signorini, Segre & Polgreen 2011). As for active Internet surveillance systems, users are 

aware that the information collected from them is disease or symptoms specific, and/or that the 



 

10 
 

data will be used for disease surveillance purposes. Flu Near You and Flusurvey, for example, 

allow people to routinely report their disease status on a voluntary basis (Freifeld, Brownstein 

2012, London School of Hygiene and Tropical Medicine 2012). During the second wave of the 

pH1N1 outbreak, Emory University launched an online flu self-assessment tool which not only 

facilitated decision making on seeking medical care, but also collected data on self-reported ILI 

cases nation-wide (Kellermann et al. 2010). The United Kingdom National Health Service 

(NHS) Direct website also provided online self-diagnosis service and was used to monitor 

influenza activity during the 2009 pH1N1 outbreak (NHS Direct 2013, Smith et al. 2011).  

 Traditional active surveillance systems can validate the representativeness of passive 

surveillance reports, generate more complete reporting, or facilitate specific epidemiological 

investigation (Teutsch 2000), but also tend to be more labor intense and costly (Doyle, Glynn & 

Groseclose 2002a). The Internet-based active surveillance is also likely to capture more cases 

since those who are sick may have incentives to use the reporting and self-diagnosis service, 

which, on the other hand, might lead to overestimation caused by increasing public awareness 

(Brooks-Pollock et al. 2011). Data processing is less complicated for the Internet-based active 

surveillance systems since data collection interface is usually standardized as multiple choice 

questions (Freifeld, Brownstein 2012, London School of Hygiene and Tropical Medicine 2012). 

The Internet-based passive surveillance might not be as complete as its active counterpart, but it 

does have the advantage of being relatively more stable over time (Carneiro, Mylonakis 2009). 

One of the biggest challenges, however, is to develop an algorithm that can distinguish search 

queries and tweets related to actual disease from awareness of the disease (Signorini, Segre & 

Polgreen 2011, Collier, Son & Nguyen 2011, Lamb, Paul & Dredze 2013).   
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1.1.3 Data analysis and interpretation 

 Surveillance is the observation of disease in a selected population, usually not in a 

random sample, but by people who bring themselves to one or more of the surveillance systems, 

such as by seeking medical attention. Information, on the other hand, is the inference about the 

whole population from the observed population, and can be used to further support public health 

action (Lee, Thacker & Centers for Disease Control and Prevention 2011). Data analysis and 

interpretation therefore refer to the conversion process from data to information.  

 The data to information conversion process is usually guided by the purposes of the 

specific surveillance activities. For rare conditions such as the severe acute respiratory syndrome 

(SARS) and anthrax, one case or a cluster of cases can establish that a public health emergency 

has started. For endemic diseases, however, public health actions usually require information 

such as the timing of the endemic transmission (e.g. start, peak, and end), scope of impact (e.g. 

the proportion of population affected), important clinical and epidemiological characteristics 

(e.g. changes in clinical manifestation, response to treatment, comorbidity, age distribution), and 

future projection (e.g. the estimated demand for healthcare in the near future). For infectious 

diseases with sporadic outbreaks such as pathogens usually seen in food poisoning, demographic 

and geographic information is needed to identify the clustering factors, which can inform further 

public health investigation and intervention strategies. The clustering factors may include 

geographic location, medication history (e.g. fungus contamination in intravenous medication) 

(Gervas, Kovacs 2013), age groups, population immunity profiles (e.g. measles vaccination 

uptake rate) (Ghebrehewet et al. 2012) and so forth. 
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 Given different purposes, surveillance systems must be designed and implemented so that 

information can be retrieved from the data through appropriate analytical methods. For 

surveillance systems aimed at detecting rare events of significant public health concerns, 

identifiable data must be made available in at least one of the surveillance systems so that early 

intervention can be implemented if needed. The challenges, however, include the balance 

between specificity of the case definition (pre-diagnostic versus post-diagnostic) and timeliness 

of the warning, as well as privacy and legal concerns. To monitor disease transmission in the 

population over-time, one needs to be aware of the representativeness of the population that 

surveillance systems are monitoring. Surveillance system may be over-represented or under-

represented by groups of certain age (Stoto 2012), socio-economic status (Wong et al. 2010), 

geographic location (Tellman et al. 2010), and so forth. Surveillance data stratified by common 

demographic characteristics, therefore, can be used to infer the disease transmission in a 

subpopulation, as well as to provide information on the representativeness of the subpopulation 

in the system.  When prediction of future outbreaks is the main purpose of the surveillance 

systems, given the nature of the pathogen, other than monitoring human being, it can also 

monitor  animals (Butler 2012), natural environment (Ford et al. 2009) and even the policy 

environment (Omumbo et al. 2013).   

 Once the purposes are defined and data are made available, analytical tools are needed to 

facilitate the conversion from data to information. For early detection purposes, one of the 

commonly chosen approach consists of three components: the establishment of a baseline, a 

threshold (or a null hypothesis that the activity is no different from the baseline (Parker 1989)), 

and a rule for triggering alarm when the activity is above the threshold level (Buckeridge 2007, 
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Tsui et al. 2003). When historical data are available, methods such as the Serfling model can be 

used to account for the seasonal trends (Serfling 1963). Algorithms that originated in 

manufacturing quality control such the cumulative sum (CUSUM) and exponentially weighted 

moving average (EWMA) were introduced into public health surveillance, bioterrorism 

surveillance and in particular, outbreak detection. (Hutwagner et al. 2003). They were further 

adapted to hospital surveillance and syndromic surveillance settings by incorporating spatial 

information ( Kulldorff's space time scan statistic (STSS) ) and Bayesian network model (What's 

Strange About Recent Events (WSARE) ) among others (Carnevale et al. 2011). The severity 

measures, which indicate the virulence of the infectious pathogen, are usually assessed based on 

hospital surveillance data, such as the infection–hospitalization rate, infection–ICU rate, 

infection–mortality rate, (Presanis et al. 2011), and over-all disease burden indicator disability-

adjusted life year (DALY)  (Murray 1994).  

1.1.4 Utilization and response 

 The information generated from the surveillance data can be used in various aspects of 

public health practice. 

1.1.4.1 Initiation of further epidemiological investigations 

 When an unusual event from the systems trigger an “alert,” which can be any aberrant 

activity, from indicator-based surveillance systems, or disease-related informal reports from 

event-based surveillance systems, a public health response may be initiated including field 

investigations, enhanced active surveillance, contact tracing and so forth. These will be used to 
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assess the epidemiological significance of the event, and to evaluate if further response such as 

control and mitigation is necessary and applicable.  

1.1.4.2 Implementation of intervention 

 Information from surveillance data can also inform the development and implementation 

of pharmaceutical and non-pharmaceutical interventions, such as social distancing, school 

closure, border control, isolation and quarantine. For vaccine preventable diseases, it provides 

information on the prevailing strains, transmission and disease severity among subpopulations, 

which can then aid decision making in vaccine candidate strains and vaccination priority groups. 

Further assessment can be made to evaluate the vaccine uptake rate and the disease transmission, 

which can inform policy changes in terms of vaccination and health promotion campaigns. 

1.1.4.3 Prioritizing resources 

 When there are competing priorities for limited resources, information such as disease 

burden and transmission can aid the appropriate allocation of resources to address the most 

pressing health problems. Also, knowledge of how each type of surveillance systems perform in 

different settings, and what kind of information can be generated from the data, as well as the 

type of decision making it can support, can inform the process of refining and upgrading 

surveillance systems and reallocating resources to the most needed areas.  

1.1.4.4 Knowledge building 

 Other than being used for immediate operational purposes, surveillance data can 

contribute to growing knowledge about an infectious disease, such as the transmission rate and 

patterns, baseline level and disease burden, and this can be shared with the global community. In 
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particular, for pathogens that cause endemics, establishing a baseline is important for comparison 

between different time periods and locations (World Health Organization 2012). 

1.1.4.5 Evaluation of control and prevention programs and revision of policies 

 Epidemiological information from surveillance data is essential for evaluating public 

health programs in disease prevention and control. Through mathematical modeling, for instance, 

tuberculosis associated mortality is used to evaluate the effectiveness of  the World Health 

Organization (WHO) directly observed treatment strategy (DOTS) as compared to DOTS-plus. It 

was proved that the extended and enhanced version of DOTS can lower mortality rate even more 

(Sterling, Lehmann & Frieden 2003).  

1.1.4.6 Communication and guidance 

Information from surveillance data can be used to plan communications for the public 

and healthcare providers. In addition to providing updates and summaries for the transmission 

activity, clinical and epidemiological information can be used to promote health behavior and to 

improve clinical practice. For the general public, the main objectives of communication are to 

provide health education, in particular, disease prevention, and guidance on utilizing available 

resources. By assessing the disease burden, healthcare demand and supply, strategies can be 

made to encourage early diagnosis and treatment (e.g. HIV/AIDS), or self-management for non-

high-risk group (e.g. pH1N1). The recent measles outbreaks in the United Kingdom, for instance, 

happened predominantly in areas and age groups that have low measles-mumps-rubella (MMR) 

vaccine uptake rate, which then led to a nation media campaign to promote vaccination against 

measles (Vivancos et al. 2012). Surveillance data can also inform physicians about a potential 
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surge in healthcare demand, the high risk groups, the standardized protocols for patient 

management, including testing, diagnosis, treatment, reporting, and so forth.  

1.2 Influenza and Influenza surveillance  

1.2.1 History of influenza epidemic 

 Influenza is an old disease which has been evolving with human beings for a long time. 

“Influenza” was used by Italian writers in the 14th century to describe the influence of stars and 

planets (Stuart-Harris, Schild 1976). It was then used to describe the relationship between low 

temperature and the “epidemic behavior of influenza” (Townsend 1933, Stuart-Harris, Schild 

1976). The first recorded influenza epidemic in human history was in 1173-4, and ever since 

then there had been epidemics of influenza documented varying from 3 to 15 outbreaks per 

century (Webster 1800). The first pandemic influenza outbreak in the 20th century, also the most 

severe ever documented in human history, was the 1918 “Spanish flu,” which claimed 

approximately 50 million deaths globally (Taubenberger, Morens 2006). Considering that a 

century ago the world was not as inter-connected as it is today, some researchers have proposed 

that the virus “must have been seeded in diverse populations throughout the world” otherwise it 

would hardly be possible to see the initial major outbreaks in several continents happening 

almost at the same time (Noble 1982). Epidemiological findings from death certificates also 

suggest that the elderly might have been exposed to a similar virus before the pandemic, which 

led to negative excess mortality among elderly (Luk, Gross & Thompson 2001). Another unique 

feature of the 1918 pandemic influenza virus is the unusual high mortality rate among otherwise 
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healthy young adults, which was then recognized as a shared signature of all pandemic flu (Luk, 

Gross & Thompson 2001, Xu et al. 2010) 

1.2.2 Biology of Influenza virus 

 There are three types of influenza viruses, A, B and C, among which types A and B are 

the most commonly seen in human beings. The Influenza virus has eight separate segments of 

RNA genome, and a highly robust genetic recombination and mutation mechanism which 

enables the virus to escape the host immune system and adapt to new hosts. Genetic 

recombination, also referred to as “Antigenic Shift,” happens during the packaging stage of the 

viral replication cycle. If the host cell is infected by multiple influenza virus subtypes, the 

influenza RNA fragments from different subtypes can then be randomly packaged into one 

single viral particle, which might generate a new recombinant influenza virus subtype. The re-

assortment of viral genomes from different origins, especially human and avian origins, is 

considered as a likely scenario for a new pandemic influenza virus. “Antigenic Drift” on the 

other hand, refers to minor, gradual, antigenic changes on Hemagglutinin (HA) and 

neuraminidase (NA) proteins (Bernard N. Fields, David Mahan Knipe, Peter M. Howley, Diane 

E. Griffin 2007). HA and NA are the viral surface proteins that antibodies bind to neutralize the 

virus. Mutations that alter the antigenicity of HA and NA might decrease the cross-reactivity 

between new virus variant and the antibodies. Virological surveillance is the process of 

monitoring changes in antigenicity of the circulating flu virus, and is conducted to inform the 

selection of candidate virus strains for vaccine production. 

 The three genes that determine virulence are associated with avian influenza. (1) PB1-f2 

is an accessory protein that enhances inflammation during primary viral infection, and thus 
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increases the probability and severity of secondary bacterial respiratory infection (Basler, 

Aguilar 2008). (2)Avian influenza virus derived HA binds to α-2,3-sialylated tri-N-

acetyllactosamine glycan ― the linkage that is relatively more abundant on type II pneumocytes 

in the lower respiratory tract. Since the surfactant secreted by type II pneumocyte is crucial for 

maintaining the structural integrity of the normal alveoli, viral infection can cause collapse of 

small alveoli, distort structure and eventually compromise respiratory function (Bernard N. 

Fields, David Mahan Knipe, Peter M. Howley, Diane E. Griffin 2007). (3)The NS1 gene induces 

type I interferon inhibition (Richt and Garcia-Sastre 2009, 177-195). All three virulence genes 

are identified in both the 1918 pandemic flu virus and the H5N1 virus (Basler, Aguilar 2008). 

For many influenza experts, the next pandemic flu on the horizon is most likely to be avian 

influenza virus with genetic mutation that increases its adaptation to mammalian hosts. As a 

result, the pandemic influenza virus will be then able to combine the high virulence of avian 

influenza and the high transmissibility of human influenza (Stacey L. Knobler, Alison Mack, 

Adel Mahmoud, Stanley M. Lemon,Editors 2005).  

 

Figure 1 Typical course of influenza infection 
Adapted from Moghadas et al. 2009 
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 The typical course of influenza infection can be divided into four stages after contracting 

influenza virus ― latent infection, pre-symptomatic infection, and symptomatic infection before 

and after the peak of viral titers. The primary stage, usually within 48 hours after symptoms 

onset, is considered as the window period during which the antiviral treatment is most effective 

(Moghadas et al.2009). 

1.2.3 History of influenza surveillance 

 Due to frequent changes in antigenicity, the influenza virus is unique in its capacity for 

evading host immunity, causing recurrent annual epidemics globally. It can also cause major 

worldwide pandemics due to introduction of genetically novel virus through gene re-assortment 

(Hay et al. 2001). The influenza A virus was first isolated in 1933 (Smith, Andrews & Laidlaw 

1933). Its frequent mutation in antigenicity was soon recognized, and led to the foundation of an 

international influenza virological surveillance network ― the World Health Organization 

Global Influenza Surveillance and Response System (GISRS) in 1956. This network has since 

expanded to over 100 countries, with 138 national centers, six collaborating centers, and four 

reference labs and other ad-hoc groups (World Health Organization 2013). 

In recent decades, the explosive growth of international travel and commerce has 

decreased the spatial and temporal barrier between different species and ecosystems, which 

significantly contributes to the emergence and transmission of infectious diseases worldwide. 

Under the threat of a series of major public health emergencies, including the 1997 Avian 

Influenza outbreak in Hong Kong and the 2003 SARS outbreak in China, major efforts have 

been made to enhance surveillance and response on the local and global scale (United States 

Government Accountability Office (GAO) 2004, United States Government Accountability 
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Office 2010, Pappaioanou et al. 2003). In order to develop a framework for global collaboration 

in response to the emerging public health threat, the International Health Regulations (IHR) was 

adopted in 2005. The origin of the IHR, the only global rules governing the international spread 

of infectious disease, dated back to the first International Sanitary Conference in Paris in 1851 

(Gostin 2000). The original IHR (1969) was designed primarily for six infectious diseases 

(cholera, plague, relapsing fever, smallpox, typhus, and yellow fever) and focused on affected 

countries’ reporting and entry-point interventions, which were proven to be insufficient and even 

impractical during a major epidemic such as the 2003 SARS outbreak (David A. Relman et al. 

2010). Under the revised IHR (2005), once a public health emergency of international concern 

(PHEIC) is identified, countries have to report to WHO within 24 hours (World Health 

Organization 2005, World Health Organization 2008). Countries are required to build their 

surveillance and response capacity that local, provincial and state health department are able to 

monitor, investigate and respond to a PHEIC within the required time frame. Given that both 

avian influenza and pandemic influenza are pre-defined as a PHEIC, influenza surveillance is 

now a main component of the national surveillance capacity building, which also serves as a 

platform for other infectious disease reporting and monitoring activities in many countries(World 

Health Organization  2005).  

1.2.4 Recent advances in influenza surveillance 

Surveillance capacity has been considered a fundamental component of public health 

systems and therefore prioritized for development by many stakeholders. Major investments 

have been made in fields such as staff training, electronic reporting systems, rapid diagnostic 
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technology, laboratory collaboration networks, and so forth world-wide through domestic 

initiative and international collaboration, many of which have been proven to improve public 

health emergency response capacities and capabilities, especially during the pH1N1 outbreak 

(Zhang et al. 2013, David A. Relman et al. 2010, Johns, Blazes 2010, Masanza et al. 2010, 

Security and Prosperity Partnership of North America 2007).  Besides enhancing and improving 

the traditional reportable infectious diseases surveillance systems such as sentinel surveillance 

networks, there are new approaches that have been increasingly discussed, explored, and applied 

in influenza surveillance.  

1.2.4.1 Proactive laboratory surveillance for avian influenza 

 Under the threat of a re-assortment creating a highly pathogenic avian influenza virus and 

human influenza virus, monitoring animal health has become increasing important.  From 2002 

to 2007, six U.S. laws and Presidential directives have highlighted the essential role of 

integration of surveillance of different subjects (human, animal, food, water, agriculture, and 

environment), jurisdictions, and data collection and reporting platforms to develop a 

“nationwide, robust, and integrated” system for disease surveillance. However, a recent report 

from the United States (US) Government Accountability Office found the lack of a 

comprehensive national strategy to be the main factor for the failure of such an attempt, and 

concluded that a designated “focal point” is needed for interagency collaboration (United States 

Government Accountability Office 2010). From a global perspective, influenza surveillance, 

especially in poultry and swine populations, has suffered from a lack of crucial data from 

developing countries, absence of long-term sustainable strategies, and a lack of clarity in 
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responsibilities from countries as well as from agencies. Experts therefore called for an 

“overhaul” of global flu surveillance systems, suggesting the there is no effective influenza 

surveillance systems in place at this moment to provide early warning of the next pandemic flu 

outbreak (Butler 2012). In short, despite the early recognition of the importance of a robust and 

integrated surveillance system domestically and internationally, achievements so far have been 

limited. 

1.2.4.2 Syndromic surveillance for ILI 

 Syndromic surveillance was introduced in the public health system primarily because of 

concerns about bioterrorism (Institute of Medicine et al. 2007, Bravata et al. 2004). It is now  

widely recognized and has been implemented to detect and monitor disease outbreaks unrelated 

to bioterrorism, including “seasonal illnesses, health consequences of natural or other disasters, 

and a growing spectrum of noninfectious conditions” (Buehler et al. 2008). Among all the 

syndromes clusters that major syndromic surveillance systems are monitoring, ILI is considered 

as one of the most useful (Marsden-Haug et al. 2007).  When using syndormic surveillance data 

for influenza surveillance purpose, high correlation between syndromic data and traditional 

influenza surveillance data has been found in many studies (Centers for Disease Control and 

Prevention  2011, Dugas et al. 2012, Valdivia et al. 2010, Bellazzini, Minor 2011, Olson et al. 

2011, Hulth, Rydevik & Linde 2009). The utility of ILI syndromic surveillance systems, 

however, are mostly limited to providing early warning of flu outbreaks (Griffin et al. 

2009) .Some studies also estimate influenza activity by using ILI syndromic surveillance data 

or/and traditional surveillance data (Goldstein et al. 2011, Birrell et al. 2011).   



 

23 
 

1.2.4.3 Crowd-sourcing ILI syndromic surveillance 

 Crowd-sourcing, defined as “an online, distributed problem-solving and production 

model” (Brabham 2008), has been used in a variety of biomedical research areas, especially in 

drug development (Eiben et al. 2012, Vashisht et al. 2012). In recent years the idea of engaging 

the general public in voluntarily reporting their disease status on a regular basis has become a 

new emerging syndromic surveillance strategy. ILI reports collected in Europe, through Gripenet 

(van Noort et al. 2007) and Flusurvey (London School of Hygiene and Tropical Medicine 2012) 

have been used in various epidemiological and modeling studies and have proven to be useful 

(Goldstein et al. 2011, Birrell et al. 2011). Crowd-sourcing can be a longitudinal study that 

follows a cohort throughout a period of time. Participants with or without ILI can report their 

status, together with the household ILI information and vaccination history to the system 

(Healthmap 2013). Crow-sourcing surveillance is said to reach a more diverse population that 

institutional surveillance (e.g. fever surveillance at daycare center), while it also has a defined 

population that can be used as a denominator. Since reporting is voluntary, crowd-sourcing ILI 

syndromic surveillance potentially suffers from the same biases due to public awareness as other 

syndromic or even traditional surveillance systems. As a promising new type of ILI syndromic 

surveillance, its utility and validity need to be further studied. 

1.2.4.4 The informational environment  

 The term informational environment refers to the collective information one is exposed to 

through media, the Internet, social network and so forth. Based on the Health Belief Model, an 

individual’s health behavior is influenced by the perceived susceptibility, severity, barriers and 

benefits for taking an action (Rosenstock 1966). In this social cognition model, information that 
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an individual receives may influence the self-assessment of key components that will eventually 

affect health behavior. In a mathematical framework proposed by Durham and colleagues, 

contextual information such as disease epidemic, social network, and news coverage is 

incorporated into the disease transmission model (Durham, Casman 2012). In our previous study, 

we also observed the phenomenon of “surveillance fatigue” ― the lack of incentive to report as 

media coverage receded (Zhang, May & Stoto 2011). The health-related informational 

environment, such as news coverage, health departments’ press releases, observations of the 

disease transmission in the community, may influence the self-assessment and decision making 

for behavior such as seeking medical attention, self-diagnosis and treatment among other. 

1.3 Aims of dissertation 

 The landscape of influenza surveillance has changed significantly during the last decades 

due to the introduction of a variety of novel surveillance methods, especially syndromic 

surveillance. With all the investment in implementing those new systems, there is a lack of effort 

in assessing what those systems can and cannot achieve, as well as in developing analytical tools 

other than early detection algorithms. The challenges encountered in the actual practice of 

syndromic surveillance, which will be discussed in the next chapter, led to two main questions 

about influenza surveillance, (1) why are we doing influenza surveillance through multiple 

different systems, (2) how to analyze and interpret the influenza surveillance data given the 

biases imbedded in almost all data streams. These two questions led to a series of research effort, 

including assessing the performance of novel surveillance systems during the pH1N1outbreak, 

the gaps between surveillance data and information needed for decision-making, as well as the 
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development of a statistical model which utilizes the biases as a tool to characterize influenza 

surveillance systems. 

 The overall aims of this dissertation, therefore is to understand how biases in influenza 

surveillance systems may have impacts on its performance, to refine its objectives given the 

usage of pre-diagnostic data, to identify the gaps between surveillance data and decision making, 

and to develop a statistical model to assess and characterize influenza surveillance systems using 

informational environment indicators. The focus of this dissertation is to assess the uncertainties 

and biases in influenza surveillance systems, which can then help inform the design, 

implementation and utilization of influenza surveillance in response to future outbreaks. The 

aims are as follows: 

• To characterize the impact of the 2009 pH1N1 at Georgetown University given 

the data available and their likely biases 

• To evaluate the strengths and weaknesses of the influenza syndromic surveillance 

data 

• To assess how well the influenza surveillance systems functioned in early 

identification of the pH1N1 outbreak in Mexico and the United States 

• To assess the gaps between available influenza surveillance data and the 

information needed for decision making at health departments during the 2009 

pH1N1 outbreak 

•  To develop a Bayesian hierarchical model using informational environment data 

to characterize influenza surveillance systems  
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Chapter II 

2 Evaluating Syndromic Surveillance Systems at Institutions of Higher Education (IHEs) 

2.1 Background  

In the spring of 2009, a novel H1N1 influenza virus, now denoted pH1N1, emerged in 

North America and spread to the rest of the world in less than two months (World Health 

Organization 2009d).  Soon afterwards, it became apparent that children and young adults were 

particularly vulnerable to infection (World Health Organization 2009a, Centers for Disease 

Control and Prevention 2010d, Echevarria-Zuno et al. 2009).  This demographic pattern posed 

unique challenges for institutions of higher education (IHEs), which predominantly serve young 

adults.  Moreover, some large residential universities operate as nearly self-sufficient 

communities in which the homogeneity of the campus population increases vulnerability to 

infectious diseases that target young adults, and transmission in universities can thus catalyze 

community-wide transmission (Chao, Elizabeth Halloran & Longini 2010).   

Concerned with the re-emergence of the virus when students returned at the end of the 

summer, IHEs realized the need for surveillance systems capable of providing real-time 

situational awareness to guide the implementation of preventive measures to protect students’ 

health and contingency plans to maintain basic educational functions. During the pH1N1 

pandemic, the President’s Council of Advisor on Science and Technology (PCAST) was 

recommending using syndromic surveillance, which, by using pre-diagnostic data, is thought to 

have a distinct advantage over the traditional surveillance method in terms of timeliness 

(President’s Council of Advisors on Science and Technology 2009).  In response, the American 

College Health Association (ACHA) initiated a system to gather such data from IHEs and 
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publish it weekly (ACHA 2010).  Surveillance of school absenteeism and other syndromic 

surveillance methods were used during pH1n1 outbreak in other countries as well (Schmidt, 

Pebody & Mangtani 2010, Sigmundsdottir et al. 2010). 

The validity and utility of syndromic surveillance, however, or of particular types of 

syndromic data, are not well understood (Stoto 2007).  In order to assess its validity in IHE 

settings, we compared data from two major universities in Washington, DC that collected a 

variety of data that were potentially indicative of influenza-like illness (ILI) in students, faculty, 

and staff with each other and with external data.  University A (Georgetown University) 

compiled and reviewed these data in real time to monitor and inform the university’s response to 

the H1N1 pandemic, while University B (George Washington University) served as a 

comparison for this analysis.  The primary goal of this analysis was to characterize the impact of 

pH1N1 on the campuses as clearly as possible given the data available and their likely biases.  In 

addition, we sought to evaluate the strengths and weaknesses of the data series themselves, in 

order to inform these two universities and other IHEs about real-time surveillance systems that 

are likely to provide the most utility in future outbreaks (at least to the extent that it is possible to 

generalize from this analysis). 

2.2 Methods 

2.2.1 Data Collection 

We collected a wide a variety of data that covered both student influenza-like illness (ILI) 

cases reported to student health center (SHC) and hospital emergency department (ED) visits at 

both universities, and student ILI cases reported to non-medical staff, employee absenteeism, and 
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hygiene supplies distribution records from University A. Unless otherwise noted below, all data 

series were available on a weekly basis. The sources are described in detail in Appendix I, and 

summarized in table in Appendix II.  

2.2.1.1 The information environment 

University broadcasts, preparedness website updates, and H1N1-related on-campus 

media reports were retrieved from emails, web pages and paper prints available on campus. 

H1N1-related messages were classified into five major categories for university A, which 

included information about the advice line, presence of flu cases, vaccination, instructions on 

voluntary reporting to deans and the availability of personal hygiene supplies.   For university B, 

seven categories were available, including student health center data, hospital emergency 

department visits, pH1N1 hotline calls, vaccine and personal hygiene supplies, as well as the 

requirement for a physician’s note for excused absences due to illness. All messages were 

counted based on their appearance in any of the media sources outlined above. In addition, 

relevant policies were collected and reviewed by interviewing key staff members.   

2.2.1.2 Student ILI cases reported to medical personnel 

The total number of ILI visits to the student health service and telephone consultations 

was collected using the following case definition: fever (> 100F) AND (cough and/or sore throat) 

in the absence of a known cause other than influenza. Student identification data were reviewed 

by SHC staff to ensure that individuals were counted only once. Data were available on a daily 

basis from August 29, 2009 to April 30, 2010, and were aggregated by adding cases in each 7-

day period from Saturday to the following Friday. 
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The number of clinic visits of ILI patients aged 17-24 years old at the EDs of hospitals 

associated with both universities was obtained from the ED electronic health records in the 

aggregate (number of cases/week).  University A’s ED data were retrieved based on the 

following criteria: age 17-24 years and fever, with other causes of fever than influenza manually 

filtered out.  University B’s ED visits for ILI were counted using following criteria: age 17-24 

years old and a chief complaint of “flu” or “fever,” or a discharge diagnosis of “influenza” or 

“viral syndrome.”   Student status was not available from either university ED.  Data were 

available on a daily basis from August 29, 2009 to April 30, 2010, and were aggregated by 

adding cases in each 7-day period from Saturday to the following Friday. 

2.2.1.3 Student ILI cases reported to non-medical personnel (University A only) 

The number reported includes ILI cases in student athletes (as reported by their team 

trainers), student ILI cases self-reported to the deans of all four undergraduate schools, and ILI 

cases reported by resident assistants.  Data other than deans’ reports were available on a weekly 

basis from August 29, 2009 to April 30, 2010. Deans’ reports were not available from all deans 

until September 12, 2009. 

2.2.1.4 Employee absenteeism data (University A only) 

Employee absenteeism data include real-time reports on ILI-related absences among 

Facilities Office and Dining Services staff, and employee absenteeism from 2009 and 2008, 

retrieved retrospectively from a payroll system that tracks employee absences for compensation 

purposes.  The closest available data for non-union employees’ were “unscheduled leave” days, 

whereas for unionized employees it was “sick leave.” In order to simplify the analysis, the two 
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data sources were added together with the awareness that the ILI-related absenteeism for both 

groups of employees may have been overestimated.  No faculty members or student workers are 

represented in this dataset. 

2.2.1.5 Supply distribution data (University A only) 

Supply distribution data include the aggregate number of pre-packaged meals, masks and 

thermometers picked up in student resident halls, based on reports from the residence hall offices 

(RHO). The data were available from August 28, 2009 to April 10, 2010 on weekly basis.  

2.2.1.6 External Data 

For comparison purposes we used data based on the CDC Influenza-like Illness 

Surveillance Program (ILINet) data (Centers for Disease Control and Prevention  2010b), which 

reflect the proportion of outpatients visits that were for ILI, the American College Health 

Association (ACHA) data (labelled “attack rate” in ACHA sources) (ACHA 2010), and Google 

Flu Trends data (web queries) for Washington, DC (Google.org Flu Trends 2010). Both the 

ILINet and ACHA data were available nationally and for Region 3 (Delaware, the District of 

Columbia, Maryland, Pennsylvania, Virginia, and West Virginia).   

2.2.2 Data Preparation 

For the ACHA data series, the “attack rate” is defined by the ACHA as the number of 

weekly reports of new cases divided by the number of students in the IHEs’ reports that week for 

each state, which were grouped according to CDC’s regional categories (note that this is not the 

standard epidemiological definition).  ILI cases and the school population of University A and B 
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were removed from the ACHA region 3 data to minimize the influence on this external data 

stream from the study population. 

To make the data from different sources comparable, all data, including the ACHA data (ILI 

attack rate), CDC ILINet data (percentage of hospital visits with ILI), and Google Flu Trends 

data (influenza related web queries) were normalized into an activity index by dividing the actual 

count in each week by the average count for that data series for the period from August 28 

through December 18, 2009, a period for which data were available for all series and reflected 

the height of the Fall 2009 wave of pH1N1. This analysis is intended to identify the timing of the 

outbreak on each campus, not the absolute level of cases. In this analysis, we have made the 

assumption that the number of students is constant throughout the semester, at least relative to 

the fluctuation in the number of cases. 

 

2.2.3 Data Analysis 

Because there are no data that describe the actual rates of pH1N1 infection, or its 

consequences, on the two campuses or the community in which they sit, we adopted a 

“triangulation” approach in which multiple contemporary data sources, each with different 

expected biases, are compared to identify time patterns that are likely to reflect biases versus 

those that are more likely to be indicative of actual infection rates.  This public health systems 

research approach is grounded in the understanding that surveillance data are the result of 

decisions made by patients, health care providers, and public health professionals about health-

care seeking behaviour and provision of health care and reporting suspected or confirmed cases 

to health authorities.  Moreover, every element of this decision-making is influenced by the 
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informational environment (i.e. media coverage, implementation of active surveillance), 

processing and reacting to the information on an individual level (i.e. the health care seeker’s 

self-assessment of risk, incentives for seeking medical attention and self-isolation, the health care 

provider’s ordering of laboratory tests), and technical barriers (i.e. communication infrastructure 

for data exchange, laboratory capacity), all of which change constantly.   

2.2.4 IRB approval 

 I had access to some identified data in her efforts to compile data for operational 

purposes at University A, but all of the analyses for this paper were conducted with aggregate 

data only, and this research was treated as “exempt” by the IRBs of both universities (Appendix 

IV). 

2.3 Results  

In Panel A of Figure 2, the pH1N1 related messages reached its peak volume in late 

August and early September at University A, among which six out of sixteen messages were the 

situation-update announcements of the flu cases either in the region or on campus. Other 

messages included the instruction on utilizing on-campus resources, such as the H1N1 advice 

line and accessing personal hygiene supplies, as well as the recommendation for self-reporting of 

influenza-like-illness to deans. Later in November, there was another cluster of communication 

messages providing a situation update of flu cases on campus and the availability of H1N1 

vaccination, while the volume was much lower compared to early September. 

For University B, as shown in Panel B of Figure 2, communication messages were also 

clustered in early September and November. Four situation updates of flu cases were released 
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during the first peak, together with instructions on accessing the student health center, visiting 

the university hospital emergency department, the H1N1 hotline and provision and use of 

personal hygiene supplies.  Due to the policy change regarding excused absences, three messages 

were sent out requiring medical documentation to support any ILI related absence during mid-

terms and finals. 

 

Figure 2 Categorical pH1N1-related message timing and volume 

Panel A: University A; Panel B: University B 

As shown in Figure 3, there were two peaks in the 2009 Fall Semester at University A, 

the larger one in early September as students returned from summer vacation and the other in late 
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October to early November.  Reports to undergraduate deans were elevated relative to the other 

data series in October (i.e. they did not fall as sharply between the two peaks), which is the mid-

term exam period.  Figure 3 also demonstrates that this pattern differs from the ACHA ILI 

surveillance network data for Region 3, which exhibits a larger peak in late October than in 

September, and from the CDC ILINet for Region 3 and the Google Flu Trends data for 

Washington, DC, both of which show only one peak in late October.   

 

Figure 3 University A student ILI caes reported to SHC, ED, deans’ offices compared to regional 

ACHA, CDC ILINet and local Google Flu Trends data 

Figure 4, for University A only, compares the number of ILI case reports to athletic 

trainers (AT) and resident assistants (RA), RHO requests for supplies, and calls to the H1N1 

advice line compared to SHC visits and dean’s office reports.  Relative to the other series, both 

AT and RA reports and RHO supply requests peaked earlier in September and are relatively 
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higher than other series, perhaps reflecting the higher volume of messages (shown in Figure 2a) 

in September.    

 

Figure 4 ILI case reports to athletic trainers (AT) and resident assistants (RA), residence hall 
offices (RHO) requests for supplies, and calls to the H1N1 advice line compared SHC visits and 
dean’s office reports, University A only 

University A’s employee absenteeism data are shown in Figure 5. Neither the real-time 

ILI-related employee absenteeism data nor retrospective data from the payroll systems exhibited 

any peaks in the Fall of 2009, suggesting that employees, who by and large are older than 

students, were apparently not as affected by pH1N1.   
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Figure 5 Real-time and retrospective employee absenteeism, University A only 

Figure 6 compares the data SHC and ED data from both universities, with the ACHA and 

ILINet data for Region 3 as a reference. The SHC data for the two universities are comparable. 

However, the ED data are not: University B’s ED data exhibit a larger second peak in October 

than University A’s ED data. University B’s ED peak appears consistent with ILI activity in the 

larger community. Of note, in University B, the first peak of ILI activity is seen primarily in 

SHC visits, while the second peak is seen in ED visits.   
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Figure 6 ILI cases reported to SHC and hospital ED from both universities compared to regional 

CDC ILINet data 

2.4 Discussion 

The primary limitation of this analysis is the lack of definitive knowledge about the 

actual number of pH1N1 cases at the two universities – a “gold standard.”  To address this 

problem we developed an approach that compares (“triangulates”) multiple data systems, each 

with its own expected biases over time, to identify those that most likely mirror actual disease 

trends.  Epidemiologists are typically aware of these potential biases in a qualitative sense, and 

present their analysis of the available data with appropriate caveats.  In our approach, which 

benefits from hindsight, we attempt to use information about the likely direction and time 

patterns of these biases to understand the surveillance system and the validity and utility of 

different syndromic surveillance data sources.  This type of analysis is necessarily qualitative and 
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contextual; rather than serving as a recipe for doing this in other settings, this analysis should be 

seen as an example that illustrates the concept.  This analysis also illustrates to the call in U.S. 

National Health Security Strategy Implementation Plan (released for public comment in 2010) 

for the development, refinement, and wide-spread implementation of quality improvement tools, 

specifically methods “to collect data … from real incidents … to identify gaps, [and] recommend 

and apply programs to mitigate those gaps. (The United States Department of Health and Human 

Services 2009a)”  

Another limitation of the data analysis is the uncertainty of whether the ILI cases 

captured by the surveillance system were pH1N1. As recommended by the CDC interim 

guidelines (Centers for Disease Control and Prevention 2009b), both universities stopped 

routinely testing for pH1N1 in early September. Although the CDC Virologic Surveillance data 

for region 3 suggested that the predominant proportion of the test positive specimens were 

subtyped as pH1N1, the total percentage for test positive samples varied from 4.4% to 55.9% in 

weeks 35 to 50 (Centers for Disease Control and Prevention 2010c).  Because this proportion 

varies so much, trends in reported ILI cases may not reflect trends in actual H1N1 infection. 

As described in more detail below, this approach suggests that the peak in cases at both 

universities at the beginning of the semester, a peak not seen in data for the surrounding 

community, is probably real and a reflection of expected disease dynamics.  The lower peak, 

especially at University A, when pH1N1 was widespread in the community might reflect the 

removal of susceptible cases earlier in the semester, or simply surveillance fatigue. This analysis 

also suggests surveillance artifacts – surveillance fatigue and changing incentives driven by the 
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exam schedule – that are likely to influence surveillance data in future outbreaks, and that should 

be taken into account in the interpretation of these data.   

2.4.1 Unique transmission patterns in IHEs 

Both universities experienced the first and the highest peak in student ILI cases 

immediately after Fall semester classes started in early September 2009, which corresponds to 

peaks found in other universities and colleges in Region 3 (Delaware, the District of Columbia, 

Maryland, Pennsylvania, Virginia, and West Virginia). It should be noted, however, that both of 

these universities contributed to the ACHA reports. The CDC ILINet data for the same region 

and Google Flu Trends data for Washington, DC, on the other hand, did not peak until late 

October. University A also experienced a second, lower peak in cases with a two-week delay in 

early November, according to the SHC and ED data. When comparing the SHC and ED data 

from University A and University B (as shown in Figure 6), University B’s ED data differ from 

other data sets from both universities, and show a transmission pattern that resembles the CDC 

ILINet data. Since the ILI cases from both hospital EDs are not restricted to students, they 

include not only student cases but also other 17 to 24 year old adults in the community and from 

other parts of the city.  Unlike University A which is not inaccessible by mass transit, University 

B is located in a part of Washington that has a large population of young adults and easy access 

to the public transportation, so the higher volume of young adult visits at University B ED during 

November, when the virus was circulating in the general population, may not have come from 

the college population. 

In the comparison between ACHA and CDC ILINet data across all states, the tendency of 

an early increase in ILI cases among college students in seven out of ten regions, as shown in 
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Figure 7.  Together with our findings, this suggests that the difference in the timing of peaks 

reflects the differences between college students and the general public. This is plausible given 

that students are in an age group at higher risk for infection. Moreover, students returning to 

campus for the Fall term may have carried the virus from their home states, and the sudden 

increase of population density in dormitories and lecture halls may also have contributed to the 

rapid onset of the outbreak on campus due to facilitated transmission. Thus, it seems likely that 

on a national level, residential IHEs tended to experience an early peak immediately after the 

Fall term began in 2009. 
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Figure 7 Influenza activity in general population and institutions of higher education (IHEs) 
population 

Description: The comparison between American College Health Association (ACHA) influenza 

surveillance attack rate data and CDC Outpatient Influenza-like Illness Surveillance Network 

(ILINet) influenza-like illness (ILI) data. 
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2.4.2 Influence of incentives and informational environment 

All of the data analyzed in this report are based, to some degree, on students and staff 

taking action based their illness.  Such behavior is driven not only by the fact of being sick, but 

also by the incentives to report, including perceptions of barriers to help-seeking behavior (i.e. 

geographic distance, queuing, chance of exposure to other infected patients), the likely benefit to 

be gained (medical and non-medical) by reporting, the timeliness of the help to be delivered, as 

well as the informational environment the students and staff are exposed to.  In particular, two 

factors – surveillance fatigue and reporting incentives – seem capable of explaining some of the 

patterns in the data. 

2.4.2.1 Surveillance fatigue 

As seen in Figure 2, the Fall semester at both universities began with a high awareness of 

pH1N1. At University A, a number of new ad hoc surveillance systems were developed, some of 

which required a substantial reporting burden by students and staff at the student health center 

and deans’ offices, athletic trainers and RAs, and of course the students themselves. Over the 

course of the semester, however, it became apparent that although pH1N1 was widespread in 

children and young adults, it was not as virulent as feared (World Health Organization 2009e, 

Presanis et al. 2009), and the frequency of H1N1 messages dropped.  It would not be surprising, 

therefore, that staff who put a substantial effort into reporting ILI cases in September were less 

enthusiastic about it as the semester wore on, and possibly less complete in their reporting. 

Moreover, since most students who presented themselves for medical attention early in the 

semester did not receive anti-viral or other specific treatment as per the CDC guidelines, it seems 
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likely that their friends and roommates who became ill later in the semester saw no reason to 

seek medical care.   

Surveillance fatigue is likely to be more obvious in systems that use human resources not 

primarily designated for disease prevention and health promotion.  For instance, the reports from 

the RA at University A increased to their highest level in the first week after classes resumed and 

dropped dramatically afterwards. Although ILI activity could still be observed from other data 

sources after the second peak through Spring 2010, the reports from RAs completely stopped at 

the end of November.  The RA reporting system might have been sensitive to student ILI cases 

in the early stages, considering the relatively low barrier of utilizing the resources (close 

proximity, no queuing), and the expectation of immediate help (supply distribution, 

accommodation relocation).  However, when the reporters and those receiving the reports are all 

laypersons to public health practice, fading interest can be magnified in the microenvironment 

between the two parties.   

2.4.2.1 Reporting incentives 

At University A, undergraduate students were instructed to notify their deans about their 

influenza-like illness as a substitute for medical proof of illness otherwise required to justify 

absence from class.  This was published on August 28, 2009, and not emphasized afterwards. 

However, as noted in Figure 3, reports to undergraduate deans at University A were elevated 

relative to the other series in October, when mid-term exams were scheduled in many classes. 

Thus it seems likely that the relative number of reports to deans at University A during this 

period (or more precisely the failure for the number to drop as sharply as other data series), may 
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reflect the increased need for students to have medical excuses for exams rather than for ordinary 

classes, where attendance is usually not taken.   

2.4.3 Evaluation of syndromic surveillance systems 

To translate these results into recommendations for IHEs regarding the design and 

implementation of surveillance systems for future disease outbreaks, other factors must also be 

taken into account.  For instance, surveillance activities conducted by trained health care workers 

are more likely to capture actual ILI cases based on clinical findings. Moreover, well-informed 

healthcare workers who conduct surveillance as part of their regular responsibilities are more 

likely to maintain a relatively stable and predictable report triggering threshold, in line with the 

CDC and WHO (World Health Organization) guidelines (Centers for Disease Control and 

Prevention  2009b, Centers for Disease Control and Prevention  2009a, World Health 

Organization 2009c). On the other hand, ad hoc reporting systems may be more sensitive to 

changes in the informational environment. When the reporting channels are relatively new, 

communication messages designed to encourage their use might have a short-term effect when 

they are released, but surveillance fatigue may set in quickly when the intensity of media 

coverage decreases and public interest fades. In addition, the expected benefits of presenting 

oneself to the reporting system, and how easily reports can be made, may also have an impact on 

the direction and scope of the bias.  In a pandemic characterized by low virulence and limited 

treatment options for young adults, the expected benefits of seeking care decreased over time, 

except for the mid-term exam effect observed in Deans’ reports at University A. Thus, this 

assessment suggests that at least for outbreaks similar to pH1N1, student health center data, 

though biased by surveillance fatigue, provides the most accurate and useful data. 



 

45 
 

2.5 Conclusions  

During the 2009 H1N1 pandemic, University A and B both experienced a peak number 

of ILI cases at the beginning of the Fall term. This pattern, seen in a variety of surveillance 

systems at these universities and to a lesser extent in data from other IHEs, most likely results 

from students bringing the virus back to campus from their home states coupled with a sudden 

increase in population density in dormitories and lecture halls.   

Through comparison of data from different syndromic surveillance data streams, paying 

attention to the likely biases in each over time, we have determined, at least in the case of the 

pH1N1 pandemic, that student health center data more accurately depicted transmission on 

campus in both universities during the Fall 2009 pandemic than other available data sources. 

Although maintaining an unduplicated list from visits and phone calls was time consuming, it 

was felt to be necessary to manage the situation.  Other systems that were used at University A 

required major staff efforts to collect the data and were apparently less accurate.  Reporting 

systems based on student reports to their deans may be relatively inflated during examination 

periods or other times when it students need to be formally excused from class, but such systems 

combined with a liberal excused absence policy (not requiring a physician’s note) can help to 

relieve over-utilization of medical resources for non-medical purposes. 

 During the operation, although a weekly ILI update was generated and disseminated to 

the school decision makers and reporting units, there has been decreasing interest in reporting 

over time. The data analysis was mainly visualization of multiple data streams, which did not 

give further quantitative measures on the transmission trends on campus. The syndromic 

surveillance data couldn’t provide the type of decision making support to directly inform 



 

46 
 

intervention policies. Those challenges led to further thinking of (1) what are the objectives of 

conducting influenza surveillance and if those are also applicable to syndromic surveillance, and 

(2) how to better analyze and interpret influenza surveillance data. 
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Chapter III 

3 Did Advances in Global Surveillance and Notification Systems Make a Difference in the 2009 

H1N1 Pandemic? 

This chapter uses a critical event analysis approach to assess the contributions of 

investments in advanced systems for disease surveillance and notification that have been 

developed and implemented throughout the world in the last decade. This analysis revealed three 

critical events.  First, medical personnel identified pH1N1in California children because of an 

experimental surveillance program, leading to a novel viral strain being identified by CDC.  

Second, Mexican officials recognized that unconnected outbreaks, represented a single 

phenomenon.  Finally, the identification of a pH1N1 outbreak in a New York City high school 

was hastened by awareness of the emerging pandemic.  Analysis of the timeline suggests that at 

best the global response could have been about one week earlier (which would not have stopped 

spread to other countries), and could have been much later. This analysis shows how enhanced 

laboratory capacity in the U.S. and Canada led to earlier detection and characterization of the 

pH1N1 virus.  This includes enhanced capacity at the federal, state, and local levels in the U.S., 

as well as a trilateral agreement enabling collaboration among U.S., Canada, and Mexico.  In 

addition, improved global notification systems contributed by helping health officials understand 

the relevance and importance of their own information, and coupled with a heightened awareness 

of pandemic influenza, contributed to an enhanced public health response to the 2009 H1N1 

pandemic.  Syndromic surveillance systems, on the other hand, did not contribute to detection of 

the outbreak.   
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3.1 Background 

In the past decade, many new advanced systems for disease surveillance and notification 

have been developed and implemented throughout the world (Hitchcock et al. 2007). These 

generally fall into two categories.  Indicator-based surveillance systems gather and analyze 

original data, especially those indicative of emerging health problems in the population (Paquet 

et al. 2006).  Recent advances include enhancements of traditional case reporting and laboratory 

capabilities, as well as the development and implementation of “syndromic surveillance” systems 

that collect and analyze statistical data on health trends — such as symptoms reported by people 

seeking care in emergency departments or other health care settings — or even sales of 

prescription or over the counter flu medicines or web searches (Stoto 2007).  Notification 

systems, on the other hand, provide a means for communicating about the evidence that emerges 

from indicator-based surveillance systems in order to better understand the implications of local 

results and to enable a global response if warranted.  Notification systems in large part stem from 

the adoption and implementation of the International Health Regulations (IHR) and include 

efforts such as the Global Public Health Intelligence Network (GPHIN), ProMED Mail, 

HealthMap, Argus, and Veratect (described below), which search the Internet and other sources 

to identify disease outbreaks that might not have been apparent to health officials.  These 

systems, also known as “event-based surveillance” (Paquet et al. 2006), have the potential to 

detect outbreaks based on indirect evidence of illness not reported to local health officials.  

The outbreak of a novel strain of A(H1N1) influenza virus, A/California/7/2009, now 

referred to as pH1N1, provides an opportunity to see how well these systems functioned in 

practice as an integrated public health surveillance system.  The epidemiology of pH1N1 has 
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been well described elsewhere (Jhung et al. 2011, Swerdlow, Finelli & Bridges 2011, Chowell et 

al. 2011) and adding to this understanding is not the goal of this paper.  Rather, taking advantage 

of this opportunity, the primary objective is to identify the strengths and weaknesses of current 

global disease surveillance and notification systems in order to improve their performance in the 

future.  Specifically, we ask whether and how advances in global surveillance and notification 

systems put in place in the last decade made a difference in the public health response to the 

2009 H1N1 pandemic. We also identify the policy implications of the findings for future 

enhancements to global surveillance and notification systems, as well as for how preparedness 

should be assessed.   

As a secondary objective, this analysis illustrates the use of “critical event analysis,” part 

of the toolkit for systematic quality improvement (QI), a perspective called for in the U.S. 

National Health Security Strategy (U.S. Department of Health and Human Services 2009).  

Emphasizing processes (chains of events that produce specific outcomes) and systems of people 

and information, the QI approach refers to a range of specific practices including procedures and 

system changes based on their effects on measurable outcomes, reducing unnecessary variability 

in outcomes while preserving system differences that are critical to the specific environment, 

continuous improvement rather than onetime initiatives, and critical event/failure mode analysis.  

The National Health Security Strategy (NHSS) Implementation Guide further calls for the 

development, refinement, and wide-spread implementation of QI tools.  In particular, this 

includes “efforts to collect data on performance measures from real incidents … analyze 

performance data to identify gaps, [and] recommend and apply programs to mitigate those gaps” 

(U.S. Department of Health and Human Services 2009). 
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3.2 Methods 

This analysis is an in-depth case study drawing on information from a systematic review 

of the scientific literature, official documents, websites, and news reports.  In particular, we 

constructed a time line (Figure 8) in which three kinds of events are represented and 

distinguished by a color code (to be explained below): (1) the emergence and spread of pandemic 

H1N1 virus itself, (2) local health officials’ awareness and understanding of the emerging 

outbreak, and (3) notifications about and global health officials’ awareness of the events and 

their implications.  The primary sources for this analysis were a timeline published by 

ScienceInsider, an on-line publication associated with Science magazine (Cohen 2009b), other 

scientific and lay publications as indicated in the text, as well as two of the authors’ 

contemporaneous notes.   In a number of cases the sources differed, so we used our judgment to 

see which fit best with the other time points.  This uncertainty is represented in the text with 

phrases such as “In early April …” 

With the events classified in this way, we then conducted a “critical event analysis” 

focused on the surveillance process rather than the epidemiologic facts.  Specifically, we first 

identified critical events, incidents that advanced the recognition of what we now know as a 

global pandemic.  These events are points in time when the public health system might have 

responded sooner or later than it did, depending on the system’s capabilities.  We then tried to 

identify the factors that allowed the events to occur when they did, rather than earlier or later, as 

in a root cause analysis.  In particular, we asked (1) when health officials in Mexico, the United 

States, and at the global level became aware of the epidemiologic facts of the unfolding 

pandemic, (2) whether an earlier recognition could have been possible, (3) whether advances in 
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surveillance notification systems seem likely to have hastened the detection of the outbreak, and 

(4) whether there are further improvements that might be possible through enhanced practices, 

procedures, or new systems.  We sought to analyze decisions based on the information that was 

available, or could have been available, to the decision-makers at the time.  Because illustrating 

the strengths and weaknesses of this approach is one of our objectives, we discuss the challenges, 

limitations, and opportunities presented by this approach in detail in the conclusions section. 

3.3 Results 

3.3.1 The Mexican outbreak 

 The exact location of the first human cases of pH1N1 infection is not known, however 

retrospective analyses have identified cases dating back to February and March, 2009 in at least 

three locations throughout Mexico, as indicated by the text in light green background in Figure 

8. The earliest confirmed cases occurred on February 24 in the state of San Luis Potosí in central 

Mexico (Cohen 2009b) and the first confirmed case in Mexico City had its onset on March 11 

(Cohen 2009c, Centers for Disease Control and Prevention 2009g).  There was also an outbreak 

of influenza-like illness in pre-school children in the State of Tlaxcala in central Mexico starting 

on March 5 (Lopez-Gatell 2009b).  Starting on March 15, a major respiratory disease outbreak 

occurred in La Gloria in the state of Veracruz.  This outbreak was originally attributed to a large 

pig farm on the outskirts of town, but when three children became seriously ill in late March and 

early April, health authorities in Veracruz began to suspect an atypical influenza (Cohen 2009b, 

Weaver, Tuckman 2009)).  Consistent with Pan American Health Organization (PAHO)/WHO 

recommendations at the time, surveillance was conducted using use immunofluorescence (IFI), 

which has low sensitivity in practice.  In addition, Mexico’s Institute for Epidemiologic 
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Diagnosis and Reference (InDRE) used real-time polymerase chain reaction (rT-PCR) for 

molecular diagnosis, but of course probes for the pandemic strain were not available until 

afterwards, so pandemic was not recognized at this time.   

 In addition, a 39-year-old woman with newly onset diabetes mellitus in Oaxaca developed 

severe respiratory illness on March 27, and eventually died of this illness on April 13 (Cordova-

Villalobos et al. 2009).  In addition, an excess amount of influenza-like illness was experienced 

in the Distrito Federal (Mexico City) in mid-March (Cohen 2009b). 

 By mid-April, Mexican national health authorities were aware of these and other 

respiratory illness outbreaks throughout the country through the National Surveillance System 

SINAVE (Sistema Nacional de Vigilancia Epidemiologica).  This system receives weekly 

reports on 117 notifiable conditions from nearly all of the more than 19,000 hospitals, clinics and 

doctors’ offices in Mexico and also monitors 520 sentinel influenza surveillance units covering 

all 32 states (Ministry of Health Mexico 2012).  On March 13, the Mexican Directorate General 

of Epidemiology had issued an alert about the outbreak of influenza-like illness in pre-school 

children in the previous week in Tlaxcala (Lopez-Gatell 2009b) (the Mexican public health 

system’s awareness of the outbreak and response is represented by dark green background in 

Figure 8).  On April 6, a local news story reported that 60% of La Gloria residents were infected, 

with three deaths (Weaver, Tuckman 2009).  The following day, the Instituto de Diagnóstico y 

Referencia Epidemiológicos (InDRE) identified an influenza A viral strain that was 

unsubtypable (i.e. a different strain than those known to be circulating at that time) in a sample 

from La Gloria.  InDRE had previously identified unsubtypable samples from Mexico City, San 

Luis Potosí, and Baja California.  By April 14, SINAVE was aware that there had been an 
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increase in the number of cases and outbreaks of seasonal influenza observed since February 

(Lopez-Gatell 2009b, Frenk 2009).  SINAVE was also notified through both official and 

unofficial channels of cases of severe laboratory-confirmed pneumonia, with high fatality, in 

young previously healthy adults between the ages of 20 and 40 years in Mexico City and the 

States of México, Veracruz and San Luis Potosí (Cohen 2009b, Cohen 2009a, Lezana 2009, 

Chowell et al. 2009).  Active surveillance of Mexico City hospitals starting on April 17 triggered 

by these reports found excess demand for health services and high case fatality rate in 

pneumonia cases (Lopez-Gatell 2009b).   

 The clinical and epidemiological characteristics of the cases that had come to light by mid-

April varied, and respiratory illness during the winter could easily have been regarded as 

seasonal influenza.  Many of the cases were determined to have influenza B, a trend that was 

also being observed in the United States (Cohen 2009a).  But a severe respiratory infection that, 

unlike seasonal influenza, affected children and young adults together with prompts from WHO 

as discussed below, led the Directorate General of Epidemiology to “connect the dots” between 

the outbreaks across the country by mid-April.   

 On April 15, Veracruz officials briefed the Directorate General of Epidemiology regarding 

La Gloria outbreak investigation, with PAHO officers in attendance.  Two days later, authorities 

conducted a press conference to warn about atypical influenza season with increasing morbidity 

trend and excess mortality.  Following notification about the emergence of novel H1N1 in the 

United States and interactions with Canadian health officials and the U.S. CDC as described 

below, Mexico notified PAHO (the WHO regional office for the Americas) of a potential 

atypical pneumonia outbreak on April 22, closed schools in Mexico City on April 24 and 
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throughout Mexico on April 28, and did not open high schools and universities until May 7. On 

May 1, non-essential government and private sector business services were suspended. The 

number of confirmed cases peaked shortly afterwards, but rebounded for a second peak in June 

and July, by which time the entire country was affected (Ministry of Health Mexico 2010).   
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Figure 8 Timeline of H1N1 events 
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Note: Numbers in parentheses correspond to manuscript page where the event is described.  

Epidemiological events are indicated in light shades (green for Mexico and blue for the United 

States), local awareness and understanding of these events in dark shades (green for Mexico and 

blue for the United States), and global notifications and awareness of these events in yellow. 

 

3.3.2 The United States outbreak 

 In late March, a 9-year old girl and a 10-year old boy in southern California became ill 

with influenza (U.S. epidemiological dates are represented by text with light blue background in 

Figure 8) (Centers for Disease Control and Prevention  2009e). An experimental diagnostic 

device was being tested by the Naval Health Research Center (NHRC) in San Diego requiring 

that respiratory samples be collected and analyzed.  On April 1, NHRC found an unsubtypable 

influenza A virus in one of these samples (the U.S. public health system’s awareness of the 

outbreak and response is represented by text in dark blue background in Figure 8).  By protocol, 

respiratory samples were sent to the designated reference laboratory, the Marshfield Clinic in 

Wisconsin, which on April 10 confirmed that the pathogen was influenza A virus, but could not 

identify the strain any further.  Also following protocol, a part of the sample was sent to the 

Wisconsin State Laboratory of Hygiene, which confirmed the finding on April 13 and forwarded 

the sample to CDC for further analysis.  On April 14, CDC identified the subtype as H1N1 of 

swine origin, and on April 17 found swine influenza A (H1N1) virus in another specimen from 

Naval Health Research Center in San Diego.  Following a call with California health officials on 

April 19, CDC issued an alert and notified WHO on April 21 (Cohen 2009b). 

 Between April 10 and 19, 14 students from a high school in Queens, New York travelled to 
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Mexico (all but one to Cancun) during their Spring recess, and developed flu symptoms in the 

week of April 19.  On April 23, two days after the CDC alert, the school nurse notified the New 

York City Department of Health and Mental Hygiene (DHMH) that approximately 100 students 

were being sent home with flu symptoms. DHMH notified CDC that afternoon and began an 

investigation on April 24.  The following day, DHMH reported that most laboratory specimens 

from these students tested positive by rt-PCR for influenza A with no human H1 or H3 subtypes 

detected, indicating that the virus was probably pH1N1.  On April 29 CDC confirmed by rt-PCR 

that most specimens were positive for pH1N1 (Centers for Disease Control and Prevention  

2009f).   

 On April 26, aware of the New York outbreak, as well as 20 cases from California and 

Texas, U.S. Department of Health and Human Services (HHS) declared a public health 

emergency in the United States (The United States Department of Health and Human Services 

2009b), and on the following day, CDC issued “a travel health warning recommending that 

United States travelers postpone all non-essential travel to Mexico” (Centers for Disease Control 

and Prevention 2010a).  About three hundred schools in the US were closed by April 30 when 

the accumulated pH1N1 cases were over 100 nationwide. An immediate consequence was an 

increase in the number of U.S. respiratory specimens sent for testing by the WHO and National 

Respiratory and Enteric Virus Surveillance System (NREVSS) collaborating laboratories from 

4219, of which 7.7% were influenza-positive, in the week ending April 25 (week 16) to 14,330, 

of which 13.2% were influenza-positive, in the week ending May 2 (week 17).  The number of 

specimens, along with the percent influenza-positive, peaked at 7844 and 41.9%, in the week 

ending June 20 (week 24).  By the end of the summer the first wave had waned, but pH1N1 
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cases had been confirmed in every U.S. continental state (Centers for Disease Control and 

Prevention 2009d).   

3.3.3 International awareness and global spread 

 Health officials outside of Mexico were potentially aware of what was eventually 

determined to be the 2009 H1N1 pandemic as early as April 1, when HealthMap first 

disseminated local media reports about a “mysterious” influenza-like illness in La Gloria (global 

epidemiology and response represented in text with yellow shading in Figure 8).  The 

HealthMap system combines automated, around-the-clock data collection and processing with 

expert review and analysis to aggregate reports according to type of disease and geographic 

location.  HealthMap sifts through large volumes of information on events, obtained from a 

broad range of online sources in multiple languages, to provide a comprehensive view of 

ongoing global disease activity through a publicly available Web site (Brownstein et al. 2010).  

Throughout the month of April, HealthMap also identified informal local Spanish-language 

sources reporting on the spread of the epidemic though Mexico.   

 On April 6, Veratect, a private firm based in Kirkland, Washington that conducts disease 

surveillance, issued an alert based on information from La Gloria and other sources of "strange" 

outbreak of acute respiratory infection, which led to bronchial pneumonia in some pediatric 

cases.  This alert was available to CDC, WHO, PAHO and several US city and state public 

health officials that subscribe to Veratect’s service, and records indicate that PAHO accessed it 

on April 9 and 10 (Wilson, personal communication, December 3, 2009).   

 On April 10, GPHIN notified WHO of acute respiratory illness in La Gloria (Brownstein, 

2010), and on the following day the PAHO IHR focal point (the point of contact with the WHO 
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under the IHR) requested verification.  On Sunday, April 12, Mexico's director general of 

epidemiology, Hugo López-Gatell, who served as the Mexican IHR focal point, confirmed the 

existence of acute respiratory infections, but said the initial epidemiological investigation 

produced no evidence of a link to fecal contamination of pig farms (Cohen 2009b).   Dr. López-

Gatell considered this outbreak to be a potential “public health emergency of international 

concern" (PHEIC) because it met IHR criteria (severe public health impact and an unusual event) 

and provided a detailed report to PAHO.  On April 13, based on a tri-lateral collaboration 

agreement, this communication was shared with the IHR focal points for the U.S. and Canada, 

and was discussed in a teleconference on April 16.  Concerned that this pattern was similar to 

SARS, WHO requested verification (Harris 2009), and Mexican authorities quickly responded 

that “lab tests had failed to find any connection to a SARS-like or even a flu virus.”  On April 17, 

Dr. López-Gatell sought information from local officials about a cluster of cases of acute 

respiratory illness in a hospital in Oaxaca and was told that there was no cluster, but rather a 

single patient with diabetes with a severe case of acute respiratory illness, presumably of viral 

origin (Cohen 2009b).  The same day, Mexico notified PAHO of this case, noting the possibility 

that it could be related to the cases of novel H1N1 in the United States.   

 On April 17, InDRE director Celia Alpuche contacted the Canadian National Microbiology 

Laboratory (NML), part of the Public Health Agency of Canada (PHAC), for help in dealing 

with the situation that was developing.  Dr. Alpuche knew NML’s director, Frank Plummer, 

through the Global Health Security Action Group and other international collaborations, and 

valued his expertise dealing with SARS and other unknown pathogens.  In a teleconference the 

following day InDRE and NLM officials concluded that the outbreak was likely to be a novel 
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agent, unrelated to influenza.  Following a conference call between Mexico, Canada, the United 

States, and PAHO, Mexican samples were sent to NML and CDC, and on April 23, both labs 

identified the viral subtype as the novel H1N1. This collaboration was possible because of the 

Security and Prosperity Partnership of North America (SPP), a trilateral agreement between the 

United States, Canada, and Mexico launched in March 2005. The CDC Morbidity and Mortality 

Weekly Report (MMWR) report on two California children confirmed with Swine influenza A 

were posted on the ProMED website on April 21, which was the first report regarding the novel 

H1N1 influenza virus (ProMED, 2009). On April 24, ProMED also reported severe respiratory 

illness clusters in Mexico and connected it with the U.S. cases (ProMED 2009).   

 Aware of the developments in Mexico and Canada, Veratect attempted to contact CDC, 

California, and Texas officials on April 16 and 17.  On April 20, Veratect urgently attempted to 

contact CDC.  James Wilson, Veratect’s medical director, said in December, 2009 that he had 

been more concerned about this situation than any other in many years of surveillance work 

(Wilson, personal communication, December 3. 2009).  However Dr. Wilson was quoted in the 

Washington Post on May 3, 2009 as having said “I suspect this is probably a false alarm.”  

 On April 22, Mexico’s IHR focal point alerted PAHO about an unusual outbreak of 

atypical pneumonia in young adults and indicated a probable relation of these events to the 

outbreak in La Gloria (Lopez-Gatell 2009a).  On April 25, the Mexican epidemiological 

evidence, together with the laboratory results confirming the pH1N1 subtype in both Mexican 

and U.S. cases, led the WHO to declare a “Public Health Emergency of International Concern” 

(Chan 2009).  Over the next few days, Canada, plus a number of countries in Europe, the Middle 

East, and the Asia-Pacific regions reported suspected cases. Reflecting the rapid spread of the 
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virus, the WHO raised the global pandemic threat level from phase 3 to phase 4 on April 27.  By 

May 6, WHO had reported 1,893 confirmed cases in 23 countries. Since cases were identified in 

these countries so shortly after reagents were available for testing, it is likely that the virus was 

actually circulating days to weeks earlier. 

3.4 Implications for Policy and Practice 

A/California/7/2009, now known as pH1N1, was circulating in Mexico and the United 

States in March 2009 and perhaps earlier.  That it was a novel pathogen came to the world’s 

attention in April because of three critical events: the recognition that multiple apparently 

disparate disease outbreaks throughout Mexico were connected, the identification of novel 

pH1N1 in two California children and its subsequent connection to the Mexican cases, and the 

recognition that an outbreak in New York City was connected to the Mexican and California 

cases.   

The first critical event was the identification of pH1N1 in two California children through 

the NHRC’s surveillance research program.  Because the epidemiologic information suggested 

human-to-human transmission, this triggered a series of events involving three laboratories (the 

Marshfield Clinic, the Wisconsin State Laboratory of Hygiene, and eventually the CDC, which 

identified the pathogen).  Although the first child became ill on March 28, CDC did not identify 

pH1N1, a potential public health emergency of international importance under the IHR, until the 

second child was determined to also have pH1N1 on April 17, three weeks later and five days 

after Mexico had notified a potential PHEIC regarding the La Gloria outbreak.  In retrospect, one 

might ask whether this identification could have occurred earlier.  A review of the timing of the 

events suggests that it could have, but only if health officials in California, Wisconsin, and the 
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CDC knew it was a novel pathogen, which of course they did not know.  To find two children 

with unsubtypable influenza at the end of the flu season is not remarkable, and indeed it is only 

because of the research being conducted at NHRC that these cases came to light at all.   

The second critical event (which actually started earlier than the first) was the recognition 

that a number of disease outbreaks throughout Mexico with apparently different epidemiological 

characteristics represented a single phenomenon and thus were a potential public health event of 

international concern.  Health authorities in Veracruz and Tlaxcala were aware of outbreaks with 

an unusual high frequency of severe pneumonia in otherwise healthy young people in March, 

and in the week of April 5 national authorities came to realize that the outbreaks were related, 

resulting in the first international alert on Sunday, April 12.   However it was not recognized that 

the responsible pathogen was pH1N1 until April 23, two days after CDC identified the new virus 

strain and published its alert about pH1N1 in the California children.  Two labs in Canada and 

the United States were able to test samples from Mexico and determine that pH1N1 was the 

pathogen quickly, in only two days.   

Although the samples were sent earlier than the established protocol in response to 

Mexican authorities growing concerns, one might ask whether samples could or should have 

been sent for testing earlier.  As indicated in Figure 8, during the week of April 12, which 

happened to begin on Easter Sunday coincidentally included a visit of President Obama to 

Mexico City, CDC was identifying pH1N1 in the first two cases and Mexican authorities were 

conferring with PAHO and their North American counterparts about the situation.  Although 

GPHIN, HealthMap, Veratect, and GPHIN had been issuing alerts about events in Mexico for 

more than a week, no one seems to have connected the outbreaks in Mexico and the United 



 

63 
 

States until early in the week of April 19.  Had that connection been made earlier it is possible 

that WHO could have declared a “Public Health Emergency of International Concern” before 

Saturday April 25.  Mexican, U.S., Canadian officials held a trilateral teleconference on April 16, 

but U.S. participants did not mention the isolation of novel pH1N1 about which they alerted 

PAHO one day later.  Given the uncertainties and the concern that both Mexican and American 

health officials must have had about the situation in their own countries during the week of April 

12, it is understandable that they did not make the connection.  Only in retrospect did it become 

clear that each had the key to the other’s epidemiologic puzzle. 

The final critical event was the recognition, on April 24, of an outbreak of pH1N1 in New 

York City high school students who had travelled to Cancun, Mexico during their Easter recess 

the previous week.  This recognition, only days after the first student became ill, was possible 

because a school nurse and New York City health officials were aware of pH1N1 and the 

Mexican situation through alerts and the news media earlier in the week of April 19.  Although 

the New York Department of Health and Mental Hygiene would have definitely investigated an 

event of this magnitude, knowledge of the CDC and Mexican alerts a few days earlier added 

urgency to the situation (Fine, personal communication, Feb. 5, 2011).  This in turn contributed 

to understanding the outbreak’s epidemiology and presumably helped trigger the declaration of a 

health emergency in the United States on April 26 as well as the WHO’s alert the previous day.  

Since the report was filed immediately after the students became ill, and immediately acted upon, 

it seems unlikely that this could have happened any earlier.   

In retrospect, considering the chain of critical events, if the California samples been 

tested with more urgency in the week of April 5 rather than April 12 and the results reported to 
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Mexican authorities earlier, it seems possible that global alerts about pH1N1 could have been 

advanced by about one week to April 18.  By this time, however, the virus had spread throughout 

Mexico and the United States, especially because of Easter travel.  So even with the earliest 

possible recognition of the emerging pandemic, it seems unlikely that world-wide spread could 

have been contained.  And of course what now seems clear in retrospect was far from clear in 

April, 2009.  Indeed, coming at the end of the normal flu season, no single Mexican or American 

surveillance finding was exceptional, so without the international communication that occurred 

in 2009 the pandemic could have taken longer to detect and to characterize than it did.   

Although it is impossible to quantify the effect, it could have taken much longer for the 

world to become aware that a new pandemic subtype had emerged.  One must only consider the 

years of effort it took to identify and characterize HIV three decades ago, and the resulting 

confusion (Altman 2011).  Global recognition of the emergence of SARS in 2003 five years 

earlier was delayed for weeks despite some awareness of its effect in China (Zhong, Zeng 2006).  

In their analysis of 281 WHO-verified non-endemic human infectious disease outbreaks that 

occurred between 1996 and 2009, Chan and colleagues found that the median time from 

outbreak start to outbreak discovery decreased from 29.5 days in 1996 to 13.5 days in 2009, and 

the median time from outbreak start to public communication about the outbreak decreased from 

40 days in 1996 to 19 days in 2009 (Chan et al. 2010).  Both the Mexican and the U.S. responses 

compare favorably to these statistics, and our analysis of the impact of notification systems is 

consistent with Chan and colleagues’ hypothesis that the improvement was largely due to the 

proliferation of Internet-based notification systems. Chan and colleagues’ analysis, however, 

only addresses the recognition of single outbreaks.  Recognizing that the same pathogen was 
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responsible for outbreaks at various locations throughout Mexico and in Southern California and 

New York City, and moreover that the pathogen was a newly emerged viral subtype, is more 

challenging.  It is rare for subtypes to be identified so quickly (Morens, personal communication, 

February 5, 2011), but modifications in the protocol to assess the importance of non-subtypable 

strains before its definitive confirmation may provide opportunities for more timely responses.   

Analysis of these critical events shows how global investments in disease surveillance 

and notification, coupled with a heightened awareness of pandemic influenza, contributed to an 

enhanced public health response to pH1N1.  First, enhanced laboratory capacity in the United 

States and Canada led to earlier identification and characterization of the novel H1N1 strain.  

Among other things, this recognition triggered national and global pandemic plans, PCR-based 

tests were quickly developed to aid in surveillance and clinical decision-making, and a vaccine 

seed strain was quickly developed that led to the development of pandemic vaccine in time to be 

used during the second pandemic wave in the Fall of 2009 (although not before that wave 

began), in which the CDC had been taking a leading role. In particular, the early detection was 

due in large part to the existence of an experimental influenza surveillance system developed and 

operated by the U.S. Navy’s NHRC in Southern California, which identified the first two cases.  

Laboratory response networks initiated or enhanced in recent years were also critical because 

they enabled the involvement of CDC and Canada’s NLM, which had the capacity to recognize 

pH1N1 as novel.  This includes the collaboration among Mexico’s InDRE, the NLM, and the 

CDC that was possible because of the Security and Prosperity Partnership of North America 

(SPP) agreement as well as protocols and relationships that facilitated collaboration among the 
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NHRC, the Marshfield Clinic, the Wisconsin State Laboratory of Hygiene, the New York City 

Department of Health and Mental Hygiene, and the CDC. 

Second, enhanced global notification systems led to earlier detection and characterization 

of the outbreak by helping to “connect the dots between cases in California, Mexico, and New 

York City.”  Through SINAVE and other sources, Mexican officials were aware, for instance, of 

a serious problem in the week of April 12, but it was not until CDC’s publication regarding 

pH1N1 in California the following week that they sent samples and realized that the two 

outbreaks were the same.  After the pandemic and with the support of the US and Canada, 

Mexico has also developed its own capabilities for rt-PCR testing throughout the country, 

facilitating much faster diagnosis.  Similarly, without the awareness that the same virus that was 

making children ill in California and circulating widely – and seriously affecting young people – 

in Mexico, during the week of April 19, the school nurse in Queens and New York City health 

officials might not have taken the outbreak in students who had travelled to Mexico the previous 

week as seriously.  The notification systems that contributed to these results include the 

International Health Regulations, voluntary reporting systems such as ProMED, as well as active 

searching activities GPHIN, HealthMap, Argus, and Veratect.  In addition, some have speculated 

that countries’ awareness that outbreaks within their borders will soon come to light through 

these channels, increases the likelihood that they will report themselves (Katz, 2009). 

The early events in the 2009 H1N1 pandemic thus illustrate the important contribution of 

the 2005 IHR and the paradigm shift that accompanied it.   This includes, the definition of a 

PHEIC as a comprehensive and flexible representation of health hazards, the algorithm for risk 

assessment (Annex 2 of the IHR), and the existence of National Focal Points that can (and are 
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mandated to) communicate directly with the WHO rather than go through diplomatic channels.  

In this experience, the IHR system was also instrumental to speeding two-way communications 

between Mexico and PAHO and between the US and PAHO.  Similarly, the North American 

Plan for Avian and Pandemic Influenza (NAPAPI) facilitated communication among Mexican, 

U.S., and Canadian health authorities.  On the other hand, Mexico, Canada, and the U.S. 

currently have no official protocols for sharing information from event-based surveillance 

sources such as GPHIN, HealthMap and Veratect. The second edition of the North American 

Plan for Animal (formerly Avian) and Pandemic Influenza (NAPAPI), published in April 2012, 

seeks to develop a more effective international sharing mechanism based on the lessons from the 

2009 pandemic. 

Syndromic surveillance systems played an important role in detecting the 

pH1N1outbreak, but a different the role that is commonly used to justify them – that such 

systems can detect outbreaks before conventional surveillance systems and enable a rapid public 

health response (Stoto 2007).  Because pH1N1 emerged during the normal flu season, there were 

too few cases to have been detected by standard alerting algorithms.  In the U.S., for instance, the 

earliest appearance of the pandemic did not trigger a quantitative alert in any syndromic 

surveillance system, although four of the earliest cases presented at providers who were members 

of CDC’s ILINet and so were tested and flagged for attention (Lipsitch et al. 2011).  In Mexico, 

however, general acute respiratory illness with no lab diagnosis is a notifiable condition.  A 

sharp increase in such reports to SINAVE in early April, along with an analysis indicating an 

atypical age-distribution (Chowell et al. 2009), helped Mexican officials realize that the problem 

they were seeing was widespread, and led authorities to conduct active surveillance for severe 
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pneumonia starting on April 17 and eventually influenza-like illness (ILI) in patients visiting 

primary healthcare units and hospitals as well as influenza-related deaths (Chowell et al. 2011).   

3.5 Limitations 

An analysis of this sort is clearly limited in two important respects.  First, since public 

health experts in the midst of puzzling out the facts of a disease outbreak rarely take notes – 

indeed it is often not clear until days or weeks into an outbreak that there is anything worth 

recording – any retrospective analysis is subject to recall bias colored by the epidemiological 

data and explanations that eventually emerged (Weick, Sutcliffe 2011).  For instance, facts and 

events that might not have seemed important in isolation at the time take on added significance 

after the fact if they fit the epidemiological story that was eventually constructed.  Second, it is 

impossible to know what would have occurred in counter-factual circumstances – if, for 

example, a certain surveillance system had not existed.  For instance, the fact that by 2009 the 

world was four to five years into a period of enhanced concern about pandemic influenza means 

that even in the absence of any concrete surveillance and notification enhancements, it is likely 

that the public health response was better than what might have been expected before the avian 

influenza outbreak that started in Hong Kong in 1997 and the SARS outbreak in 2003. 

3.6 Conclusion 

Despite these limitations, a systematic analysis of three critical events that occurred 

during March and April 2009 – identification of pH1N1 in samples from two children from 

California, the recognition that multiple apparently disparate disease outbreaks throughout 

Mexico represented a single phenomenon related to the California cases, and the recognition that 
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an outbreak of influenza in New York City high school students were part of the same picture – 

shows that both enhanced laboratory-based surveillance, coupled with improved global 

notification systems, did seem to have improved the global public health response to pH1N1.  

The surveillance enhancements that made this possible include an experimental influenza 

surveillance system operated by the NHRC in Southern California as well as laboratory response 

networks linking Mexico’s InDRE, Canada’s NLM, and the CDC, as well as private and public 

health laboratories in the United States.  The global notification systems that contributed to these 

results include formal and informal channels as well as activities such as GPHIN, HealthMap, 

ProMED Mail, Argus, and Veratect, which actively search the Internet for evidence of disease 

outbreaks.  At the national level, starting in May, 2008, Mexican authorities held a weekly 

meeting, named “Epidemiologic Pulse,” to scan and assess epidemiological events in Mexico 

and the world. This session played a key role in integrating the information from formal and 

informal sources that emerged nearly a year later.  PAHO officials attended the April 15 session 

at which the La Gloria situation was discussed.  The trilateral teleconference the following day 

was enabled by the North American Plan for Avian and Pandemic Influenza (NAPAPI), a non-

legally-binding agreement prepared under the Security and Prosperity Partnership of North 

America treaty.  Since most of this did not exist a decade earlier, is seems likely that the 

investments in building these systems, together with a heightened awareness of pandemic 

influenza, enabled a more rapid and effective global public health response to H1N1.   

Considering the chain of critical events, it is possible that global alerts about pH1N1 

could have been advanced by about one week to April 18.  But since the virus had already spread 

throughout Mexico and the United States and elsewhere by this time, it seems unlikely that this 
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would have made a difference in containing the world-wide spread of the virus.  Rather, 

recognizing that there are many false positives in epidemiology, and what now seems clear in 

retrospect was far from clear in April, 2009, the picture that emerges from this analysis is a 

global public health system, and particularly public health agencies in Mexico, Canada, and the 

United States, that worked together effectively to solve a challenging epidemiologic puzzle in a 

reasonably timely fashion. 

This analysis also illustrates the challenges of early detection and characterization in 

public health emergencies.  First, although in retrospect the events described in this analysis 

clearly add up to tell the story of the emergence of a new pandemic viral subtype, many of the 

events – even large numbers of respiratory illness cases at the end of the winter flu season – 

taken in isolation were not sufficient to cause alarm.  Given the number of such “signals” that 

truly are isolated events, it is not useful or appropriate for local, national, or international public 

health agencies to react with alarm on every such occasion.  Second, as with most novel 

pathogens, the emergence of pH1N1 was characterized by uncertainty that took weeks to months 

to resolve.  Many emergency preparedness professionals, however, still think in terms of single 

cases triggering a response in hours or at most days and this thinking is reflected in such key 

public health preparedness documents as CDC’s 2011 Public Health Preparedness Capabilities: 

National Standards for State and Local Planning (OPHPR, 2011).   

Epidemiologists familiar with the emergence of novel pathogens rightly compare the 

rapidly evolving facts and scientific knowledge to the “fog of war,” (Stoto et al. 2005), and the 

United Kingdom’s Pandemic Influenza Preparedness Programme has shown how it should be 

factored into public health preparedness planning (ANZIC Influenza Investigators et al. 2009).  
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Similarly, recognition that it may take time to understand and characterize an emerging threat 

has important implications for implementation of the International Health Regulations, which 

define a “public health event of international importance” (PHIEC) through a flow chart (Katz 

2009, Gostin 2004) that implicitly presumes a bright line between a PHIEC and other outbreaks.   

More broadly, this recognition means that it is important to expect and plan for 

uncertainty in preparing for the emergence of a new pathogen.  This requires attention to 

response capabilities in addition to preparedness capacities.  For instance, CDC’s and the Trust 

for America’s Health’s most recent state-by-state assessments of public health preparedness 

focus on ensuring that state and local public health laboratories can respond rapidly, identify or 

rule out particular known biological agents, and have the workforce and surge capacity to 

process large numbers of samples during an emergency (Office of Public Health Preparedness 

and Response 2010, Trust for America's Health 2010).  Although such capabilities seem 

necessary for some events they are not sufficient, and none of these measures would have 

ensured that the public health system could have identified the emergence of and characterized 

pH1N1 as well and as efficiently as it was done in Mexico and the United States in April 2009.  

Rather, the surveillance system capabilities that were most essential were the availability of 

laboratory networks capable of identifying a novel pathogen, notification systems that made 

health officials aware of the epidemiological facts emerging from numerous locations in at least 

two countries, and the intelligence necessary to “connect the dots” and understand their 

implications. 

Finally, this analysis illustrates the potential of the critical events approach for collecting, 

analyzing, and understanding the policy implications of data from real incidents on public health 
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system’ emergency response capabilities.  There are three critical components of this approach; 

each requires knowledge of public health systems and professional judgment. 

First, the analyst must prepare a timeline describing key events in both the epidemiology 

and the public health response, such as the one in Figure 8. This can be a challenge because, as 

noted above, early events are not in and of themselves seen as noteworthy and are typically not 

recorded as they occur.  Situation reports that are now routinely prepared by emergency response 

organizations can be helpful, but are typically not started until there is an indication of a 

problem.  For instance CDC did not activate its Emergency Operations Center for pH1N1 until 

April 22, 2009, which was more than a month after the outbreak began in Mexico.  Alternatively, 

it would be useful to retrospectively record the officials’ knowledge and understanding of events 

as soon as possible after it becomes clear that a public health emergency is underway. 

Second, based on this timeline, one must identify the critical events.  These are events of 

more complexity than the recognition of a cluster of cases, but less than the emergence of a new 

pathogen.  They represent opportunities when the response might have occurred sooner or later 

than it did, depending on the public health system’s capabilities.  This is comparable, in a 

standard root cause analysis (RCA) to the choke points in the process map when errors occur.  

For this analysis, for instance, we choose incidents that advanced the recognition of, and enabled 

a response to, the global pandemic.  Identifying these events was challenging, but the creation 

and careful of a timeline was an essential first step. 

Finally, the analyst must identify the factors that allowed the events to occur when they 

did, rather than earlier or later.  In a standard RCA, these are the “root causes.”  This requires 

knowledge of how public health systems are supposed to perform and the factors that can 
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degrade this performance.  It is also useful to consider what might have happened had the critical 

events turned out differently, an approach that March and colleagues describe as “simulating 

experience” (March, Sproull & Tamuz 1991). 

Learning about public health systems’ emergency response capabilities is challenging 

because actual events are unique, and both the epidemiological facts and the context varies from 

one community to another.  In other words, there is no replication, a centerpiece of the scientific 

method.  In this context, our analysis of the global public health system’s ability to detect the 

pH1N1 pandemic gains rigor not by statistical analysis of repeated events but rather by a detailed 

analysis of the timing of events in Mexico, the United States, and the rest of the world.  The kind 

of analysis described here is far more extensive and probing than is commonly seen in the After 

Action Reports (AARs) prepared by health departments after exercises or actual events (Stoto et 

al. 2013) and illustrates the potential of the critical events approach for learning about public 

health system’ emergency response capabilities from real incidents that the NHSS 

Implementation Guide calls for (U.S. Department of Health and Human Services 2009).   
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Chapter IV 

4 Assessing the Gaps between Available Influenza Surveillance Data and the Information 

Needed for Decision Making during the 2009 pH1N1 Outbreak 

4.1 Background 

 In order to monitor the global influenza activities, WHO started conducting international 

influenza surveillance in the 1950s through the Global Influenza Surveillance and Response 

System (GISRS). According to the revised International Health Regulations (IHR), both 

pandemic influenza and avian influenza are considered public health emergencies of 

international concern (PHEIC) (World Health Organization 2008). Countries therefore have the 

responsibility to detect “events indicating unusually large or severe outbreaks of influenza as 

early as possible” (Knobler et al. 2005). Through series of guidelines for pandemic influenza 

preparedness and response, WHO continues to provide guidance and leadership to enable 

countries to enhance their influenza surveillance capacity and build a comprehensive influenza 

surveillance network worldwide (World Health Organization 2013, World Health Organization 

2009b). Influenza surveillance is now a main component of national surveillance capacity 

building, which also serves as a platform for other infectious disease reporting and monitoring 

activities in many countries (World Health Organization 2005).  With the overarching goal of 

detecting outbreaks, national and local health departments now use novel influenza surveillance 

systems, such as syndromic surveillance systems that utilize pre-diagnostic data, such as 

influenza-like-illness (ILI) related emergency room visit, school absenteeism, and over-the-

counter medication sales amongst others.  



 

75 
 

Syndromic surveillance was first introduced to public health as an important component 

in biosurveillance to serve the purpose of early detection for bioterrorism events (Institute of 

Medicine et al. 2007). Given the trade-off among sensitivity, specificity and timeliness, it is 

extremely difficult, if not impossible, to find a syndromic surveillance system that can provide a 

highly sensitive and specific alert, and in a timely manner (Stoto 2007). Thus, there have been 

studies that cast doubt on whether or not these syndromic surveillance systems can always 

recognize an outbreak at an early stage (Buehler et al. 2003, Buckeridge 2007). Some 

surveillance experts have subsequently suggested that “situational awareness” (Henning 2004, 

Bradley et al. 2005) - tracking the number of individuals with the pathogen and related matters 

rather than detecting a pandemic’s outbreak – is a more reasonable goal in conducting syndromic 

surveillance (Lipsitch et al. 2011, Fricker 2011, Uscher-Pines et al. 2009). 

 The goals of influenza surveillance, as summarized by WHO (World Health Organization 

2012) in Table 1, cover a wide range of objectives from understanding the biological features of 

the virus to assessing the disease burden in the population. For syndromic surveillance, however, 

the objectives are twofold― to provide early warning for a pandemic flu outbreak and to provide 

situational awareness during such a pandemic (Henning 2004, Bradley et al. 2005). Although 

early detection is the main focus of current public health emergency preparedness efforts 

(Centers for Disease Control and Prevention 2009c), situational awareness covers a variety of 

important topics that public health practitioners need to make decisions in routine practice. 

“Situational awareness” is a widely used term in emergency responses with fire department and 

the military, and has been introduced into the public health realm as a critical concept for 

biosurveillance. Given that situational awareness is a novel concept in public health, there has 
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been on-going discussion on the definition of situational awareness in the public health setting. 

According to Buehler, situational awareness is the “ability to monitor the course of outbreaks 

regardless of how they are detected, to tract and characterize” a public health emergency 

throughout the event (Buehler et al. 2008). However, CDC officials have defined three main 

components in situational awareness including knowing what happened (detection of a biological 

emergency), comprehension of the meaning (characteristics and scope of an event), and short-

term projection of the likely course (United States Government Accountability Office 2010). 

Moreover, knowledge about the effect of interventions such as antivirals, vaccines, and non-

pharmaceutical interventions is also considered part of the “situational awareness” package 

(Deepali M. Patel et al. 2012). Until now, situational awareness is seen to be “intuitively clear 

but vaguely defined and poorly studied” (Buehler et al. 2008, Buckeridge 2011).   

Table 1 Objectives for influenza surveillance 

• Describe the seasonal patterns of influenza. 

• Signal the start and end of the influenza season. 

• Identify and monitor groups at high risk of severe disease and mortality. 

• Establish baseline levels of activity for influenza and severe influenza-related disease 

with which to evaluate the impact and severity of each season and of future pandemic 

events. 

• Determine influenza burden to help decision-makers prioritize resources and plan public 

health interventions. 

• Identify locally circulating virus types and subtypes and their relationship to global and 

regional patterns. 

• Assist in developing an understanding of the relationship of virus strains to disease 

severity. 

• Monitor antiviral sensitivity. 
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• Facilitate vaccine strain selection. 

• Provide candidate viruses for vaccine production. 

• Describe the antigenic character and genetic makeup of circulating viruses. 

Adopted from WHO Interim Global Epidemiological Surveillance Standards for Influenza 

(World Health Organization 2012) 

 
Purposes for conducting influenza surveillance are usually more well-defined for 

traditional surveillance systems, which may shed light on exploring the capabilities for 

syndromic surveillance as well. For traditional influenza surveillance that monitors the biological 

features of the virus (e.g. prevailing influenza virus type and subtype, antiviral susceptibility, 

antigenic characteristics, etc.), it is usually straightforward to the public health practitioners that 

the data from the surveillance systems can be readily used to inform decision making, such as 

informing the vaccine strain selection and treatment guideline. For traditional influenza 

surveillance that tracks the disease transmission in the population, ideally the surveillance data 

can be used to estimate (1) the flu activity baseline, (2) the flu activity trends, and (3) the flu 

activity level.  Flu activity is defined as a combination of incidence rate, prevalence rate and 

severity, which may also vary by different surveillance systems. There are two baselines that 

need to be established: the seasonal baseline that defines the start and the end of a flu season, and 

the epidemic threshold that defines an unusually active flu season. Trends describe the direction 

and the relative speed of changes in flu activity, which also provides information on whether the 

flu activity has peaked, and whether or not the flu season is unusually prolonged. The flu activity 

level, on the other hand, is an estimate of the proportion of the population that has been or will 

be affected, through measures such as the attack rate, and the incidence rate among others. For 

systems that collect demographic information, influenza surveillance data is important for 
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evaluating the subpopulation vulnerability, such as the age specific risk, disparities among ethnic 

groups and geographic areas, and so forth. Systems that collect clinical information can be used 

to identify high risk groups with certain comorbidities, to describe clinical patterns (e.g. disease 

progression, response to antiviral treatment, prognosis, and so on.), to estimate the disease 

burden and to inform physicians of better practice in diagnosis and patient management. For 

novel surveillance systems, however, it is not clear (1) if the objectives are still applicable, (2) if 

data can actually be used to support the decision making.  

Novel surveillance systems, such as syndromic surveillance, were used extensively as 

part of the enhanced surveillance effort in the response to the 2009 pH1N1 pandemic outbreak, 

some of which were improvised after the novel virus was identified. The ad hoc surveillance 

systems and features, however, suggest that existing systems were not sufficient to guide the 

decisions that the health departments had to make during the development of the pH1N1 

outbreak. Therefore, the pH1N1 outbreak provides an opportunity to assess what information the 

existing surveillance systems failed to provide, what information was expected to be generated 

from the ad hoc systems, and what information was still missing for decision making purposes. 

Data used in this study was collected through observing what health departments did to enhance 

their influenza surveillance capabilities, as well as interviewing health officials to further 

understand how these decisions were made, and to identify the challenges when using 

surveillance data to support decision making.  

4.2 Data sources and methods 

 In order to summarize the existing influenza surveillance systems and their intended 

usage before the 2009 pH1N1 outbreak, a systemic review of the scientific literature, conference 
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abstracts, official WHO and CDC guidelines , as well as publicly available documents from 

national, state and local health departments was conducted. Health departments included in this 

study were mainly the state and local health departments in the US, and selected countries such 

as the UK and Canada. Weekly Influenza activity reports and Pandemic Flu Plan issued before 

2009 were collected. In order to identify the changes in influenza surveillance during the 2009 

pH1N1 outbreak, other documents retrieved from the health department website including 

pH1N1 press release and updates, internal communications, meeting minutes, descriptions of 

surveillance methods, after-action reports (some are made available by interviewees), pandemic 

flu plans revised after 2009, improvement plans and such were also reviewed. 

 In addition to the literature review, interviews with key personnel at health departments 

were conducted to gather more detailed information on (1) how influenza surveillance was 

conducted before the 2009 outbreak, (2) what the most commonly proposed objectives are for 

conducting influenza surveillance, (3) what new systems and featured were added in response to 

the pH1N1 outbreak, and (4) how the pre-existing and ad hoc systems met the actual needs of the 

public health practitioners. An interview outline was developed based on these four main 

questions (Appendix IV). Public health practitioners who were directly involved in influenza 

surveillance at health departments of local, state and national level were recruited. Telephone or 

face-to-face interviews were scheduled after the informed consent from the participants was 

obtained in either oral or email format. The actual interview length varied from thirty minutes to 

approximately one hour, while one participant answered the question in written format. 

Among 22 practitioners identified through professional networking and recommendation 

by peers, seven agreed to be interviewed. Two are from national public health agencies (Canada 
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and Nigeria), one from a state health department (North Carolina), and four from city and county 

health departments (New York, Boston, San Diego and Tulsa County, OK).  IRB exemption was 

granted by Georgetown University Institutional Review Board (#2012-1567) for this study 

(Appendix IV). 

The summary of influenza surveillance systems conducted by health departments before 

the 2009 outbreak was developed based on the materials gathered from the literature review and 

interviews. The changes in practice, especially the ad hoc surveillance systems and features, are 

summarized through comparison of flu activity update and pandemic flu plans before and after 

the outbreak, as well as from the after-action reports and interviews. A root-cause analysis was 

then conducted to identify why the decisions were made, what the new systems and features tried 

to accomplish, and whether or not it was proven effective afterwards. 

4.3 Results 

4.3.1 Influenza surveillance systems before and after the pH1N1 outbreak 

 The essential components of most influenza surveillance systems, especially those at the 

national level, are organized based on the severity pyramid of influenza infection before the 2009 

pH1N1 outbreak (Figure 9). The more severe the cases, the more complete the information that 

is collected at the individual level. The pyramid structure for the influenza surveillance system, 

as shown in Figure 9, is based on the completeness and quality of the data, instead of directly 

linked with the severity of the infection. National influenza surveillance networks usually focus 

on the top four levels, while some countries also incorporate information collected from other 

sources, such as institutional outbreaks, ILI morbidity telephone survey (Kamimoto et al. 2013), 
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nurse-operated telephone hotline (Cooper et al. 2002), the Internet-based early warning systems 

(Mykhalovskiy, Weir 2006), school/work place absenteeism, OTC medications sales (Cheng et 

al. 2009) and so forth.  

In the United States, all state health departments participate in virological surveillance as 

World Health Organization collaborating laboratories. They also recruit sentinel physicians for 

the U.S. Outpatient Influenza-like Illness Surveillance Network (ILINet) and report influenza 

associated pediatric mortality directly to the CDC. Other influenza surveillance activities, 

especially syndromic surveillance, vary across the states, as state and local health departments 

may choose among (1) the national surveillance network such as BioSense (Uscher-Pines et al. 

2009), Early Aberration Reporting System (EARS)  (Kass-Hout et al. 2012), (2) regional 

collaboration surveillance network, such as the Distributed Surveillance Taskforce for Real-time 

Influenza Burden Tracking and Evaluation (DiSTRIBuTE) project (Olson et al. 2011), the Early 

Notification of Community-Based Epidemics (ESSENCE) (Burkom et al. 2004), the Real-time 

Outbreak and Disease Surveillance (RODS) (Tsui et al. 2003), (3) commercial services such as 

BioDefend (Clarke et al. 2007), RedBat, FirstWatch (Uscher-Pines et al. 2009), and (4) locally 

developed integrated surveillance systems, such as the North Carolina Disease Event Tracking 

and Epidemiologic Collection Tool (NC DETECT) (Hakenewerth et al. 2009), Delaware 

electronic surveillance system (DERSS) (Kudish, Sleavin & Hathcock 2007). 
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Figure 9 Pyramid of influenza infection severity and influenza surveillance system 

Adapted from Presanis et al. 2009 

In addition to the pre-existing influenza surveillance systems, most health departments 

implemented ad hoc surveillance systems or enhanced their existing surveillance systems by 

adding new features in response to the 2009 pH1N1 pandemic (Table 2). These changes were 

adopted to serve three main purposes ― to identify more cases, to better assess virulence of the 

novel virus, and to improve the efficiency in disease reporting and response.  

Table 2 New systems and features in response to the 2009 pH1N1 outbreak 

Purpose Type of changes Examples 

Capture 

more cases 

Loosened case definition Suspicious and probable cases (i.e. rapid test positive, 

rt-PCR and virus culture negative) 

Increased participation Sentinel physicians, private hospitals, commercial 

laboratories, institutions (long term care facilities, 

colleges and universities, schools, correctional 

facilities, daycare providers, and so on), prolonged 

surveillance period for school absenteeism 
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New data sources OTC sales, thermometer sales, hospitalization 

surveillance, influenza-associated adult mortality, 

community telephone survey, Medicaid billing 

information, school and workplace absenteeism, rapid 

testing at the sentinel sites, ambulance transport log  

Severity 

assessment 

Detailed epidemiological 

characteristics (sub-

population) 

Stratified in age, race and comorbidity condition, 

improved geographic resolution 

Detailed clinical 

characteristics (severity) 

Percentage admitted to ICU, percentage receiving 

antiviral treatment, median days of onset to 

hospitalization, median days of onset to death, body 

temperature 

Biases assessment Number of positive and percentage of positive lab 

results, ED ILI visits and ED ILI admissions 

Improve 

efficiency 

Improved communication Automated data sharing and reporting, more frequent 

reporting, regional and national situation updates, re-

organized data presentation in flu activity update 

One approach to enhance influenza surveillance, which was purposed by majority of the 

health departments, was to identify more cases. During the early stages of the outbreak, when 

case counting and reporting was still required by WHO (World Health Organization 2009b), 

many health departments reported probable cases ― samples that have positive rapid test results 

but negative rt-PCR or culture results, as well as suspicious cases for mitigation purposes. In 

order to increase the coverage of influenza surveillance in population, more sentinel physicians, 

healthcare facilities and institutions were also recruited to join the surveillance network as a 

result of increasing public concerns about the severity of the outbreak. Institutional surveillance 

was further expanded to cover long term care facilities, colleges and universities, correctional 
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facilities, military bases, daycare providers, among others, which did not participate in influenza-

like-illness (ILI) surveillance before the 2009 outbreak. Syndromic surveillance systems which 

were not adopted at health departments before the pandemic were also implemented, including 

over-the-counter flu medication sales, thermometer sales, community telephone survey, school 

and workplace absenteeism, ambulance transport log and so forth. Some of the new systems and 

features were discontinued after the pandemic flu outbreak, while others were integrated into the 

routine practice after the pandemic. 

Other than improving the completeness of the surveillance data, additional information 

was collected to better assess the severity of the outbreak. Surveillance systems that used to be in 

aggregated format before the pandemic were stratified by age, race, and geographic locations. 

Clinical characteristics (e.g. case ascertainment, response to antiviral treatment, etc.) were also 

reported to estimate the severity, disease progress, demand for healthcare service, and so forth. 

To assess the age specific risk, school absenteeism surveillance at public school and ILI 

syndromic surveillance at university clinics were also set up. As pH1N1 was being intensively 

covered by media report, the increasing public awareness brought some of the “worried healthy” 

to hospital emergency department (ED) (Stoto 2012). Recognizing this potential biases, instead 

of only looking at ED ILI visits, some health departments also collected ILI ED visits associated 

with hospitalization. By comparing how many patients presented themselves at ED versus how 

many were actually severe cases that required hospitalization, public health practitioners could 

monitor the severity of pH1N1 infection, as well as get a rough estimate of medical resource 

utilization due to public concerns versus severe illness.  
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Communication within the public health system as well as with the general public was 

also improved during the pandemic flu outbreak. Automated electronic systems replaced 

reporting through telephone, fax and email, which significantly shortened the communication 

cycle between the sentinel sites and the health departments. Weekly flu activity updates, which 

are usually published on the health departments’ official websites, were also revamped, 

improving visual presentation, avoiding professional and technical jargons, consolidating and 

highlighting key information, summarizing the regional and national picture, and listing and 

categorizing useful online resources, to meet the needs of a much wider audience. 

4.3.2 Proposed objectives for conducting influenza surveillance 

The objectives of conducting influenza surveillance, collected through both literature 

reviews and interviews, are as follows, (1) to assess the age-specific risk for contacting virus and 

developing severe illness, (2) to inform communication with the public, (3) for “routine 

surveillance,” (4) to refine the case definition, (5) to provide negative reassurance, and (6) to 

prepare for surge capacity.  

After pH1N1 virus was identified, it soon became obvious that children and young adults 

were at especially “high risk” (World Health Organization 2009a, Centers for Disease Control 

and Prevention 2010d, Echevarria-Zuno et al. 2009). In order to assess and monitor the 

susceptibility among children and young adults, health departments required age stratified 

surveillance data from hospitals, made ILI associated adult mortality a reportable condition, and 

implemented syndromic surveillance systems predominantly targeting children and young adults, 

such as the school absenteeism surveillance and university clinics ILI surveillance. 



 

86 
 

 Another commonly proposed utility of conducting influenza surveillance is to inform the 

communication strategy. Most health departments recognize healthcare providers, other health 

departments, media and the general public are the main audiences that they need to communicate 

with. In some places, military personnel, schools and corporates are also included. Influenza 

surveillance data is considered the key component in the weekly flu activity update, which also 

serves as an important communication channel to deliver health education messages and clinical 

practice guidance.  

“Routine surveillance,” the term that used by some practitioners, refers to the activity of 

monitoring influenza transmission over time, including the flu activity baseline, trends, and level. 

Routine surveillance data are usually not analyzed and interpreted independently, but rather 

through comparing multiple data streams ― also defined as “triangulation” in our previous 

study. For instance, the increased ILI cases are treated differently when coupled with increased 

percentages of respiratory syncytial virus (RSV) positive testing and age pattern shift towards 

children, versus with increased percentage of rhinovirus positive testing and age pattern shift 

towards the elderly.  

During the early stages of the pandemic, there were not enough cases to produce a 

comprehensive evaluation of clinical characteristics for the novel influenza virus infection. 

Information such as body temperature and symptoms were collected through the syndromic 

surveillance platform, to further refine the case definition. This was used to improve clinical 

diagnosis when laboratory testing was not available. 

Also, public health practitioners were oftentimes required to clarify rumors about 

outbreaks in the community. Having surveillance systems in place, therefore, provides “negative 
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reassurance” ― the term often used in cancer screening referring to the confidence of not having 

a condition given the negative results (Shetty, Shah & Sharman 2003). Thus, not seeing any 

aberrant activity in the surveillance systems can be used as a supporting evidence for not having 

any outbreak in the community.  

Last but not least, interviewees also mentioned that surveillance data was important to 

plan for surge capacity in healthcare delivery systems to assess and estimate the healthcare 

resources usage and potential demand. This enables healthcare facilities and health departments 

can work together to enhance the surge capacity through enhancing staffing, setting up 

temporary ancillary healthcare facilities, procuring supply inventory and so forth. 

4.3.3 Desired features and challenges in existing influenza surveillance systems  

 The practitioner interviews suggest three desirable characteristics for influenza 

surveillance systems. The first characteristic is familiarity, which refers to, as one practitioner 

suggested, surveillance systems that are either derived from or something close to the current 

systems. When working with something familiar, the epidemiologists have a basic understanding 

of the data sources and structures, know what to look for and how to interpret the data, which in 

fact is a result of good characterization of the surveillance systems empirically. For instance, 

when flu activity is above the baseline (especially the epidemic baseline), but the statistical 

significance is not enough to trigger public health response; the epidemiological context must be 

assessed to make a meaningful interpretation, which will then guide decision-making. So, even 

when surveillance systems may have new methods for statistical analysis, the epidemiological 

environment needs to look familiar to practitioners, and the systems need to be well 

characterized in order to be utilized in a meaningful way.  
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Also, information that is considered “actionable” is usually more than just a number, and 

is more likely include demographic and clinical characteristics that can be used to target a sub-

population. For instance, the age specific trends, level and severity surveillance data are 

important for decision making on priority groups for vaccination, guidance for school closure, 

clinical guideline for pediatric ILI disease management, and so forth.  

Last but not least, the ability to share surveillance data with other peers in real-time is 

also considered as a very helpful feature of the system. By knowing what is going on in near-by 

regions, one can make more informed assessment of local flu activity. As discussed in the last 

chapter, being aware of the fact that a novel influenza virus was identified in the states, Mexico 

was able to connect the dots in their separate domestic outbreaks. Moreover, project 

DiSTRIBuTE, served as a platform for sharing of ED ILI data, was widely recognized by health 

departments as a useful tool to provide situational awareness, and expanded its network 

nationwide during the pH1N1 outbreak (Olson et al. 2011, President’s Council of Advisors on 

Science and Technology 2009). 

 The discrepancy between these ideal features of the influenza surveillance systems and 

the review of the existing systems before pH1N1 are reflected in some of the main challenges in 

utilizing syndromic surveillance to support decision making. These include the lack of 

appropriate tools to analyze syndromic surveillance data, to synthesize multiple data streams, and 

to inform decision making. At some health departments, syndromic surveillance data, such as 

school absenteeism, has been collected for years, but has never been utilized due to the lack of 

appropriate statistical methods. On the other hand, even though influenza surveillance usually 

consists of multiple data streams. The methods for synthesizing and interpreting multiple data 
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streams are usually qualitative and informal, such as visualization of multiple time-series plots 

overlaid or side-by-side. The CDC developed a semi-quantifiable indicator system for 

geographic spread of Influenza by drawing information from laboratory surveillance, 

institutional outbreak surveillance, hospitalization and out-patient illness surveillance, or other 

locally implemented syndormic surveillance systems reporting ILI cases (Centers for Disease 

Control and Prevention 2012a). However, it is a five-level categorical estimation of flu activities, 

designed to compare states and regions at a relatively low resolution, the individual health 

department cannot use the method to analyze the flu activity in a quantitative way. Statistical 

methods are still required for synthesizing multiple data streams to estimate the flu activity 

trends and levels over time.  

Another challenge mentioned by health officials is the disconnection between 

surveillance data and the actionable information that can be used to inform decision making, 

especially for school closure. Since the decision to close schools was made by individual 

jurisdictions, there is significant variability in terms of the purposes of school closures 

(precaution or responsive intervention), trigger to closing (e.g. surveillance data, outbreak report, 

pressure by the media and parents, CDC recommendation) and other factors (Klaiman, Kraemer 

& Stoto 2011). Practitioners found it difficult to use the available surveillance data, including the 

traditional surveillance and syndromic surveillance of school absenteeism, to support the actual 

decision making on school closure.  
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4.4 Discussion 

4.4.1 The uncertainties in pandemic flu outbreak and implications for public health emergency 

response and preparedness 

 A public health emergency of an infectious disease outbreak is different from other 

emergency scenarios where scope and severity of the situation can usually be assessed soon after 

the event happened. Knowledge about an outbreak comes from surveillance data and scientific 

research, which keep evolving as the pandemic unfolds. It is important for public health 

practitioners to recognize these uncertainties, especially the potential causes, and then 

incorporate that information into actual response and preparation strategies.  Biased surveillance 

data, in particular, is a major cause of uncertainty. For instance, the shift in age distribution of 

the pH1N1 virus, disproportionally affecting children and young adults, observed in Mexico 

(Chowell et al. 2009). The pattern was soon linked to the key feature of the 1918 pandemic flu 

that caused severe illness among young adults, and reported on major national media, and was 

soon acknowledged by the science community (World Health Organization 2009a, Echevarria-

Zuno et al. 2009, President’s Council of Advisors on Science and Technology 2009, Brown 

2009). The local and state health departments observed an increasing number of pediatric cases 

in their surveillance systems, as well as the growing concerns from parents and schools. 

However, Stoto has suggested that the extremely high attack rate among children might in part 

reflect parents’ concerns in addition to the real illness (Stoto 2012). Recognizing the potential 

biases, many health departments focused on collecting detailed healthcare facilities surveillance 

data stratified by age. Paired data series such as ILI ED visits and ILI ED visits associated with 
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hospitalization were compared to generate a rough estimate of the medical resources utilization 

due to severe illness versus increased concerns among patients. 

 On the other hand, the biases can also be on the providers’ side. For instance, ILI-

associated adult mortality was not a reportable condition in most places before 2009. According 

to some public health practitioners, unlike ILI-associated pediatric mortality, ILI-associated adult 

mortality was underestimated due to a lack of universal testing for influenza in all ILI-associated 

hospitalizations, clinical diagnoses made without testing or confirmed lab results, and alternate 

diagnoses or co-infections among the hospitalized patients. However, because influenza-

associated adult mortality soon became an important indicator for the age-specific susceptibility, 

patient sampling, diagnosis, and management procedures were standardized during the 2009 

pandemic, and ILI associated adult mortality data were collected in a more consistent and 

systematic way.  By recognizing the pre-existing and evolving biases in the system, public health 

practitioners were able to upgrade the surveillance network to improve their understanding of the 

uncertainties.  

The research community, on the other hand, proposed a series of approaches to clarify 

some of the uncertainties in flu activity level, trends and severity through carefully designed 

epidemiological methods. Three months after the pH1N1 virus was identified by CDC, WHO 

recommended that countries reduce laboratory testing given the overwhelming volumes as the 

virus was already widespread (World Health Organization 2009a). Since laboratory surveillance 

data after this point was based on people seeking medical attention, accurate and reliable 

estimates for attack rate and effective reproductive number for the whole population were 
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considered as the key missing information that many public health practitioners wished to have 

had to help make better-informed decisions.  

To determine appropriate containment and mitigation measures, public health 

practitioners need to know both the transmissibility and the severity of the novel pH1N1 

infection. Severity is usually evaluated through estimates of the proportion of severe cases (e.g. 

hospitalization, ICU, death) over all infected population. The difficulty in getting the 

denominator usually led to over-estimating the virulence of the virus, especially for the case-

fatality rate (Wilson, Baker 2009). Sero-prevalence surveillance on randomly selected population 

regardless of symptoms was proposed by Lipsitch and colleagues. It is considered to be the least 

biased approach to estimate the proportion of population infected, since the sampled population 

is not influenced by public awareness of the on-going pandemic (Lipsitch et al. 2009).  

As for transmissibility of the virus, it is important to know how easily the virus can be 

spread from one person to another, which is influenced by the length of incubation period, viral 

particle shedding and so forth, and can be measured by effective reproduction numbers 

(Pourbohloul et al. 2005). The effective reproduction is the actual number of secondary cases 

caused by each primary case in a given population (Anderson, May & Anderson 1992, Mills, 

Robins & Lipsitch 2004). Different from basic reproductive number which is a set value for an 

individual pathogen, the effective reproductive number changes over time as a result of various 

factors, such as depleting susceptible population, usage of preventive methods, vaccinations and 

other interventions. Reliable estimates of the effective reproductive number over-time therefore 

inform practitioners of the progress of an epidemic. Based on the factors mentioned above, the 
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effective reproductive number is often overestimated during the early ascertainment of an 

outbreak (Mercer, Glass & Becker 2011). Studies based on a pre-defined population such as 

household setting, can be valuable to estimate the transmissibility of the virus as well as to study 

the effectiveness of preventive methods such as masks and hand hygiene (Cowling et al. 2010). 

According to WHO guidelines, pandemic influenza preparedness plans are suggested to 

be constructed based on six phases (World Health Organization 2005), which assumes that 

epidemiological facts such as the spread of the virus and the scope of the affected population are 

known to the decision makers. However, as discussed above, some of the facts may not be 

available or may be biased in some way. The UK Influenza Pandemic Preparedness Strategy 

2001 (Pandemic Influenza Preparedness Team 2011) serves as a good example of a plan that 

recognizes uncertainties in the nature of pandemic flu outbreak, allows flexibility in the systems 

in response to rapid changes in facts and knowledge, and lays down principles for achieving best 

practice in the absence of evidence.  

4.4.2 Capabilities of syndromic surveillance 

These uncertainties have contributed to the discussion by many researchers on the 

capability of syndromic surveillance for early detection (Buehler et al. 2003, Buckeridge 2007), 

and have lead “situational awareness,” to be proposed as a more reasonable goal. However, 

situational awareness is not well-defined (Buehler et al. 2008, Buckeridge 2011). From the 

literature review and interviews, a variety of objectives for doing syndromic surveillance can be 

categorized under situational awareness. In the third chapter, we found syndromic surveillance 

provided “positive reassurance” for recognizing the novel pH1N1 outbreak in Mexico and the 
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US. Opposite to negative reassurance discussed above, “positive reassurance” is defined as the 

confidence in having a real event when there is another positive signal(s) in the systems. The 

increased number of ILI cases in early Spring in Mexico and early Fall in the US, both served as 

positive evidence that helped people to confirm the outbreak first detected by other methods.  

In addition to providing positive reassurance, situational awareness also includes tracking 

trends in flu activity (e.g. increase, decrease, speed-up, slow-down, peak and prolongation), 

assessing subpopulation susceptibility (e.g. age, geographic location, etc.), monitoring public 

intention of seeking medical care (e.g. ED visit, vaccination, etc.) as well as providing negative 

reassurance. Because they use pre-diagnostic data, syndromic surveillance systems can suffer 

from having too much noise in the system to generate a reliable estimate of how many people are 

truly infected, also defined as the level of flu activity in this study. However, such systems can 

reflect trends. Although apparent trends may be the result of changes in the informational 

environment, they may also reflect the relative changes in flu activity level from one time point 

to another, which contains information about the dynamics of flu transmission in the population. 

Even though syndromic surveillance systems do not have individual level data, some of them 

collect basic demographic information, such as age and geographic location.  

It’s worth noting that these syndromic surveillance systems are conducted routinely, and 

are most likely to be used at health departments. With subpopulation information, syndromic 

surveillance can be used to assess the age specific risk, geographic disparities, and to prioritize 

resources such as vaccination and antiviral treatment for different age groups and communities. 

By monitoring the syndromic surveillance data such as ED ILI visit, clinicians can also assess 

medical resources utilization in real-time, which can be used in planning for surge capacity (Chu 
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et al. 2012). All the information generated from syndromic surveillance, can then be used to 

facilitate risk communication with the public.  

Last but not least, even though syndromic surveillance systems are not ideal for outbreak 

detection, they do provide the negative reassurance that public health practitioners need when 

they are asked to clarify rumors about disease outbreaks in the community. The current 

evaluation framework for syndromic surveillance is based on sensitivity, specificity and 

timeliness, which are trade-offs that cannot be maximized at the same time (Griffin et al. 2009, 

Buehler et al. 2004). When the syndromic surveillance systems are set to prioritize sensitivity 

and timeliness over specificity, the specificity inevitably goes down while false negative event 

(i.e. having an event in absence of an alarm) also decreases. Therefore, even though the high 

false alarm rate makes it difficult for practitioners to response when being presented with an 

alert, they have developed confidence in the system that the probability of missing an ongoing 

outbreak in the community is relatively low.  

The capabilities listed above are examples of how syndromic surveillance data can be 

used to inform decision makers. However, this is a brand new area calling for more research 

initiatives to develop specific analytical tools so that the syndromic surveillance can better 

provide targeted situational awareness. To further refine the research approach, one has to 

distinguish between different types of information that can be used in syndromic surveillance 

data. For instance, it is intuitive to think that public awareness of the disease is noise that needs 

to be filtered out from syndromic surveillance data. This is true if the ultimate goal is to estimate 

the trends of real infection. In fact, when practitioners prefer to not use ad hoc syndromic 

surveillance systems that they are not familiar with, their unfamiliarity is not only about the lack 
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of historical data and baseline, but more importantly, the unfamiliarity with the biases in the 

systems that need to be accounted for. If there is a method that can be used to characterize those 

surveillance systems based on the biases imbedded in each data series, it will help to streamline 

characterization of existing and new surveillance systems, so that they can be used to estimate 

the trends of true epidemic.  

 However, public awareness of an epidemic sometimes can also be the signal other than 

the noise, and needs to be monitored and estimated as well. When planning for surge capacity 

and procurement of medical resources such as vaccine and antiviral medications, one needs to 

recognize that it can be both the real illness and the awareness of the disease that drive people to 

hospitals and flu clinics. Also, the intention to receive vaccination tend to drop, when the 

perceived risk of the disease decreases, or the concerns about vaccine safety increases due to 

media coverage (Perlman 2009, Taha, Matheson & Anisman 2013, Janks et al. 2012).  

4.5 Conclusion 

Other than outbreak detection, the objectives of conducting syndromic surveillance are 

not well defined by public health practitioners. However, their actual needs for information to 

support specific decision-making suggest a range of potential capabilities that can further define 

situational awareness in public health practice. The missing link between the surveillance data 

and decision-making was also related to (1) “actionable” information; (2) confidence in the 

system ― if the surveillance data is reflecting real illness or public awareness; (3) appropriate 

surveillance methods and analytic tools; (4) the social consequences of the intervention. These 

issues were exemplified by the pH1N1 experience and the response of practitioners. For 

syndromic surveillance in particular, the lack of analytical tools for purposes other than early 
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detection, leads public health practitioners to find it difficult to utilize syndromic surveillance 

data in a quantitative and systematic way, especially when they recognize the biases caused by 

public awareness, but only empirically. 

 In order to make influenza surveillance data more useful in providing situational 

awareness and support decision making, a method that can characterize the biases in each 

surveillance systems in a systematical way will be the first step towards better understanding and 

utilization of syndromic surveillance.  
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Chapter V 

5 Characterizing Influenza Surveillance Systems using Bayesian Hierarchical Model 

Findings from both the case study of syndromic surveillance of the pH1N1 outbreak at 

Georgetown University and the qualitative study on influenza surveillance practice at health 

departments, suggest that individual influenza surveillance system can be biased given changes 

in the informational environment. The underlying mechanism, however, is highly complex and is 

difficult to model in a comprehensive manner. Therefore, characterizing influenza surveillance 

methods in this case based on how they are influenced differently by the informational 

environment is the first step to understand the underlying complex dynamics. To inform and 

improve public health practice, it is also important to identify features in surveillance methods 

that are associated with certain performance characteristics, such as being less susceptible to the 

informational environment.  

This chapter will present the Bayesian hierarchical model developed for influenza 

surveillance systems characterization purpose through assessing the informational environment 

associated biases. 

5.1 Background 

5.1.1 Biases in surveillance systems 

Influenza surveillance is not only reflecting the true disease transmission in the 

population; instead, it is the product of both real illness and public awareness. The premise for 

assuming surveillance data is a snap shot of the whole population is based on random sampling, 

which only applies to those survey-based surveillance systems that draw participants from the 
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population at random. For influenza surveillance, and other report-based surveillance in general, 

decisions made by patients, health care providers, and public health professionals about seeking 

and providing health care and about reporting cases to health authorities are all influenced by the 

informational and policy environment (such as media coverage, implementation of active 

surveillance, and so on), processing and reacting to the information on an individual level (such 

as health care seeker’s self-assessment of risk, incentives for seeking medical attention and self-

isolation, health care provider’s ordering of laboratory tests, and so on), and technical barriers 

(such as communication infrastructure for data exchange, laboratory capacity), all of which 

change constantly. Therefore each of those data sources is likely to be biased, possibly in 

different ways. As illustrated in Figure 10, only a small proportion of the true infection is 

captured by one or more of the surveillance systems after multiple layers of decisions made by 

infected individuals, healthcare providers, public health professionals and so forth. People who 

are not infected with influenza virus, or for non-disease related reason — especially in the 

absenteeism-based surveillance, they might end up being captured by one or more of those 

surveillance systems as well. The graph also shows the relationship between the surveillance 

systems —some can be overlapped with one another, or completely independent in terms of the 

population they are serving. Epidemiologists and public health practitioners typically recognize 

these potential biases qualitatively, and present their analysis of the available data with 

appropriate caveats, which is a legitimate attempt under the ultimate goal of improving 

performance for early detection. However, when aiming at tracking disease transmission over 

time, those factors become major components in understanding and interpreting the surveillance 

data.  
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Figure 10  Conceptual model for biases in influenza surveillance data 

The term informational environment refers to the collective information one is exposed to 

through media, the Internet, social network and so forth. According to Health belief model, 

individual’s health behavior is determined by the self-assessment of susceptibility, severity, 

barriers and benefits of taking certain action (Rosenstock 1966). Through this social cognition 

model, information that individual receives may influence the perception of those key 

components that will eventually affect the health behavior. In our previous study, we also 

observed the phenomenon of “surveillance fatigue” ― the lack of reporting incentive as the 

media coverage receded (Zhang, May & Stoto 2011). The health-related informational 

environment, such as the news coverage, health departments’ press release, observations of the 

disease transmission in the community, may influence the self-assessment and decision making 

for behavior such as seeking medical attention, self-diagnosis and treatment, and so forth. There 

have been studies trying to model behavior and individual decision making in addition to the 

traditional disease transmission model. In order to account for the human behavior factors, some 

researchers have proposed coupling infectious disease transmission with human preventive 

Figure 1. Conceptual Model 
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behavior by using network analysis method (Mao, Yang 2012). Birrell and colleagues tried to 

disentangle pH1N1 epidemic and behavior changes by incorporating the self-reported health-

seeking behavior survey results among people who experienced ILI with the disease transmission 

model (Birrell et al. 2011). In a mathematical framework proposed by Durham and colleagues, 

contextual information such as over disease epidemic, social network, and news coverage is 

incorporated into the disease transmission model (Durham, Casman 2012). Given the rapid 

growth of the Internet users and technology, platforms such as Google, Twitter and Facebook, 

aggregated significant amount of data that is being used by researchers for infectious disease 

surveillance study. Through data mining, researchers are able to filter user submitted information 

related to influenza, which then be used to approximate the influenza transmission in the greater 

population (Carneiro, Mylonakis 2009, Signorini, Segre & Polgreen 2011). One of the biggest 

challenges in analyzing the Internet-based surveillance data is separating data reflecting the 

illness from other noises, such as those reflecting the awareness of the disease. Many researchers 

develop natural language processing algorithms to classify those information automatically 

(Collier, Son & Nguyen 2011, Dugas et al. 2012), some uses crowd-sourcing platform engaging 

general web users in tagging data manually(Lamb, Paul & Dredze 2013),  and some use the 

mixed methods of both (Keller, Freifeld & Brownstein 2009). The curated data, which is 

considered reflecting the true infections, is then used as a supplementary data stream parallel to 

other syndromic surveillance systems, compared to the traditional surveillance data and tested 

for collinearity (Carneiro, Mylonakis 2009, Signorini, Segre & Polgreen 2011, Dugas et al. 2012, 

Valdivia et al. 2010). This approach, adopted by many researchers working with the novel 

Internet and social media data, is potentially problematic when testing a biased data stream 
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against another biased data stream, and then validating it given significant collinearity between 

the two biased data sets. Google Flu Trends, which has performed remarkably well in keeping 

their estimated flu activity highly correlated with the CDC surveillance data by calibrating the 

model every year, dramatically over-estimated the flu activity in the United States in 2012/13 flu 

season (Butler 2013). The over-estimation might be due to the extensive media coverage of flu 

during the winter holiday season; however, it also raises the question of how to assess the 

validity and utility of those Internet based surveillance.  Another approach is incorporating them 

as covariates to the traditional epidemiological models. In a recent paper, Dugas and colleagues 

found out Google Flu Trends outperformed all the meteorological covariates — such as 

temperature and humidity, and significantly improved the predictive function of their model 

(Dugas et al. 2013a). Instead of testing the collinearity between the two, modeling the dynamics 

between traditional and the Internet-based surveillance data can provide a potential framework to 

help understanding and even assessing the bases imbedded in the traditional surveillance 

systems. 

5.1.2 Methodological challenges in influenza surveillance modeling 

5.1.2.1 Unique features of influenza surveillance data 

The rapid growth of the large-scale automated electronic syndromic surveillance systems 

for influenza have posed a great challenge to both public health researchers and practitioners, 

given the fact that the methodology has not been well-developed to deal with this new kind of 

dataset. Traditionally, public health professionals did not have multiple data sources to monitor 

one single outcome or disease (Buckeridge et al. 2005). Unlike other infectious diseases or 
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chronic conditions, modern influenza surveillance systems are usually composed of multiple data 

streams, including laboratory virological data, clinical sentinel surveillance data (primary 

physicians, outpatient department, hospitalization, and so on), indirect indicators (school 

absenteeism, OTC medication sales, emergency department visit, and so on), which theoretically 

provide more information and increase the sensitivity and accuracy. However, in practice, as 

discussed by Burkom, as the number of data streams goes up, the probability of an alert 

occurring when there is no outbreak increases dramatically, and too many such false alerts will 

consume public health resources for investigation (Buckeridge 2007, Buckeridge et al. 2005). 

Moreover, the inconsistency of the data across multiple data streams increases the challenges of 

combining the datasets, since some data streams tracks the confirmed viral infection, some 

monitor ILI-related health care service, and some systems use more relaxed case definition only 

tracking fever cases or absence from school for all reasons. 

5.1.2.2 Multiple data streams and inter-dependence 

  When modeling multiple data streams, the choice of statistical model is made based on 

the assessment of inter-dependency of the data series. For multiple data series that are unrelated 

to one another,  each data set can be computed separately with univariate methods, and the 

results can be further aggregated by approaches like several modified Bonferroni procedure 

(Sarkar, Chang 1997, HOMMEL 1988), Edgington’s method, which pool the p-values from the 

separate analyses using a consensus method (Edgington 1972). However, given that most 

influenza surveillance data series are related to the same underlying process, such multiple 

univariate methods are usually not appropriate. 



 

104 
 

 For data that are not independent from one another, one can use either the joint 

probability distribution or conditional probability distribution. For instance, for variables 𝑌! and 

𝑌!, we assume normal distribution for both of them with mean of 𝜇! and standard deviation of 

𝜎! : 

𝑌!  ~  𝑁 𝜇!,𝜎!!       5.1 

𝑌!  ~  𝑁 𝜇!,𝜎!!       5.2 

When applying joint probability distribution, we have a multivariate normal distribution: 

𝑌!
𝑌!  

 ~ N 
𝜇!
𝜇!   ,

𝜎!! 𝜎!"
𝜎!" 𝜎!!

        5.3 

where 𝜎!" and 𝜎!" are the covariance, together with 𝜎!! and 𝜎!!, describe the inter-relationship 

between the two variables. This approach relies on the data to model the direct correlation 

through correlation coefficient, which sometimes can be difficult to justify. Since joint 

probability distribution is built on distributional structure, which can be difficult for both 

modeling and interpreting.  

 Another approach that has been widely adopted in various statistical models in the last 

decade is conditional distribution, which assumes conditional independence of the variables, and 

the dependence is modeled based on some other inputs (Wikle 2003, Arab, Hooten & Wikle 

2008). For example, assuming 𝑌! and 𝑌! are data from two influenza surveillance systems, the 

inter-dependence between the two, in conditional distribution model, is considered to be 

influenced by additional data input ― for instance, the media coverage on novel influenza. 

Conditional distribution is ideal method for public health research, because it describes the inter-
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dependence on the process level instead of data level. As a result, it’s easier for the public health 

researchers and practitioners to identify the data input that multiple data streams can be 

conditioned on, such as meteorological, environmental, socio-economic, informational input and 

so forth. And the results are more intuitive for people with average statistical literacy to interpret 

as well. 

5.1.2.3 Bayesian hierarchical model 

5.1.2.3.1 Bayesian versus frequentist 

Bayesian and frequentist are two schools of thought in statistics. Frequentist treats 

hypotheses as fixed, and data as random as a result of sampling. And the frequency of observing 

the data given the hypothesis are true is the core for all frequentist statistical testing. The 

approach relies completely on evidence, without any reference to prior beliefs of the data. 

Bayesian, on the other hand, treat data as fixed and hypothesis as random, therefore it focuses on 

the probability of the hypothesis being true or false given the data observed. Bayesian has its 

advantages: (1) it provides a structured approach to combine new evidence with prior beliefs or 

previous study results, (2) the inference are conditional on the actual data, (3) it is a natural way 

of thinking for a complex scientific model (Carlin, Louis 2008, Eddy 2004), (4) it is easily 

interpretable by non-specialist, (5) all analyses follow from the posterior, and no separate 

theories of estimation, testing, multiple comparison, etc. are needed, (6) questions can be directly 

answered through Bayesian analysis (Berger 1985). The two biggest challenges, however, are the 

required intense computation and specifying prior probability distribution, especially when no 

information is available for the parameters ― uninformative prior is often used (Eddy 2004). 
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5.1.2.3.2 Bayesian hierarchical model 

 For a complex process, a hierarchical modeling perspective allows decomposing the 

problems into subsets of simpler problems governed by simple rules of probability. A 

hierarchical regression model is the product of conditional distribution for data conditioned on a 

regression process and parameters, the regression process conditioned on the parameters defining 

the regression dependencies between process and the parameters themselves. Hierarchical 

modeling has many advantages such as allowing for multiple sources of data, and the ability to 

consider scientifically meaningful structures in the model as prior. 

In modeling complex process with data, the hierarchical model is described in three basic 

stages: 

Stage 1. Data Model: [𝑑𝑎𝑡𝑎|𝑝𝑟𝑜𝑐𝑒𝑠𝑠,𝑑𝑎𝑡𝑎  𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠] 

Stage 2. Process Model:[𝑝𝑟𝑜𝑐𝑒𝑠𝑠|𝑝𝑟𝑜𝑐𝑒𝑠𝑠  𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠] 

Stage 3. Parameter Model: [𝑑𝑎𝑡𝑎  𝑎𝑛𝑑  𝑝𝑟𝑜𝑐𝑒𝑠𝑠  𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠]  

The notation [x] refers to the probability distribution of x, and the notation [x|y] refers to 

the conditional probability distribution of x given y. The idea is to approach the complex problem 

by breaking it into simple subsets of problems. The first stage is the observational process or 

"data model", which specifies the distribution of the data given the fundamental process of 

interest and parameters that describe the data model. The second stage then describes the 

process, conditional on other process parameters. Finally, the last stage models the uncertainty in 

the parameters, from both the data and process stage (Arab 2007). 

Hierarchical modeling can be computationally expensive and challenging. However, a 

Bayesian implementation of such model is easy to conduct. In the Bayesian framework, one must 
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assign prior probability densities to unknown parameters of interest and obtain the distribution of 

the process and parameters updated by the data via Bayes' rule (i.e. posterior distribution) as 

follows: 

[𝑝𝑟𝑜𝑐𝑒𝑠𝑠, 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠|𝑑𝑎𝑡𝑎] ∝ [𝑑𝑎𝑡𝑎|𝑝𝑟𝑜𝑐𝑒𝑠𝑠, 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠][𝑝𝑟𝑜𝑐𝑒𝑠𝑠|𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠][𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠] 

In a Bayesian modeling framework, inference is based on the posterior distribution. The 

posterior distribution is often very complex and the normalization constant integral cannot be 

analytically solved. Instead, one can simulate from the posterior distribution in a Monte Carlo 

framework to do inference. One popular approach used for simulating from the posterior 

distribution is called Markov Chain Monte Carlo (MCMC). MCMC methods are a class of 

algorithms for sampling from probability distribution based on constructing a Markov chain that 

has the desired distribution as its stationary distribution (Gelfand, Smith 1990) and includes such 

algorithms as Metropolis-Hastings and the Gibbs sampler (Casella, George 1992, Robert, Casella 

2004). Gibbs Sampling is the primary algorithm of the freely-distributed software OpenBUGS 

(Lunn et al. 2009). A key issue in implementation of the Gibbs sampler is that the number of 

iterations of the algorithm should be large enough to guarantee that the chain approaches 

stationarity (i.e. convergence to the target density). Typically initial periods of iterations are 

considered as the "burn-in" period of the chain and are discarded (Congdon 2007). The number 

of burn-in iterations required can be influenced by the choice of starting values as well as 

dependencies in model parameters. 
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5.1.2.3.3 Bayesian model used in influenza surveillance and epidemiology studies 

Given the advantages of Bayesian statistical approach, it has been increasingly common 

to use Bayesian framework in epidemiological and modeling studies. Le Strat and Carrat first 

proposed the hidden Markov Model that segments the time series of disease counts into an 

epidemic and non-epidemic phase (Le Strat, Carrat 1999), and further adapted in infectious 

disease surveillance for outbreak detection (Rath, Carreras & Sebastiani 2003, Madigan 2005). 

Another modeling approach is Markov switch model for prospective surveillance of weekly 

influenza incidence rates (Martinez-Beneito et al. 2008). Conesa and colleagues proposed a 

Bayesian hierarchical Poisson models with a hidden Markov structure for the detection of 

influenza epidemic outbreaks, which can be used in all kinds of surveillance data, the intensity 

parameter is a function of the incidence rate, and is considered as a normal distribution. 

Depending on the status of epidemic versus non-epidemic time, the mean and variance are 

modeled differently (Conesa et al. 2011). A Markov switching model was developed by Lu and 

colleagues to handle the effect that is caused by past outbreaks (Lu, Zeng & Chen 2010), and a 

dynamic linear model was developed by Cowling and colleagues to detect the onset of flu 

epidemic using a few weeks of data (Cowling et al. 2006). Other model includes multivariate 

Bayesian model for detecting both unknown outbreak and known infectious disease outbreak 

(Shen, Cooper 2012), and modeling the underlying spatial and temporal distribution of sporadic 

cases (Spencer et al. 2011). 

Bayesian hierarchical model can also be used to describe the complex severity pyramid 

of influenza disease. Presanis and colleagues have applied a Bayesian evidence synthesis method 

to build a model based on the high quality and comprehensive data which Health Protection 
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Agency (HPA) in the United Kingdom (UK) collected throughout the pH1N1 outbreak, 

including confirmed influenza cases, symptomatic influenza cases, hospitalized influenza cases, 

influenza related death and sero-incidence. By building a single model incorporating all these 

data series, Presanis and colleagues are able to estimate changes in severity between the first and 

second wave (Presanis et al. 2011). The same approach has also been used to estimate the 

severity of pH1N1 outbreak in the United States (Presanis et al. 2009). The same approach was 

applied in estimating probabilities for house-hold transmission and case ascertainment (House et 

al. 2012). 

5.1.2.4 Purposes for this study 

One of the main findings of the qualitative study in previous chapter is the “situational 

awareness” being an increasingly important objective for conducting influenza surveillance.  

“Situation awareness” is a widely used term in emergency responses such as fire department and 

military, and has been introduced into the public health realm as a critical concept for 

biosurveillance. Given that situational awareness is a novel concept in public health, there has 

been on-going discussion on the definition of situational awareness in the public health setting. 

According to Buehler, situation awareness is the “ability to monitor the course of outbreaks 

regardless of how they are detected, to tract and characterize” a public health emergency 

throughout the event (Buehler et al. 2008). However, CDC officials have defined three main 

components in situational awareness, including knowing what happened (detection of a 

biological emergency), comprehension of the meaning (characteristics and scope of an event), 

and short-term projection of the likely course (United States Government Accountability Office 

2010). For influenza surveillance in particular, in a recently published Institute of Medicine 
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report, CDC shared a list of decisions that they had to make during the pH1N1 outbreak, 

including: school closure criteria, recommendation for antiviral treatment, personal protective 

equipment, distribution of countermeasures from stockpile, travel warnings, guidance on priority 

groups for vaccination, initiation of vaccine production and so on (Deepali M. Patel et al. 2012). 

Though some of the key information can be acquired from influenza surveillance based on 

clinical data, decision such as when and how to close schools (Klaiman, Kraemer & Stoto 2011), 

which groups should receive priority for vaccination(Centers for Disease Control and Prevention  

2010a), and how to distribute vaccine efficiently (Yih et al. 2009) requires more information 

beyond the simple epidemiological facts.  

As discussed above, traditional epidemiological studies recognize the biases imbedded in 

the surveillance data as error, and focus more on filtering out the noise for the signal to get more 

accurate epidemiological facts. Based on the Health Belief model (Rosenstock 1966), individual 

health behavior is affected by the perceived susceptibility, perceived severity, perceived barrier 

and perceived benefit, which are influenced by the information one is exposed to. We define the 

collective information that individual person is exposed to through media, the Internet, social 

network and so on, as informational environment. In particular, in this study we are using two 

main sources as approximation for health-related informational environment, (1) information 

exposed, health related online articles that contribute to the informational environment one is 

exposed to; (2) information received, web queries for health related topics that are the received 

and processed by individuals. Since there is no behavior survey data to assess people’s 

perception available, we use these two informational environment data sources as approximation 

for people’s collective perception of the disease. By assessing how each surveillance system is 
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influenced by the informational environment, we have developed a framework to characterize 

surveillance systems and assess the biases imbedded in each system, with easily accessible data 

that does not require extra resources to collect.  

5.2 Data and methods 

5.2.1 Data sources 

Hong Kong is chosen for this research to be conducted for the following reasons. First, 

Hong Kong has a population of high density and mobility. The heterogeneity in the disease 

transmission dynamics and the informational environment is less likely to be attributable to the 

geographic variability. Therefore, the influenza surveillance systems are presumably monitoring 

a relatively homogenous population under the same informational and policy environment, 

which is an important presumption for this modeling approach. Also, in addition to the normal 

winter-spring peak, Hong Kong usually experiences a summer peak in July to August (Chan et 

al. 2009), which potentially doubles the data volume and constitutes a natural case-control 

experiment to assess the effect of school-age children in the whole influenza transmission 

dynamics. Third, Hong Kong is a region of seven million people with universal health care 

coverage and a highly centralized public health care system. The public-sector Hospital 

Authority directly oversees all public hospitals, which together manage over 95% of the in-

patient care in Hong Kong (Leung et al. 2005). A standardized and centralized electronic medical 

record and laboratory test reporting system makes it possible to monitor disease transmission in 

overall population in real-time. Moreover, because Hong Kong has seen a number of serious 

respiratory disease outbreaks such as SARS and H5N1 as well as pH1N1 influenza in the last 
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decade, there is high awareness and concern about infectious diseases among both the general 

public and the decision makers. Since 2004, the Hong Kong Centre for Health Protection (CHP) 

has been monitoring influenza activity using multiple surveillance systems summarized in a 

weekly surveillance dashboard.  These include syndromic systems drawing on sentinel 

physicians, general outpatient clinics, traditional Chinese medicine practitioners, daycare 

facilities and residential care homes for the elderly, as well as more traditional laboratory and 

influenza-related hospitalization surveillance systems. This collection of surveillance systems 

reflects extensive efforts that have been made to identify additional data streams and to develop 

statistical tools to monitor on-going influenza transmission.  The richness of the available data at 

CHP, together with the unique epidemiological characteristics in influenza transmission 

dynamics and centralized in-patient health care system, provide an excellent opportunity to study 

and assess the evaluation model. Finally, because both China and HK are the seeding area for 

seasonal influenza virus before it spreads to other regions in the world (Chan, Holmes & 

Rabadan 2010), the influenza activity and public awareness in HK during the non-pandemic 

period are more likely to be independent from external influence, therefore make it an ideal study 

object. 

5.2.1.1 Influenza surveillance data 

The influenza surveillance data is provided by the Center for Health Protection, Hospital 

authority at Hong Kong, as well as our collaborator from Hong Kong University School of 

Public Health. The description of the data sources are provided in Table 3.  

During the pH1N1 outbreak, eight designated flu clinics (DFC) was operated between 

mid-June to May 2010, while the general out-patient clinics (GOPC) data was interrupted. 
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Sentinel outpatient clinics, other public and private outpatient clinics, and hospitals routinely 

submit respiratory specimens from outpatients and inpatients to the Hong Kong Public Health 

Laboratory for surveillance and diagnostic purposes (Lau et al. 2008). 

Table 3 Data sources 

Y Data Description Type Period 
Age 

group 

Pandemic Period 

Y1 flu-HA 
Hospital admissions with principle 

diagnosis of influenza 
Count 1998 to 2011 All 

Y2 DFC 
Number of ILI related patient visit at 

Designated Flu Clinics (8 clinics) 
Count 

June 13th 2009 – 

May 23rd 2010 
All 

Y3 NID 

Number of confirmed influenza infection 

report from all registered medical 

practitioners in HK 

Count 
April 27th 2009 – 

October 8th 2010 
All 

Y4 GP 
Weekly ILI visit at sentinel physicians’ 

offices per 1,000 patient visits 
Percentage 1998 - present All 

Y5 RHE 
Percentage of residents with fever among 

all the elderly at the residential care homes 
Percentage 2007 to 2011 Eld 

Y6 
Lab 

(%positive) 

Percentage of confirmed influenza cases 

among all the tested samples 
Percentage 1997 to 2009 All 

Y7 P&I-HA 
Hospital admissions with principle 

diagnosis of pneumonia and influenza 
Count 1998 to 2011 All 

Y8 
P&I-HA 

(0-15yr) 

Hospital admissions with principal 

diagnosis of pneumonia and influenza for 

patient aged 0 to 15 years old. 

Count 1998 to 2011 Chd 

Y9 
P&I-HA 

(65+yr) 

Hospital admissions with principle 

diagnosis of pneumonia and influenza for 

patient aged over 65 years old. 

Count 1998 to 2011 Eld 

Y10 
Lab 

(#specimen) 

Number of specimen received for 

laboratory testing  
Count 1997 to 2009 All 

Y11 
Lab 

(#positive) 

Number of specimen tested positive for 

influenza virus 
Count 1997 to 2009 All 

Xc Incident rate Reliable estimate for incidence rate among Percentage June 15th 2009 – All 



 

114 
 

(5-14yr) children between 5 to 14 years old based 

on a sero-prevalence study 

November 22nd 

2009 

Xa 
Incident rate 

(all age) 

Reliable estimate for incidence rate for all 

age group based on a sero-prevalence 

study 

Percentage 

June 15th 2009 – 

November 22nd 

2009 

All 

Non-pandemic period 

Y1 flu-HA 
Hospital admissions with principle 

diagnosis of influenza 
Count 1998 to 2011 All 

Y2 P&I-HA 
Hospital admission rate with principle 

diagnosis of pneumonia and influenza 
Count 1998 to 2011 All 

Y3 GOPC 
Weekly ILI visits at sentinel general out-

patient clinics per 1,000 patient visits 
Percentage 1998 - 2011 All 

Y4 GP 
Weekly ILI visit at sentinel physicians’ 

offices per 1,000 patient visits 
Percentage 1998 - 2011 All 

Y5 RHE 
Percentage of residents with fever among 

all the elderly at the residential care homes 
Percentage 2007 to 2011 Eld 

Y6 
Lab 

(%positive) 

Percentage of confirmed influenza cases 

among all the tested samples 
Percentage 1997 to 2009 All 

Y7 CCC/KG 
Percentage of children at the sentinel child 

care centers and kindergartens with fever 
Percentage 2007 to 2011 Chd 

Y8 
P&I-HA 

(0-15yr) 

Hospital admissions with principle 

diagnosis of pneumonia and influenza for 

patient aged 0 to 15 years old. 

Count 1998 to 2011 Chd 

Y9 
P&I-HA 

(65+yr) 

Hospital admissions with principle 

diagnosis of pneumonia and influenza for 

patient aged over 65 years old. 

Count 1998 to 2011 Eld 

Y10 
Lab 

(#specimen) 

Number of specimen received for 

laboratory testing  
Count 1997 to 2009 All 

Y11 
Lab 

(#positive) 

Number of specimen tested positive for 

influenza virus 
Count 1997 to 2009 All 
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5.2.1.2 Informational environment data 

5.2.1.2.1 HealthMap news feed 

HealthMap is an online information aggregator website that draws articles from a variety 

of sources, using the automated algorithm to filter disease relevant information and manual 

curation. Its information sources include:  

Table 4 Alert sources for HealthMap 

Source Description 

ProMED Mail Program for Monitoring Emerging Diseases, a program of the International 

Society for Infectious Diseases. 

World Health 

Organization 
The United Nations specialized agency for health. 

OIE World Organization for Animal Health: The intergovernmental 

organization responsible for improving animal health worldwide. 

GeoSentinel Clinician-based sentinel surveillance of individual travelers from the 

International Society of Travel Medicine and CDC. 

FAO Food and Agriculture Organization of the United Nations: An 

intergovernmental organization for ensuring worldwide food quality and 

agricultural productivity 

EuroSurveillance Peer-reviewed European information on communicable disease surveillance 

and control. 

Google News A commercial news aggregation service provided by Google. 

Moreover A commercial news feed aggregation service provided by VeriSign. 

Wildlife Disease 

Information Node 
A news feed from the Global Wildlife Disease News Map provided by the 

NBII-Wildlife Disease Information Node at the US Geological Survey. 

Baidu News A Chinese language commercial news aggregation service provided by 

Baidu — the biggest search engine in China. 

SOSO Info A Chinese language commercial news aggregation service provided by the 

Chinese search engine Soso. 

  Source: (Freifeld, Brownstein 2013) 
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 HealthMap collects disease related information in multiple languages including Chinese. 

However, the curation of Chinese feeds is not as good as the English feeds due to the lack of 

language specialist. In early preparation of the study, I conducted a complete curation for the 

Chinese news feed in the HealthMap system, by applying search limits of “respiratory illness” in 

disease category, and “Hong Kong” in geographic location. The curation includes: (1) labeling 

the alert with “breaking”, “warning”, “context”, “old news”, “NDR (non-disease related”; (2) 

assessing if the specific alert is unique or duplicate; (3) examining the geographic location, 

disease category, place category and number of cases reported in the alert. After the curation, 

data is extracted using the following criteria. 

Table 5 Inclusion and exclusion criteria for HealthMap data 

Inclusion criteria  

Under “Advanced Search” 

Feed English: ProMed, WHO, OIE, FAO, EuroSurveillance, 

Google News, Moreover, Wildlife Disease Information 

Node 

Chinese: Baidu News, SOSO Info 

Time January-01-2000 to September-24-2012  

Place Hong Kong 

Under “Account-> Preferences->Preferred Feeds, Diseases & Locations”  

Disease category Respiratory 

Exclusion criteria 

Tag NDR 

5.2.1.2.2 Google search index 

 Google Flu Trends currently covers 29 countries and regions, but neither China nor Hong 

Kong is covered. In a personal communication with Google Flu Trends research staff, it said 
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Google Flu Trends is not engaging in research partnership (Carrie Corad, personal 

communication, July 19, 2012), and the algorithm for building the flu trends index is not 

accessible. 

Given the bilingual cultural environment in Hong Kong, an original search matrix 

covering the disease and behavior related indicators in both English and Chinese is developed as 

described in the following steps. The “seed” for key words are first identified based on literature 

review (Ginsberg et al. 2009). Each seed key word is then assessed for correlated search terms 

through Google Correlates service (Google 2013a, Mohebbi et al. 2011). Considering the 

historical background of Hong Kong, searches are conducted by limiting the country to both 

China and the United Kingdom. Additional key words are then identified through snowballing, 

until no more new key words shows in the correlation list. By using Google Insight for Search — 

now rebranded as Google Trends ― the search volume index is retrieved for each of the key 

word individually for Hong Kong (Google 2013b). The search volume index, also called 

“interest over time” on the new Google Trends website, is the search volume of the individual 

search term divided by its maximum search volume during the user specified period (Google 

Trends 2012) ― starting from 2004 to the latest available data. 

 Among 144 of original key words through brainstorming and Google Correlate, 44 in 

English and 100 in Traditional Chinese, among which 74 are not disease related. 18 key words 

have no search results from Google Trends due to the lack of search volume, among which 20 

are available on weekly basis and 33 are available on monthly basis. For key words that only 

have monthly data, weekly estimates are estimated using the monthly value assuming the level 

stays the same through the month. 
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Figure 11Selection flowcharts for Google search key words 

5.2.1.3 Data preparation 

5.2.1.3.1 Informational environment data input 

 All search index data are standardized. And for quality control purpose, the “related 

terms” shown on the Google Trends website for each search key word is also examined and 

documented. Some key words are significantly correlated with non-diseases related terms. For 

example, “N95” (or respirator) is used as a preventive measure from contracting respiratory 

diseases; the same letter combination is used for a cell phone model released during the study 

period. On the other hand, “common cold” in Chinese is correlated with the brand name of the 

most popular OTC flu medication “Calitan”, therefore included in the category of flu 

medications as well. In Table 6, all key words are listed under seven categories. 

 Among the 2166 records retrieved from HealthMap data base from the oldest available 

alert to November 22, 2009. Only 16 alerts are listed from 2000 to 2007. Considering the 

incompleteness of the HealthMap data before 2007, the first week of 2007 is then set as the 

starting point for the whole model.  
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Table 6 Categorization of the informational environment data 

Google Search Index  

Category Key words 

General term: seasonal flu flu, influenza, flu (liu gan, Chinese) 

General term: pandemic flu h1n1, swine flu, swine flu (zhu liu gan, Chinese) 

Non-flu disease term 

SARS, avian influenza, pneumococcus (fei yan qiu jun, Chinese), 

bird flu, bird flu (qin liu gan, in Chinese), common cold (gan mao, 

Chinese), common cold (shang feng, Chinese) 

Symptoms 

cough, fever, headache, body temperature, cough (ke sou, Chinese), 

sore throat, fever (fa shao, Chinese), headache (tou tong, Chinese), 

body temperature (ti wen, Chinese), nasal congestion (bi sai, Chinese) 

Medications tamiflu, cough relief (zhi ke, Chinese), calitan (gan mao, Chinese) 

Authority 

Hospital Authority, Hospital  Authority ( yi guan ju, Chinese), 

Ministry of Health, Ministry of Health (wei sheng shu, Chinese), 

Centre for Health Protection, Centre for Health Protection (wei sheng 

fang hu zhong xin, Chinese), pandemic, epidemic ( yi qing, Chinese),  

Prevention Disinfect ( xiao du, Chinese), face mask ( kou zhao, Chinese) 

Children related 
Pediatric ( er ke, Chinese), paediatric,  school closure (ting ke, 

Chinese) 

HealthMap  

General Number of total articles, number of unique articles 

Warning level specific 
Number of articles labeled as “breaking”, number of articles labeled 

as “warning”, number of articles labeled as “context” 

Location specific 

Number of articles with location category of nurseries, preschools, 

elementary schools and secondary schools, number of articles with 

location category of healthcare facilities 

Case specific 
Number of articles with any of the suspicious, confirmed, death case 

reported. 
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5.2.1.3.2 Surveillance systems data 

Percentage data, including the estimated incidence rate, are converted to per 1,000 scales. 

During non-pandemic period, the missing data points in CCC/KG are estimated by using the 

average of the week before and after, or the weighted average if there are two data points 

missing.  

 Majority of the data series have slightly different start and end dates for a week with one 

or two days of mismatch. The starting date of January 1st 2007, used by laboratory surveillance 

data, is then applied to all data streams for convenience, including the informational environment 

data input. Each year is segmented into flu season and non-flu seasons. However, since some 

researchers believe the flu activity in tropical areas like Hong Kong is all year round (Chan, 

Holmes & Rabadan 2010). To comply with general terminology of flu surveillance, we still use flu 

season and non-flu season, but defined as the mostly likely time period when flu activity peaks 

every year, based on literature review and official definition (Chan et al. 2009). January to March 

and June to August are then defined as flu season, while the periods in between are referred as 

non-flu season. The exception is the summer of 2007 when the flu activity in multiple data 

streams started peaking before July, so the flu season is readjusted to begin at week 25 instead of 

week 27 of 2007. 

 Non-pandemic period in this model is defined as the first 120 weeks starting from the 

first week of 2007, given the fact that CDC first announced the novel H1N1 virus alert on April 

21st, during the 121st week. The pandemic period starts at the 129th week and ends at the 151st 

week, when the incidence rate data is available.  
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Figure 12 Overview of the influenza surveillance systems (2007 – 2009) 

The general principle for choosing distribution is based on the nature of the data — 

normal distribution is considered as default model choice for percentage data, while Poisson 

distribution is chosen for count data. Data symmetry is also examined from the histograms. For 

non-pandemic period, the histogram of all data streams, especially the count data, show 

improvement after log transformation, which is not observed from the pandemic period except 

for the percentage data. Therefore Log-normal distribution is chosen for the NP model, while 

Poisson and Log-normal mixed model is chosen for pandemic period. 

For count data, negative binomial distribution is also considered. However, when fitting 

the response variable to negative binomial regression model, the dispersion parameter α is not 
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significantly greater than zero ― none of the 95% CI is over 1. Due to the lack of evidence for 

over-dispersion, Poisson distribution is chosen for P model. 

Table 7 Choice of distribution for each surveillance data stream 

Period Data format 
Symmetry before log 

transformation 

Symmetry after log 

transformation 

 

Choice of 

Distribution 

Non-pandemic Count data Low Improved Log-normal 

Non-pandemic Percentage data Median Improved Log-normal 

Pandemic Count data Low Not improved Poisson 

Pandemic Percentage data Low Improved Log-normal 

5.2.2 Model structure 

5.2.2.1 Non-pandemic (NP) model 

 In order to assess the statistical relationship between surveillance data and the 

informational environment, a linear regression model is fitted as follows: 

Data model:  𝐿𝑜𝑔(𝑌!,!)~  𝑁(𝜇!,! ,𝜎!!)       5.4 

Process model: 𝜇!,! = 𝜌!,!,!,! + 𝜌!,!,!,! ∙ 𝑘!,!
!" + 𝜌!,!,!,! ∙ 𝑘!,!

!" + 𝜌!,!,!,! ∙ 𝑘!,!
!" + 𝜀! 5.5 

𝜀!~𝑁(0,𝜎!!)        5.6 

Parameter model 𝜌!,!,!,!~  𝑁(𝜇,𝜎!)       5.7 

   𝜎!!~  𝐺𝑎𝑚𝑚𝑎(𝛼,𝛽)       5.8 

where 𝑌!,! refers to the jth surveillance system at time , s refers to either flu season or non-flu 

season, np stands for non-pandemic period. 𝑘!,!
!"(i=1,2,3) is the informational environment 
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indices during non-pandemic period as described in Table 6, 𝜀! is an additive error term, 𝜎!! is 

the variance for the error term, while 𝜌!,!,!,!is the coefficient for each index.  

5.2.2.2 Pandemic (P) Model 

 For pandemic period, given the availability of reliable estimates for incidence rate, a 

different model is constructed to assess the statistical relationship between the surveillance data 

and informational environment data input. The structure of the model is based on the hypothesis 

that, the number reported by each surveillance system is a combination of both biases and the 

true infection. The informational environment input can influence the level of true infection 

being captured through multiplier  𝜃!,!, and the level of biases imbedded of the surveillance 

systems  𝜑!,! for surveillance system j at time t.  

 Therefore for the NP model and percentage data from P model after Log transformation: 

For percentage data in P model: 

Data model:  𝐿𝑜𝑔(𝑌!,!)~𝑁(𝜇!,! ,𝜎!!)       5.9 

Process model: 𝜇!,! = 𝜃!,! ∙ 𝑋! + 𝜑!,!       5.10 

𝜇!,! = 𝛽!,!,! + 𝛽!,!,! ∙ 𝑘!,!
! +⋯+ 𝛽!,!,! ∙ 𝑘!!!,!

! ∙ 𝑋! + 𝛼!,!,! + 𝛼!,!,! ∙ 𝑘!,!
! +⋯+ 𝛼!,!,! ∙ 𝑘!!!,!

! + 𝜀𝑡 

            5.11 

   𝜀!~𝑁(0,𝜎!!)        5.12 

For count data in P model: 

Data model:  𝑌!,!~  𝑃𝑜𝑖𝑠(𝜆!,!)       5.13 

Process model: 𝐿𝑜𝑔(𝜆!,!) = 𝜃!,! ∙ 𝑋! + 𝜑!,!      5.14 

𝐿𝑜𝑔  (𝜆!,!) = 𝛽!,!,! + 𝛽!,!,! ∙ 𝑘!,!
! +⋯+ 𝛽!,!,! ∙ 𝑘!!!,!

! ∙ 𝑋! + 𝛼!,!,! + 𝛼!,!,! ∙ 𝑘!,!
! +⋯+ 𝛼!,!,! ∙ 𝑘!!!,!

!  5.15 
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 In this model,  𝑋! is the estimated influenza incidence rate in the whole population;   𝑌!,! 

refers to surveillance system j at time t. 𝜃!,! describes the “completeness” — the proportion of 

true infections that surveillance system j captures at time t, which is further fitted into a linear 

regression model with predictive variables of the informational environment index. 𝜑!,!, on the 

other hand, describes the “excess”― the variability in surveillance data that cannot be fully 

explained by incidence rate — also fitted into a linear regression model with another set of 

predictors. 𝛽!,!,! and 𝛼!,!,! are the coefficients for a set of informational environment 𝑘!,!
!  

(l=1,…,m-1,m,…n-1) during the pandemic period.    

5.2.2.3 Autocorrelation (Correlated Errors) 

 As discussed above, since the majority of the influenza surveillance systems are 

monitoring largely overlapped population with similar underlying epidemiological dynamics, the 

inter-relationship should also be accounted for in the model. One approach is to use the 

conditional auto-regression (CAR) model (Arab, Hooten & Wikle 2008). CAR derives from 

continuous Markov random fields method, and has been widely used to study the spatial effect in 

areal data, especially in ecological and disease mapping studies (Banerjee, Carlin & Gelfand 

2004, Cressie 1992, MacNab, Dean 2000). CAR models start with defining a conditional 

probability density function, also called “adjacency matrix” or “neighborhood matrix” for each 

geographic location under a series of assumptions, such as the geographic proximity, if two 

geographic areas share a boundary or not, and so on (Earnest et al. 2007). CAR models are 

developed to study the autocorrelation in geographic local context, based on the assumption the 

observation in one unit is influenced by the units surrounded. In order to implement CAR models 
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in our study, we would like to extend the definition of “geographic proximity” to “demographic 

similarity” and thus, we define a “similarity matrix” for the data streams (See Table 8) where a 

value of “1” denotes the error component to be similar and a value of “0” denotes dissimilar 

error structure. It is worth noting that not all of the general outpatient clinics are located close to 

a hospital with an in-patient department. Also, patients can be admitted to hospitals via referral 

from physicians at general outpatient clinics, at the Emergency Department, and from private 

physicians. However, from the Hong Kong Thematic Survey and other research studies we have 

observed the relative consistency in demographic profiles of people who utilize public healthcare 

resources, including public hospitals and general outpatient clinics, versus those who utilize 

private healthcare resources, including private physicians and private hospitals due to factors 

such as health care insurance coverage and benefits, out-of-pocket cost, average waiting time for 

making a reservation, availability of “walk-in” consultations and so on (Wong et al. 2010, Social 

Surveys Section Census and Statistics Department 2009, Iliffe et al. 2010, Yam et al. 2009). 

Therefore we assume the similarity of the errors of general outpatient clinics and hospital will be 

higher than paring with private physicians respectively. Therefore we can use the similarity 

matrix (Table 8), assuming the distribution for the structural error for flu-HA (ε!) is more similar 

to P&I-HA (ε!) and GOPC (ε!), and is not directly related to GP (ε!). ε! is then added to the 

original function:  

𝜇!,!  𝑂𝑅  𝐿𝑜𝑔(𝜆!,!) = 𝜃𝑗,𝑡 ∙ 𝑋𝑡 + 𝜑𝑗,𝑡+ε!    5.16 
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Table 8 Similarity matrix for structural errors for flu-HA, P&I-HA, GOPC and GP 

 𝜀! 𝜀! 𝜀! 𝜀! 

𝜀! 1 1 1 0 

𝜀! 1 1 1 0 

𝜀! 1 1 1 0 

𝜀! 0 0 0 1 

5.2.3 Simulation and model fitting 

5.2.3.1 Simulation 

 Simulation was conducted based on the pandemic model using the United States flu 

surveillance and informational environment data. The CDC ILINet outpatient visit data is used as 

the simulated incidence rate 𝑋!, Google search index for key words: “flu”, “influenza”, “swine 

flu” and “h1n1”, and the number of HealthMap articles in English, under the category: “Swine 

flu H1N1” for the United States are used as parameters in perception bias 𝜑!,!. Single data 

stream in normal distribution is used for the simulation. The majority of picked values for the 

coefficients are recovered other than two of the intercepts are slightly outside the 95% CI of the 

posteriors. 

5.2.3.2 Predictors selection 

 During the predictor selection, Deviance Information Criterion (DIC) and the effective 

number of parameters (pD) are used as the main relative model fitness measures. Different from 

DIC, Akaike's Information Criterion (AIC) and Bayesian information criterion (BIC) are not 

appropriate for hierarchical model, especially when the number of parameters is difficult to be 
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specified, given the complex hierarchical structure. DIC, on the other hand, is a generalization of 

AIC for Bayesian hierarchical structure and use an estimate of number of “effective parameters”. 

For P model, three steps are taken to select the final predictive variables 𝑘!,!
!  from all the 

data input listed in Table 6. First, 𝜃!,! is held constant, DIC and pD value are compared between 

the two models with either Google search data or HealthMap data in 𝜑!,!. And the same 

procedure is repeated when 𝜑!,! is assigned a constant value. After step one, it shows Google 

search index is more suitable to be placed in 𝜃!,!while the HealthMap data is better to be placed 

in 𝜑!,!.  

To further simplify the model, predictors are further assessed and selected for the final 

version of the model. Multi-collinearity is assessed to avoid combinations that have high 

collinearity among the predictors. Then starting with two predictors in both 𝜃!,! and 𝜑!,!, the 

combinations with the  lowest DIC and pD are kept for the next round when more predictors 

added. Some practical knowledge is also used to inform the model selection. For instance, the 

search index for pandemic flu and authorities are placed in 𝜑!,!, which is likely to be associated 

with the public awareness of the influenza epidemic. Also, in order to estimate the influence of 

the co-circulating RSV, percentage of RSV tested positive from the laboratory surveillance is 

also added as one of the predictive variables. From 38 model candidates, the following one is 

selected with the lowest DIC and pD value. The predictors are listed in Table 9. 

𝜇!,!   = 𝛽!,!,! + 𝛽!,!,! ∙ 𝑘!,!
! + 𝛽!,!,! ∙ 𝑘!,!

! +𝛽!,!,! ∙ 𝑘!,!
! + 𝛽!,!,! ∙ 𝑘!,!

! ∙ 𝑋! + 𝛼!,!,! + 𝛼!,!,! ∙ 𝑘!,!
! + 𝛼!,!,! ∙

𝑘!,!
! +𝛼!,!,! ∙ 𝑘!,!

! + 𝛼!,!,! ∙ 𝑘!,!
! + 𝛼!,!,! ∙ 𝑘!,!

! + 𝛼!,!,! ∙ 𝑘!",!
! + 𝜀𝑡     5.17 
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𝐿𝑜𝑔   𝜆!,! = 𝛽!,!,! + 𝛽!,!,! ∙ 𝑘!,!
! + 𝛽!,!,! ∙ 𝑘!,!

! +𝛽!,!,! ∙ 𝑘!,!
! + 𝛽!,!,! ∙ 𝑘!,!

! ∙ 𝑋! + 𝛼!,!,! + 𝛼!,!,! ∙ 𝑘!,!
! +

𝛼!,!,! ∙ 𝑘!,!
! +𝛼!,!,! ∙ 𝑘!,!

! + 𝛼!,!,! ∙ 𝑘!,!
! + 𝛼!,!,! ∙ 𝑘!,!

! + 𝛼!,!,! ∙ 𝑘!",!
!      5.18 

For the NP model, due to the lack of reliable estimate of incidence rate, a different model 

structure is used. All predictors from the P model are categorized into three groups: non-flu 

index 𝑘!,!
!" , illness index 𝑘!,!

!" and public awareness index 𝑘!,!
!".  

Table 9 List of informational environment indices used in the NP and P model 

Parameter Coefficient Acronym  Feed 

𝒌𝟏,𝒕
𝒏𝒑 𝜌!,!,!,! Non-flu Index avian influenza, bird flu, common cold, SARS, 

pneumococcus,% RSV 

𝒌𝟐,𝒕
𝒏𝒑 𝜌!,!,!,! Illness Index body temp, % RSV, cough, fever, nasal congestion, 

cough relief remedies, headache, common cold, 

pediatric, paediatric 

𝒌𝟑,𝒕
𝒏𝒑 𝜌!,!,!,! Public-

awareness Index 

CHP, Hospital Authority, Ministry of Health, 

disinfect, flu, influenza, pandemic, epidemic, school 

closure, total number of HealthMap alert, number of 

healthcare facilities related alert, number of school 

related alert, number of “breaking” alert 

𝒌𝟏,𝒕
𝒑  𝛽!,!,! Sea.flu  Google search index for seasonal flu terms 

𝒌𝟐,𝒕
𝒑  𝛽!,!,! Symp  Google search index for symptoms 

𝒌𝟑,𝒕
𝒑  𝛽!,!,! Med  Google search index for medications 

𝒌𝟒,𝒕
𝒑  𝛽!,!,! Non-flu  Google search index for non-flu terms 

𝒌𝟓,𝒕
𝒑  𝛼!,!,! Total  HealthMap total number of alert 

𝒌𝟔,𝒕
𝒑  𝛼!,!,! Unique  HealthMap number of unique alert 

𝒌𝟕,𝒕
𝒑  𝛼!,!,! HCF  HealthMap number of healthcare facilities related 

alert 

𝒌𝟖,𝒕
𝒑  𝛼!,!,! %RSV Lab surveillance % RSV tested positive 

𝒌𝟗,𝒕
𝒑  𝛼!,!,! Authority Google search index for authority 
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𝒌𝟏𝟎,𝒕
𝒑  𝛼!,!,! Pan.flu Google search index for pandemic flu terms 

 

After the optimization of the predictors, CAR model does not improve the model 

performance, and leads to slow convergence. Therefore CAR is dropped from the final model. 

5.2.3.3 Time lag effect 

 For pandemic period, 𝑘!,!
!  is grouped under 𝜃!,! and 𝜑!,!, and the time lag is applied to the 

individual group as described in Table 10. +1wk refers to for 𝑘!,!
!  at time t, the response variable 

is 𝑌!,!!! at time t+1. 

 DIC and pD values are compared and the top performing time lag model is selected for 

each surveillance system. The optimized P model, therefore, aggregates the top performing time 

lag models for each surveillance data series, which collectively shows the lowest DIC among all. 

Table 10 Description for the time lag P model 

 𝜃!,! 𝜑!,! 
T0 +0wk +0wk 
T1 +0wk -1wk 
T2 +0wk +1wk 
T3 -1wk -1wk 
T4 -1wk +0wk 
T5 -1wk +1wk 
T6 +1wk -1wk 
T7 +1wk +0wk 
T8 +1wk +1wk 

 In the NP model, for each informational environment index 𝑘!,!
!" five sets of time-lag 

combination (-2wk, -1wk, 0wk, +1wk, +2wk) are included for comparison. Stepwise regression 

is conducted to provide guidance on selecting the top performing time lag models for further 

investigation. The combinations are then narrowed down to four as described in Table 11. DIC 
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and pD are further assessed for T1, T2, T3 and T4, when compared to T0 ― the original NP 

model without any time lag component. 

Table 11 Description for the time lag the NP model 

 T1 T2 T3 T4 
 𝑘!

!" 𝑘!
!" 𝑘!

!" 𝑘!
!" 𝑘!

!" 𝑘!
!" 𝑘!

!" 𝑘!
!" 𝑘!

!" 𝑘!
!" 𝑘!

!" 𝑘!
!" 

𝑌!,! +2wk -1wk 0wk +2wk -1wk -2wk +2wk +2wk 0wk +2wk +2wk -2wk 
𝑌!,! +2wk 0wk -1wk +2wk 0wk -2wk +2wk +2wk -1wk +2wk +2wk -2wk 
𝑌!,! -1wk -1wk -2wk +2wk -1wk -2wk -1wk +2wk -2wk +2wk +2wk -2wk 
𝑌!,! -2wk -1wk -1wk -2wk -1wk +2wk +2wk -1wk -1wk +2wk -1wk +2wk 
𝑌!,! -2wk 0wk +2wk +2wk 0wk +2wk -2wk +2wk +2wk +2wk +2wk +2wk 
𝑌!,! -2wk +2wk -1wk -2wk -2wk -1wk -2wk +2wk +2wk -2wk -2wk +2wk 
𝑌!,! +2wk -2wk +1wk +2wk -2wk +2wk +2wk +1wk +1wk +2wk +1wk +2wk 
𝑌!,! +2wk -1wk 0wk +2wk -1wk -1wk +2wk +1wk 0wk +2wk +1wk -1wk 
𝑌!,! -2wk 0wk -1wk -2wk 0wk +2wk +2wk 0wk -1wk +2wk 0wk +2wk 
Y10 -1wk +1wk -1wk -1wk +1wk +2wk +2wk +1wk -1wk +2wk +1wk +2wk 
Y11 +2wk -2wk -2wk +2wk -2wk +2wk +2wk +1wk -2wk +2wk +1wk +2wk 

5.2.3.4 Seasonal effect 

 In order to study the difference between the summer peak and winter/spring peak, the NP 

model is further segmented into winter/spring and summer/fall in addition to the flu season and 

non-flu season. Winter/spring is defined as December to May, while summer/fall is defined as 

June to November. 

5.2.3.5 Sensitivity analysis and model fitness 

 To examine the sensitivity of the model to the choice of prior, models are run with three 

sets of hyperparameters, as listed in Table 12. To explore the possibility of using informed 

priors, in selected data streams in the NP model, the mean of the posterior distribution is used as 

the mean for the prior, while variance of 1 is used to give the model more flexibility. 
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Table 12 Priors for the model coefficients 

Coefficient Prior I Prior II Prior III Informed Prior 

𝛽!,!,! dnorm(0,.01) dnorm(0,.0001) dnorm(0,1)  

𝛼!,!,! dnorm(0,.01) dnorm(0,.0001) dnorm(0,1)  

𝜌!,!,!,! dnorm(0,.01) dnorm(0,.0001) dnorm(0,1) dnorm(𝑀𝑒𝑎𝑛!"#$%&'"&, 1) 

𝜎!! dgamma(.01,.01) dgamma(.0001,.0001) dgamma(1,1)  

 In non-pandemic period, the posterior from 2007 data is used as prior for 2008 data, as 

an attempt to explore the possibility of using informed prior in the model. 

 The root-mean-square error (RMSE) and normalized RMSE (NRMSE) are calculated as 

absolute measure for model fitness. 

𝑆𝑆𝐸 = 𝑌! − 𝑌!
!
     5.19 

𝑅𝑀𝑆𝐸 = !!"
!!!

     5.20 

𝑁𝑅𝑀𝑆𝐸 = !"#$
!"#(!!)!!"#(!!)

    5.21 

where Y is the observed variables, 𝑌 is the fitted value, the residual degrees of freedom is 

defined as the number of observations for the response variables n minus the number of fitted 

coefficients m estimated from the response variables. RMSE for each response variable is 

divided by the range of observed values of the response variables. 
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5.2.4 Model implementation 

 Stata and R (the Comprehensive R Archive Network) are used for basic data analysis and 

diagnostics. Both NP and P model are developed and implemented in OpenBUGS (Lunn et al. 

2009), an open-source software package for performing Bayesian inference using Gibbs 

sampling.  

 In OpenBUGS, precision tau.e (one over variance) is used in the distribution; the 

posterior results are also the estimation for the precision. When using randomly generated initial 

values, the software often times show error messages when the random values for the parameters 

are too large. Initial values that are close to zero are then used for all the hyperparameters ― 

such as 0.01 for all parameters. With three initial values for each parameter, 500,000 iterations 

are conducted. The posteriors are calculated after the first 5,000 iterations are discarded.  

For both NP and P model, the three chains converge quickly ― usually stabilize after 500 

iterations. 500,000 iterations with three initial chains take about 3,000 seconds for the NP model 

and 15,000 for the P model. For NP and basic P model, no thinning is applied ― the 

autocorrelation is negligible. For optimized P model, the autocorrelation is close to zero with 25-

iteration lag after thinning of 5.  
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5.3 Results  

5.3.1 Non-pandemic period model 

5.3.1.1 Sensitivity analysis and model fitness 

 For three sets of prior ― prior I, prior II, prior III ― as listed in Table 12, the posteriors 

are highly overlapped and no significant difference among the posteriors are observed. RMSE, 

NRMSE and standard deviation of each surveillance data series are presented in Table 13. 

 

Table 13 RMSE and NRMSE comparison for NP model 

Y Surveillance System RMSE NRMSE ST DEV RMSE/ST DEV 
Y1 flu-HA 0.3441 0.1429 0.5105 0.9479 
Y2 P&I-HA 0.0596 0.1497 0.0747 0.9290 
Y3 GOPC 0.1170 0.1524 0.1422 0.6740 
Y4 GP 0.0801 0.1819 0.0929 0.7633 
Y5 RHE 0.0863 0.2099 0.0894 0.7980 
Y6 Lab(%positive) 0.3373 0.1566 0.4769 0.8229 
Y7 CCC/KG 0.1418 0.1131 0.1527 0.7072 
Y8 P&I-HA(0-15yr) 0.1287 0.1443 0.1686 0.8282 
Y9 P&I-HA(65+yr) 0.0559 0.1570 0.0675 0.7129 
Y10 Lab(#specimen) 0.1230 0.0907 0.1298 0.8629 
Y11 Lab(#positive) 0.3740 0.1689 0.5247 0.9657 

5.3.1.2 Overview of non-pandemic period (NP) model  

 All surveillance data series ― except the P&I HA (65+yr) and RHE ― seem to have 

significant coefficient for public awareness index during the flu season (Figure 13A). For 

sentinel surveillance systems Y3 (GOPC) and Y4 (GP), and children-specific surveillance 

systems Y7 (CCC/KG) and P&I-HA (0-15yr), the difference between flu season and non-flu 

season are significant. Only the P&I-HA (0-15yr) has significant coefficient for illness index 

among all other surveillance systems (Table 14).  Non-flu index coefficient is significant for flu-
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HA, lab(#specimen), lab(%positive) and GP, during the non-flu season. As for the flu season, the 

coefficient for non-flu index is insignificant for all surveillance systems (Figure 13B).   

 

 

Figure 13 Posterior distributions for the public awareness index and non-flu index coefficient in the 
NP model 

Note: Y1:flu-HA; Y2: P&I-HA;Y3:GOPC; Y4:GP; Y5:RHE; Y6:Lab(%positive); Y7:CCC/KG; 
Y8:P&I-HA(0-15yr); Y9:P&I-HA(65+yr); Y10:Lab(#specimen); Y11:(#positive); rho4:coeffcieint 
for public awareness index in the NP model; rho2:coeffcieint for non-flu index in the NP model. 

Table 14 Posterior distributions for the NP model 

  Flu Season Non-flu Season 

Coefficient Y Mean 95% CI Mean 95% CI 

rho2 flu-HA -0.058 (-0.185, 0.070) -0.219 (-0.355, -0.083) 

rho3 flu-HA -0.120 (-0.272, 0.031) -0.003 (-0.249, 0.244) 

rho4 flu-HA 0.447 (0.221, 0.673) 0.219 (0.030, 0.407) 

rho2 P&I-HA -0.012 (-0.034, 0.011) -0.003 -0.027 0.021 

rho3 P&I-HA 0.008 (-0.019, 0.035) -0.006 (-0.050, 0.037) 

rho4 P&I-HA 0.071 (0.031, 0.111) 0.032 (-0.001, 0.066) 

rho2 GOPC 0.005 (-0.038, 0.049) -0.036 (-0.083, 0.010) 
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rho3 GOPC -0.017 (-0.068, 0.035) 0.029 (-0.054, 0.114) 

rho4 GOPC 0.119 (0.041, 0.196) -0.056 (-0.121, 0.008) 

rho2 GP -0.029 (-0.059, 0.001) -0.046 (-0.078, -0.014) 

rho3 GP -0.014 (-0.050, 0.022) 0.003 (-0.054, 0.061) 

rho4 GP 0.077 (0.024, 0.130) -0.034 (-0.078, 0.011) 

rho2 RHE -0.026 (-0.058, 0.006) 0.025 (-0.009, 0.060) 

rho3 RHE 0.025 (-0.013, 0.064) -0.003 (-0.065, 0.059) 

rho4 RHE 0.055 (-0.002, 0.112) -0.008 (-0.055, 0.040) 

rho2 Lab(%positive) 0.001 (-0.124, 0.126) -0.236 (-0.370, -0.103) 

rho3 Lab(%positive) -0.094 (-0.243, 0.054) -0.037 (-0.278, 0.203) 

rho4 Lab(%positive) 0.304 (0.082, 0.526) 0.196 (0.011, 0.381) 

rho2 CCC -0.007 (-0.059, 0.046) 0.004 (-0.052, 0.060) 

rho3 CCC -0.016 (-0.078, 0.047) -0.084 (-0.186, 0.018) 

rho4 CCC 0.142 (0.048, 0.235) -0.056 (-0.134, 0.022) 

rho2 P&I-HA(0-15YR) -0.039 (-0.087, 0.009) -0.044 (-0.095, 0.007) 

rho3 P&I-HA(0-15YR) -0.064 (-0.120, -0.007) -0.004 (-0.096, 0.089) 

rho4 P&I-HA(0-15YR) 0.317 (0.232, 0.402) 0.075 (0.004, 0.146) 

rho2 P&I-HA(65+YR) -0.009 (-0.030, 0.012) 0.006 (-0.017, 0.029) 

rho3 P&I-HA(65+YR) 0.022 (-0.003, 0.048) -0.011 (-0.052, 0.031) 

rho4 P&I-HA(65+YR) 0.029 (-0.009, 0.067) 0.025 (-0.006, 0.057) 

rho2 Lab(#specimen) -0.020 (-0.066, 0.026) 0.011 (-0.037, 0.060) 

rho3 Lab(#specimen) -0.012 (-0.067, 0.042) -0.020 (-0.109, 0.068) 

rho4 Lab(#specimen) 0.131 (0.050, 0.213) 0.024 (-0.044, 0.092) 

rho2 Lab(#positive) -0.019 (-0.157, 0.120) -0.225 (-0.373, -0.077) 

rho3 Lab(#positive) -0.107 (-0.271, 0.058) -0.058 (-0.325, 0.210) 

rho4 Lab(#positive) 0.435 (0.189, 0.681) 0.220 (0.016, 0.425) 

tau.e flu-HA 8.145 (6.154, 10.41)    

tau.e P&I-HA 258.900 (195.5, 331.0)    

tau.e GOPC 69.690 (52.62, 89.08)    

tau.e GP 146.400 (110.6, 187.1)    

tau.e RHE 126.800 (95.76, 162)    
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tau.e Lab(%positive) 8.476 (6.402,10.84)    

tau.e CCC 47.610 (35.97, 60.84)    

tau.e P&I-HA(0-15YR) 57.730 (43.6, 73.79)    

tau.e P&I-HA(65+YR) 292.700 (221.1, 374.4)    

tau.e Lab(#specimen) 63.100 (47.66, 80.69)    

tau.e Lab(#positive) 6.894 (5.207, 8.811)    

 

5.3.1.3 Time lag effect 

 Four time lag models and the original NP model without any time lag (T0) are compared 

side by side. Four out of the eleven data streams show lower DIC and pD values in the time lag 

models, among which, only the laboratory surveillance (% positive) shows a relative ratio of 

over 10% (Table 15). The difference among T1, T3, T4 and T2 is less than 3%, which suggests 

there is no substantial difference in model performance among the four time lag combinations.  

Table 15 Model performance comparison among different time lag models for lab(%positive) 

Time Lag 

Model 
Dbar Dhat DIC pD 

Relative 

Ratio 

T1 58.17 49.1 67.24 9.074 0 

T3 58.61 49.53 67.69 9.079 0.0067 

T4 59.53 50.45 68.61 9.078 0.0204 

T2 60.06 50.98 69.14 9.076 0.0283 

T0 85.01 75.92 94.09 9.081 0.3993 

 When comparing the posterior distributions for T1 to T4, no substantial difference is 

observed from non-flu season. During the flu season, the coefficients for illness index become 

significant in T2, T3 and T4, though they still overlap with one another. Moreover, the difference 
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between flu season and non-flu season, coefficient for non-flu index becomes significant in all 

time lag models as compared to T0.  

 

 

Figure 14 Posterior distributions for lab(%positive) with different time lag models in the NP model 

Note: Y1:flu-HA; Y2: P&I-HA;Y3:GOPC; Y4:GP; Y5:RHE; Y6:Lab(%positive); Y7:CCC/KG; 
Y8:P&I-HA(0-15yr); Y9:P&I-HA(65+yr); Y10:Lab(#specimen);Y11:(#positive); rho2 is the 
coefficient for non-flu index, rho3 is the coefficient for illness index, and rho4 is the coefficient for 
public awareness index. 

5.3.1.4 Year comparison and informed prior 

 The non-pandemic period data set is divided into 2007 and 2008, and is fed into the 

model separately. Three sets of posteriors ― 2007 (week 1-52), 2008 (week 53-104), total (week 

1-104) ― for public awareness index and non-flu index coefficients are compared side by side. 

For public awareness index coefficient, the heterogeneity between 2007 and 2008 is less obvious 

during the flu season as compared to non-flu season (Figure 15A). During the non-flu season, 
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three surveillance systems ― flu-HA, lab(%positive), lab(#positive) ― show very similar 

pattern of having significant coefficient with much wider 95% CI for 2007, which overlap with 

neither the 2008 posterior nor the posteriors based on two years of data. For non-flu index 

(Figure 15B), during the flu season, P&I-HA, P&I-HA(0-15yr) and lab(#specimen) have 

significantly different coefficients; during the non-flu season, flu-HA, lab(%positive) and 

lab(#positive) have statistically different posteriors in 2007 and 2008 . 

 Based on the year comparison results, surveillance systems RHE, CCC and GOPC are 

selected for further experiment using the posteriors from 2007 as the informed priors for 2008 

model. The posteriors of the three data streams all have precision ranging from 10 to 10!. To be 

less restrictive, precision of 1 is chosen for all parameters instead. When comparing the 

posteriors using informed versus non-informed priors, not much difference is observable 

(Appendix V Figure 21).  
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Figure 15 Comparison of the posteriors for the public awareness index and non-flu index coefficient 
of 2007, 2008 and total non-pandemic period 

A) Public awareness index coefficient (rho4) for non-flu (upper) and peak(lower) season; B) Non-flu 
index coefficient(rho2) for non-flu (upper) and peak(lower) season. Note: Y1:flu-HA; Y2: P&I-
HA;Y3:GOPC; Y4:GP; Y5:RHE;Y6:Lab(%positive);Y7:CCC/KG; Y8:P&I-HA(0-15yr);Y9:P&I-
HA(65+yr); Y10:Lab(#specimen);Y11:(#positive). 

5.3.1.5 Seasonal effect 

 Due to the lack of informational environment data in 2007, the seasonal effect is only 

assessed based on the 2008 data. The difference between the two non-flu seasons is not 

observable for most data series (Appendix V Figure 22), the peak seasons, however, do show 

difference in terms of the CIs as well as the values. The winter/spring flu season has much tighter 

CIs for almost all the data series. Two data streams ― CCC/KG and P&I-HA(0-15yr) ― show 

significant changes from winter/spring to summer peak.   

 

Figure 16 Comparison of the posteriors for informational environment indices of winter/spring 
peak and summer peak in 2008 

Note: Y1:flu-HA; Y2: P&I-HA; Y5:RHE; Y7:CCC/KG; Y8:P&I-HA(0-15yr);Y9:P&I-HA(65+yr). 
rho2 is the coefficient for non-flu index, rho3 is the coefficient for illness index, and rho4 is the 
coefficient for public awareness index. 
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5.3.2 Pandemic period model 

 Based on the result from the time lag effect study, there are two models selected― basic 

Pandemic (P) model without any time lag, and the optimized P model with the different time lag 

for each surveillance system. The main results presented below are based on the optimized P 

model, while the basic P model results are attached in Appendix V (Table 20).  

5.3.2.1 Sensitivity analysis and model fitness 

 The basic P model does not show much sensitivity to the choice of hyperparameters, 

given the three sets of priors used as described in Table 11. The posterior distributions are 

mostly overlapped for all parameters. RMSE, NRMSE and standard deviation of each 

surveillance data series are presented in Table 16. 

Table 16 RMSE and NRMSE comparison for the optimized P model 

Y Surveillance System RMSE NRMSE ST DEV RMSE/ST DEV	  

Y1 flu-HA 71.8824 0.1246 187.8162 0.2320 
Y2 DFC 707.4905 0.0887 2133.7182 0.2314 
Y3 NID 316.9897 0.0718 1366.0783 0.3316 
Y4 GP 0.0353 0.0741 0.1524 0.3511 
Y5 RHE 0.0296 0.1214 0.0606 0.4881 
Y6 Lab(%positive) 0.1341 0.1281 0.2830 0.3827 
Y7 P&I-HA 99.0783 0.1288 213.5070 0.4737 
Y8 P&I-HA(0-15yr) 41.8062 0.0968 119.0646 0.4641 
Y9 P&I-HA(65+yr) 41.4458 0.2012 61.9601 0.4342 
Y10 Lab(#specimen) 888.1214 0.1905 1615.9097 0.5496 
Y11 Lab(#positive) 451.9022 0.1357 1040.8214 0.6689 

 

5.3.2.2 Overview of the P model 

 𝛽!,!,! to 𝛽!,!,! are the coefficients for the informational environment indices that are 

modeled as the multipliers for the estimated incidence rate. Among the hospitalization data series 
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(Figure 17A), P&I-HA has significant coefficient for seasonal flu search term index; P&I-

A(65+yr) has significant coefficients for symptoms search index; P&I-HA(0-15yr) has 

significant coefficients for seasonal flu terms and symptoms search index. Among the laboratory 

based surveillance systems, Lab(%positive) has insignificant coefficient for pandemic flu terms 

search index, while lab(#specimen), lab(#positive) and NID have significant coefficients for all 

indices (Figure 17B). As for the sentinel syndromic surveillance systems, only the coefficients 

for DFC are all significant (Figure 17C). 

 𝛼!,!,! to 𝛼!,!,! are mostly significant for DFC, NID, Lab(#specimen), Lab(#positive), 

while insignificant for GP and RHE. Among the hospitalization data series, all coefficients 

except 𝑘!,!
!  (unique alert on HealthMap) are significant for all 𝑘!,!

!  in flu-HA, but not in P&I-HAs 

(Figure 18). Posterior distributions for all parameters in the optimized P model are listed in 

Table 17. 
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Figure 17 Posterior distributions of 𝜷𝒋,𝒕,𝒎 (m=2,..,5; j=1,…,11) in the P model 
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A)Hospitalization surveillance data series―Y1:flu-HA, Y7:P&I-HA, Y8: P&I-HA(0-15yr), Y9: 
P&I-HA(65+yr); B) Laboratory surveillance data series―Y10: lab(#specimen), Y11: lab(#positive), 
Y3:NID, Y6:lab(%positive);  C) Sentinel surveillance data series―Y2: DFC, Y4:GP, Y5: RHE. 
beta2 is the coefficient for Google search index of seasonal flu terms; beta3 is the coefficient for 
Google search index for symptoms; beta4 is the coefficient for Google search index of medications; 
beta5 is the coefficient for Google search index of non-flu terms. Note: enlarged graphs are 
attached in Appendix V Figure 23 
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Figure 18 Posterior distributions of 𝜶𝒋,𝒕,𝒎 (m=2,..,7; j=1,…,11) in the P model 

A)Hospitalization surveillance data series(flu-HA, P&I-HA, pediatric P&I-HA, elderly P&I-HA); 
B) Laboratory surveillance data series(number of received specimen, number of positive specimen, 
confirmed pH1N1 cases reported, %positive); C) Sentinel surveillance data series(DFC, GP, RHE). 
alpha2 is the coefficient for total number of alerts at HealthMap; alpha3 is the coefficient for the 
total number of unique alerts at HealthMap; alpha4 is the coefficient for number of healthcare 
facilities related alerts at HealthMap; alpha5 is the coefficient for %RSV from virological 
surveillance; alpha6 is the coefficient for Google search index of authority; alpha7 is the coefficient 
for Google search index of pandemic influenza terms. Note: enlarged graphs are attached in 
Appendix V Figure 24. 

 
Table 17 Posterior distributions for the optimized P model 

Coefficient Surveillance System Mean SD Lower 95% Median Upper 95% 
alpha1 flu-HA 4.8710 0.0363 4.8000 4.8710 4.9420 
alpha2 flu-HA 0.3164 0.0243 0.2687 0.3164 0.3640 
alpha3 flu-HA -0.0451 0.0255 -0.0951 -0.0450 0.0048 
alpha4 flu-HA -0.2930 0.0220 -0.3367 -0.2928 -0.2504 
alpha5 flu-HA -0.2432 0.0193 -0.2812 -0.2432 -0.2054 
alpha6 flu-HA -0.2081 0.0092 -0.2261 -0.2081 -0.1901 
alpha7 flu-HA 0.3542 0.0164 0.3221 0.3542 0.3865 
alpha1 DFC 7.1500 0.0103 7.1300 7.1500 7.1700 
alpha2 DFC 0.2653 0.0075 0.2506 0.2653 0.2800 
alpha3 DFC -0.1281 0.0077 -0.1432 -0.1281 -0.1131 
alpha4 DFC -0.2142 0.0061 -0.2263 -0.2142 -0.2023 
alpha5 DFC -0.1951 0.0059 -0.2066 -0.1951 -0.1836 
alpha6 DFC -0.1530 0.0027 -0.1583 -0.1530 -0.1477 
alpha7 DFC 0.2638 0.0049 0.2541 0.2638 0.2735 
alpha1 NID 5.7260 0.0195 5.6880 5.7260 5.7640 
alpha2 NID 0.2261 0.0127 0.2014 0.2261 0.2510 
alpha3 NID 0.0487 0.0140 0.0212 0.0487 0.0761 
alpha4 NID -0.4031 0.0134 -0.4296 -0.4030 -0.3770 
alpha5 NID -0.2153 0.0103 -0.2356 -0.2153 -0.1951 
alpha6 NID -0.2404 0.0052 -0.2508 -0.2403 -0.2301 
alpha7 NID 0.3850 0.0095 0.3664 0.3849 0.4036 
alpha1 GP 1.6070 0.0360 1.5350 1.6070 1.6780 
alpha2 GP 0.0087 0.0281 -0.0472 0.0087 0.0647 
alpha3 GP -0.0079 0.0294 -0.0663 -0.0079 0.0506 
alpha4 GP -0.0178 0.0193 -0.0560 -0.0179 0.0205 
alpha5 GP 0.0201 0.0218 -0.0233 0.0201 0.0635 
alpha6 GP -0.0007 0.0059 -0.0124 -0.0007 0.0110 
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alpha7 GP -0.0002 0.0140 -0.0280 -0.0002 0.0276 
alpha1 RHE 0.1535 0.0303 0.0936 0.1534 0.2145 
alpha2 RHE -0.0069 0.0279 -0.0627 -0.0068 0.0487 
alpha3 RHE 0.0254 0.0221 -0.0182 0.0255 0.0694 
alpha4 RHE -0.0332 0.0179 -0.0689 -0.0333 0.0023 
alpha5 RHE 0.0178 0.0240 -0.0300 0.0178 0.0655 
alpha6 RHE 0.0020 0.0054 -0.0088 0.0020 0.0128 
alpha7 RHE -0.0099 0.0125 -0.0348 -0.0099 0.0151 
alpha1 Lab(%positive) 2.1630 0.0897 1.9850 2.1630 2.3420 
alpha2 Lab(%positive) 0.1279 0.0700 -0.0118 0.1278 0.2677 
alpha3 Lab(%positive) -0.1669 0.0734 -0.3131 -0.1670 -0.0207 
alpha4 Lab(%positive) -0.0594 0.0481 -0.1559 -0.0592 0.0364 
alpha5 Lab(%positive) -0.0698 0.0546 -0.1786 -0.0698 0.0393 
alpha6 Lab(%positive) -0.0250 0.0148 -0.0545 -0.0250 0.0045 
alpha7 Lab(%positive) 0.0057 0.0348 -0.0637 0.0057 0.0751 
alpha1 P&I-HA 6.8650 0.0220 6.8210 6.8650 6.9080 
alpha2 P&I-HA -0.0494 0.0109 -0.0707 -0.0494 -0.0281 
alpha3 P&I-HA 0.1002 0.0115 0.0776 0.1002 0.1227 
alpha4 P&I-HA -0.0059 0.0094 -0.0243 -0.0059 0.0125 
alpha5 P&I-HA 0.0658 0.0117 0.0428 0.0658 0.0887 
alpha6 P&I-HA -0.0017 0.0021 -0.0059 -0.0017 0.0024 
alpha7 P&I-HA 0.0524 0.0094 0.0340 0.0524 0.0707 
alpha1 P&I-HA(0-15yr) 5.0180 0.0512 4.9170 5.0180 5.1170 
alpha2 P&I-HA(0-15yr) -0.0465 0.0234 -0.0925 -0.0465 -0.0007 
alpha3 P&I-HA(0-15yr) 0.2401 0.0258 0.1893 0.2402 0.2905 
alpha4 P&I-HA(0-15yr) -0.0440 0.0226 -0.0885 -0.0439 0.0000 
alpha5 P&I-HA(0-15yr) 0.2001 0.0253 0.1505 0.2000 0.2497 
alpha6 P&I-HA(0-15yr) 0.0039 0.0047 -0.0053 0.0039 0.0132 
alpha7 P&I-HA(0-15yr) 0.0655 0.0215 0.0233 0.0656 0.1076 
alpha1 P&I-HA(65+yr) 6.3590 0.0288 6.3020 6.3590 6.4160 
alpha2 P&I-HA(65+yr) -0.0621 0.0144 -0.0904 -0.0621 -0.0339 
alpha3 P&I-HA(65+yr) 0.0458 0.0149 0.0165 0.0458 0.0749 
alpha4 P&I-HA(65+yr) 0.0171 0.0119 -0.0062 0.0171 0.0404 
alpha5 P&I-HA(65+yr) -0.0170 0.0155 -0.0474 -0.0170 0.0132 
alpha6 P&I-HA(65+yr) -0.0098 0.0028 -0.0152 -0.0098 -0.0043 
alpha7 P&I-HA(65+yr) 0.0335 0.0120 0.0100 0.0335 0.0570 
alpha1 Lab(#specimen) 7.7930 0.0093 7.7750 7.7930 7.8110 
alpha2 Lab(#specimen) 0.2129 0.0065 0.2002 0.2129 0.2256 
alpha3 Lab(#specimen) 0.0054 0.0066 -0.0075 0.0054 0.0182 
alpha4 Lab(#specimen) -0.1938 0.0050 -0.2036 -0.1938 -0.1839 
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alpha5 Lab(#specimen) -0.1794 0.0051 -0.1894 -0.1794 -0.1694 
alpha6 Lab(#specimen) -0.1171 0.0022 -0.1215 -0.1171 -0.1128 
alpha7 Lab(#specimen) 0.2060 0.0041 0.1980 0.2060 0.2140 
alpha1 Lab(#positive) 6.1560 0.0183 6.1200 6.1560 6.1920 
alpha2 Lab(#positive) 0.4211 0.0114 0.3988 0.4211 0.4435 
alpha3 Lab(#positive) -0.0426 0.0126 -0.0673 -0.0426 -0.0179 
alpha4 Lab(#positive) -0.4336 0.0120 -0.4573 -0.4335 -0.4102 
alpha5 Lab(#positive) -0.2647 0.0092 -0.2827 -0.2647 -0.2468 
alpha6 Lab(#positive) -0.2457 0.0047 -0.2548 -0.2457 -0.2365 
alpha7 Lab(#positive) 0.3456 0.0085 0.3288 0.3456 0.3623 
beta1 flu-HA 0.0118 0.0006 0.0107 0.0118 0.0129 
beta2 flu-HA 0.0037 0.0004 0.0030 0.0037 0.0044 
beta3 flu-HA 0.0016 0.0001 0.0013 0.0016 0.0018 
beta4 flu-HA -0.0070 0.0006 -0.0081 -0.0070 -0.0059 
beta5 flu-HA 0.0034 0.0003 0.0028 0.0034 0.0039 
beta1 DFC 0.0139 0.0002 0.0136 0.0139 0.0142 
beta2 DFC 0.0035 0.0001 0.0033 0.0035 0.0037 
beta3 DFC 0.0013 0.0000 0.0012 0.0013 0.0013 
beta4 DFC -0.0067 0.0002 -0.0071 -0.0067 -0.0064 
beta5 DFC 0.0026 0.0001 0.0024 0.0026 0.0028 
beta1 NID 0.0189 0.0003 0.0183 0.0189 0.0194 
beta2 NID 0.0047 0.0002 0.0044 0.0047 0.0051 
beta3 NID 0.0018 0.0001 0.0017 0.0018 0.0019 
beta4 NID -0.0087 0.0003 -0.0093 -0.0087 -0.0081 
beta5 NID 0.0037 0.0002 0.0034 0.0037 0.0040 
beta1 GP 0.0028 0.0006 0.0016 0.0028 0.0040 
beta2 GP 0.0004 0.0003 -0.0003 0.0004 0.0011 
beta3 GP 0.0001 0.0001 -0.0001 0.0001 0.0003 
beta4 GP -0.0004 0.0006 -0.0017 -0.0004 0.0008 
beta5 GP -0.0001 0.0003 -0.0007 -0.0001 0.0004 
beta1 RHE -0.0011 0.0005 -0.0020 -0.0011 -0.0001 
beta2 RHE -0.0005 0.0004 -0.0012 -0.0005 0.0003 
beta3 RHE 0.0001 0.0001 -0.0001 0.0001 0.0003 
beta4 RHE 0.0008 0.0005 -0.0002 0.0008 0.0018 
beta5 RHE -0.0003 0.0002 -0.0008 -0.0003 0.0001 
beta1 Lab(%positive) 0.0051 0.0015 0.0022 0.0051 0.0080 
beta2 Lab(%positive) 0.0022 0.0009 0.0005 0.0022 0.0039 
beta3 Lab(%positive) 0.0006 0.0002 0.0002 0.0006 0.0010 
beta4 Lab(%positive) -0.0033 0.0016 -0.0065 -0.0033 0.0000 
beta5 Lab(%positive) -0.0012 0.0007 -0.0026 -0.0012 0.0003 
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beta1 P&I-HA 0.0014 0.0003 0.0007 0.0014 0.0020 
beta2 P&I-HA 0.0005 0.0002 0.0001 0.0005 0.0008 
beta3 P&I-HA 0.0000 0.0000 -0.0001 0.0000 0.0001 
beta4 P&I-HA -0.0001 0.0002 -0.0005 -0.0001 0.0004 
beta5 P&I-HA -0.0002 0.0002 -0.0005 -0.0002 0.0001 
beta1 P&I-HA(0-15yr) 0.0049 0.0008 0.0034 0.0049 0.0064 
beta2 P&I-HA(0-15yr) 0.0017 0.0004 0.0010 0.0017 0.0025 
beta3 P&I-HA(0-15yr) -0.0004 0.0001 -0.0006 -0.0004 -0.0002 
beta4 P&I-HA(0-15yr) -0.0008 0.0005 -0.0018 -0.0008 0.0002 
beta5 P&I-HA(0-15yr) 0.0004 0.0004 -0.0003 0.0004 0.0011 
beta1 P&I-HA(65+yr) 0.0011 0.0005 0.0002 0.0011 0.0020 
beta2 P&I-HA(65+yr) -0.0004 0.0002 -0.0008 -0.0004 0.0001 
beta3 P&I-HA(65+yr) 0.0002 0.0001 0.0001 0.0002 0.0003 
beta4 P&I-HA(65+yr) 0.0001 0.0003 -0.0005 0.0001 0.0007 
beta5 P&I-HA(65+yr) -0.0002 0.0002 -0.0006 -0.0002 0.0002 
beta1 Lab(#specimen) 0.0076 0.0002 0.0073 0.0076 0.0079 
beta2 Lab(#specimen) 0.0016 0.0001 0.0014 0.0016 0.0017 
beta3 Lab(#specimen) 0.0013 0.0000 0.0012 0.0013 0.0013 
beta4 Lab(#specimen) -0.0062 0.0002 -0.0065 -0.0062 -0.0059 
beta5 Lab(#specimen) 0.0029 0.0001 0.0027 0.0029 0.0030 
beta1 Lab(#positive) 0.0147 0.0003 0.0142 0.0147 0.0153 
beta2 Lab(#positive) 0.0047 0.0002 0.0043 0.0047 0.0050 
beta3 Lab(#positive) 0.0021 0.0001 0.0020 0.0021 0.0022 
beta4 Lab(#positive) -0.0096 0.0003 -0.0102 -0.0096 -0.0091 
beta5 Lab(#positive) 0.0046 0.0001 0.0043 0.0046 0.0048 
tau.e GP 310.1 138 101.2 290 633.7 
tau.e RHE 346.7 155.5 111.6 323.7 712.9 
tau.e Lab(%positive) 50.04 22.36 16.27 46.77 102.5 

 

5.3.2.3 Children versus elderly 

 In the basic P model, incidence rates of 5-14yr and the total population are fed into the 

model, respectively. When DIC and pD values are compared, five data series ― flu-HA, DFC, 

NID, GP, P&I-HA(0-15yr) ― show improved performance of the model. For the optimized P 
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model, however, no significant decrease is observed in any of the data streams when the all-age 

incidence rate is replaced by 5-14yr incidence rate. 

Table 18 Basic P model performance comparison between incidence rate of all-age group versus 5-
14yr 

 Incident rate (5-14yr) Incident rate (all-age) 
 DIC pD DIC pD 

Y1 784.1 12.68 809.5 12.01 
Y2 3250 19.83 3703 12.18 
Y3 2332 16.12 2717 12.15 
Y4 -64.43 14.22 -53.64 14.2 
Y5 -27.47 14.2 -29.82 14.19 
Y6 16.71 14.12 12.68 14.16 
Y7 352.6 14.24 349.3 12.07 
Y8 299.1 12.56 315.4 12.03 
Y9 240 13.92 234.8 12.03 

Y10 4817 20.57 4195 12.22 
Y11 4116 15.67 3992 12.18 

 

5.3.2.4 Time lag effect 

 Six out of eleven data series have significantly improved model performance (>10%) 

when +1 week lag is applied to both 𝜃!,! and 𝜑!,!. When compared to the original T0, T2 time lag 

model has lowered the DIC and pD values for GP for about 0.45% and 0.3%, respectively, which 

suggests the two time lag model is not significantly different from each other. 

Table 19 Top performing time lag models for each surveillance system 

Surveillance System Time Lag Model 𝜃!,! 𝜑!,! 

Y1 T8 +1wk +1wk 

Y2 T8 +1wk +1wk 

Y3 T8 +1wk +1wk 

Y4 T2 +0wk +1wk 

Y5 T4 -1wk +0wk 
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Y6 T2 +0wk +1wk 

Y7 T6 +1wk -1wk 

Y8 T6 +1wk -1wk 

Y9 T6 +1wk -1wk 

Y10 T8 +1wk +1wk 

Y11 T8 +1wk +1wk 

5.4 Discussion 

5.4.1  Limitation of the study 

5.4.1.1 Data volume and quality 

The Google search index data has its limitation in subpopulation coverage and total user 

size, which leads to the lack of data volume to generate a high quality informational environment 

index. In this study, Google search index is used as an indicator for potential illness and public 

awareness, however, it’s worth noting that the data is heavily driven by the subpopulation with 

specific demographic characteristic, such as young or middle-aged people with the Internet 

literacy, which is usually associated with certain socio-economic status.  On the other hand, 

when searching for flu symptoms or medications, it could be either for oneself or someone in the 

immediate social network, including family members, coworkers and friends. The rest of the 

population, therefore, could still be covered by Google search data, in an indirect way. Another 

factor that further affects the search index data is the bilingual culture. When people use English 

and Chinese interchangeably for online searching, sometimes the data could get diluted. As a 

result, the Google search volume for some key words is not high enough to generate a search 

index, or the index is not of the same time resolution as the weekly surveillance data. More than 
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half of the search key words are only available on monthly basis, so the weekly indices used in 

the model are approximated based on the monthly data.  

Moreover, the Google search baseline behavior also changes over time. The Internet has 

been widely adopted and integrated in human society in the last decade. However, the release of 

the first generation of iPhone in 2007 reformed the media culture and the mobile phone industry 

at large (Goggin 2009). By having more convenient access to the Internet through hand-held 

digital devices like the smartphone, people are likely to use the Internet more frequently for all 

sorts of purposes. And more importantly, it creates a much tighter feedback loop from receiving 

information from news or social media, to actively searching for further information. Thus, 2007 

is when the early adaption for the new practice started, which might contribute to the low data 

volume observed in Google search and HealthMap articles in 2007 as compared to 2008 and 

after.  

Other than the informational environment, the syndromic surveillance data for children 

― school absenteeism and fever surveillance at daycare centers ― have consecutive missing 

values during the summer break. During the pandemic period, the window period for all data 

series being available ― especially the incidence rate, school absenteeism and daycare center 

fever surveillance, is only 11 weeks. When running the program, the chains failed to converge 

after 500,000 iterations― even for those data series that have already reached convergence given 

a full set of pandemic period data, which suggests that only 11 weeks of data might not have 

enough information for the model to estimate all the parameters.  

Last but not least, surveillance data quality also needs to be considered when evaluating 

the model. Surveillance systems that monitor nonspecific symptoms, such as fever at CCC/KG 



 

152 
 

and RHE, tend to be nosier as compared to those with more specific case definitions. Also, 

surveillance systems that are based on voluntary reporting, such as GP, RHE and CCC/KG, 

could potentially have data quality issue, which is already observed in the Georgetown 

syndromic surveillance study (Zhang, May & Stoto 2011). Also, the sentinel GP surveillance 

network has about 40 to 50 participating physicians for the total population of seven million. 

When compared to the U.S. Influenza Sentinel Provider Surveillance Network, the ratio of 

number of sentinel physicians to the whole population does meet the requirement – one regularly 

reporting physicians per 250,000 residents (Centers for Disease Control and Prevention 2012a). 

However, it is not clear if those sentinel sites are truly representative since no further information 

is available regarding the average patient volume for each sentinel physicians, recruitment and 

reporting procedures, evaluation on reporting frequency and timeliness, and so forth.  

5.4.1.2 Model structure and model fitting 

This study is an exploratory research project. The model structure is developed based on 

the contextual understanding of the disease surveillance being a process instead of reflecting the 

true infections only. The model does not have any built-in mechanism to describe the disease 

transmission dynamics, thus, it cannot be used to estimate flu activity level.  As a 

characterization tool, it reveals how surveillance systems ‘behave” differently under the 

changing informational environment. The purpose of model fitting, therefore, is not to identify 

the perfect model with the best fit for the data; but to find the model that best captures the 

relationship between the surveillance systems and the informational environment data input that 

is consistent with the practical knowledge and one that is likely to hold true in the future. 
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This kind of approach, however, is likely to be questioned over subjectivity issues, 

especially for the choice of distribution and predictors. As listed in Table 7, both Log-normal and 

Poisson distributions are considered for the count data, while the final model uses Log-normal 

for the non-pandemic period and Poisson for the pandemic period. The decision was made based 

on the assessment of symmetry before and after the log transformation. The results, however, 

does show the tendency of having more significant coefficients when using Poisson as compared 

to Log-normal. When using Log-normal, all posterior distributions are insignificant, while the 

variance over mean ranges from 10! to 10! ― much bigger than using Poisson distribution. The 

large CIs for almost all data series suggest that the Log-normal might not be a good choice for 

the model. The posteriors from Poisson distribution, however, have in general much smaller CIs, 

which could potentially be another issue of having unnecessary precision when there is a lack of 

proof for accuracy. 

As for the selection of predictors, there are two main issues. First of all, it is true that I 

have not exhausted all the possible combinations for key words, HealthMap alerts count, and 

different time lag. However, it is not the purpose of the study to find a set of predictors that can 

perfectly fit the observation data. In fact, it is recognized that disease-related Internet articles and 

searching data are just an approximation for the informational environment that people are 

exposed to, and a perception on how information is processed on an individual level. Given the 

noisy data and a lack of disease transmission mechanism, the attempt to look for the perfect fit 

model might lead to over-fitting. The selection and aggregation of predictors, therefore, is guided 

by both practical knowledge and model performance comparison, in order to achieve a balanced 

model version that is of relatively good fit and meaningful for practitioners to interpret. For 
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instance, the predictors are grouped in a relatively arbitrary manner, but the selection process for 

the basic P model was blinded from the results of posteriors for each parameter before the final 

model version was picked. Moreover, in both NP and P models, HealthMap alerts and Google 

search index are treated equivalently as approximation of the informational environment. 

However, these two data streams are in fact at different ends of the individual self-assessment 

process ― HealthMap faithfully depicts the surrounding informational environment that 

individuals might be exposed to, while Google search index is more of an indicator of how 

people response to either the real illness or the information they are exposed to. To further refine 

the model, it is important to make that distinction and model them differently, and this is one 

way in which where hierarchical modeling can help simplify the complex behavior process. 

The segmentation of the model can also be problematic, in terms of over-segmentation, 

under-segmentation or arbitrary segmentation. In the P model, given that DFC started providing 

half day service in November 2009 due to the significant drop in patient visits (Hospital 

Authority HKSAR 2013). Assuming a spill-over effect of people being redirected back to private 

physicians, two sets of parameters for DFC and GP before and after the policy change were set 

up in the model. However, the model with two sets of coefficients for DFC and GP has difficulty 

in initiating the MCMC sampling. Even though the P model is segmented based on the actual 

policy change, given the low patient visit at DFC at that time, the variability before and after the 

policy change in these two surveillance systems, might not be significant enough to be reflected 

in the relationship with the informational environment data.  

Another example is the seasonal effect of the NP model. When partitioned into four parts: 

winter/spring flu season, winter/spring non-flu season, summer/fall flu season and summer/fall 
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non-flu season, the majority of the coefficients all tend to be insignificant. Having too much 

segmentation may lead to significant decrease in variability of the data, which pushes the 

statistical relationship between response and predictive variables to be insignificant. When 

segmenting the model into 2007 and 2008, the patterns of informational environment index 

coefficients seem to be more similar among the data series given the specific year, as compared 

to within the same data streams across the years (Appendix V Figure 25). It is important to 

account for the year to year variability in the model to achieve a reliable model. However, if the 

main purpose is to identify the similarity among the data streams, by having different layers of 

resolution of the model — an aggregated version and a year segregated version, it will be easier 

to identify patterns between data streams over time.  

For instance, since there are two flu seasons, or in some studies, all year round flu 

activities(Chan, Holmes & Rabadan 2010), in Hong Kong, the segmentation is not truly based on 

flu season versus inter-season, but based on when the flu transmission is mostly likely to peak. It 

is justifiable in a way that the peaking flu activity might have an influence on people’s 

perception and behavior, which is different from low flu activity season. However, there are 

other possible methods in segmenting the year, such as grouping the increasing or decreasing flu 

activity periods as an approximate for growing and decreasing public awareness and such. 

Neither the NP model nor the P model shows sensitivity to the choice of hyperparameters 

(Table 12).  In a broader perspective, the choice of predictors can also be seen as part of the 

sensitivity analysis. When comparing posteriors after adding or dropping one predictor at a time, 

coefficients that are marginally significant or insignificant can change, and the relative ratio 

between the coefficients also changes. A robust model should have a certain level of resistance to 
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the choice of predictors, if the statistical relationship between the response and independent 

variables truly exists. However, in this model, the predictive variables are not independent from 

one another; in fact, they are small puzzles of the same big picture of the public perceptions of 

disease transmission. As a result, the information in each search index or alert category can be 

related to, overlapping with or complementary to one another. Adding, dropping and replacing 

one predictor can potentially change the relationship between the observations and other 

predictive variables. Thus, changing predictors might not be a good sensitivity analysis method 

for this particular model, because the change in predictors virtually changes the characterization 

tool. 

The time lag effect is also studied for both pandemic and non-pandemic period, the 

results, however, are not consistent with the practical knowledge in some cases. For instance, the 

P&I-HAs and RHE seem to fit better with -1wk of lag (the response variable is one week ahead 

of the informational environment data), which suggests the P&I-HA and RHE are likely to 

influence the informational environment rather than the other way around. Other surveillance 

systems, however, tend to fit better when +1wk lag is applied, which suggests they are more 

likely to be influenced by the informational environment. It is not intuitive that the media and the 

general public would be more aware of the elderly fever surveillance and the nonspecific 

respiratory illness hospitalization, as compared to some more specific flu activity indicators. The 

possible explanation, however, may be that the relationship between surveillance systems and the 

information environment is not one way, but an interactive one. The time lag is an approximation 

of which event happens first, therefore maybe have better chance of being the “cause” rather than 

the “result”. However, given the complex and constantly changing dynamics between the two, it 
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is difficult to study time lag of fixed number, when the time lag may change from weeks to days 

during the pandemic period. 

Last but not least, the CAR model was initially included in the original model with fixed 

𝜽𝒋,𝒕, but dropped from the final version. The CAR model was meant to account for the inter-

relationship among the data streams, while in practice, it did not help the model reach 

convergence any faster. When having time varying predictors in 𝜽𝒋,𝒕, adding the CAR 

component even inhibited the model from converging. There are two possible explanations for 

the poor performance of CAR model. First, the similarity matrix used for the CAR model is a 

binomial matrix with arbitrarily assigned values. This kind of approximation might not be 

enough to estimate the inter-relationship among the data streams. Another possibility, however, 

is that even though there is no direct correlation component built in for the model without the 

CAR component; since all surveillance systems share the same set of predictors, this can account 

for the inter-dependence in an indirect manner. As a result, there might not be much inter-

relationship left for the CAR to model. Therefore the CAR model might not add any additional 

benefit, but in fact add extra complexity and restraints that inhibited the model from reaching 

convergence. 

5.4.1.3 Model fitness 

 RMSE, the standard error of the regression, measures the absolute fit of the model to the 

data, which indicates how close the observed data points are to the model’s predicted values. 

RMSE that is closer to 0 suggests better model fit and more accurate that the model predicts the 

response variables. As shown in Table 13 and 16, RMSE for each surveillance system is smaller 
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than the standard deviation of response variables in both NP and optimized P model. The ratio 

between RMSE and standard deviation is mostly over 0.5 in the NP model while under 0.5 in the 

P model, which suggests an overall better fit for the P model.  

 Although high RMSE values suggest the predictors are less likely to account for the 

variability in the response variables, the goal of the study is not to identify the model with perfect 

fitness for prediction purpose, but to assess if the predictors have statistical relations with the 

response variables. For influenza surveillance systems that are not influenced by the 

informational environment, the RMSE values for the informational environment predictors are 

likely to be high. 

 NRMSEs are then calculated to compare the relative fitness of different data series. In the 

P model, P&I-HA(65+yr) and lab(#specimen) have the biggest NRMSE, which suggests the 

combination of influenza incidence rate and informational environment is less likely to be good 

predictors for these two surveillance systems as compared to others. Considering the attack rate 

of pH1N1 among the elderly was much lower as compared to other age groups (Wu et al. 2011), 

the lack of fitness is in line with the hypothesis that P&I-HA of the elderly was less likely to be 

influenced by pH1N1 transmission or informational environment. For lab(#specimen), 

significant posterior and large NRMSE suggest although the predictors are relevant, they might 

not account for a large proportion of the variability in the surveillance data. In the NP model, GP 

and RHE have the largest NRMSE values, which suggests the informational environment data 

are not good predictors for these two surveillance systems during the non-pandemic period. 
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5.4.2 Characterization of the surveillance systems using the P model 

5.4.2.1 𝜃!,! in the P model 

 In Figure 10, the diagram illustrates how the biases can be introduced into the 

surveillance systems by having not only the non-flu patients, but also increased number of 

infected patients, whom otherwise might not present themselves to any of the surveillance 

systems. The proportion of infected population being captured by the surveillance systems is 

usually not constant but fluctuating. The characteristic of having the proportion of real infection 

uncorrelated with the informational environment defines a useful data stream that is essential to 

influenza surveillance. In this model, 𝜃!,! is a multiplier for the estimated incidence rate. If 𝜃!,! 

does not show statistical correlation with the informational environment indicators, it suggests 

the particular surveillance system j is likely to track the real infection at a proportion independent 

from the informational environment.  

 There are three main types of surveillance systems that show some kind of stability in the 

changing informational environment. The percentage data, such as Lab(%positive), GP and 

RHE, tend to have insignificant coefficients for the informational environment indices. 

Surveillance systems that have broader case definitions, such as P&I-HA and RHE, seem to be 

less likely influenced by the search index and the news. Last but not least, surveillance systems 

monitoring the elderly tend to be less susceptible to the informational environment as compared 

to the children, which can be observed by the comparison between P&I-HA(0-15yr) and P&I-

HA(65+yr) (Figure 17A). For surveillance systems that fit into more than one category, the 
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correlation with the informational environment indicators is weaker than those only fit one 

criterion.  

 The percentage data seems to have the natural “resistance” to the informational 

environment associated biases, if the nominator and denominator change at the same level at the 

same time. GP, as the gatekeeper of the healthcare systems that most people encounter, is 

predominantly influenced by only one layer of decision making ― patients seeking medical 

attention or not. Since the patients usually don’t have the ability to distinguish flu from other 

respiratory diseases themselves, flu and non-flu infections therefore have equal chance of being 

presented to GP. The theory might not hold true during the early stage of a pandemic, when the 

spread of novel influenza virus did not keep up with the spread of awareness. There might be 

negative correlation between the percentage of ILI visit at GP and the informational 

environment. Recognizing this potential difference in early versus late ascertainment of pH1N1 

outbreak, segmentation of summer and fall was conducted, but the model failed to converge. 

Lab(%positive) has been used as the “gold standard” for influenza surveillance. It is intuitive that 

for a surveillance system with specific case definition of confirmed virological test, as well as 

percentage format to account for the fluctuation in the denominator, is likely to be the reliable 

estimate for the flu activity. However, to reach the final stage of being tested in the lab, a case 

has to go through at least two layers of decision making ― patient’s decision on healthcare 

seeking and physician’s decision on sampling and coding. It is possible that when the physicians 

are “sensitized” by the media and official guidelines, they may be actively looking for cases that 

fit the clinical characteristics of flu and sampling them. This effect is more obvious in the count 

data for flu-HA, but may also influence the lab(%positive) as shown in Figure 17B. 
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 Another pattern is the difference between influenza specific and non-specific surveillance 

systems. The hospitalization data for flu seems be more susceptible to the informational 

environment as compared to pneumonia and influenza altogether. As discussed above, once 

sensitized, physicians are more likely to sample patients for lab testing, and to use diagnostic 

codes that are specific for influenza, especially among the subpopulation that are considered to 

be more vulnerable to the pH1N1 virus. That might also be why we observe pediatric P&I-HA 

with more susceptibility to the informational environment as compared to the elderly, given that 

during the early stage of the pandemic, children and young adults were considered to be more 

susceptible to the novel flu virus.  

 Among all predictors in 𝜃!,!, only Google search term of medications has negative 

coefficient when the posterior is not insignificant. The category “medications” includes the 

prescription medication for flu, as well as the over-the-counter medications for ILI, which may 

be an indicator for self-diagnosis and self-treatment. The behavior of self-treatment might be 

related to the decision of not seeking medical attention from healthcare practitioners, and 

therefore negatively correlated to the flu hospitalization, GP and DFC visits. 

 In general, the fewer layers of decision making, the less susceptible to the informational 

environment the surveillance system is in capturing the true infections, especially in percentage 

data. The traditional “gold standard” surveillance systems, such as hospitalization and virologic 

surveillance, are subject to the biases introduced by the physicians. Last but not least, the more 

specific the case definition is — flu as compared to P&I — the more likely it is influenced by the 

informational environment. 
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5.4.2.2 𝜑!,! in the P model 

 𝜑!,! is meant to account for the variability in the surveillance data that cannot be fully 

explained by the incidence rate. In the original conceptual model, 𝜑!,! is considered to represent 

the non-flu cases captured in the surveillance systems. However, since the model itself does not 

have any mechanism to clearly distinguish flu cases from non-flu cases, 𝜑!,! might also be 

interpreted as the over biases in the surveillance systems.  

 𝜑!,! of GP, lab(%positive) and RHE show little correlation with the informational 

environment, including the number of total HealthMap alerts, unique alerts, healthcare facilities 

related alerts, lab(%RSV), search index for authorities and pandemic flu general terms (Figure 

18). This kind of insusceptibility might be due to the format of percentage data, since other count 

data usually show significant statistical relations with those predictive variables. The coefficient 

for the search term for pandemic influenza is all positive for the surveillance systems in count 

data, which suggests a positive correlation between the biases in those surveillance systems and 

the public awareness of pH1N1. 

 The number of total alerts and unique alerts are used in pair to assess the influence of 

amplified public anxiety on surveillance systems. It is assumed that, the unique alerts are more 

likely to be related to actual cases or events, while the total alerts ― especially the duplicate 

news articles that are reposted on other media ― are more likely to reflect the public awareness 

being amplified in the society. Among all the surveillance systems that have significant 

coefficient in 𝜑!,!, only the P&I-HAs have coefficient for unique alert that is bigger than the total 

alerts, while others seem to be more influenced by the public anxiety.  
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 The lab(%RSV) is included in 𝜑!,!, to account for the biases of non-flu respiratory illness 

caused by RSV. It turns out the lab(%RSV) has a positive correlation with pediatric P&I-HA, but 

not for the elderly, and has insignificant relationship with the lab(%positive), GP and RHE. The 

coefficient for lab(%RSV) are mostly negative in other count data series. One possible 

explanation is that since RSV predominantly affects children (Spigland et al. 1966), the pediatric 

P&I-HA therefore might actually reflect the RSV transmission in the population to some extent. 

For surveillance systems that monitor the elderly, it is not surprising that the coefficient for 

lab(%RSV) is not significant. Since the lab(%positive) only captures the cases with confirmed 

infections, it is less likely to be biased by the RSV transmission, and it is consistent with the 

result. For other surveillance systems that seem to have negative coefficient for indicator %RSV, 

it may be due to the idiosyncrasy of the model that cannot be explained, or some kind of 

confounding factors that are not well understood, such as the virus interference observed in flu 

vaccine study (Cowling, Nishiura 2012). It is suggested that the innate immune response 

triggered by other respiratory virus, in this case RSV, might protect the host against subsequent 

flu infection.  

 There are couple results that are also difficult to interpret. First, majority of the 

surveillance systems seem to have negative correlations with healthcare facilities related alerts 

and search index for authorities. Given the hypothesis that these two indicators might reflect the 

increasing public awareness, it was expected to be positively correlated with the surveillance 

data, which is not seen from the results. It is also counter-intuitive that there is no statistical 

correlation between GP and RSV, even though presumably the numerator of the GP data ― 

patient with ILI ― should include some patients infected with RSV as well. The idiosyncrasy 
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observed above, however, is not random, but mostly systematic ―usually observed in a group of 

surveillance systems that share some specific features including data format and so forth.  There 

might be some kind of confounding factors that need to be further studied. But for the 

characterization purpose, it is more meaningful to focus on the relationship that is consistent with 

the practical knowledge, which is more likely to hold true in the future. 

5.4.3 Characterization of the surveillance systems using the NP model 

5.4.3.1 Interpretation of the coefficients 

 Among the informational environment data input, some are more likely to be related to 

actual illness, such as search index for symptoms and medications; some are likely to reflect 

awareness of the disease, such as search index for swine flu and SARS; and others can reflect 

both, such as the news articles about infectious disease outbreaks in local schools. The public 

awareness index developed in the NP model is a collection of search key words and categories of 

HealthMap alerts that are most likely to be associated with perception of the disease. When 

comparing different surveillance systems during the flu season and non-flu season, some general 

patterns can be observed across the board. Surveillance systems are in general more susceptible 

to public awareness during the flu season as compared to the non-flu season. It is possible that 

observing an increasing flu activity ― such as seeing more people in the community getting sick 

― or from the news may sensitize the public. As a result, they may have the tendency to seek 

medical attention when feeling sick, which otherwise might not happen if not being sensitized. 

The exceptions are two surveillance systems that monitor predominantly the elderly over age 65 

― the flu surveillance at RHE and P&I-HA (65+yr) (Figure 13A). These two surveillance 
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systems are relatively less susceptible to the public awareness in most cases, and show more 

stability from year to year (Figure 15A). During the non-flu season, the majority of surveillance 

systems seem not to be influenced by public awareness except the flu-HA, lab(#positive), 

lab(%positive), and P&I-HA(0-15yr)( Figure 13A). The year to year comparison of these four 

data series also reflects some shared pattern (Figure 15A).  

  When comparing the non-flu and peak season, GOPC, GP, CCC/KG and P&I-HA(0-

15yr) show non-overlapping CIs for the coefficients, which suggests that the influence of public 

awareness during the flu season is significantly greater than that of the non-flu season. The 

increased awareness in the community may result in more people seeking medical attention, 

especially children with worried parents. Since the public awareness index includes the search 

key words “school closure” and the HealthMap alerts regarding school outbreaks, it is more 

likely to reflect the illness instead of causing fever cases to rise at childcare centers and 

kindergarten. 

 The purpose for having the non-flu index in the model is to account for public awareness 

and illness that is not related to influenza. The non-flu index includes the general terms for other 

respiratory infectious diseases and lab(%RSV). Some surveillance systems seem to be influenced 

by the non-flu index (Figure 13B) during the non-flu season, which include all the influenza 

specific surveillance systems ― flu-HA, lab(%positive) and lab(#positive).  This negative 

correlation might come from the circulating non-flu respiratory diseases that cause “common 

cold” and the media coverage of avian influenza when the flu activity is low. No surveillance 

system, however, has significant positive correlation with the non-flu index. 
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 The illness index does not seem to contribute much to the characterization process given 

that the coefficient was insignificant for most of the surveillance systems. The search key words 

for the illness index are predominantly, but not exclusively, ILI symptoms. It might be possible 

that, the variability that could potentially be correlated to the flu activity is diluted when a 

boarder range of symptoms are aggregated.  However, given that the excessive monthly data in 

illness index ― only fever and lab(%RSV) are available on weekly basis ― the lack of 

significant results is might to be attributable to the low time resolution of the predictors.  

5.4.3.2 Identification of the similarity among the surveillance systems 

 Given the limitation of the model discussed above, it is true that the absolute value of the 

coefficients needs to be assessed with discretion. However, instead of characterizing surveillance 

systems independently, it will be more valuable for identifying similarity among the data series, 

which may inform us about the similarity in the population, in the practice, or in the biases in 

general. Also, it is true that the variability in the NP model is not negligible when comparing the 

results for different years and different seasons. Although the correlation with the informational 

environment may change, the similarity among the data series is likely to remain the same 

regardless of how data is segmented or aggregated. Therefore, the characterization method using 

the NP model can also be a series of comparisons using different segmentation strategies.  

 In the pandemic model, it is observed that flu-HA is more susceptible to the 

informational environment as compared to P&I-HA, while pediatric P&I-HA seems to be 

relatively more sensitive to the informational environment than the elderly. Also, when replaced 

the incidence rate of all-age with 5-14yr, the data fits better for flu-HA, GP, NICD and P&I-

HA(0-15yr) only. In the NP model, when comparing the four hospitalization data side by side, 
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the flu-HA looks more similar to P&I-HA(0-15yr) ; the P&I-HA is more similar to P&I-

HA(65+yr). The patterns are consistent in peak and non-flu flu season, in different years and in 

winter/summer seasons (Figure 13, Figure 14, Figure 15, and Figure 19). It is possible that the 

similarity might come from the case counts for flu-HA and pediatric P&I-HA are both relatively 

low during the non-pandemic period (Figure 20). The wide CIs for both data series might also 

prove that hypothesis. However, there may be something substantively similar between the flu-

HA and the pediatric P&I-HA, such as the underlying relationship with the informational 

environment, and the population they are monitoring. It is possible that during the pandemic flu 

outbreak, since the children and young adults are considered to be at higher risk as compared to 

the elderly, physicians may tend to order more laboratory testing for the pediatric patients (Stoto 

2012). During the non-pandemic period, however, the biases in the practice might be slightly 

different. The hypothesis is, given that the elderly patients usually have unspecific clinical 

manifestation for respiratory diseases (Falsey, Walsh 2006), they are more likely to be given 

nonspecific diagnostic codes of pneumonia and influenza, while the pediatric patients are likely 

to be given more specific diagnostic code of flu. Before the 2009 pandemic flu outbreak, the age 

stratified flu-HA was not collected, therefore it is difficult to prove the hypothesis of the bias in 

clinical practice. In the future, it will be important to keep collecting age-stratified flu-HA data, 

not only for monitoring the susceptibility of the subpopulation, but also for assessing the 

potential biases in the practice. 
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Figure 19 Posterior distributions for of 𝝆𝒔,𝒋,𝒕,𝒊 (i=2,..,4; j=1,2,8,9) for hospitalization data series in 
the NP model 

Panel A: flu-HA; Panel B: P&I-HA; Panel C: P&I-HA(0-15yr); Panel D: P&I-HA(65+yr). rho2 is 
the coefficient for non-flu index, rho3 is the coefficient for illness index, and rho4 is the coefficient 
for public awareness index. 
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Figure 20 Scatter plot matrix of hospitalization data in non-pandemic period 

Note: Y1(flu-HA), Y2(P&I HA), Y8(P&I-HA 0-15yr), Y9(P&I-HA 65+yr) 

5.5 Conclusions 

Influenza surveillance data is a product of a process with input of both real illness and 

public awareness in the community. By fitting both P and NP model, it provides two strategies in 

characterizing the surveillance systems, given the availability of the specific data. When there is 

reliable incidence rate for influenza, the P model can be used to assess if the individual 

surveillance system is tracking the true infection at a proportion that is not influenced by the 

informational environment or not. GP and Lab (%positive), for instance, seem to more stable 

under the changing informational environment as compared to other surveillance systems. 

Surveillance systems that have influenza specific case definition tend to reflect biases of both 

healthcare seekers and providers. Surveillance systems that monitor children and/or report cases 

counts are more likely to be influenced by the informational environment. Given the complex 



 

170 
 

dynamic interaction between surveillance data and the informational environment, such 

surveillance systems might provide information which can be used to estimate public awareness. 

When incidence rate is not available, the NP model can be used to identify and characterize 

surveillance systems that might monitor the same population or are subject to the same biases in 

the process, through multiple comparisons using different segmentation strategies.  

This study has explored the possible characterization approach using informational 

environment data, which can inform the practitioners about the type of characteristics that are 

likely to be associated with better performance given the changing informational environment. 

Moreover, by using the characterization tool, practitioners can make a more informed decision 

on which surveillance systems to monitor, given their primary concerns of real illness versus 

public awareness.  
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Chapter VI 

6 Conclusion 

6.1 Summary of findings 

 This dissertation is built on a series of research projects that are all aimed at 

characterizing and assessing systems of influenza surveillance, syndromic surveillance in 

particular, through both qualitative and quantitative methods.  

The experience of actually conducting syndromic surveillance during the 2009 pH1N1 

outbreak (described in Chapter II) allowed me to develop an intuitive understanding of 

syndromic surveillance in practice. In a defined population of Georgetown university students 

and employees, a variety of influenza-like-illness indicators data were collected to monitor the 

flu activity. To analyze the data we used a “triangulation” approach in which multiple 

contemporary data sources are compared to identify time patterns that are likely to reflect biases 

as well as those that are more likely to be indicative of actual infection rates. Medical personnel 

observed an early peak immediately after school began in early September and a second peak in 

early November but only the second peak corresponded to patterns in the community at large. 

Self-reported illness to university deans’ offices was also relatively increased during mid-term 

exam weeks. The overall volume of pH1N1-related communication messages similarly peaked 

twice, corresponding to the two peaks of student ILI cases. The early peak of ILI cases at the 

beginning of the Fall term most likely resulted from students bringing the virus back to campus 

from their home states coupled with a sudden increase in population density in dormitories and 

lecture halls.  
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Through triangulation among multiple data streams, informational and policy 

environment data, I also observed biases imbedded in almost all data streams. The findings led to 

the conceptualization of disease surveillance as a process, with the resulting surveillance data 

reflecting both real illness and awareness of disease. The challenges of translating surveillance 

data into “actionable” information for University decision makers also led to further 

reconsideration of practical objectives for syndromic surveillance.  

One of the commonly proposed objectives of syndromic surveillance is early detection of 

an outbreak. In order to assess its performance in a real event, Chapter III describes how we 

conducted an extensive literature review to construct a detailed timeline of how the novel pH1N1 

virus emerged and was identified, and to clarify what information was made available through 

what surveillance systems and how the information influenced the identification of the outbreak. 

This analysis revealed three critical events.  First, medical personnel identified pH1N1in 

California children because of an experimental surveillance program, and this ledto a novel viral 

strain being identified by CDC.  Second, Mexican officials recognized that a series of outbreaks 

throughout the country represented a single phenomenon.  Finally, the identification of a pH1N1 

outbreak in a New York City high school was hastened by awareness of the emerging pandemic.  

Analysis of the timeline suggests that, at best, the global response could have been about one 

week earlier, which would not have stopped spread to other countries, and could have been much 

later.  

This analysis shows that investments in global surveillance and notification systems 

made an important difference in the 2009 H1N1 pandemic.  In particular, enhanced laboratory 

capacity in the U.S. and Canada led to earlier detection and characterization of the 2009 H1N1.  
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This includes enhanced capacity at the federal, state, and local levels in the U.S., as well as a 

trilateral agreement enabling collaboration among the U.S., Canada, and Mexico.  In addition, 

improved global notification systems contributed by helping health officials understand the 

relevance and importance of their own information.   

The results also show syndromic surveillance did inform practitioners about unusual 

disease activity in Mexico, but it was traditional laboratory surveillance that identified the new 

virus before it spread throughout the U.S. Syndromic surveillance systems, however, did 

sensitize practitioners in Mexico and contribute to the early recognition of the connection 

between the two outbreaks. The role of syndromic surveillance in a pandemic outbreak like this 

was to provide situational awareness after the outbreak was known, enabling a quick response to 

be launched after the new pathogen was identified. 

To further assess the impacts of biases on the practice of influenza surveillance, Chapter 

IV describes a qualitative study that I conducted to identify the gaps between available influenza 

surveillance data and the information needed for decision making at health departments during 

the 2009 pH1N1 outbreak. Two streams of data collected for the study.  First, through systemic 

review of the scientific literature, conference abstracts, official WHO and CDC guidelines, as 

well as publicly available documents from national, state and local health departments, I 

identified influenza surveillance systems implemented before and after the 2009 pH1N1 

outbreak to observing actual decisions made to enhance influenza surveillance, a form of 

“revealed preference” study.  Second, I conducted interviews with health officials from local, 

state and national health departments were conducted to collect data to understand their actual 

needs. 
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A range of objectives other than early detection were summarized and categorized. Most 

of the proposed objectives were applicable to traditional surveillance systems. For instance, 

laboratory surveillance is conducted to identify locally circulating virus type and subtypes and to 

describe the antigenic characteristics and antiviral sensitivity. Objectives for syndromic 

surveillance implemented in response to the pH1N1 outbreak were to assess the subpopulation 

specific risk, to track flu activities trends, to inform communications, to refine case definition, to 

plan for surge capacity and to provide negative reassurance.  

The barriers that limited the utility of syndromic surveillance in supporting decision-

making were also identified. The missing link between the surveillance data and decision-

making was also related to (1) “actionable” information; (2) confidence in the system ― if the 

surveillance data is reflecting real illness or public awareness; (3) appropriate analytic tools; and 

(4) the social consequences of the intervention. The findings, reflecting what we found in 

Chapter II, suggest that one approach to improve the utility of syndromic surveillance, and 

influenza surveillance in general, is to empower public health practitioners to assess the biases in 

the surveillance systems in a quantitative and systemic way.  

As described in Chapter V, we further explored the concept that surveillance data reflects 

both real illness and public awareness, and developed a framework to characterize surveillance 

systems based on the relationship between surveillance data and the informational environment. 

The availability of multitude of surveillance systems, the phenomenon of two annual flu seasons, 

and its location in Southeast Asia where new viral strains have typically emerged led us to 

conduct this analysis in Hong Kong. 
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We identified all available and accessible influenza surveillance data streams from Hong 

Kong including influenza-like-illness (ILI) cases reported through the Notifiable Infectious 

Diseases Surveillance by sentinel general practitioners, general out-patient clinics, and 

designated flu clinics; ILI-related hospitalizations and deaths; influenza virologic surveillance; 

fever cases reported by sentinel child care centers and residential care homes for the elderly; ILI-

related and all-cause school absenteeism; and influenza antibody sero-prevalence among people 

without ILI during the 2009 pH1N1 outbreak. Indicators of the informational environment data 

such as respiratory diseases alert from HealthMap and web queries from Google were also 

collected.  

We developed a Bayesian hierarchical model to characterize influenza surveillance 

systems by using informational environment data as predictive variables. The model identified 

the types of characteristics of surveillance systems that show more or less susceptibility to the 

informational environment. Surveillance data published as a proportion rather than a count, with 

less specific case definitions, and monitoring predominantly elderly people seem to be least 

influenced by the informational environment as compared to surveillance systems that have 

influenza-specific case definitions and monitor the subpopulation of children. Percentage of ILI 

visits at general practitioners and percentage of influenza virus positive specimens among all 

specimens received seem to be less susceptible to the informational environment compared to 

other available systems. The model was also used to identify surveillance systems with 

similarities, such as those monitoring the same populations or subject to the same biases.  

By using this characterization tool, practitioners can develop a better understanding of 

how each surveillance system is biased in different ways, and can make an informed decision on 
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which surveillance system to monitor, given their primary concerns of real illness versus public 

awareness (e.g. surge capacity, vaccine procurement, etc.). Through this approach, biases are no 

longer just noise in the systems; they can be used to inform better practice in influenza 

surveillance.  

6.2 Reflections 

 Beyond the limitations discussed in each chapter, there are a number of ways that the 

current studies could have been improved and extended to add more value to the dissertation. 

 In Georgetown University syndromic surveillance study (Chapter II), additional data 

could have been collected to complete the picture of pH1N1 transmission on campus. For 

instance, the student health center and hospital emergency department data were both ILI case 

counts. The denominator ― patient visits for all causes — was not included in the original 

implementation plan. Based on findings from chapter V, data series in a percentage format seem 

to be less susceptible to the changing informational environment as compared to data series in 

count format. It would be informative to look at both count and percentage data from the same 

source, which might further reveal the biases that we observed from comparing different sources 

of surveillance data.  

In addition, periodic surveys of students’ perceptions of pH1N1 —severity, age-specific 

risk, barriers (e.g. ease of seeking medical attention from student health center), and perceived 

benefits could have been conducted throughout the Fall semester. The self-assessment survey 

data could have filled in the gap between the informational environment that we constructed 

roughly based on on-campus media coverage and official announcement, and the biases in 

surveillance data that we observed by comparing multiple data series. The student athletes ILI 
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surveillance was expected to be a good surveillance system, because it is (1) a cohort of a 

defined group of people, (2) all ILI cases are assessed by medically trained staff, (3) student 

athletes have more exposure to the virus through close contact and frequent travel for intermural 

activities. Due to the small size of total student athletes and decreased incentives for reporting, 

the data series had excessive zero and small data values, which made it difficult to be analyzed 

and compared with some other data streams. The idea of monitoring a defined group of people 

over-time, however, has its unique values for epidemiological studies, and need to be further 

explored. 

 There are a couple of different approaches to incorporating the informational 

environment data in influenza surveillance modeling that I considered at the early stage of model 

development. One option is to fit a time-series model such as Autoregressive Integrated Moving 

Average (ARIMA) (or its variations) with informational environment data as covariates. Such a 

model might be used to estimate and even predict the influenza transmission trends in real-time.  

Another option is to assume the influence of informational environment on collective 

health-related behavior is not a gradual process, but rather has some kind of tipping point effect. 

The HealthMap alerts can be processed and compared with a threshold to trigger the model 

switch between two states ― standard and increased public awareness.  The ratio between the 

number of total alert and unique alert, for example, might be used for that purpose. This 

approach would also address another issue – mixing the indicators of “exposure” and “response” 

to the informational environment. HealthMap alerts, though perhaps not complete, faithfully 

depict the surrounding informational environment, representing health-related information 

individuals might be exposed to. Google search index, however, is an indicator of “interest,” 
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which is more of a response to either real illness or previous exposure to related information. 

When using these two data streams for estimation or prediction modeling, it is important to make 

that distinction and model them differently, and this is one way in which hierarchical modeling 

can help simplify the complex behavior process. Also, in addition to modeling each surveillance 

systems independently, the same process model can be applied to the ratio between two 

surveillance systems. This potential extension of the current study may be used to reveal the 

inter-relationship among individual surveillance systems.  

 

6.3 Conclusion 

Unlike other emergency scenarios such as fires and earthquakes, the exact time, location 

and impact of a public health emergency, especially a pandemic flu outbreak, are usually not as 

clear in the beginning. Knowledge about the outbreak from surveillance data and scientific 

research also keeps evolving as the pandemic unfolds. Some epidemiologists therefore draw an 

analogy between the uncertainties which public health professionals face and similar experiences 

in military operations, called the “fog of war” (Stoto et al. 2005). The 2009 pandemic flu 

outbreak demonstrates that pandemics might differ from what was assumed; it did not have an 

avian origin, nor did it start in the part of world that was of most concerns to influenza 

researchers and professionals (Roos 2010). Its transmissibility and virulence, on the other hand, 

were also less than what was expected for a pandemic. Moreover, during the 2009 pH1N1 

outbreak, there were controversies over topics such as the high risk groups, the cross protection 

of seasonal flu vaccine (Skowronski et al. 2010, Yin et al. 2012), the effectiveness of personal 

protective equipment (e.g. surgical mask and respirator) (Loeb et al. 2009, Cowling et al. 2010, 
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Canini et al. 2010), and so forth. The contradictory evidence from those research studies further 

complicated the picture of the pH1N1 outbreak. 

The key role of influenza surveillance in protecting population health in both pandemic 

and inter-pandemic period, therefore, is to clarify as many of these uncertainties as possible, 

which requires a good understanding of the surveillance methods. Instead of taking influenza 

surveillance data at its face value, one needs to be aware of the potential biases imbedded in each 

system as a result of the complex dynamics between individuals and the informational 

environment. Many public health practitioners recognize the problem, and some have even taken 

action to assess such biases formally by collecting specific data. In 2009, however, a better 

understanding of the surveillance data, did not necessarily lead to the improvement of influenza 

surveillance practice. Instead, recognizing the biases in influenza surveillance systems became 

one of the main barriers in using surveillance data to support decision making, especially for 

those novel syndromic surveillance data.  

This study approached informational environment-associated biases as a tool instead of 

noise so that it can be used to characterize influenza surveillance methods. Through 

characterization, “uncertainties” in individual influenza surveillance systems can be assessed — 

such as if the data is reflecting the true transmission trends, if the reported cases are mainly 

driven by the “worried healthy,” if surveillance systems are overlapping or supplementary to one 

another, and so forth. The results can help public health practitioners prioritize resources to 

selected influenza surveillance systems given the specific population health concerns. Moreover, 

when enhanced surveillance is needed, characteristics associated with stability under the 

changing information environment can also be used to inform the design and implementation of 
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ad hoc surveillance systems. In particular, as suggested in chapter IV, more effective analytical 

tools need to be developed to serve for specific situational awareness purposes. The 

improvement in surveillance methods and data analysis tools will further advance influenza 

surveillance systems’ capabilities in supporting decision making through clarifying uncertainties.  
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Appendix I  

Data Sources Description for Chapter II 

The following paragraphs provide detailed information on the data sources and collection 

procedures, which is supplementary to the methods described in the paper. 

 

• Communication Data: 

o University broadcasts, preparedness website updates, and H1N1-related on campus 

media reports were retrieved from emails, web pages and paper prints available on 

campus. H1N1-related messages were classified into four major categories for 

university A and six for university B, and counted based on the appearance in any of 

the media sources outlined above. In addition, relevant policies were collected and 

reviewed by interviewing key staff members. 

• Student ILI cases reported to medical staff include: 

o University A Hospital Emergency Department visits:  University A Hospital 

emergency room visits records were retrieved based on the following searching 

criteria: age 17-24 years and fever. Fever cases with other obvious causes were 

manually filtered out. Student status was not known, so some may be other in that age 

range living in the community.  These data are available on a daily basis from August 

30th, 2009 to March 26th, 2010, and is aggregated by adding cases in each 7-day 

period starting at midnight on Saturday. 

o University A Student Health Center: This data set included the total of visits to the 

Student Health Center, off-hour calls to the Student Health Center, and calls to the 
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nurse-operated H1N1 advice line. Those who met the following criteria were counted: 

fever (> 100F) AND (cough and/or sore throat) in the absence of a known cause other 

than influenza.  Logs were reviewed to ensure that individuals were counted only 

once. These data are available on a daily basis from August 30th, 2009 to April 14th, 

2010, and are aggregated by adding cases in each 7-day period starting at midnight on 

Saturday. 

o University B Hospital Emergency Department visits: Data from the ED electronic 

health record (Picis, Inc.) was obtained retrospectively in aggregate (number of 

cases/week).  University B ED visits for ILI were included using following criteria: 

age 17-24 years old and the following: chief complaint of “flu” or “fever” or 

discharge diagnosis of “influenza” or “viral syndrome”. Student status was not 

available. Data were available on a daily basis from August 29th, 2009 to April 30th, 

2010, and were aggregated by adding cases in each 7-day period. 

o University B Student Health Service: This data set included the total number of ILI 

related patient visits to the Student Health Service, and telephone consultations. 

Those who met the following CDC criteria were counted: fever (> 100F) AND 

(cough and/or sore throat) in the absence of a known cause other than influenza.  

These data correspond to that data submitted to the CDC, as a sentinel provider site 

for ILINet. The ILI cases report is available from the 35th week of 2009 till the 21st 

week of 2010; however University B SHS extended collection of data due to the 

H1N1 pandemic. These data were collected on a daily basis during the novel H1N1 
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pandemic period, from August 30th, 2009 to April 14th, 2010, and are aggregated by 

adding cases in each 7-day period starting at midnight on Saturday. 

• Student absenteeism reported to non-medical staff include (University A): 

o ILI cases from deans: Dean’s Offices at the four undergraduate colleges collected 

ILI related student absence data based on the emails and phone calls from individual 

students. These data were collected on weekly basis, from Saturday to the following 

Friday. It was not until September 12th, 2009 that all four colleges participated in 

reporting. Data are available from August 29th, 2009 to March 5th, 2010. 

o ILI cases reported by athletic trainers (AT) and resident assistants (RA): Athletic 

team trainers kept track of individual student athletes and report ILI cases with 

information regarding symptoms, date of symptom onset, duration, and the 

temperature taken by the head athletic trainer. The information was reported on 

weekly basis, from Saturday to Friday, available from August 29th, 2009 to March 

5th, 2010. Resident assistants also collected reports from the sick students or their 

roommates on daily basis. Data were reviewed so that no student is counted twice in 

the same week. These data were aggregated by adding cases in each 7-day period 

starting at midnight on Saturday, and is available from August 29th, 2009 to March 

5th, 2010, although no new cases were reported from RA after November 20th, 2009. 

• Employee absenteeism data (University A): 

o Real-time employee absenteeism: The real-time employee absence data came from 

the call-in sick log at the Facilities Office and Dining Services. The Facilities Office 

log is available on daily basis from June 1, 2009 to May 28th, 2010, and is aggregated 
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by adding cases in each 7-day period starting at midnight on Saturday. The 

timekeeper reviewed the log so that the individuals are counted once for leaves taken 

in consecutive days. The reason for sick leave can be any kind of physical discomfort. 

Employee call-in sick data from Dining Services are reported on weekly basis, from 

Saturday to the following Friday. Only ILI-related absence is recorded. These data are 

available from September 5th, 2009 to March 5th, 2010.  

o Retrospective employee absenteeism of 2009 and 2008: This dataset is retrieved 

from the payroll system, which keeps tracking employee absences for management 

purposes. Non-union employees are paid on either bi-weekly or monthly basis and 

only recorded for “unscheduled leave,” while the employees represented by the union 

are paid on a bi-weekly basis and recorded as “sick leave.” In order to simplify and 

collapse the datasets, we add two groups of data together with the awareness that we 

may have been overestimating the ILI-related absenteeism for non-union employees. 

Also, since the starting and ending points are not constant in every week, to make it 

comparable to other datasets, we calculate the average incidence per day for every 

payroll cycle and calculate weekly absence incidence based on the cycle from 

Saturday to Friday. No faculty members, students, Facilities Office or Dining 

Services employees are represented in this dataset. These data is available from July 

1st 2008 to December 31st 2009. 

• Supply distribution data (University A only): 

o Supply distribution data includes the aggregate number of pre-packaged meals, masks 

and thermometers picked up in student resident halls, based on reports from the 
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Residence Hall Offices (RHO). Data is available from August 28, 2009 to April 10, 

2010 on weekly basis.  

• External Surveillance Data include: 

o ACHA: American College Health Association Pandemic Influenza Surveillance 

Network collected reports on a voluntary basis from institutions of higher education 

regarding the number of new cases of ILI [ICD-CM Diagnosis 487.1]. Data reported 

are for the weekly period (Saturday through Friday), reported to ACHA as of the 

following Monday (ACHA 2010). ACHA Regional Data refers to data for region 3 

(DE, DC, MD, PA, VA, WV). These data are available from August 22nd, 2009 to 

April 30th, 2010. The attack rate is calculated based on the new cases and the served 

universities and colleges population on weekly basis. 

o ILINet: The CDC Outpatient Influenza-like Illness Surveillance Network consists of 

weekly reports from more than 3,000 healthcare providers nationwide on the 

proportion of their patients with ILI (fever (> 100F) AND (cough and/or sore throat) 

in the absence of a known cause other than influenza. These data are available on 

CDC Flu View website on a weekly basis throughout the year, and the week runs 

from Saturday through the following Friday (Centers for Disease Control and 

Prevention 2012c).  

o Google Flu Trends: The website Google	  Flu	  Trends, developed by Google.org, uses 

aggregated Google search data on influenza-like illness (ILI) symptoms to estimate 

flu activity “up to two weeks faster than traditional systems” (Google.org Flu Trends 

2010). The ILI related web queries data in Washington, DC area is available on its 
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website and updated on daily basis. In previous studies, Google Flu Trends data 

shows high consistency with CDC surveillance data, and has been used as an estimate 

of CDC data on local level. Since the DC Google Flu Trends data corresponds well to 

region 3 CDC ILINet data in general pattern, we use regional CDC ILInet data as an 

estimate for A/H1N1 transmission in community in Washington, DC area. 
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Appendix II  

Summary Table of the Surveillance Systems for Chapter II 

 

	   Surveillance	  
System	   Case	  Definition	   Population	   Reporter	   Timelin

ess	  
Active/
Passive	  

Data	  
Collection	  
Methods	  

U
ni
ve
rs
ity

	  A
	  

SHC	  -‐	  Clinic	  
Visit	  +	  off-‐
hour	  log	  

Fever	  (>	  100F)	  AND	  (cough	  
and/or	  sore	  throat)	  in	  the	  
absence	  of	  a	  known	  cause	  
other	  than	  influenza	  

Univ	  A	  
student	  

Clinicians	   Daily	   Passive	   Manual	  

SHC	  -‐	  Hotline	   Fever	  (>	  100F)	  AND	  (cough	  
and/or	  sore	  throat)	  in	  the	  
absence	  of	  a	  known	  cause	  
other	  than	  influenza	  

Univ	  A	  
student	  

Nurses	   Daily	   Passive	   Manual	  

Emergency	  
Department	  
Visits	  

Fever	  cases	  in	  the	  absence	  
of	  a	  known	  cause	  other	  
than	  influenza	  

Patient	  
aged	  17-‐24	  
yr	  old	  

Clinicians	   Daily	   Passive	   Electroni
c	  

Deans’	  
Reports	  

Student	  self-‐reported	  
influenza-‐like-‐illness	  via	  
emails	  and	  phone	  calls	  

Univ	  A	  
student	  

Deans	   Weekly	   Passive	   Manual	  

Athletic	  
Trainers’	  
Reports	  

Student	  self-‐reported	  
influenza-‐like-‐illness,	  
temperature	  taken	  by	  the	  
head	  athletic	  trainer	  	  

Univ	  A	  
student	  
athletes	  

Athletic	  
Trainers	  

Weekly	   Passive	   Manual	  

Resident	  
Assistants’	  
Reports	  

Student	  self-‐reported	  
influenza-‐like-‐illness	  

Univ	  A	  
student	  

Resident	  
Assistants	  

Daily	   Passive	   Manual	  

Supply	  
Distribution	  

Pre-‐packaged	  meals,	  
masks	  and	  thermometers	  
picked	  up	  in	  student	  
resident	  halls	  

Univ	  A	  
student	  

Resident	  
Hall	  Offices	  
Staff	  

Weekly	   Passive	   Manual	  

Real-‐time	  
Employee	  
Absenteeism	  

Employee	  self-‐reported	  
influenza-‐like-‐illness	  via	  
phone	  calls	  

Univ	  A	  
Facilities	  
Office	  and	  
Dining	  
Services	  
employee	  

Timekeeper	   Daily	   Passive	   Manual	  

Retrospective	  
Employee	  
Absenteeism	  

“Unscheduled	  leave”	  
taken	  by	  non-‐union	  
employees	  and	  “sick	  
leave”	  taken	  by	  
employees	  from	  the	  

Univ	  A	  
employees	  
(excluding	  
faculty	  and	  
employees	  

Human	  
Resources	  
Staff	  

Bi-‐
weekly/	  
Monthly	  

Passive	   Electroni
c	  
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union.	   from	  
Facilities	  
Office	  and	  
Dining	  
Services)	  

U
ni
ve
rs
ity

	  B
	  

SHS:	  Clinic	  
visits	  +	  
telephone	  
consultations	  

Fever	  (>	  100F)	  AND	  (cough	  
and/or	  sore	  throat)	  in	  the	  
absence	  of	  a	  known	  cause	  
other	  than	  influenza	  

Univ	  B	  
student	  

Clinicians	   Daily	   Passive	   Manual	  

Emergency	  
Department	  
visits	  

Chief	  complaint	  of	  “flu”	  or	  
“fever”	  or	  discharge	  
diagnosis	  of	  “influenza”	  or	  
“viral	  syndrome”.	  

Patient	  
aged	  17-‐24	  
yr	  old	  

Clinicians	   Daily	   Passive	   Electroni
c	  

Ex
te
rn
al
	  D
at
a	  

ACHA	   Fever	  (>	  100F)	  AND	  (cough	  
and/or	  sore	  throat)	  in	  the	  
absence	  of	  a	  known	  cause	  
other	  than	  influenza	  

Student	  at	  
participatin
g	  
universities	  
and	  
colleges	  

Clinicians	   Weekly	   Passive	   Electroni
c	  

ILINet	   ILI	  (fever	  (>	  100F)	  AND	  
(cough	  and/or	  sore	  throat)	  
in	  the	  absence	  of	  a	  known	  
cause	  other	  than	  influenza	  

General	  
public	  

Clinicians	   Weekly	   Passive	   Electroni
c	  

Google	  Flu	  
Trends	  

Influenza	  related	  web	  
queries	  

General	  
public	  

Google	  
searching	  
engine	  

Daily	   Passive	   Electroni
c	  
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Appendix III  

Interview Outline for Chapter IV 

• Factual questions 

o Influenza surveillance systems implemented before 2009 

§ What are the types of influenza surveillance systems conducted at your 

department? 

§ Any locally developed syndromic surveillance systems (e.g. school 

absenteeism, ER visit, etc.) 

§ What are the primary purposes of implementing these surveillance 

systems? 

o Were any new surveillance systems or new features added to the existing 

surveillance systems during or after pH1N1 outbreak? 

§ Why these specific new systems or features? 

§ What triggered that decision of adding new systems or features? 

§ How were the new systems or features implemented?  

§ Was it improvised based on what you knew (and what you didn’t know) 

about the pH1N1 outbreak or guided by the Pandemic Flu Plan? 

§ Did the new surveillance system provide “actionable” information (e.g. 

implementing interventions, prioritizing resources, revising guidelines, 

etc.)?  

• Evaluative questions 
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o During the pH1N1 outbreak, what do you think was the most important 

information that drove decision-making? 

o What information that you would wish that you could have had for better 

decision-making? 

o For a pandemic flu outbreak with moderate virulence like the pH1N1, how would 

you prioritize the objectives of influenza surveillance differently, as compared to 

a more severe scenario?  

o Who are the primary audience of the influenza surveillance reports released by 

your department?  

o What did you do to make sure the information you provided addressed their 

needs? 
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Appendix IV 

Georgetown University Institutional Review Board (IRB) Exempt Approval 

 
1. IRB Exempt Approval for Chapter II 
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2. IRB Exempt Approval for Chapter IV 
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Appendix V  

Supplementary Tables and Figures for Chapter V 

 
Figure 21 Comparison of the posteriors for informational environment indices of using informed 
and non-informed prior distributions 

Note: Y3:GOPC; Y5:RHE; Y7:CCC/KG. rho2 is the coefficient for non-flu index, rho3 is the 
coefficient for illness index, and rho4 is the coefficient for public awareness index. 
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Figure 22 Comparison of the posteriors for informational environment indices of winter/spring 
peak and summer peak in 2008 

Note: : Y1:flu-HA; Y2: P&I-HA;Y3:GOPC; Y4:GP; Y5:RHE; Y6:Lab(%positive); Y7:CCC/KG; 
Y8:P&I-HA(0-15yr);Y9:P&I-HA(65+yr); Y10:Lab(#specimen);Y11:(#positive). rho2 is the 
coefficient for non-flu index, rho3 is the coefficient for illness index, and rho4 is the coefficient for 
public awareness index. 

 
Figure 23 Posterior distributions of 𝜷𝒋,𝒕,𝒎 (m=2,..,5; j=7,8,9) in the P model 

Note: Y7 (P&I-HA), Y8(P&I-HA 5-14yr), Y9(P&I-HA 65+yr).  
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Figure 24 Posterior distributions of 𝜶𝒋,𝒕,𝒎 (m=2,..,7; j=6,…,9) in the P model 

Note: Y6(lab%positive), Y7 (P&I-HA), Y8(P&I-HA 5-14yr), Y9(P&I-HA 65+yr). 
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Figure 25 Posterior distribution for the informational environment coefficients in year segmented 
NP model 

A) Non-flu index coefficient (rho2) for 2007 (upper) and 2008 (lower);B) Illness index coefficient 
(rho3) for 2007 (upper) and 2008 (lower); C) Public awareness index coefficient (rho4) for 2007 
(upper) and 2008 (lower). Note: Y1:flu-HA; Y2: P&I-HA;Y3:GOPC; Y4:GP; 
Y5:RHE;Y6:Lab(%positive);Y7:CCC/KG; Y8:P&I-HA(0-15yr);Y9:P&I-HA(65+yr); 
Y10:Lab(#specimen);Y11:(#positive). 

 
Table 20 Posterior distributions for the basic P model 

Coefficient Surveillance System Mean SD Lower 95% Median Upper 95% 
alpha1 flu-HA 5.0820 0.0328 5.0170 5.0820 5.1460 
alpha2 flu-HA 0.1347 0.0246 0.0865 0.1347 0.1829 
alpha3 flu-HA 0.1512 0.0232 0.1059 0.1512 0.1967 
alpha4 flu-HA -0.2123 0.0193 -0.2504 -0.2122 -0.1749 
alpha5 flu-HA -0.1476 0.0234 -0.1934 -0.1476 -0.1017 
alpha6 flu-HA -0.0761 0.0088 -0.0933 -0.0761 -0.0589 
alpha7 flu-HA 0.1624 0.0161 0.1309 0.1624 0.1939 
alpha1 DFC 7.3270 0.0098 7.3070 7.3270 7.3460 
alpha2 DFC 0.2144 0.0074 0.1999 0.2144 0.2290 
alpha3 DFC 0.1218 0.0070 0.1080 0.1217 0.1355 
alpha4 DFC -0.1702 0.0058 -0.1815 -0.1702 -0.1590 
alpha5 DFC -0.1190 0.0072 -0.1332 -0.1190 -0.1048 
alpha6 DFC -0.0288 0.0028 -0.0342 -0.0288 -0.0234 
alpha7 DFC 0.0394 0.0052 0.0293 0.0394 0.0496 
alpha1 NID 5.8560 0.0188 5.8190 5.8560 5.8930 
alpha2 NID 0.1686 0.0137 0.1418 0.1686 0.1955 
alpha3 NID 0.3858 0.0129 0.3607 0.3858 0.4111 
alpha4 NID -0.2386 0.0116 -0.2615 -0.2386 -0.2161 
alpha5 NID -0.1169 0.0141 -0.1445 -0.1169 -0.0894 
alpha6 NID -0.0390 0.0055 -0.0498 -0.0390 -0.0283 
alpha7 NID 0.0029 0.0102 -0.0171 0.0030 0.0229 
alpha1 GP 1.6410 0.0301 1.5810 1.6410 1.7010 
alpha2 GP 0.0039 0.0251 -0.0461 0.0039 0.0538 
alpha3 GP 0.0185 0.0232 -0.0276 0.0185 0.0647 
alpha4 GP -0.0156 0.0156 -0.0466 -0.0156 0.0155 
alpha5 GP 0.0254 0.0235 -0.0213 0.0254 0.0723 
alpha6 GP 0.0066 0.0087 -0.0106 0.0066 0.0239 
alpha7 GP -0.0155 0.0158 -0.0470 -0.0154 0.0160 
alpha1 RHE 0.1206 0.0471 0.0268 0.1206 0.2146 
alpha2 RHE 0.0115 0.0392 -0.0666 0.0115 0.0895 
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alpha3 RHE -0.0070 0.0362 -0.0791 -0.0070 0.0652 
alpha4 RHE -0.0145 0.0244 -0.0630 -0.0145 0.0342 
alpha5 RHE -0.0040 0.0368 -0.0773 -0.0040 0.0694 
alpha6 RHE -0.0037 0.0135 -0.0305 -0.0037 0.0232 
alpha7 RHE 0.0000 0.0247 -0.0492 0.0000 0.0490 
alpha1 Lab(%positive) 2.2520 0.1136 2.0260 2.2520 2.4780 
alpha2 Lab(%positive) 0.1170 0.0946 -0.0711 0.1170 0.3056 
alpha3 Lab(%positive) -0.0454 0.0875 -0.2197 -0.0452 0.1287 
alpha4 Lab(%positive) -0.0593 0.0588 -0.1764 -0.0592 0.0578 
alpha5 Lab(%positive) -0.0743 0.0890 -0.2515 -0.0744 0.1031 
alpha6 Lab(%positive) -0.0337 0.0325 -0.0984 -0.0336 0.0310 
alpha7 Lab(%positive) -0.0132 0.0595 -0.1318 -0.0133 0.1053 
alpha1 P&I-HA 6.7970 0.0143 6.7690 6.7970 6.8260 
alpha2 P&I-HA -0.0068 0.0119 -0.0302 -0.0068 0.0166 
alpha3 P&I-HA 0.0523 0.0110 0.0307 0.0523 0.0739 
alpha4 P&I-HA -0.0309 0.0077 -0.0460 -0.0309 -0.0160 
alpha5 P&I-HA 0.0170 0.0112 -0.0050 0.0169 0.0390 
alpha6 P&I-HA -0.0214 0.0042 -0.0298 -0.0214 -0.0131 
alpha7 P&I-HA 0.0474 0.0078 0.0321 0.0474 0.0627 
alpha1 P&I-HA(0-15yr) 4.8910 0.0333 4.8250 4.8910 4.9560 
alpha2 P&I-HA(0-15yr) 0.0103 0.0281 -0.0449 0.0103 0.0654 
alpha3 P&I-HA(0-15yr) 0.0925 0.0266 0.0404 0.0925 0.1447 
alpha4 P&I-HA(0-15yr) -0.0957 0.0192 -0.1335 -0.0956 -0.0584 
alpha5 P&I-HA(0-15yr) 0.1084 0.0268 0.0560 0.1083 0.1610 
alpha6 P&I-HA(0-15yr) -0.0228 0.0103 -0.0431 -0.0228 -0.0026 
alpha7 P&I-HA(0-15yr) 0.0767 0.0192 0.0392 0.0767 0.1143 
alpha1 P&I-HA(65+yr) 6.3860 0.0184 6.3500 6.3860 6.4230 
alpha2 P&I-HA(65+yr) -0.0124 0.0152 -0.0422 -0.0124 0.0173 
alpha3 P&I-HA(65+yr) 0.0525 0.0139 0.0253 0.0525 0.0797 
alpha4 P&I-HA(65+yr) -0.0069 0.0096 -0.0257 -0.0069 0.0117 
alpha5 P&I-HA(65+yr) -0.0282 0.0143 -0.0562 -0.0283 -0.0003 
alpha6 P&I-HA(65+yr) -0.0215 0.0053 -0.0320 -0.0215 -0.0110 
alpha7 P&I-HA(65+yr) 0.0228 0.0098 0.0036 0.0228 0.0421 
alpha1 Lab(#specimen) 7.8460 0.0085 7.8290 7.8460 7.8620 
alpha2 Lab(#specimen) 0.0777 0.0065 0.0650 0.0777 0.0904 
alpha3 Lab(#specimen) 0.1682 0.0061 0.1562 0.1682 0.1801 
alpha4 Lab(#specimen) -0.1577 0.0049 -0.1674 -0.1577 -0.1480 
alpha5 Lab(#specimen) -0.1972 0.0062 -0.2094 -0.1972 -0.1850 
alpha6 Lab(#specimen) -0.0236 0.0023 -0.0282 -0.0236 -0.0191 
alpha7 Lab(#specimen) 0.0121 0.0044 0.0036 0.0121 0.0207 
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alpha1 Lab(#positive) 6.2630 0.0177 6.2280 6.2630 6.2980 
alpha2 Lab(#positive) 0.2504 0.0124 0.2260 0.2504 0.2747 
alpha3 Lab(#positive) 0.2270 0.0114 0.2048 0.2270 0.2493 
alpha4 Lab(#positive) -0.2548 0.0102 -0.2748 -0.2547 -0.2349 
alpha5 Lab(#positive) -0.2874 0.0124 -0.3118 -0.2874 -0.2630 
alpha6 Lab(#positive) -0.1149 0.0049 -0.1245 -0.1149 -0.1054 
alpha7 Lab(#positive) 0.0585 0.0091 0.0407 0.0585 0.0762 
beta1 flu-HA 0.0857 0.0051 0.0757 0.0857 0.0958 
beta2 flu-HA 0.0099 0.0044 0.0013 0.0099 0.0186 
beta3 flu-HA 0.0120 0.0010 0.0101 0.0120 0.0139 
beta4 flu-HA -0.0297 0.0037 -0.0369 -0.0297 -0.0225 
beta5 flu-HA 0.0002 0.0038 -0.0072 0.0002 0.0076 
beta1 DFC 0.1092 0.0015 0.1063 0.1092 0.1122 
beta2 DFC -0.0059 0.0013 -0.0086 -0.0059 -0.0033 
beta3 DFC 0.0119 0.0003 0.0113 0.0119 0.0125 
beta4 DFC -0.0223 0.0011 -0.0245 -0.0223 -0.0201 
beta5 DFC 0.0026 0.0011 0.0004 0.0026 0.0049 
beta1 NID 0.1661 0.0026 0.1610 0.1661 0.1712 
beta2 NID -0.0286 0.0022 -0.0330 -0.0286 -0.0242 
beta3 NID 0.0190 0.0006 0.0179 0.0190 0.0201 
beta4 NID -0.0124 0.0019 -0.0161 -0.0124 -0.0088 
beta5 NID 0.0062 0.0019 0.0025 0.0062 0.0099 
beta1 GP 0.0235 0.0055 0.0125 0.0235 0.0346 
beta2 GP 0.0016 0.0049 -0.0082 0.0016 0.0113 
beta3 GP 0.0007 0.0011 -0.0014 0.0007 0.0028 
beta4 GP -0.0021 0.0046 -0.0112 -0.0021 0.0070 
beta5 GP -0.0010 0.0041 -0.0091 -0.0010 0.0071 
beta1 RHE -0.0061 0.0087 -0.0234 -0.0061 0.0112 
beta2 RHE 0.0063 0.0076 -0.0089 0.0064 0.0215 
beta3 RHE -0.0004 0.0017 -0.0037 -0.0004 0.0029 
beta4 RHE 0.0005 0.0072 -0.0137 0.0005 0.0148 
beta5 RHE -0.0063 0.0063 -0.0190 -0.0063 0.0063 
beta1 Lab(%positive) 0.0234 0.0209 -0.0182 0.0234 0.0650 
beta2 Lab(%positive) 0.0271 0.0185 -0.0097 0.0271 0.0636 
beta3 Lab(%positive) 0.0077 0.0040 -0.0003 0.0077 0.0157 
beta4 Lab(%positive) -0.0188 0.0173 -0.0532 -0.0188 0.0155 
beta5 Lab(%positive) -0.0202 0.0153 -0.0508 -0.0202 0.0102 
beta1 P&I-HA 0.0221 0.0025 0.0171 0.0221 0.0270 
beta2 P&I-HA 0.0058 0.0023 0.0014 0.0058 0.0103 
beta3 P&I-HA 0.0014 0.0005 0.0005 0.0014 0.0024 
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beta4 P&I-HA -0.0026 0.0021 -0.0066 -0.0026 0.0015 
beta5 P&I-HA -0.0033 0.0019 -0.0071 -0.0033 0.0005 
beta1 P&I-HA(0-15yr) 0.0644 0.0055 0.0538 0.0644 0.0751 
beta2 P&I-HA(0-15yr) 0.0028 0.0051 -0.0072 0.0028 0.0128 
beta3 P&I-HA(0-15yr) 0.0039 0.0011 0.0018 0.0039 0.0061 
beta4 P&I-HA(0-15yr) -0.0014 0.0043 -0.0099 -0.0014 0.0071 
beta5 P&I-HA(0-15yr) -0.0055 0.0044 -0.0143 -0.0055 0.0031 
beta1 P&I-HA(65+yr) 0.0057 0.0033 -0.0009 0.0057 0.0122 
beta2 P&I-HA(65+yr) 0.0030 0.0029 -0.0027 0.0030 0.0087 
beta3 P&I-HA(65+yr) 0.0013 0.0006 0.0001 0.0013 0.0026 
beta4 P&I-HA(65+yr) -0.0028 0.0027 -0.0081 -0.0028 0.0025 
beta5 P&I-HA(65+yr) -0.0005 0.0024 -0.0053 -0.0005 0.0043 
beta1 Lab(#specimen) 0.0532 0.0014 0.0505 0.0532 0.0559 
beta2 Lab(#specimen) -0.0026 0.0012 -0.0050 -0.0026 -0.0002 
beta3 Lab(#specimen) 0.0123 0.0003 0.0118 0.0123 0.0129 
beta4 Lab(#specimen) -0.0061 0.0011 -0.0082 -0.0061 -0.0040 
beta5 Lab(#specimen) -0.0146 0.0010 -0.0166 -0.0146 -0.0126 
beta1 Lab(#positive) 0.1093 0.0026 0.1042 0.1093 0.1144 
beta2 Lab(#positive) 0.0127 0.0022 0.0085 0.0127 0.0169 
beta3 Lab(#positive) 0.0228 0.0005 0.0218 0.0228 0.0238 
beta4 Lab(#positive) -0.0332 0.0018 -0.0367 -0.0332 -0.0297 
beta5 Lab(#positive) -0.0062 0.0019 -0.0099 -0.0062 -0.0026 
tau.e GP 281.1000 119.9000 97.8300 264.1000 560.7000 
tau.e RHE 115.2000 49.1000 39.8600 108.3000 229.5000 
tau.e Lab(%positive) 19.7000 8.3890 6.8650 18.5100 39.2300 
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Appendix VI 

Confirmation of Permissions for Use of Copyrighted Material 
 

The second and third chapters are based on manuscripts that have been published on 

other publications. Letters granting the permission to use the content of the published work from 

the editors were attached below. 

Figure 1 Copyright permission for the second chapter  
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Figure 2 Copyright permission for the third chapter 
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Appendix VII 

Abbreviations 

AARs  After-Action Reports  

ACHA  the American College Health Association  

AIC  Akaike's Information Criterion 

AT  Athletic trainers  

BIC  Bayesian information criterion 

CAR  Conditional auto-regression 

CCC/KG Child care centers and kindergartens 

CDC  Centers for Disease Control and Prevention  

CHP  Centre for Health Protection  

CI  Credible interval 

CUSUM  Cumulative sum  

DALY  Disease burden indicator disability-adjusted life year 

DERSS  Delaware electronic surveillance system  

DFC  Designated flu clinics  

DIC  Deviance Information Criterion 

DiSTRIBuTE  the Distributed Surveillance Taskforce for Real-time Influenza Burden Tracking 

and Evaluation  

DHMH Department of Health and Mental Hygiene  

DOTS  Directly observed treatment strategy 

EARS  Early Aberration Reporting System 
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ED  Emergency department 

ESSENCE the Early Notification of Community-Based Epidemics  

EWMA Exponentially weighted moving average 

FAO  Food and Agriculture Organization 

flu-HA  Hospital admissions with principal diagnosis of influenza 

GISRS  Global Influenza Surveillance and Response System  

GOPC  General out-patient clinics 

GP  General practitioner 

GPHIN  Global Public Health Intelligence Network 

HA  Hemagglutinin  

HHS  Department of Health and Human Services  

HIPAA Health Insurance Portability and Accountability Act 

HIV/AIDS Human immunodeficiency virus infection / acquired immunodeficiency syndrome 

HPA  Health Protection Agency 

Lab(#positive) Number of specimen tested positive for influenza virus 

Lab(#specimen) Number of specimen received for laboratory testing 

Lab(%positive) Percentage of confirmed influenza cases among all the tested samples 

ICU  Intensive care unit 

IHEs  Institutions of Higher Education  

IHR  International Health Regulations  

ILI  Influenza-like-illness 

ILINet   Influenza-like Illness Surveillance Program 
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InDRE  Mexico’s Institute for Epidemiologic Diagnosis and Reference 

IRB  Institutional Review Board 

MCMC Markov Chain Monte Carlo  

MDR-TB Multi-drug resistant Tuberculosis 

MMR  Measles-mumps-rubella 

MMWR Morbidity and Mortality Weekly Report  

MRSA  Methicillin-resistant Staphylococcus aureus 

NA  Neuraminidase 

NAPAPI the North American Plan for Avian and Pandemic Influenza  

NCDETECT the North Carolina Disease Event Tracking and Epidemiologic Collection Tool 

NDR  Non-disease related 

NHRC  Naval Health Research Center  

NHS  National Health Service  

NHSS  National Health Security Strategy  

NID  Notifiable infectious disease reporting 

NML  the Canadian National Microbiology Laboratory  

NP  Non-pandemic 

NREVSS National Respiratory and Enteric Virus Surveillance System  

NRMSE  Normalized root-mean-square error 

OIE  World Organization for Animal Health 

OTC  Over-the-counter 

P  Pandemic 
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PAHO  Pan American Health Organization 

PCAST  The President’s Council of Advisor on Science and Technology  

P&I-HA Hospital admissions with principal diagnosis of pneumonia and influenza 

pD  the effective number of parameters 

PHAC  Public Health Agency of Canada  

PHEIC  Public health emergency of international concern 

ProMED Program for Monitoring Emerging Diseases 

QI  Quality improvement 

RA  Resident assistants  

RCA  root cause analysis 

RHE  Residential care homes for the elderly 

RHO  Residence hall offices 

RMSE  Root-mean-square error  

RODS  the Real-time Outbreak and Disease Surveillance  

RSV  Respiratory syncytial virus  

rT-PCR Real-time polymerase chain reaction  

SARS  Severe acute respiratory syndrome 

SHC  Student health center  

SINAVE the Mexico National Surveillance System 

SPP  the Security and Prosperity Partnership of North America  

U.S.  The United States 

WHO  World Health Organization  
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