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Abstract 

Background: Through years of observational research it has become accepted that the influenza 

(flu) vaccination reduces mortality in an older population. However, despite 50 years of targeted 

administration, the national statistics for influenza-related mortality among the elderly are 

unchanged.  

     Objectives: We attempt to distinguish vaccine effective from selection bias using data from a 

California Veterans Medical Centers (n=38,736) age 65 and older.  

     Methods: Two methods were used to differentiate effect from bias. The first method was the 

development of a 24 month mortality prediction logistic model. The second method was 

stratification by risk of death into deciles from low risk (0.03) to high risk (0.59) and evaluating 

the vaccine’s effect on mortality within each decile. 

     Results:  There was very little change in model concordance between the model with 

influenza vaccine (77.8%) as a variable and the model without influenza vaccine (77.7%). For the 

division by risk deciles, we had precision to the third decimal point and could not detect a 

vaccine effect.   

     Discussion: We evaluated all-cause mortality across 7 years, starting in October of 2002 and 

ending September 2009, in an elderly California Veteran population. During this time there were 

7,944 deaths. Vaccine coverage averaged 42%. We could detect no overt effect of the current 

vaccine dose given to veterans. 
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Introduction and Background 

Influenza is directly related to approximately 36,000 deaths per year 

(http://www.cdc.gov/flu/about/disease/) and based on 2003 US population figures, direct and 

indirect costs attributable to these deaths was $87.1 billion (Molinari et al 2007). Ninety percent of 

these influenza-related deaths are among persons over age 75. Seventy-four percent of Medicare 

recipients receive the influenza vaccine (Fiore et al 2010). Despite a successful public health 

campaign to vaccinate adults 65 and over, at the epidemiological level there has been no change 

in the rates of morbidity and mortality attributable to influenza. This phenomenon is not unique to 

the United States. In all countries that track influenza and vaccination rates there have been no 

changes in overall incidence of influenza-associated death in older people despite decades of 

favorable research studies indicating that those who get the vaccine are less likely to die than 

those who do not get vaccinated.  

The incidence of influenza-related mortality is important to the Veterans Administration 

Healthcare System (VA), which is the largest integrated health care delivery system in the United 

States serving 5.5 million veterans with over 60 million outpatient visits 

(http://www.va.gov/opa/publications/factsheets/fs_department_of_veterans_affairs.pdf).  Veterans 

currently constitute approximately 8 percent of the total U.S. population, or roughly 23 million 

people (U.S. Census Bureau 2010). The proportion of the aging veteran population has outpaced 

that of the general population for the last decade (Villa et at., 2003). As of November 2012, the 

percentage of patients 65 and older was 42.1% (va.gov quick facts) and is expected to reach 

54% of the Veteran population in about 2030 (Villa, Harada, Washington, & Damron-Rodriguez, 

2003). The VA struggles to provide services to an elderly population. If a routine preventative 

action like influenza immunization could be improved, minimizing inpatient care and related 

morbidity and mortality, it would have a huge bottom-line impact.  

There has been little research examining the evidence of vaccination effectiveness within the VA.  

One constraint on such research, both in the VA and elsewhere, is that vaccination is the 

recognized standard of care; therefore a placebo controlled randomized control study cannot 
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restrict access to immunization. Consequently, most influenza research uses administrative data 

sets (data sets that capture populations at the person-level and focus on the particular rather than 

the general). The resulting research produced conflicting findings. Some authors find that the 

vaccine is effective for all ages; some find limited effectiveness and then with only certain 

segments of the older population, and some find no benefit what-so-ever. There is also ambiguity 

as to who gets the vaccine. Some researchers report that the old and frail do not get vaccinated 

while other research that says the old and frail are the ones who do get vaccinated. This is 

important because frailty and diminished cognition are both associated with death. Not adjusting 

for this will skew study results. But it is difficult to extrapolate physiological functioning from 

administrative data. 

We focused our efforts on the ambiguous areas identified in the literature with the aim of adding 

to the weight of evidence either for or against vaccine efficacy. We used Fileman, the VA 

administrative data base, to evaluate the influenza vaccine efficacy on older ambulatory care 

patients using selected variables as markers of overall health. Chapter two introduces the 

Promoting Action on Research Implementation in Health Services (PARIHS) framework to 

organize and present the current literature on vaccination effectiveness and to discuss the 

conflicts in findings. The main issues evaluated are whether or not the research demonstrated 

vaccine efficacy and if there was healthy user bias detectable in the populations. This work 

identifies several directions for further research that laid the basis for the current study 

Chapter three describes the study methods. The first part of the study was the development of a 

mortality model using variables associated with death and frailty (chronic disease, obesity, age, 

office visits, and emergency room use).  The second step involves a re-estimation of the model 

adding whether the patient had received influenza vaccine. Efficacy was tested in two ways.  One 

approach uses changes in the model’s mortality prediction effectiveness. The other approach was 

to divide the population into deciles of predicted mortality risk, from low to high, and evaluate the 

effect of vaccine at each decile. We used seven influenza seasons, from October 1, 2002 through 

September 30, 2009, in order to compensate for variations in dosing, and to recognition that the 
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formulation of the influenza vaccine and its match to the circulating virus from season to season 

may complicate the effectiveness determination. Spanning a range in years is intended to smooth 

out any mismatch effect. 

Chapter four describes the process used to divide our sample into two equal groups and the 

testing done to ensure homogeneity between groups. The next step was the actual testing of 

specific two aims. The first aim was to create and validate a model to predict death in a 2 year 

time frame based on age, chronic disease, obesity, and outpatient clinic use. The second aim 

uses the predictive model to evaluate the mortality reduction effect of the influenza vaccine on the 

older population. 

Chapter five interprets the findings from chapter four. The data limitations and bias arising from 

the limitations are discussed. Recommendations for further study are also explored.  
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Review of the Literature 

Introduction 

Influenza immunization rates in the population > 65 were 15% as of 1986 and reached 70% in 

2005 (Lu, Singleton, Rangel, Wortley, & Bridges, 2005). At the same time, despite a targeted 

campaign to immunize vulnerable populations, national influenza mortality statistics have 

remained unchanged. There have been concurrent developments in the science of many 

interrelated fields relating to influenza (i.e. public health and immunology) but this increased 

knowledge has, in many cases, not made any appreciable change in practice, likely do to the fact 

that the majority of research studies prior to 2007 demonstrated an overwhelmingly positive effect 

of influenza vaccine for all ages and health conditions. Recently there has been a rising swell in 

research presenting evidence as to lack of vaccine effect in an older population.  Never-the-less, 

there remains a paradox in the literature as to whether or not vaccination provides a health 

benefit to older adults. This review of the literature uses the fundamental element of ‘evidence’ 

found within the Promoting Action on Research Implementation in Health Services (PARIHS) 

framework to assess inconsistencies and bias in the body of work surrounding the current 

understanding of the protective effect of influenza immunization in the elderly; and in so doing to 

identify possible areas for further study, refinement, or replication.  

Theoretical Framework: A Brief Overview of PARIHS 

One purpose of this framework is to address concerns about the evaluation of evidence-based 

practice (EBP), where the authors believe that there is an over-emphasis on rational decision 

making and linear processes at the expense of acknowledging the important influence of context 

(Kitson, Harvey, & McCormack, 1998). Kitson et al. (1998) posits that successful research 

implementation is an inter-relationship of weak and strong effects between fundamental elements 

(evidence, context, facilitation, and successful implementation of evidence-based practices) 

(Helfrich et al., 2010; Kitson, et al., 1998; Stetler, Damschroder, Helfrich, & Hagedorn, 2011).  
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Such a perspective assumes that validity of findings is assessed via varied studies across 

multiple populations, time periods, and even varied study designs.  

The PARIHS framework is used as a two-step process, the first step is a framework to guide the 

preliminary assessment of evidence and context. The second part is a guide to the  development 

of strategies for change based on the assessment (Helfrich, et al., 2010). One of the fundamental 

premises of PARISH is that research evidence is often the most heavily weighted source of 

information at the expense of other sources of knowledge. Grading the evidence as a whole 

needs to take into account the number and the context of the studies contributing to the 

conclusion as well as the appropriateness of the methods used for drawing their particular 

conclusion (Lewin et al., 2012). While an individual study may refute or support a theory, multiple 

studies viewed together contribute to strengthening or disproving a theory.  

Table 2.1 is a brief overview of the 4 elements comprising the PARIHS framework.  As stated in 

the table, the purpose of PARIHS is to guide users with the implementation of EBP. The authors 

posit that the implementation process needs structure and framework since the process is 

generally a very complex and messy process, details can get lost and progress can be stalled 

due to staff frustration with disorder and chaos. By having these 4 flexible and interrelated 

elements, at any stage in the process progress can be evaluated and measured through 

discussion and testing. Prior to implementation is the notion of readiness for change. There is no 

single way to evaluate readiness for change and part of how readiness for change is measured is 

the reliability and believability of the evidence. If staff and patients do not feel that the evidence 

supports change, there is very little chance that change can happen. This evidence for 

practitioners comes primarily through experience and through reading. Using the PARIHS 

framework to lay out the existing evidence both for and against gives form and structure to the 

change foundation.  
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Table 2.1. Brief description of the underlying PARIHS* framework 

Purpose “...to provide a map to enable others to make sense 
of [the] complexity [of implementation], and the 
elements that require attention 
if implementation is more likely to be successful” 

Core Elements 
 

• Evidence (E) = “codified and non-codified sources 
of knowledge,” as perceived by multiple stakeholders 
• Context (C) = quality of the environment or setting 
in which the research is implemented 
• Facilitation (F) = a “technique by which one person 
makes things easier for others,” achieved through 
“support to help people 
change their attitudes, habits, skills, ways of thinking, 
and working” 
Each element can be assessed for whether its status 
is weak ("low” rating) or strong ("high” rating) and 
thus can have a negative or 
positive influence on implementation. For Facilitation, 
the focus is on rating “appropriateness.” 
• Successful Implementation (SI) = is a (f)unction of 
Evidence (E), Context (C), and Facilitation (F). 
The actual complexity of this formula is 
represented in the framework through the following: 
   • Its numerous, potentially applicable sub-  
     elements within its three overarching       
     elements 
   • Its recognition of the nature of complex and 
     dynamic inter-relationships among E, C, and 
     F 

*PARIHS = Promoting Action on Research Implementation in Health Services. 
 
 

Table 2.2 focuses on the element of Evidence. There is an effort to ensure that care being 

delivered is based on the evidence of what works.  Evidence that both supports and negates the 

value of influenza immunization in the older population demonstrates that the degree of research 

utility is completely dependent on the use of an appropriate study design that takes contextual 

factors into consideration. 
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Table 2.2. Evidence Element Defined 

EVIDENCE REFERENCE TOOL: Definitions for a “Revised ” EVIDENCE Element: EVIDENCE & EBP 
CHARACTERISTICS  
 

A “Revised PARIHS Framework”: Elements & Sub-Elements 
for a Task-Oriented Approach to Implementation: SI = f 
(E,C,F) E: Evidence and EBP Characteristics: 
 
- Research and published guidelines  
- Clinical experiences and perceptions  
- Patient experiences, needs and preferences  
- Local practice information  
- Characteristics of the targeted EBP: 
• Relative advantage 
• Observability 
• Compatibility 
• Complexity 
• Trialability 
• Design quality and packaging 
• Costs 

Reference Tool Content  
This Evidence tool can be used to:  

• Clarify the team’s understanding of the Evidence 
element and enhance communication of that 
understanding to reviewers and other readers  
• Identify relevant issues that may need to be 
addressed or better understood before creating a 
diagnostic analysis or implementation strategy 
(e.g., thinking through the form, nature and 
characteristics of the evidence/recommended EBP, 
a critical first step)  
• Select diagnostic/evaluative questions relevant to 
the above understanding of the targeted EBP and 
organize those questions into a semi-structured 
interview/focus group guide. This tool can thus 
make it easier to identify potential barriers and 
facilitators to implementation related to the 
Evidence element, and thereby facilitate 
construction or refinement of an implementation 
strategy.  
• Develop and organize a retrospective interpretive 
evaluation to explore the perceived influence of 
the sources and characteristics of the 
Evidence/EBP on its implementation.  

Stetler, Damschroder, Helfrich and Hagedorn, A Guide for applying a revised version of the PARIHS framework for implementation. 

Implementation Science. 

 

Quantitative evidence remains the dominant tradition and is of higher perceived value than other 

types of evidence in the health care delivery system with randomized control trials (RCT)  as  the 

‘gold standard’ of evidence (Rycroft-Malone et al., 2004).  There remain questions about what 

evidence is and how it is used in decision-making.  According to Rycroft-Malone at al. (2004), 

“The etymology of the word ‘evidence’ is rooted in the concept of experience, relating to what is 

manifest and obvious”. The concept of evidence in the health care setting is more associated to 

notions of proof and rationality and requires independent observation and verification. Thus, 

evidence is knowledge derived from a range of sources. But how do we define knowledge?  

Knowledge is distinguished from data and information in the following ways. Data are formed 

through observations and facts out of context and are not meaningful in and of itself. Information 

places data into context. Knowledge is what we value and believe based on the accumulation of 
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information via experiences, communication, or inference (Kazdin, 2008). Knowledge can be 

stored and manipulated as a process of knowing and acting (applying expertise). Knowledge is 

fundamental to reasoning and decision making and is central to clinical practice (Rycroft-Malone, 

et al., 2004).     

While researchers try to remain objective, the fact is research is both conducted and used in a 

social context (Dopson, FitzGerald, Ferlie, Gabbay, & Locock, 2010). Consequently, there is no 

such thing as ‘the’ evidence. The reality is that there are different bodies of evidence competing 

and engendering different interpretations. Additionally, there are multiple interpretations by 

stakeholders, by individuals within a group, and between groups and professions (Rycroft-

Malone, et al., 2004). This would imply that research evidence is less value-free and definitive 

than is implied. In addition, as research is interpreted through discussion and through the lens of 

time, this is more likely to influence implementation than simply requiring it be done.   

Effectiveness of the Influenza Vaccine 

Healthy User Bias 

Research evidence is provisional and evolving (Upshur, 2001). For example, patients in RCT 

have been described as being healthier in general than average patients (Rycroft-Malone, et al., 

2004). Apart from selection bias inherent in RCT, there is the problem that controlled trials 

themselves standardize and manipulate treatment and treatment options that differ from the 

circumstances and treatment conditions of clinical work. All these ideas highlight that research is 

crucial for improving patient care but should not, on its own, inform practice and decision-making 

(Bucknall, 2003). Research evidence is more powerful when it matches clinical experience 

(Dopson, et al., 2010).  

In order for evidence-based, person-centered care to be effectively utilized, practitioners need to 

be able to integrate multiple sources of knowledge informed by a variety of sources that have 

been critically evaluated and vetted (Rycroft-Malone, et al., 2004). The age group aged 70 and 

older accounts for 90% of all the influenza-related deaths (L.  Simonsen, Taylor, Viboud, Miller, & 
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Jackson, 2007). In the absence of randomized control trial data, the evidence for vaccine effect 

relies primarily on observational studies that compare groups of self-selected people receiving the 

vaccine against people who chose not to or are not able to get vaccinated. A great number of 

these studies conclude that vaccine reduces the all-cause mortality by approximately 50% in 

community dwelling elderly compared to those elderly who are not vaccinated (Eurich, Marrie, 

Johnstone, & Majumdar, 2008; L.  Simonsen, et al., 2007) But these claims are not supported 

with estimates of influenza-related deaths reported in national vital statistic data (Singleton, 

Santibanez, & Wortley, 2005).   

Because national excess mortality studies include the entire elderly population they have the 

advantage of not being subject to selection bias. In 1960 the US government began a 

concentrated program of influenza vaccination, targeting individuals at high risk for severe 

outcomes for influenza vaccine. In the US vaccine rates among those 65 and older have risen 

from approximately 15% in 1980 to approximately 70% by 2005 (Lu, et al., 2005; L.  Simonsen, et 

al., 2007). Other countries have followed this seemingly cost-effective practice in an attempt to 

reduce the morbidity and mortality associated with influenza in the older population. These 

countries report similar uptake in vaccine by the elderly and are finding that death rates related to 

influenza are also unchanged (Jackson, 2008; Jackson, Jackson, Nelson, Neuzil, & Weiss, 2005; 

Rizzo, Viboud, Montomoli, Simonsen, & Miller, 2006; L. Simonsen, 2010; L. Simonsen et al., 

2005).  To meld research evidence with ‘truth’ will lead to errors in knowledge and beliefs 

because definitive studies rarely are definitive (Upshur, 2001). 

In fact, where many studies report a 5% excess mortality to influenza, other cohort studies report 

a 50% reduction in total deaths attributable to vaccine, an unlikely benefit 10 times greater than 

the estimated influenza mortality burden (Govaert et al., 1994; K. L  Nichol, Baken, & Nelson, 

1999; L.  Simonsen, et al., 2007). In addition to the influenza vaccine not having an effect on 

national mortality statistics for the elderly, there are studies that have noted the vaccine effect 

outside of flu season and attribute it to being consistent with a protective effect of vaccine 

(Herzog et al., 2003; Spaude et al., 2007). Others feel that this is an overstatement of the vaccine 
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effect. Studies which, after adjusting for frailty and functional status, find decreased efficacy in the 

influenza vaccine and suggest that there is substantial confounding in observational studies and 

call this “healthy user bias” (Fireman et al., 2009; Jackson, 2008; Jefferson et al., 2010; 

Majumdar, McAlister, Eurich, Padwal, & Marrie, 2006; L.  Simonsen, et al., 2007). 

According to Jackson (2008), the seasonality of influenza outbreaks creates a natural control time 

period during which no effect from influenza vaccine would be expected (Jackson, 2008). By 

evaluating morbidity and mortality risk between those who were vaccinated and those who were 

not, if the vaccinated person has a lower risk of death or illness, then a healthy person bias would 

be demonstrated since there should be no vaccine effect when the virus is not circulating. Eurich 

et al (2008) used this natural control time period to estimate the effect of bias on the estimates of 

vaccine and death for adults (Eurich, et al., 2008). After establishing a data base of all adults 17 

and older (n=1813) admitted to a Canadian hospital for off-season community-acquired 

pneumonia during the 2000 through 2002 non-influenza seasons, the researchers found that 

those who received the vaccine were 50% less likely overall to die than those who did not receive 

the vaccine. Mangtani et al. (2004) tried to correct this bias by comparing mortality benefits during 

laboratory-confirmed circulating influenza compared to the times before and after the influenza 

season (peri-influenza). They based their assumptions on the idea that vaccine benefits would be 

expected only when virus was circulating and not when there was no virus circulating but found 

that the relative risk of death was 0.80 during, after, and before influenza season. The authors 

conclude that the adjusted vaccine effect was 0%. However, they did find that when looking at 

specifically respiratory illness, there was a 12% reduction in mortality that was directly attributable 

to vaccine effect. (Mangtani et al., 2004). 

Group Health researchers found a reduction in mortality after influenza vaccine both in and out of 

the influenza season. They used the control period to show that consistent all-cause mortality 

throughout the year was due, at least in part, to bias. They found that the differences in the 

magnitude of death comparing those who were vaccinated against those who were not was 

similar whether they were looking at flu season on non-flu season (Jackson, et al., 2005). Using 
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data for people 65 and older spanning a 7 year period from 1995 through 2002, there were a total 

of 72,527 subjects (the average in each study year was 44,000) for a total of 338,264 person 

years. The vaccine uptake ranged between 68% and 74% in this group during the study years; 

people with chronic diseases tended to be more likely to have vaccine than those without 

disease. The relative risk of death before influenza season for those who were vaccinated 

compared to those who were not was 0.39 (95% CI 0.33-0.47). The comparison risk during 

influenza season was 0.56 (95% CI 0.52-0.89), and after influenza season was 0.74 (95% CI 

0.67-0.80). The relative risk of being hospitalized for pneumonia was 0.72 (95% CI 0.59-0.89) 

before influenza season, 0.82 (95% CI 0.75-0.89) during influenza season, and 0.95 (0.85-1.07) 

after influenza season. Even adjusting for diagnostic code variables did not control for this 

difference. The authors feel that the associations of the magnitude of relative risk in and out of 

influenza season demonstrate a healthy user bias. Eurich et al. (2008) also found that adjusting 

for multimorbidity did not substantively alter the estimate of the association. However, when they 

accounted for frailty indicators such as the ability to ambulate, they report that the influence of 

bias was reduced and gave the resulting OR of 0.81 (95% CI, 0.2=35-1.85) (Eurich, et al., 2008). 

It has also been posited that the unvaccinated are more likely to have functional status limitations. 

Impaired functional status indicators are associated with increased risk of death and should be 

considered confounders for the association of vaccine and mortality in seniors (L.  Simonsen, et 

al., 2007). Few RCT have been done in the elderly and this severely limits what we know about 

vaccine effect in people with compromised health and the elderly (the group with the most 

influenza related death). In one RCT (Govaert, et al., 1994) from the Netherlands, 1838 healthy 

volunteers aged 60 and over were randomly assigned to either placebo or trivalent inactivated 

vaccine considered well-matched to the circulating influenza virus. The study reported a 50% 

(95% CI 35–61%) efficacy for reduction of laboratory confirmed influenza illness among the 

volunteers. However, they report that efficacy declines substantially with age. After stratifying by 

age, the investigators estimated a vaccine efficacy of 57% in people aged 60–69 years, but 

obtained a vaccine efficacy point estimate of only 23% for people aged 70 years or older. 

Because the study population was relatively young (70% of the participants were younger than 
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70), they could not fully study the impact of age on efficacy because of the few people included in 

this group (n=278 in the vaccine group and n= 268 in the placebo group). The researchers 

expressed concern is that the 95% CI was so wide that the vaccine efficacy of 50%  in people 

aged 60 and older is not a real finding. Elderly people respond about ¼ to ½ as vigorously to 

influenza vaccine as young people do (Goodwin, Viboud, & Simonsen, 2006) so these findings 

are consistent with the theory of immunosenescence (a decline in the immune system associated 

with aging).  

We should not discount the year-round effect of influenza vaccine. Based on the research of 

Madjid et al. (2007), the authors found that seasonal influenza is likely a triggering event for both 

acute myocardial infarction (AMI) and chronic ischemic heart disease (ICD); vaccinating and 

protecting older adults in poorer health from acute respiratory infection may actually protect them 

from other health events as well (Madjid et al., 2007). Using autopsy data from 1993 through 

2000, the authors evaluated 11,892 subjects who died and were diagnosed on autopsy with AMI 

and IHD. The median age of these individuals was 75 and 65 respectively. They found that with 

every laboratory-confirmed influenza outbreak, there was a corresponding rise in the numbers of 

death associated with AMI and IHD and these deaths often exceeded the deaths due to 

respiratory causes. 

Who Gets Vaccinated? 

But even well-planned and well thought out studies may have limited relevance. Consider studies 

without a representative population, or those where the costs of application exceed the utility, or 

those studies that did not consider alternative solutions. Additionally, the results of comparative 

research are less clear-cut than placebo controlled drug trials and outcomes may be separated 

by small differences or less clear trade-offs between harm and benefit (Atkins, Kupersmith, & 

Eisen, 2010). Implementing comparative research findings may shift the burden of care from one 

group to another- from nursing to medicine, from inpatient to outpatient- and this may result in 

conflict. There may also be disagreement among individuals as to what the best choice is among 

alternatives.  Research evidence is socially and historically constructed and cannot be considered 
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acontextual and static but instead must be viewed as dynamic and eclectic (Rycroft-Malone, et 

al., 2004). Even population-based influenza vaccine studies are prone to controversy and bias.  

The effort to differentiate vaccine effect from selection bias is not a simple task. Jackson (2008) 

states that data needed to reduce or eliminate healthy user bias is usually not something that can 

be extracted from a medical record and that even using rigorous method may not be enough to 

allow for comprehensive adjustments between vaccinated and unvaccinated groups (Jackson, 

2008). Bias can arise if vaccine rates are low in people most at risk of death and research is not 

adjusted for this risk. Other authors assert that the lack of appreciable benefit for influenza 

vaccine is because higher risk individuals are more likely to be immunized than healthy adults.  

Using HMO data from the Midwest, the Pacific Northwest, and Mid-Atlantic Coast areas of the US 

for people 65 and older starting from 1996 through 2000, Nichol et al. (2007) evaluated the effect 

of influenza vaccine on health care use, hospital admissions and death from any cause, adjusting 

for age, gender, and existing co-morbidity (K. L. Nichol, Nordin, Nelson, Mullooly, & Hak, 2007). 

They adjusted for any heterogeneity among levels of vaccine effect and study sub-populations to 

reduce the effect of confounding or bias. In the main analysis, vaccinated subjects were sicker 

but unvaccinated subjects were more likely to be hospitalized or die. The hospitalization rates for 

unvaccinated people were 0.7% compared to 0.6% for vaccinated people. The death rates for 

unvaccinated and vaccinated people were 1.6% and 1.0% respectively. In addition, influenza 

vaccination was associated with reduced hospitalizations for pneumonia and for influenza 

(vaccine effectiveness 27%; adjusted odds ratio 0.73; 95% CI 0.68 to 0.77) and death (vaccine 

effectiveness 48%; adjusted odds ratio 0.52; 95% CI 0.50 to 0.55). 

Stuart et al. (2010) used the Medicare Current Beneficiary Survey (2002-2005) to evaluate the 

effect on costs associated with acute and chronic respiratory conditions for 13,402 people. 

Vaccination rates varied between 67.3% and 74.9% across the 3 influenza seasons, with the 

vaccinated people being older than 80 (30.9% of the vaccinated group versus 24.1% of the non-

vaccinated (p<0.01)), more vulnerable (residents of nursing homes) (5.7% versus 2.8% (p<0.01)), 

and higher education (17.7% versus 12.3% college educated, p<0.01)) than people not seeking 
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vaccine (Stuart et al., 2010). Gilman et al. (2006) also suggest that those who received vaccine 

were in poorer health and at increased risk for influenza-related complications when compared to 

unvaccinated older people (Gilman, Bonito, & Eicheldinger, 2006). Spaude et al. (2007) reports 

that vaccinated individuals tended to be older and had higher acuity of illness, tended not to be 

smokers, but found that there was less vaccinations among nursing home residents.  

Lu et al. (2005) asserts that adults 75 and older are more likely to have had a vaccine than adults 

who are ages 65 to 74 (65 to 74= 60.9%, 75-85=66.0%; >85 = 67.4%) (Lu, et al., 2005). This 

finding was derived using the 1989-2002 National Health Interview Survey weighted to reflect the 

civilian, non-institutionalized US population to determine self-reported levels of influenza 

vaccination. Respondents who did not know their vaccine status (0.8%) were excluded. In 

addition to older people, the researchers also report that in all years those who had been 

hospitalized within the previous 12 months and those with higher levels of provider contacts were 

more likely to have received the vaccine (Lu, et al., 2005). 

Contrast this to Jackson et al. (2005) found that high risk patients are less likely to be vaccinated 

(Jackson, et al., 2005). Fireman, et al. (2009), using an economic model to measure the 

“difference in the differences” found a curvilinear relationship between age and vaccine coverage 

and between vaccine coverage and risk of death (Fireman, et al., 2009). This “difference in the 

differences” means if the flu vaccine prevents death, then in a large population there should be a 

detectable difference between two differences.  The first difference described by the authors is 

the odds of having had a vaccination for those who die and for those who survive on days when 

flu is circulating. The second difference is in the odds of having had a prior vaccination for 

survivors and for those who died that would be similar on the same dates if flu was not circulating. 

There were similar curvilinear associations between vaccine coverage (which peaked around age 

80 and then declined), self-reported health status (vaccine coverage was highest among those 

patients who report their health status to good (74%) and then declined substantially as people 

rated their perceived health in a less favorable light (66%), and probability of death in older age 

groups (vaccine coverage peaked in the 80-90th percentiles and then decreased substantially).  
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Vaccine was more effective at reducing mortality in the younger seniors (65-79) than in older 

seniors (80 and older) at 5.3 percent and 3.9 percent respectively. All-cause mortality was 

reduced by 4.6 percent in all vaccinated people across the 9 flu seasons.        

In addition to lack of agreement about who gets vaccinated there is disagreement about how 

health status affects immunization effectiveness. In a Kaiser Permanente study of vaccine effect 

over nine flu seasons (September 15, 1996 through September 14, 2005) everyone who was a 

member of Kaiser Permanente in Northern California and who was age 65 or older was included. 

In all patients the observed to expected ratio of death was calculated and the results were that 

death is associated with older age, males, a history of DM, heart disease, heart failure, and/or 

COPD (Fireman, et al., 2009). In a Dutch nested case-control study (192 cases and 1561 

controls) to evaluate the effectiveness of the influenza vaccine among age-stratified subgroup 

with diabetes, those between 18 and 64 who were vaccinated had 70 percent protection against 

complications associated with influenza. Those who were 65 and older had no appreciable 

difference in morbidity but mortality was reportedly 56 percent lower (Looijmans-Van den Akker et 

al., 2006). There was a 56% reduction in any complication and a 58% reduction in deaths in all 

ages. They found greater effect in patients who had repeat vaccinations against those who had 

never been previously vaccinated (58% compared to 47%). Although the authors did adjust for 

age, gender, presence of heart or lung disease, and report that vaccine uptake was high at 81%, 

they did not report the stratified age or risk groups so it is unknown which group had higher use of 

immunization. And finally, Nichol et al. (2007) found that after controlling for age, gender, and co-

existing conditions, functional status was a strong predictor of all for death due to influenza (K. L. 

Nichol, et al., 2007).   

Conclusion 

There is no such thing as ‘the’ evidence. The reality is that there are different bodies of evidence 

competing and engendering different interpretations. Additionally, there are multiple 

interpretations by stakeholders, by individuals within a group, and between groups and 

professions (Rycroft-Malone, et al., 2004). This would imply that research evidence is less value-
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free and definitive than is implied. In addition, as research is interpreted through discussion and 

through the lens of time, this is more likely to influence implementation than simply requiring it be 

done.  Understanding that no data is value-free (how we define the study parameters, how we 

select our population, how we interpret the results, all of these will affect the reported outcomes), 

we used this review of the literature to guide our project.  

Our first issue was how to minimize the effect of selection and healthy user bias. Because 

administrative data bases do not have coded measures addressing degree of disability, we can 

extrapolate through disease burden, age, and obesity. In addition, because the VA is a closed 

system with standardized treatment protocols, we felt that any bias in our study would be more 

towards not knowing the vaccine status of healthier users and would not adversely affect our 

outcomes. We can separate those with known vaccine (v-codes) from those without a record of 

being vaccinated, and we can divide by mortality risk levels.  Based on the work of Fireman et al. 

(2009) and Jackson et al. (2005) we felt that research based across a span of years would be 

less prone to bias and seasonal effect of vaccine than research done on single years.  These 

issues are covered in greater depth within the methods section that follows. 

  



17 

 

Research Methodology 

Introduction 

There is a growing body of research with strong evidence both supporting and negating the 

preventative effect of single-dose trivalent inactivated influenza vaccine (TIV) effect as a public 

health measure for older adults. Additionally, there have been concurrent developments in the 

science of many interrelated fields relating to influenza. While an individual study may refute or 

support a theory, multiple studies viewed together contribute to strengthening or disproving a 

theory (Lewin, et al., 2012). Although there is an ongoing comparison study of usual dose TIV 

versus high dose TIV for the elderly, results will not be available until after the 2013-2014 

influenza season. This research adds to the current body of knowledge using the VA 

administrative database to research patient characteristics and the effect of vaccine on a 

Northern California veteran population. This study is part of the context and the accumulation of 

research that contributes to conclusions about vaccine. 

Recognizing that disability and disease are strongly associated with mortality we wanted to use 

factors reflective of resource use to evaluate the effect of the simple but supposedly effective 

prevention measure of influenza vaccine on older adults’ health outcomes. The first step in this 

process was to construct a mortality model based on an index set. We used obesity and clinic 

visit frequency as an indicator of overall health status. We chose 3 diseases (congestive heart 

failure, chronic obstructive pulmonary disease, and diabetes mellitus) for their high prevalence in 

an older population, because they are among the most expensive to treat, and because people 

with these diseases have higher mortality risks than people without them. The model was tested 

on the validation set to ensure its predictive ability. The next step in the process was to divide the 

index set into deciles of risk, from low to high, with each decile containing 10% of the index set 

(n=1986). The risk of death was calculated at each decile for those who had influenza vaccine 

and for those who did not and compared for statistical significance. 
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Specific Aims 

Aim 1: Create and validate a model to predict death in a 2 year time frame based on age, chronic 

disease, obesity, and outpatient clinic use.  

Aim 2: Explore the effect of influenza vaccine on mortality in the target population. 

Study Design 

 
Study Sample and Data 

This was a population-based cohort study evaluating outpatient data from individual patient’s 

electronic healthcare record (EHR). The unit of analysis is the individual. Inclusion criteria were 

that the person had to be age 65 or older and had to have at least one VA clinic visits in a 24 

month period to help ensure that we were evaluating data from active patients at the Palo Alto 

Veterans Administration Health Care (PAVAHC) system1. The data compiled were from October 

1, 2002 through September 30, 2009, allowing for seven flu seasons. The data available to the 

project was de-identified per the Department of Veterans Affairs research protocol to ensure and 

protect patient privacy. The data was retrieved from “Fileman” which is the VA data set used to 

retrieve data. All data for the study was generated by providers at the PAVAHC medical center or 

one of its 8 community- based outpatient clinics (CBOC)2.The presence or absence of disease 

was not a requirement for inclusion. These inclusion criteria were intended to generate a broad 

representation of patient morbidity and mortality. Because the VA captures all encounters 

electronically, we were able to capture all outpatient VA clinic use. All data were analyzed using 

SAS version 9.2 (SAS, Inc. Cary, NC). 

 

 

                                                           
1Following approval from both the University of California San Francisco Committee on Human 
Subjects and Stanford University Institutional Review Board the study data were obtained from 
the VA data storage facility in Austin, Texas.  This information includes ambulatory and outpatient 
services at the Palo Alto Veterans Administration Health Care (PAVAHC). 
2These clinics are located in Monterrey, Capitola, San Jose, Fremont, Livermore, Modesto, 
Stockton, and Sonora. 
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Variable Definitions  

 Outpatient Clinics. 

To help minimize under reporting of health care use and outcomes, the study was limited to VA 

patients with at least one encounter at any of the previously mentioned PAVAHC ambulatory care 

sites in a 24 month period. Ambulatory care within PAVAHC or one of its affiliated community 

clinics is defined by several indicators.  These include using the services of the advice nurse, 

primary care clinics, urgent care clinics (referred to as Same Day Clinic), specialty care clinics, or 

PAVAHCS emergency room services. The majority of urgent care appointments at either the 

Medical Center or the CBOCs are recorded in Central Scheduling. This is a nurse-managed call 

center (variable name “TEGroup”) with a responsibility to schedule ambulatory care 

appointments. If an appointment is requested, the call is transferred by a clerk to a telephone 

advice nurse for triage and disposition. Patient needs can often be addressed over the phone 

either for homecare advice, medication refill, renewal or adjustment (with a physician’s oversight), 

and specialty appointment referral. For common symptoms (i.e. urinary tract infection), a lab and 

an antibiotic can be ordered by a physician or nurse practitioner without a clinic appointment. 

Because the advice center is such a versatile resource, patients use it to meet their day to day 

needs. The VA patients were stratified into three levels of TEGroup use: non-users (those with no 

call center contacts in a 24 month period), light users (those with 1-2 contacts in a 24 month 

period), and high users (those with 3 or more contacts in a 24 month period).  

Patients whose needs exceed the advice nurses’ abilities are given appointments in a VA clinic or 

referred to an emergency room (ER), either at PAVAHC or in the patient’s community. Although 

many PAVAHC patients use only the services of PAVAHC system, there is concurrent use of 

outside healthcare through Medicare benefits, through private insurance or MediCal, or through 

PAVAHC referrals. Any service provided outside of the PAVAHC system is not captured in VA 

data and therefore could not be used in our dataset and is a limitation. 
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The clinics are staffed by physicians, physician assistants, and nurse practitioners and can treat 

the majority of patient issues. However, if needed, clinic practitioners are able to refer patients to 

a specialty care clinic or (if they are not the patient’s primary care provider) they can refer the 

patient for follow-up to the patient’s primary care provider. Patients who used the urgent care 

clinics, specialty care, or their primary care providers are identified in the study sample as 

“PCGroup”. Clinic use was stratified into quartiles to describe light (0-2 visits in a 24 month 

period), moderate (3-4 visits in a 24 month period), high (5-7 visits in a 24 month period), and 

very high (8 or more visits in a 24 month period). This stratification was used to assess whether 

there was a correlation between clinic use and health outcomes. A final VA service use measure 

was defined by visits to the PAVAHC ER (ERGroup). The number of people who used the 

emergency room was less than expected and so this variable was divided into 2 groups: those 

with no PAVAHC emergency room contact (n=31591) and those with any emergency room use 

(n=8145).  

  Chronic Health Conditions. 

The average age of people in the United States in increasing and as a consequence, so is the 

prevalence of chronic disease. Diabetes (DM), congestive heart failure (CHF), and chronic 

obstructive pulmonary disease (COPD) are among the more prevalent chronic diseases and are 

recognized as high-cost/high-impact diseases in the Medicare literature (Thorpe, Ogden, & 

Galactionova, 2010). While providers may not enter a current or acute diagnosis with each 

contact, the recording of encounters through the use of computerized templates with prompts 

encourages the entering of ICD-9 codes relevant to the day’s encounter. This includes all nursing 

services provided to the patient at the time of service, most importantly, immunizations. 

This encounter data is captured by the VA in the EHR and the opportunity to update at each 

encounter is given through the visit template. Each update is then stored in the medical history 

until removed by the provider as no longer an active problem. 
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For health conditions, such as obesity (n=5423), the providers could code this diagnosis in two 

ways: first by using ICD-9 code 278 or 278.01; second through height and weight as recorded at 

clinic visits throughout the year. We initially tried using body mass index (BMI) to refine people’s 

levels of obesity but due to the amount of missing or inaccurate data, we used instead the more 

general term “obese” defined solely by ICD-9 code. The limitation of this variable is that it is not a 

required ICD-9 code and unless an extra step is taken by a provider, the code is not entered as 

part of the EHR. The reason that we included obesity as a study variable is that someone who is 

obese is almost twice as likely to die prematurely compared to someone of a normal weight 

primarily because the obese person is more likely to develop heart disease, high blood pressure, 

diabetes, cancer, breathing problems, and/or disability (Ogden, Yanovski, Carroll, & Flegal, 

2007).  

  Influenza Vaccine. 

Because of the high impact of influenza on morbidity and mortality in people over 65 (Jackson, et 

al., 2005; L.  Simonsen, et al., 2007) and the ongoing discussion as to whether or not influenza 

vaccine has a positive effect on elder health (Stuart, et al., 2010), this study has focused on the 

association of the receipt of influenza vaccine on mortality. Vaccine (V04.81) is primarily given by 

registered and licensed vocational nurses. Each vaccine has a unique v-code; these v-codes are 

embedded in the template for vaccine administration. All vaccines are offered free of charge 

through the VA. If they received a vaccination at PAVAHC then the vaccine administration was 

documented and was included in the study. There were limitations of the measure of vaccine 

because of competing administration venues. Since all study subjects were 65 and older, they are 

potentially eligible for Medicare benefits. Because there is such a national emphasis on 

vaccination to prevent influenza, these patients have options other than the VA for influenza 

immunization, places like drug stores, providers outside of the VA system, and senior centers.  

We found that the rates of documented vaccine administration at the PAVAHC system in the 

targeted 65 and older group was lower than either the national reported Medicare average of 69-

73% (Fiore et al., 2010; Gilman, et al., 2006) or the national VA average of 71% for African 
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Americans, 79% of Hispanics veterans, and 82% of Caucasian veterans (Logan, 2009). We 

attempted to assess the potential bias of this under reporting of by comparisons of observed 

mortality across the range of risk scores estimated by a mortality prediction model. Those with 

lower risk scores would be expected to be less likely to receive vaccinations, those with higher 

risk scores would be expected to be more likely to receive vaccinations.  

  Cohort Mortality.  

Patient EHRs are coded with a variable for death. Patients who are under the care of the 

PAVAHC at time of death are coded in the EHR by their primary care provider as deceased. If the 

patient dies as an inpatient, the physician who attends at time of death enters the data in the 

record. The VA Health Eligibility Center makes mortality data available to all VA facilities across 

the nation thereby assuring that if a PAVAHC patient dies in a VA anywhere in the nation, the 

death is noted in the PAVAHC EHR. The VA also enters mortality data made available from the 

Social Security Administration. And finally, there is financial assistance with burials for veterans 

which also acts as incentive for families of patients whose deaths occur outside of the VA system 

to call and report the veteran’s demise. For these reasons, the capture rate of mortality incidence, 

whether occurring within or outside a VA facility, is believed to be very high. Table 3.1 defines the 

variable terms and lists, where applicable, the ICD-9 codes. 

 

 

 

 

 

 

 

 

 

 

 



23 

 

 

Table 3.1. Variable Terms Defined 

                                                       Main Effects 

First Age The age of the subject in the medical record at first useable encounter  

COPD Chronic Obstructive Respiratory Disease (ICD-9 496, 492.8)  

CHF Congestive Heart Failure (includes cardiomyopathy) (ICD-9 428, 425.4, 428.9)  

DM Diabetes Mellitus (ICD-9 250, 250.5, 250.4, 250.8 250.02, 250.01) 

Obese Based on Body Mass Index (ICD-9 278, 278.01)  

ILIVAC Annual influenza vaccine (V04.81)  

PCGroup Primary Care Provider Encounters (PCP) (0-2, 3-4, 5-7, 8+)  

ERGroup Emergency Room Encounters �  (0, 1+)  

TEGroup Telephone Advice Encounters (0, 1-2, 3+)  

                                                     Interaction Terms 

COPD_DM COPD and DM (but not CHF)  

CHF_DM CHF and DM (but not COPD) 

COPD_CHF COPD and CHF (but not DM) 

COPD_CHF_DM COPD, CHF, and DM  

PCGroup_Disease The statistical association of PC use and all 7 disease terms  
 
ILIVAC_Disease 

 
The statistical association of annual influenza vaccine and all 7 disease terms 

 
FirstAge_TEGroup The statistical association of age of the subject and telephone advice  

FirstAge_ERGroup The statistical association of age of the subject and ER use  

FirstAge_PGGroup The statistical association of age of the subject and PCP use 

FirstAge_ILIVAC The statistical association of age of the subject and annual influenza vaccine  

FirstAge_Disease The statistical association of age of the subject and all 7 disease terms  
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Defining the Index and Validation Sets 

A predictive model for future death was developed on an index set (n=19868) and a 

validation set (n=19868). The predictive model offers the advantage of identifying high 

risk patients for targeted intervention and better resource management. From this we 

were able to model risk levels to evaluate the effect of influenza administration. To 

develop this model, patient information extracted from the EHR between October 1, 

2002 and September 30, 2009 showed 5,806,641 unique outpatient encounters in the 

PAVAHC system. These unique encounters were generated by 134,474 subjects. After 

eliminating everyone under age 65, there were 3,172,093 unique encounters from 

62,237 subjects. From this group everyone with at least one EHR- recorded encounter in 

a 24 month period was included. The final data set was 39,736 subjects representing 

2,881,239 unique outpatient encounters. Of the 39,736 subjects, 7,944 of them died 

during the 7 year study period. Both the death and non-death groups were randomly 

assigned into an index or validation set yielding a total of 19,868 people in each. These 

sets were then compared to ensure that there was no statistical difference between 

them, and to determine whether the results from the index sample were confirmed as 

they are applied with the validation sample.  The prediction model provides two 

measures of particular interest in the analysis.  One of these is a prediction of death and 

the subsequent comparison of expected vs. observed results.  The second is that the 

coefficients in the model can be summed to produce a mortality risk score.  The model 

was developed without the use of the vaccine variable. Once the model was complete, 

we then ran the same elements this time including vaccine and assessed the impact of 

vaccine on the prediction ability.  

The next step in our analysis of vaccine effect was to divide the index set into 10 sets 

based on risk of death and to compare within each decile those known to have been 
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vaccinated against those whose vaccine status was unknown. We then evaluated the 

statistical significance across these various ranges of risk.  
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Analysis of the Results 

Introduction 

This chapter presents the analysis associated with the investigation of two aims.  In combination 

they assess the effectiveness of influenza vaccinations in reducing mortality risk among VA clinic 

users age 65 or over.  

Specific Aim 1 

Aim 1: Create and validate a model to predict death in a 2 year time frame based on age, chronic 

disease, obesity, and outpatient clinic use.  

The creation and testing of the mortality prediction model was accomplished through a phased 

analysis.  Step one involved the starting number of 5,806,641 observations from 134,474 unique 

subjects obtained with the VA data query. The study population was narrowed using the inclusion 

criteria of being age 65 or older, leaving 3,172,093 observations from 62,237 subjects aged 65 or 

older. The second inclusion criteria required the retention of people with at least one provider 

contact in a 24-month period.  This reduced the sample to 2,881,239 observations from 39,736 

subjects.  

Step two sorted these cases into those who died and those surviving during the 24-month 

observation window and then randomly selected these strata into two groups.  One group 

became the index group from which the mortality model was developed. The second group, of 

equal size, was used for model validation. Table 4.1 shows both the index and the validation sets 

and their distribution by disease and death. Statistical testing was done using SAS version 9.2 

(SAS, Inc. Cary, NC). Row totals for chronic disease, if summed, produce a total greater than 

100% of the cases.  This occurs because for the purpose of this table, patients who had, for 

instance chronic obstructive pulmonary disease (COPD) and congestive heart failure (CHF) were 

counted once in the COPD group, once in the CHF group, and again in the COPD_CHF group. 

But not all the patients who were included in the study had a chronic disease of interest.  
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Table 4.1. Variable Distribution by Index and Validation Sets=> death yes/no 

Variable Index Set 
(n=19868) 

 Validation Set 
(n=19868) 

 Totals 
(n=39736) 

 Death=no 
(n=15896) 

Death=yes 
(n=3972) 

Death=no 
(n=15896) 

Death=yes 
(n=3972) 

(n=39736) 

COPD 1163 (7.3%) 846 (21.3%) 1176 (7.4%) 889 (22.4%) 4074 
CHF 778 (4.9%) 841 (21.2%) 786 (4.9%) 819 (20.6%) 3224 
DM 4355 (27.4%) 1342 (33.8%) 4346 (27.3%) 1369 (34.5%) 11412 
COPD_DM 331 (2.1%) 256 (6.4%) 348 (2.2%) 270 (6.8%) 1205 
CHF_DM 373 (2.4%) 364 (9.2%) 376 (2.4%) 363 (9.1%) 1476 
COPD_CHF 118 (0.8%) 242 (6.1%) 138 (0.9%) 251 (6.3%) 749 
COPD_CHF_DM 41 (0.4%) 90 (2.3%) 71 (0.4%) 99 (2.5%) 301 
No Disease 10381 (85.8%) 1715 (14.2%) 10379 (86.1%) 1680 (13.9%) 24155 

Obese 2382 (14.9%) 346 (8.7%) 2365 (14.9%) 330 (8.3%) 5423 
PCGroup      
             0-2 4351(88.1%) 589 (11.9%) 4347 (87.4%) 627 (12.6%) 9914 
             3-4 3753 (80.8%) 893 (19.2%) 3748 (81.9%) 829 (18.1%) 9223 
             5-7 4166 (80.3%) 1024 (19.7%) 4205 (81.2%) 971 (18.8%) 10366 
             8+ 3626 (71.2%) 1466 (28.8%) 3596 (69.9%) 1545 (30.1%) 10233 
ERGroup      
             0 13035 (82.2%) 2831 (17.8%) 13006 (82.7%) 2719 (17.3%) 31591 
             1+ 2861 (71.5%) 1141 (28.5%) 2890 (69.8%) 1253 (30.2%) 8145 
TEGroup      
             0 9187 (85.0%) 1625 (15.0%) 9100 (84.5%) 1664 (15.5%) 21576 
             1-2 4136 (77.1%) 1230 (22.9%) 4166 (77.8%) 1189 (22.2%) 10721 
             3+ 2573 (69.7%) 1117 (30.3%) 2630 (70.2%) 1119 (29.8%) 7439 
Age 77.9 (SD 9.29) 84.94 (SD 9.26) 78.03 (SD 9.28) 84.74 (SD 9.16) NA 

 

Model Building 

Table 4.2 shows the initial multivariate logistic model. The model includes both the risk factors 

discussed in the literature review and selected interactions of these measures. This model is 

estimated using the index sample of cases. The ‘estimate’ parameter column is the non-

exponentiated coefficient. This full model has a reasonable goodness of fit with the underlying 

function, as indicated by 77.8% of outcomes predicted correctly, and the statistically significant 

change in the -2 log likelihood (-2 LL) statistic between the model with just the intercept and the 

model with covariates. 

Backwards stepwise regression was used to produce a reduced model.  The main effect of this 

analysis was to eliminate interaction terms from the model that did not contribute to improvement 

of the model’s goodness of fit. Step 1 removed the interaction of age and telephone advice line 

usage, meaning that older people who reached out to an advice nurse were not at higher risk of 

mortality. Step 2 removed the interaction of age and primary care use, which also suggests that 

an increased use of primary care amongst older people was not necessarily an indicator of risk of 
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death. Step 3 removed the interaction of obesity and chronic disease meaning that obese people 

age 65 and older who were chronically ill did not have a higher risk of death. Step 4 removed the 

interaction of emergency room use and chronic illness meaning that the use of an emergency 

room among the sicker people did not relate to a higher rate of death.  
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Table 4.2. Preliminary 24 month mortality prediction logistic model (n=19868)  
Parameter  DF Estimate Standard Error Wald Chi-Square Pr>ChiSq 
Intercept  1 -9.1398 0.4568 400.2668 <.0001 
FirstAge  1 0.0829 0.00534 240.5391 <.0001 
COPD Yes 1 3.0965 0.7034 19.3800 <.0001 
CHF Yes 1 0.5841 0.9592 0.3709 0.5425 
DM Yes 1 1.5335 0.4951 9.5916 0.0020 
COPD_DM Yes 1 -3.0513 1.4647 4.3398 0.0372 
CHF_DM Yes 1 1.4409 1.3806 1.0893 0.2966 
COPD_CHF Yes 1 2.7134 1.9246 1.9877 0.1586 
COPD_CHF_DM Yes 1 0.1914 3.2087 0.0036 0.9524 
Obese Yes 1 -0.6064 0.1219 24.7614 <.0001 
PCGroup 3-4 1 -0.5008 0.5985 0.7000 0.4028 
PCGroup 5-7 1 0.2593 0.5930 0.1912 0.6619 
PCGroup 8+ 1 0.2136 0.6383 0.1120 0.7379 
ERGroup 1+ 1 1.9295 0.4274 20.3767 <.0001 
TEGroup 1-2 1 0.1614 0.4585 0.1240 0.7247 
TEGroup 3+ 1 0.7357 0.5374 1.8737 0.1711 
FirstAge*COPD Yes 1 -0.0194 0.00800 5.8915 0.0152 
FirstAge*CHF Yes 1 0.0149 0.0108 1.8971 0.1684 
FirstAge*DM Yes 1 -0.0112 0.00563 3.9688 0.0464 
FirstAge*COPD_DM Yes 1 0.0349 0.0163 4.6156 0.0317 
FirstAge*CHF_DM Yes 1 -0.0182 0.0156 1.3502 0.2452 
FirstAge*COPD_CHF Yes 1 -0.0405 0.0212 3.6547 0.0559 
FirstAge*COPD_CHF_DM Yes 1 -0.00952 0.0360 0.0700 0.7914 
FirstAge*PCGroup 3-4 1 0.0106 0.00699 2.3111 0.1285 
FirstAge*PCGroup 5-7 1 0.000985 0.00698 0.0199 0.8878 
FirstAge*PCGroup 8+ 1 0.00374 0.00749 0.2492 0.6176 
FirstAge*ERGroup 1+ 1 -0.0191 0.00515 13.8230 0.0002 
FirstAge*TEGroup 1-2 1 0.00473 0.00539 0.7719 0.3796 
FirstAge*TEGroup 3+ 1 -0.00124 0.00637 0.0381 0.8452 
COPD*PCGroup Yes 3-4 1 -0.4753 0.2572 3.4144 0.0646 
COPD*PCGroup Yes 5-7 1 -0.5053 0.2548 3.9332 0.0473 
COPD*PCGroup Yes 8+ 1 -0.6077 0.2651 5.2550 0.0219 
CHF*PCGroup Yes 3-4 1 -0.7605 0.3192 5.6751 0.0172 
CHF*PCGroup Yes 5-7 1 -0.1701 0.3169 0.2880 0.5915 
CHF*PCGroup Yes 8+ 1 -0.6389 0.3304 3.7398 0.0531 
DM*PCGroup Yes 3-4 1 -0.2546 0.1732 2.1600 0.1416 
DM*PCGroup Yes 5-7 1 -0.3234 0.1732 3.4845 0.0619 
DM*PCGroup Yes 8+ 1 -0.5404 0.1856 8.4762 0.0036 
COPD_DM*PCGroup Yes 3-4 1 0.1486 0.5950 0.0623 0.8028 
COPD_DM*PCGroup Yes 5-7 1 0.4008 0.5730 0.4891 0.4843 
COPD_DM*PCGroup Yes 8+ 1 -0.0339 0.5850 0.0034 0.9537 
CHF_DM*PCGroup Yes 3-4 1 0.3279 0.5695 0.3315 0.5648 
CHF_DM*PCGroup Yes 5-7 1 -0.4488 0.5526 0.6595 0.4167 
CHF_DM*PCGroup Yes 8+ 1 0.3972 0.5555 0.5111 0.4746 
COPD_CHF*PCGroup Yes 3-4 1 0.6574 0.7834 0.7041 0.4014 
COPD_CHF*PCGroup Yes 5-7 1 -0.0837 0.7492 0.0125 0.9110 
COPD_CHF*PCGroup Yes 8+ 1 0.7155 0.7545 0.8993 0.3430 
COPD_CHF_DM*PCGroup Yes 3-4 1 0.2215 1.4215 0.0243 0.8761 
COPD_CHF_DM*PCGroup Yes 5-7 1 2.1143 1.3857 2.3278 0.1271 
COPD_CHF_DM*PCGroup Yes 8+ 1 0.5058 1.3140 0.1481 0.7003 
COPD*ERGroup Yes 1+ 1 -0.2255 0.1667 1.8282 0.1763 
CHF*ERGroup Yes 1+ 1 -0.1121 0.2255 0.2471 0.6191 
DM*ERGroup Yes 1+ 1 0.0694 0.1271 0.2977 0.5853 
COPD_DM*ERGroup Yes 1+ 1 0.6578 0.3258 4.0762 0.0435 
CHF_DM*ERGroup Yes 1+ 1 -0.1821 0.3142 0.3361 0.5621 
COPD_CHF*ERGroup Yes 1+ 1 -0.0160 0.4159 0.0015 0.9694 
COPD_CHF_DM*ERGroup Yes 1+ 1 -0.8812 0.6898 1.6322 0.2014 
COPD*TEGroup Yes 1-2 1 0.0527 0.1742 0.0913 0.7625 
COPD*TEGroup Yes 3+ 1 0.0682 0.1987 0.1177 0.7316 
CHF*TEGroup Yes 1-2 1 -0.3159 0.2306 1.8766 0.1707 
CHF*TEGroup Yes 3+ 1 0.0973 0.2655 0.1342 0.7141 
DM*TEGroup Yes 1-2 1 -0.2552 0.1219 4.3823 0.0363 
DM*TEGroup Yes 3+ 1 0.1417 0.1501 0.8912 0.3452 
COPD_DM*TEGroup Yes 1-2 1 -0.6517 0.3422 3.6258 0.0569 
COPD_DM*TEGroup Yes 3+ 1 -0.1998 0.3788 0.2781 0.5979 
CHF_DM*TEGroup Yes 1-2 1 0.2537 0.3355 0.5716 0.4496 
CHF_DM*TEGroup Yes 3+ 1 -0.2916 0.3766 0.5996 0.4387 
COPD_CHF*TEGroup Yes 1-2 1 0.4352 0.4723 0.8487 0.3569 
COPD_CHF*TEGroup Yes 3+ 1 -0.3174 0.5025 0.3991 0.5275 
COPD_CHF_DM*TEGroup Yes 1-2 1 0.4872 0.8070 0.3644 0.5460 
COPD_CHF_DM*TEGroup Yes 3+ 1 0.3646 0.8191 0.1981 0.6563 
-2 LL intercept only 19879.554 Percent concordant 77.8 C statistic 0.779 
-2 LL intercept and covariates 16479.939 Percent discordant 21.9  
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Final Model 

The final logistic model (table 4.3) (following page) retains all interactions that were 

statistically significant, i.e., the model with the interaction is significantly better than a model 

without the interaction. The reduced model shows very little change between the full model 

concordance and the final model concordance (77.8 percent and 77.7 percent respectively). 

There is still a large difference between the -2 LL of the model with only the intercept and the 

model with intercept and all the covariates.  
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Table 4.3. Final 24 Month Mortality Prediction Logistic Model (n=19868) 

Parameter  DF Estimate Standard Error Chi-Square Pr> C 
Intercept  1 -9.6206 0.2818 1165.4743 <.0001 
FirstAge  1 0.0885 0.00323 751.3018 <.0001 
COPD Yes 1 3.0570 0.6918 19.5261 <.0001 
CHF Yes 1 0.4639 0.9447 0.2411 0.6234 
DM  Yes 1 1.7530 0.4734 13.7107 0.0002 
COPD_DM Yes 1 -2.7673 1.3850 3.9922 0.0457 
CHF_DM  Yes 1 1.0125 1.3502 0.5623 0.4533 
COPD_CHF Yes 1 2.8965 1.9044 2.3132 0.1283 
COPD_CHF_DM Yes 1 0.3522 3.1284 0.0127 0.9104 
Obese      Yes 1 -0.4794 0.0684 49.1113 <.0001 
PCGroup    3-4 1 0.3948 0.0780 25.6024 <.0001 
PCGroup   5-7 1 0.3427 0.0826 17.2055 <.0001 
PCGroup    8+  1 0.5304 0.0939 31.9049 <.0001 
ERGroup    1+  1 2.0017 0.3873 26.7103 <.0001 
TEGroup    1-2 1 0.5597 0.0682 67.2719 <.0001 
TEGroup    3+  1 0.6441 0.0897 51.5257 <.0001 
FirstAge*ERGroup 1+  1 -0.0204 0.00472 18.6698 <.0001 
COPD*PCGroup Yes 3-4 1 -0.4644 0.2568 3.2694 0.0706 
COPD*PCGroup Yes 5-7 1 -0.4988 0.2552 3.8202 0.0506 
COPD*PCGroup Yes 8+ 1 -0.6417 0.2625 5.9743 0.0145 
CHF*PCGroup  Yes 3-4 1 -0.7388 0.3186 5.3780 0.0204 
CHF*PCGroup  Yes 5-7 1 -0.1879 0.3178 0.3497 0.5543 
CHF*PCGroup  Yes 8+ 1 -0.6960 0.3230 4.6436 0.0312 
DM*PCGroup   Yes 3-4 1 -0.2533 0.1728 2.1504 0.1425 
DM*PCGroup   Yes 5-7 1 -0.2955 0.1729 2.9230 0.0873 
DM*PCGroup   Yes 8+ 1 -0.5048 0.1823 7.6654 0.0056 
COPD_DM*PCGroup Yes 3-4 1 0.0390 0.5859 0.0044 0.9469 
COPD_DM*PCGroup Yes 5-7 1 0.2977 0.5667 0.2760 0.5994 
COPD_DM*PCGroup Yes 8+ 1 0.0193 0.5757 0.0011 0.9732 
CHF_DM*PCGroup  Yes 3-4 1 0.2192 0.5679 0.1490 0.6994 
CHF_DM*PCGroup  Yes 5-7 1 -0.5377 0.5533 0.9447 0.3311 
CHF_DM*PCGroup  Yes 8+ 1 0.2792 0.5478 0.2597 0.6103 
COPD_CHF*PCGroup Yes 3-4 1 0.6334 0.7830 0.6544 0.4185 
COPD_CHF*PCGroup  Yes 5-7 1 -0.1309 0.7473 0.0307 0.8610 
COPD_CHF*PCGroup  Yes 8+ 1 0.6976 0.7404 0.8878 0.3461 
COPD_CHF_DM*PCGroup Yes 3-4 1 0.3889 1.4172 0.0753 0.7838 
COPD_CHF_DM*PCGroup Yes 5-7 1 2.4123 1.3814 3.0493 0.0808 
COPD_CHF_DM*PCGroup Yes 8+ 1 0.5127 1.2930 0.1572 0.6918 
COPD*TEGroup Yes 1-2 1 0.0213 0.1732 0.0151 0.9022 
COPD*TEGroup Yes 3+ 1 0.0270 0.1963 0.0189 0.8907 
CHF*TEGroup  Yes 1-2 1 -0.3127 0.2268 1.9004 0.1680 
CHF*TEGroup  Yes 3+ 1 0.0534 0.2600 0.0422 0.8372 
DM*TEGroup   Yes 1-2 1 -0.2567 0.1207 4.5234 0.0334 
DM*TEGroup   Yes 3+ 1 0.1691 0.1459 1.3440 0.2463 
COPD_DM*TEGroup Yes 1-2 1 -0.5648 0.3370 2.8087 0.0938 
COPD_DM*TEGroup Yes 3+ 1 -0.1227 0.3710 0.1093 0.7409 
CHF_DM*TEGroup  Yes 1-2 1 0.2027 0.3307 0.3759 0.5398 
CHF_DM*TEGroup  Yes 3+ 1 -0.3412 0.3681 0.8594 0.3539 
COPD_CHF*TEGroup Yes 1-2 1 0.4527 0.4693 0.9305 0.3347 
COPD_CHF*TEGroup Yes 3+ 1 -0.3036 0.4963 0.3743 0.5407 
COPD_CHF_DM*TEGroup Yes 1-2 1 0.2970 0.7967 0.1390 0.7093 
COPD_CHF_DM*TEGroup Yes 3+ 1 0.2468 0.8087 0.0932 0.7602 
FirstAge*COPD Yes 1 -0.0191 0.00785 5.8910 0.0152 
FirstAge*CHF Yes 1 0.0161 0.0107 2.2733 0.1316 
FirstAge*DM Yes 1 -0.0135 0.00536 6.3731 0.0116 
FirstAge*COPD_DM Yes 1 0.0324 0.0155 4.3745 0.0365 
FirstAge*CHF_DM Yes 1 -0.0128 0.0153 0.7038 0.4015 
FirstAge*COPD_CHF Yes 1 -0.0427 0.0210 4.1600 0.0414 
FirstAge*COPD_CHF_DM Yes 1 -0.0121 0.0351 0.1182 0.7310 
-2 LL intercept only 19879.554 Percent concordant 77.7 C statistic 0.779 
-2 LL intercept and covariates 16505.037 Percent discordant 22.0  
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Receiver Operating Characteristic Curve 

A Receiver Operating Characteristic Curve (ROC curve) is a graphic representation between 

those who have an event as predicted and those who did not (Hosmer & Lemeshow, 2000).This 

procedure is used here to show the predictive salience of the logistical model and to compare the 

consistency of the model results when applied to the validation sample. 

The generation of an ROC curve involves a comparison of each possible combination of pairs. If 

n1 denotes 3972 subjects in the index set who died and n0 denotes the 15896 subjects in the 

index set who did not die; these 2 numbers would be multiplied to determine the proportion of 

times that the subjects who did die had the higher of the two probabilities. If the probabilities are 

the same a 0.5 is added to the count (Hosmer & Lemeshow, 2000). In the current analysis there 

were a total of 63,138,912 observations for the index curve. The results of the outcome “died, did 

not die” are presented in Figure 4.1 showing the area under the curve (AUC) for both the index 

and the validation sets. The AUC is an overall indication of the diagnostic accuracy of a ROC 

curve and is a series of connected x,y axis points. The ideal AUC would be 1.0 and complete 

random chance would have an AUC of 0.5.The AUC for the index set is 0.78 and the AUC for the 

validation set is 0.773. The near identical curves of both the index and validation set indicate a 

robust model.  



33 

 

Figure 4.1 ROC Curves of Index and Validation Sets 

 

Specific Aim 2 

AIM 2: Explore the effect of influenza vaccine on mortality in the target population. 

The effect of the influenza vaccine was tested using the mortality prediction model estimated in 

Aim 1.To do this, the final model from Aim 1 was re-estimated adding influenza vaccine as both a 

main effect and an interaction effect. Backwards step regression eliminated all ILIVAC interaction 

effects leaving just ILIVAC. The effect on the resulting model statistics was evaluated. Changes in 

the model statistics allows for an assessment of whether the prediction model, specifically the 

AUC, improved.   An improvement of this model would indicate a statistically significant effect 

associated with the vaccination. 3 

                                                           
3
 The reason underlying the use of the model to test for vaccine effect rather than using vaccination as an 

adjusted main effect in a multivariate logistical regression is apparent in table A.1 in the appendix, 

where it appears that those who received an influenza vaccine had complex interactions with other risk 

factors. For example, those receiving the vaccine have use of outpatient clinics (primary care, 

emergency room, and telephone advice lines) almost two times the use of the clinics by those who did 

not get vaccine. Further, those who did not receive the vaccine were, on average, a year older than 

those who did receive it. 
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Model “Goodness of Fit” Comparisons 

One statistic used for comparing models with and without ILIVAC was the difference in -2 LL 

where one model is a subset of the other model. The -2 LL is the basic summary statistic of the 

performance of the model, although the larger number is not indicative of a better model. These 

results are shown in Table 4.4. For the model without ILIVAC -2 LL= 16505.037. For the model 

with ILIVAC -2 LL = 16469.998. The difference between the -2 LL is 35.042. The difference 

between the -2 LL follows a chi-square distribution with 1 degree of freedom. This comparison 

considers whether there was a notable difference between the two models in the agreement 

(concordance) of the model’s predicted outcome and that which is observed. So although the 

ILIVAC may be significant statistically within the model, it did not significantly add to the model’s 

effect. This is evident when comparing these models (with and without ILIVAC) based on the 

almost identical concordance results4. In table 4.4 the summary model statistics demonstrate that 

the model improves with ILIVAC. There were no significant changes in the covariates. We have 

basically an unchanged model between with and without ILIVAC.  

       Table 4.4. Table of Statistical Comparisons: All Models With and Without ILIVAC 

Model types  Intercept 

only 

Intercept and 

covariates 

Chi-

squared 

DF Pr>Chi 

square 

Percent 

concordant 

Percent 

discordant 

Final Model 

without ILIVAC 

(n=19868) 

      77.7 22.0 

 -2 log likelihood 19879.554 16505.037      

 Likelihood ratio   3374.5165 58 <.0001   

Final Model 

with ILIVAC 

(n=19868) 

      77.8 21.9 

 -2 log likelihood 19879.554 16469.998      

 Likelihood ratio   3409.5553 59 <.0001   

 

                                                           
4
 We also graphed vaccine effect in a distribution curve of risk of death (presented in appendix Figure A.1) 

comparing those who got the vaccine against those who did not get the vaccine and were not able to 

demonstrate any difference in curves between the two groups.  
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In table 4.5 we are showing a table of risk where the mean is the prevalence of death. The overall 

prevalence of death in the main model is 0.19992 and does not change whether ILIVAC is 

included as a variable or not. In the group where death is not predicted, the prevalence of death 

drops to 0.16379 for the model without ILIVAC and to 0.16341 for the model with ILIVAC. Among 

those with death predicted, the prevalence increases to 0.34450 for the model without vaccine 

and to 0.34602 for the model with vaccine.  

Table 4.5. Comparison of Mortality Mean Risk With and Without ILIVAC  
 
Death =both yes and no 
 Variable   N Mean risk of death SD 
prednoilivac 19868 0.19992 0.17021 
predwithilivac 19868 0.19992 0.17111 
diff   0.00000 0.01741 
Death=No 
Prednoilivac 15896 0.16379 0.13831 
Predwithilivac 15896 0.16341 0.13873 
  diff   -0.00038 0.01566 
Death=Yes 
Prednoilivac 3972 0.3450 0.20551 
Predwithilivac 3972 0.34602 0.20679 
diff  0.00152 0.02305 

 

Variation of Vaccine Effect across Levels of Mortality Risk 

A third comparison of the vaccination effect was an assessment of whether the effect of 

vaccination was consistent across a range of model specificity values. High specificity 

corresponds to high positive predictive value. This criterion is best used when trying to rule 

something in. For instance, if you wanted to target only those people most at risk for death in 

order to focus resource-intensive care like home care or nursing home admission, you would aim 

for high specificity. High sensitivity corresponds to high negative predictive value and is used 

when trying rule something out (Brismar, 1991). In this case if we were focusing on advance 

directives and patient education (low resource interventions), we would want more sensitivity to 

capture as many people at risk as possible. As noted, these parameters are not intrinsic to the 

test and are, instead, determined by the clinical context in which the test is employed. Table 4.6 

demonstrates how different cut-points (in 0.10 intervals) affect cell values and Table 4.7 

demonstrates the changes in sensitivity and specificity and positive and negative predictive 
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values to give the reader a sense of changes at the same cut-points in table 4.6. In an ROC curve 

the sensitivity rate is plotted as a function of 1- specificity for different cut-points of a parameter. 

Each point along the ROC curve represents a sensitivity/specificity pair corresponding to a 

particular decision threshold. The cells referenced in Table 4.6 are based on a 2x2 table where 

the first column is died, the second column is did not die. The first row is predicted to die and the 

second row is predicted not to die which gives us the following cell values: cell a= died/predicted 

to die; b=did not die/predicted to die; c= died/predicted not to die; and d=did not die/predicted not 

to die. These cells show how the cell values change depending on the cut-point chosen. What is 

most interesting in this table is how the numbers change across the ranges of sensitivity and 

specificity. For instance, if we evaluate the models at cut-point 0.40, relatively high sensitivity 

(approximately 0.36 for models with and without vaccine) and lower specificity (approximately 

0.93 for models with and without vaccine), we predicted 1433 deaths for the model with vaccine 

and 1407 for the model without vaccine (cell a) so we were more accurate for the model with 

vaccine. For those to we predicted to survive, 2539 died in the model with vaccine and 2565 died 

in the model without vaccine (cell c). Of those predicted to survive and who did (cell d), 14722 

were correctly predicted in the model with vaccine and 14761 were correctly predicted in the 

model without vaccine, showing again how close the two models are in their predictive 

capabilities. 

Moving to a lower sensitivity (0.02 with and without vaccine) and a higher specificity 

(0.999 with and without vaccine) we chose cut-point 0.80 as the example to compare. We 

predicted a much smaller number to die who did (cell a), 79 in the model with vaccine and 44 in 

the model without. For those who were predicted to die and didn’t (cell b), we have 13 in the 

model with vaccine and 8 in the model without. For those who were predicted to survive and did 

(cell c), 3893 were in the model with vaccine and 3928 were in the model without vaccine. For 

those who were predicted to survive and didn’t (cell d), 3893 were in the model with vaccine and 

3928 were in the model without. The models are still demonstrating strong similarities. 
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Table 4.6. Effect of Various Cut-points (sensitivity/specificity pair) in 0.10 Increments 
on Cells in a 2x2 Table for Models with and without ILIVAC 
Cut-point Models with and 

without vaccine 
a. died/ 
predicted to 
die 

b. did not 
die/predicted 
to die 

c. died/ 
predicted 
not to die 

d. did not 
die/predicted 
not to die 

0.10 withILIVAC 3575 9041 397 6855 
 Without ILIVAC 3860 13163 112 2733 
0.20 withILIVAC 2785 4539 1187 11357 
 Without ILIVAC 2785 4576 1187 11320 
0.30 withILIVAC 2050 2327 1922 13569 
 Without ILIVAC 2023 2293 1949 13603 
0.40 withILIVAC 1433 1174 2539 14722 
 Without ILIVAC 1407 1135 2565 14761 
0.50 withILIVAC 968 598 3004 15298 
 Without ILIVAC 906 530 3066 15366 
0.60 withILIVAC 570 254 3402 15642 
 Without ILIVAC 491 198 3481 15698 
0.70 withILIVAC 276 92 3696 15804 
 Without ILIVAC 203 60 3769 15836 
0.80 withILIVAC 79 13 3893 15883 
 Without ILIVAC 44 8 3928 15888 
0.90 withILIVAC 5 0 3967 15896 
 Without ILIVAC 5 0 3967 15896 

 

The predictive quality of a model is the compilation of compromises made between sensitivity, 

also known as the true positive rate (TPR), and the false positive rate (FPR) as the threshold (cut-

point) changes; the better indicator of relevance is positive predictive value (Pepe, Janes, 

Longton, Leisenring, & Newcomb, 2004).  
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Table 4.7. Effect of 0.10 Changes in Cut-points on Sensitivity, Specificity, Accuracy, PPV, and NPV 
on Models with and without ILIVAC 
Cut-point Vaccine status Sensitivity Specificity PPV NPV  

0.10 withILIVAC 0.90005 0.43124 0.28335 0.97563 

 Without ILIVAC 0.90232 0.42879 0.28298 0.97617 

0.20 withILIVAC 0.70116 0.71446 0.38023 0.93052 

 Without ILIVAC 0.70116 0.71213 0.37832 0.93052 

0.30 withILIVAC 0.51611 0.85361 0.46833 0.89213 

 Without ILIVAC 0.50932 0.85575 0.46869 0.89078 

0.40 withILIVAC 0.36078 0.92614 0.54964 0.86227 

 Without ILIVAC 0.35423 0.92860 0.55347 0.86106 

0.50 withILIVAC 0.24371 0.96238 0.61811 0.84106 

 Without ILIVAC 0.22810 0.96666 0.63089 0.83831 

0.60 withILIVAC 0.14350 0.98402 0.69172 0.82371 

 Without ILIVAC 0.12362 0.98754 0.71260 0.82035 

0.70 withILIVAC 0.06949 0.99421 0.74998 0.81135 

 Without ILIVAC 0.05111 0.99623 0.77184 0.80834 

0.80 withILIVAC 0.01989 0.99918 0.85868 0.80327 

 Without ILIVAC 0.01908 0.99950 0.84614 0.80186 

0.90 withILIVAC 0.00126 1.0 1.00000 0.80028 

 Without ILIVAC 0.00126 1.0 1.00000 0.80028 

 

Criterion cut-offs are dependent on the clinical context. Although there were slight differences in 

the cell numbers, in specificity and sensitivity, and in the positive and negative predictive values, 

there were no clear differences between the models. 

With this in mind (and with no interaction effect detectable in the final models with and without 

ILIVAC), we divided our patient population into ranked mortality risk deciles (n=1987), from least 

at risk to most at risk (table 4.8). We compared the predicted risk of death with and without 

ILIVAC and we also evaluated the differences in those people who were known to have received 

the vaccine compared to those who were likely to have not received the vaccine.  Each person 

has a risk of death score generated by the logistic model. This property of the logistic model is the 

mean risk of death is equal to the proportion of deaths in the outcome. Within each decile a 

Wilcoxon signed-rank test was done to compare the two risks. The risk of death is higher for 

those without vaccine in deciles 1, 3, 5, 6, 7, and 9. The risk of death is higher for those with 
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vaccine in deciles 2, 4, 8, and 10. The differences are statistically significant in deciles 3, 6, and 

9; so in 3 of the deciles without vaccine, there is a significantly higher risk of death, but this does 

not establish a clear pattern of risk. The results were that ILI vaccine was protective but the effect 

was trivial compared to the other predictors in the model. For instance, in evaluating decile 6, this 

would indicate that those without vaccine were at higher risk for death (p=0.038) but this 

difference is not evident until the fourth decimal place so whatever protective effect is detected, it 

would be trivial.  

Table 4.8. Mortality Risk Deciles (n=19868) lowest to highest risk 

  Mean 
Risk 

Highest 
Risk Score 

Wilcoxon 
p-value 

Numbers of Persons with and 
without ILIVAC by decile 

Decile 
1 

Predicted risk 
without ILIVAC 

Predicted risk 
with ILIVAC 

0.03006 
 
0.02992 

0.04066 
 
0.04037 

0.70 Without ILIVAC 1350 (67.9%)  
 

With ILIVAC 637 (32.1%) 

Decile 
2 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.05121  
 
0.05155     

0.06143 
 
0.06104 

0.29 Without ILIVAC 1239 (62.4%) 
 

With ILIVAC 748 (37.6%) 

Decile 
3 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.07152 
 
0.07149 

0.08222 
 
0.08226 

0.026 Without ILIVAC 1111 (55.9%)  
 

With ILIVAC 876 (44.1%) 

Decile 
4 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.09656    
 
0.12754    

0.11117 
 
0.11081 

0.30 Without ILIVAC 1142 (57.5%) 
 

With ILIVAC 845 (42.5%) 

Decile 
5 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.12756 
 
0.12754    

0.14457 
 
0.14400 

0.067 Without ILIVAC 1104 (55.6%) 
 

With ILIVAC 883 (44.4%) 

Decile 
6 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.16495    
 
0.16465    

0.18614 
 
0.18458 

0.038 Without ILIVAC 1130 (56.9%) 
 

With ILIVAC 857 (43.1%) 

Decile 
7 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.21175  
 
0.21155     

0.23771 
 
0.24011 

0.12 Without ILIVAC 1097 (55.2%) 
 

With ILIVAC 890 (44.8%) 

Decile 
8 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.27592 
 
0.27656      

0.31602 
 
0.31768 

0.86 Without ILIVAC 1116 (56.2%) 
 

With ILIVAC 871 (43.8%) 

Decile 
9 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.37766    
 
0.37687    

0.44657 
 
0.45405 

0.0037 Without ILIVAC 977 (49.2%) 
 

With ILIVAC 1010 (53.5%) 

Decile 
10 

Predicted risk 
without ILIVAC  

Predicted risk 
with ILIVAC 

0.59239 
 
0.59271  

0.94329 
 
0.94988 

0.98 Without ILIVAC 924 (46.5%) 
 

With ILIVAC 1061 (53.5%) 
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When we look at the numbers of people who were known to have had vaccine (documented 

within the VA EHR) compared to those who are not know to have received the immunization, we 

see that those at the lowest levels of risk had fewer documented vaccinations compared to those 

at the highest risk. The change in those known to have received the vaccine becomes greater in 

the 9th risk decile but there is no statistical difference in mortality rates between those who 

received the vaccine and those who did not in the 10th decile. There is also no curvilinear 

relationship established between the deciles. 

Table 4.9 furthers the risk stratification by evaluating by age those who got the vaccine versus 

those who did not. Fireman et al. (2009) found curvilinear relationships for those who got the 

vaccine with the peak age between 78 and 81 years old in men and then declining. In our 

population of primarily men, we had a negative linear relationship between age and vaccine, with 

the highest rates among the youngest and the lowest among the oldest. 

Table 4.9. Vaccination Rates by Age                                                             
                                          
RowVar Row Val ILIVAC=No ILIVAC=Yes Total Statistic P-Value 

AGEGROUP 65-75 4611 (55.0%) 3779 (45.0%) 8390 (26.0%) X2(1)=44.2 <.0001 

                    75-80 2879 (55.4%) 2317 (44.6%) 5196 (16.1%)      

                   80-85 3379 (57.6%) 2489 (42.4%) 5868 (18.2%)      

                   85+  7618 (59.2%) 5247 (40.8%) 12865 
(39.8%) 
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We then evaluated the relationship between chronic disease and rates of vaccination to see if 

those who had disease were more likely than those without disease to be vaccinated. These 

results are shown in table 4.10. This table demonstrates that those identified with a chronic 

disease are more likely to have been vaccinated than those without having a disease. Because 

presence of disease is a dichotomous relationship we cannot show any kind of linear relationship 

between disease presence and vaccination.  

Table 4.10. Vaccination Rates by Chronic Disease 

RowVar Row Val ILIVAC=No ILIVAC=Yes Total Statistic P-Value 

COPD  No 16738 
(58.2%) 

12013 (41.8%) 28751 
(89.0%) 

X2(1)=109.7 <.0001 

               Yes 1749 (49.0%) 1819 (51.0%) 3568 (11.0%)     

CHF No 17098 
(58.2%) 

12305 (41.8%) 29403 
(91.0%) 

X2(1)=119.9 <.0001 

                 Yes 1389 (47.6%) 1527 (52.4%) 2916 (9.0%)      

DM No 13922 
(60.2%) 

9216 (39.8%) 23138 
(71.6%) 

X2(1)=293.0 <.0001 

                   Yes 4565 (49.7%) 4616 (50.3%) 9181 (28.4%)       

COPD_CHF No 18187 
(57.5%) 

13442 (42.5%) 31629 
(97.9%) 

X2(1)=54.2 <.0001 

                      Yes 300 (43.5%) 390 (56.5%) 690 (2.1%)        

COPD_DM No 18019 
(57.6%) 

13252 (42.4%) 31271 
(96.8%) 

X2(1)=69.6 <.0001 

                  Yes 468 (44.7%) 580 (55.3%) 1048 (3.2%)     

CHF_DM No 17907 
(57.8%) 

13096 (42.2%) 31003 
(95.9%) 

X2(1)=96.6 <.0001 

                 Yes 580 (44.1%) 736 (55.9%) 1316 (4.1%)      

COPD_CHF_DM No 18381 
(57.4%) 

13668 (42.6%)  32049 
(99.2%) 

X2(1)=35.8 <.0001 

              Yes 106 (39.3%) 164 (60.7%) 270 (0.8%)        
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Discussion of the Results 

There are a number of issues and limitations identified in the influenza immunization literature in 

regards to the efficacy of influenza vaccine. Specifically there is no consensus as to who gets 

vaccinated, if the vaccine provides a seasonal and/or annual protective effect and, most 

importantly, does the vaccine decrease mortality in an elderly population. Reports of effect of 

influenza immunization vary greatly from reducing winter deaths by 50% (K. L. Nichol, et al., 

2007; Voordouw et al., 2006) to 5% (Fireman, et al., 2009). This study sought to refine and 

extend the influenza literature using a two-step process to look at vaccine effect. The first step 

was a mortality model using age, obesity, clinic use, and common chronic diseases in our 

population as risk factors for death. We evaluated the model with and without the influenza 

vaccine to see if there was a change in the model’s sensitivity and specificity for death prediction. 

The second step evaluated whether the effectiveness of vaccination varied across a range of 

mortality risk levels. We did not observe a statistically significant effect from flu shot among 

elderly PAVAHCS patients during the 7 years of our study. This result is consistent with the 

varied findings in the literature, but at odds, with Fireman’s work which is perhaps the most 

comprehensive study published to date. 

Data Quality 

There are several limitations in our data that qualify our findings and that point to needed 

refinements in administrative data that may allow future work to be more definitive.  First, in  

developing our data set, it became apparent that based on the literature both about Medicare 

recipients and the general VA population over age 65, the PAVAHCS population was either 

under-vaccinated or vaccine was under-reported. PAVAHCS is situated in a population-dense 

area of California with multiple venues for health care and influenza vaccine. More than 80% of 

the VA enrollees who are 65 and older are covered by Medicare (Kizer, 2012). Medicare Part B 

covers 100% of influenza immunization and it is given in retail stores, private clinics and HMOs. 

In addition to Medicare, about 25% of the VA enrollees are covered by 2 or more non-VA federal 

health plans, with 56% of veterans covered by private health insurance. VA enrollees with non-VA 
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coverage use less VA care than those people with only VA coverage. About a third of dual-

coverage VA enrollees concurrently use non-VA healthcare that is paid for by federal funds (i.e. 

Medicaid, Medicare, and Indian Health Services). This use of outside services is reflected in 

health care usage patterns. We observed that people who had a documented flu shot used 

telephone advice nursing, emergency room services, and primary care clinics at more than twice 

the rate of those who did not receive vaccine. This usage pattern may indicate that those who got 

the vaccine were in general an older, sicker population. However, it is more likely that people who 

got their vaccine at the VA were using VA services as their primary source of health care. This 

finding would suggest that the main bias in our study sample was towards under-reporting. 

Risk and Vaccination Rates 

The extent of under-reporting is suggested by a comparison of the recorded vaccine rates in our 

data and those reported in the literature. PAVAHCS vaccination rates ranged from 32% for those 

in the lowest mortality risk decile to 54% in the highest risk deciles compared to Medicare rates 

(69-73%) and rates for the VA as a whole (71-82%) (Fireman et al., 2009; Stuart et al., 

2010;(Gilman, et al., 2006; K. L. Nichol, et al., 2007). The overall mortality prevalence in the 

lowest risk group was 0.03 and 0.59 in the highest risk group. With under-reporting this means 

that in the group classified as not having been vaccinated, there were people who had in fact 

received the vaccine. We would have expected some difference between the two groups but the 

observed precision was to the third decimal point indicating that statistically and clinically there is 

no meaningful difference between the two groups. To our knowledge Fireman et al. (2009) was 

the only other study to stratify risk. Unlike Fireman et al. (2009) who found the vaccine effective at 

preventing mortality associated with influenza among all elderly subjects, we found no clinically 

significant differences in mortality at any risk level.  

There is great debate as to which level of risk gets the flu shot. Nichol et al. reported that 

vulnerable patients were more likely to get vaccinated, while Jackson et al. concluded that 

vulnerable patients were less likely to get vaccinated. Fireman et al. (2009) report a curvilinear 

relationship between risk and vaccination rates with those  at the lowest risk slightly less likely to 
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have a vaccine while those with a probability of death of 20% or higher increasingly less likely to 

have a vaccine. Our study established a linear relationship between risk of death and likelihood of 

vaccine, where the lower risk patients were less likely to have a vaccine and the numbers of 

veterans with vaccine increasing with each increase in decile of risk. Additionally, we found a 

linear relationship between age and vaccination with decreasing rates of vaccine as the veterans 

aged. In our study, 45% percent of the group 65-75 had vaccine, 44% of the group 75-80, 42% of 

the group 80-85 and 41% of the group 85 and older.  When looking solely at chronic illness and 

vaccination, our study is in agreement with Fireman et al.’s and Nichol et al.’s populations, in that 

those who are chronically ill with heart disease, diabetes, or COPD were more likely to get a flu 

shot. It has been argued that those patients approaching the end of life are frail and frailty is a 

presumed barrier to vaccination. Bias can arise if the vaccine is effective and immunization rates 

are low in people most at risk of death without adjusting for risk. This was not evident in our 

study. We would argue that patients who are frailer and have chronic disease have more provider 

contact and are more likely to receive vaccine than those who are healthier  

Homogeneity within the VA 

A constraint, rather than a true limitation arose from the clinical protocols used by the VA. During 

the study period (and currently) the VA clinics used single dose vaccine which may be less 

effective than high dose vaccine (currently in clinical trials) which seem be more effective in 

stimulating an immune response in older adults (Fiore, et al., 2010). The majority of the literature 

was written using single dose vaccine but this will be changing in the near future with the 

approval of the high-dose vaccine. The homogeneity of treatment at the VA does diminish some 

of the treatment variability that may exist in population-based data bases outside of the VA. The 

VA is a closed system in that only registered veterans are eligible for care. However, this 

homogeneity actually worked in our favor. Having closed delivery of care means reliable 

treatment protocols with little variation. Although this homogeneity limits external validity, it 

ensures internal validity. A closed system also ensured a large study population with documented 

health history. In studies of efficacy, non-differential classification of a binary exposure will always 
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underestimate the benefits of treatment and provide a conservative estimate (Gerhard, 2008).  If 

and when the VA adopts the higher dose vaccine protocol we should be able to replicate this 

study for comparison of vaccine effect.  

Coding Limitations 

Any use of administrative data is dependent on the accuracy and consistency in ICD-9 coding 

among clinicians. Problems of accuracy and consistency were particularly apparent among 

patients classified as having COPD and those classified as obese. After observing what appeared 

to be a high prevalence of patients with COPD we began to compare patients with a COPD 

diagnosis on clinic encounter records with patient charts and discovered that the code for 

“bronchitis, not specified as acute or chronic” (ICD-9 490) was being used interchangeably with 

the code for acute bronchitis (ICD-9 491). This, we believe, caused over reporting of COPD 

cases. Because we could not reliably differentiate between acute and chronic conditions, we 

elected to limit the classification of COPD to other emphysema (ICD-9 492.8) and chronic airway 

obstruction, not elsewhere classified (ICD-9 496). These are the ICD-9 codes most frequently 

used to describe COPD when comparing a sample of encounter records with chart data across 

the 7-year research window. Although this resulted in fewer people in our COPD group, we feel 

we feel we more accurately captured those patients with chronic disease. In the case of obesity 

we attempted calculating body mass index (BMI) using the charted height and weight data. 

However, this approach was not reliable because of missing or inaccurate height and weight 

data.  Instead we relied on obesity ICD-9 codes (ICD-9 278, 278.01) as reported in the encounter 

files. We feel that we have a more accurate (albeit conservative) picture of the truly obese 

population and made us aware of another instance of an area of improvement for data recording. 

In addition, this underreporting of obesity would tend to minimize the effect of obesity. We 

discovered a strong protective effect tied to obesity that would likely only be strengthened with the 

inclusion of more accurate data. 
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Conclusion 

This study focuses on the vulnerable and the benefit they derived from vaccination. However, we 

cannot say with certainty that the vaccine provides protection for older people at any level of 

mortality risk. In our mortality prediction equations we saw a statistically significant (p<0.0001) 

protective effect of influenza vaccine, however, when vaccination was evaluated using final 

mortality prediction model, this effect did not have an association with mortality. Prior to the 1998 

eligibility reforms, entry into VA health care was based on service-related medical and/or 

psychiatric problems or financial need (Agha, 2000). Patients who had used up their financial 

resources purchasing medical care outside the VA were also eligible meaning that a 

disproportionate number of veterans were in poorer health and had higher medical resource use 

than the general population. This trend remains, and the population of the VA is still older, poorer, 

and sicker than the general population (Agha, Lofgren, VanRuiswyk, & Layde, 2000). Given that 

ninety percent of influenza-related deaths are among persons over age 75 (Molinari et al., 2007), 

this would mean that the VA is disproportionally affected by influenza and the associated 

morbidity and mortality. Having an effective preventative measure is important both for the health 

of patients and the financial health of the system.  

Future Research 

We need to be mindful of the important role the VA plays in medical training and research. Quality 

Enhancement Research Initiative (QUERI) was created in 1998 as part of the transformation of 

the VA’s healthcare system (Stetler, Mittman, & Francis, 2008). The basic premise of QUERI is 

that practice needs determine the research agenda and research results govern interventions that 

improve patient centered care. The current investigation is an example of a practice-based study 

that can enhance VA effectiveness. However, one of the immediate contributions of this work is 

that it identifies correctable data main limitations. One such issue is the dual use of VA and other 

health care resources and the inability of current VA administrative data systems to track health 

care use outside of the VA system. Care coordination and continuity of care are basic to high 

quality primary care. Medical records should incorporate information about the full range of care, 
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regardless of payer source or location. Continuity of care is associated with lower rates of 

hospitalization and lower mortality due largely to poorly managed care (Wolinsky et al., 2006).  

This fragmentation of service limits the effect of patient centered care, and the quality of health 

care research. In addition to dual use and the limited VA capture of treatment from Medicare and 

other databases, there are issues with lack of documentation of VA services and a lack of quality 

assurance that what is documented is accurate. Starting with the 2013-14 flu season there will be 

a quadrivalent vaccine available that will presumably stimulate a stronger immune response in 

older populations. The current study or a variant could be initiated to investigate the effectiveness 

of this new standard of care.  Such work would be enhanced if it learned from the experience of 

the present investigation. Influenza vaccine research should focus on claims of efficacy and 

measures of protective effects of this higher dose vaccine within the targeted population. If care 

coordination across multiple VA and non-VA sources is not possible, perhaps better charting 

could be realized through changes to the primary care template to capture self-reported 

preventive measures from outside the VA. Since all documentation is now computerized, if 

influenza vaccination becomes a priority health issue for the VA, it would be relatively easy to 

update the charting template to include a field for this data.  

In addition to gaps in data associated with dual use and charting deficits, there is also an issue of 

capturing data not normally documented in routine charting. Frailty is a qualitative rather than a 

quantitative measure and is associated with end of life and a decrease in receipt of preventive 

measures. In 2002 the National Committee on Vital and Health Statistics recommended 

standardizing data collection for functional status in order to improve quality of life and patient 

outcomes. The ability to capture a person’s ability to walk and the distance they are able to cover 

is resource intensive. There are currently no metrics for computerized capture of a person’s 

functional status. However, patient self-report of functional status have good internal consistency, 

retest reliability, construct validity, predictive validity, and sensitivity to change and are being used 

in research (Deutscher, Hart, Dickstein, Horn, & Gutvirtz, 2008). These self-report can be used in 

the EHR to monitor patient health-status and ensure that preventive measures are in place 
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throughout their life-span. In conclusion, we are reminded that no matter how well designed and 

definitive a study seems, bias can influence and lead results. It became evident that improved 

data collection and data entering at all levels could be, and should be, improved.  
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Appendix 

Table A.1. Provider Encounters by ILIVAC  

Variable ILIVac N Mean* SD Median Lower and 

Upper 95% CI 

Level 

Min Max P-value*  

Primary Care  no 11190 4.35 5.68 3.00 3.00-3.00 0.00 110.00 <.0001 

 yes 8678 8.61 8.62 7.00 7.00-7.00 0.00 171.00  

Emergency no 11190 0.45 1.73 0.00 0.00-0.00 0.00 40.00 <.0001 

 yes 8678 1.10 2.70 0.00 0.00-0.00 0.00 43.00  

Telephone no 11190 0.98 2.08 0.00 0.00-0.00 0.00 39.00 <.0001 

 yes 8678 2.02 6.11 1.00 1.00-1.00 0.00 486.00  

First Age no 11190 79.73 9.78 79.78 79.46-80.14 65.00 110.63 <.0001 

 yes 8678 78.75 9.58 77.78 77.25-78.17 65.00 115.62  

*mean refers to the number of primary care visits by those with and without vaccines. The p-

value is generated by comparing the means of the visits in ach clinic between those with and 

without vaccinations. 

Figure A.1. 

Cumulative Distributions of Risk of Death
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