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The aim of this thesis was to contribute to the current knowledge about influenza 

vaccine effectiveness (IVE) among the target population and particularly in elderly 

individuals. We presented a number of observational studies and meta-analyses 

to estimate IVE while adjusting for different source of biases and potential 

confounders. An ongoing controversy about IVE against non-specific outcomes 

(e.g. all-cause mortality) in earlier conducted cohort studies among the elderly 

initiated the idea of conducting a bias-adjusted meta-analysis of such studies in 

order to provide a more accurate IVE estimates (Chapter 2). Using a generalized 

linear mixed model (GLMM) we also synthesized evidence from test-negative 

design (TND) case-control studies, as one of the most efficient observational 

study designs, in order to provide an overall IVE against laboratory-confirmed 

influenza among the elderly (Chapter 3). Following the aggregated-data meta-

analyses of TND studies, we performed a simulation study in order to compare the 

performance of the applied GLMM with the conventional meta-analysis methods 

(Chapter 4). Next, in order to overcome the limitations of the aggregated-data 

meta-analysis and impossibility to adjust for potential confounders we conducted 

an individual participant data (IPD) meta-analysis of TND studies assessing IVE 

among the elderly population (Chapter 5). Finally, we assessed IVE over 11 

influenza seasons, 2003/04 through 2013/14, in the Netherlands and investigated 

the effect of circulating influenza virus (sub)types/lineages (Chapter 6) as well 

as selection of different control groups on IVE in the conducted TND case-control 

studies (Chapter 7). In this chapter we summarize our main findings, discuss 

them in a broader context and give recommendations for future research. 

Seasonal influenza vaccine effectiveness among community-dwelling 
elderly: a bias-adjusted meta-analysis of cohort studies 

In Chapter 2 we presented a meta-analysis of 14 cohort studies assessing IVE 

against laboratory-confirmed influenza, influenza-like illness (ILI), hospitalization 

from influenza and/or pneumonia and all-cause mortality among community-

dwelling elderly. The conventional meta-analyses showed that influenza vaccine 

was effective against ILI, hospitalization from influenza and/or pneumonia and all-

cause mortality. Although the estimate pointed towards effectiveness, the vaccine 
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did not show significant effectiveness against laboratory-confirmed influenza 

partly due to the low number of studies included in the meta-analysis. In the next 

step, in order to adjust for different source of biases we applied a bias-adjustment 

method [1] to the included studies in the conventional meta-analysis. Then, we 

pooled the bias-adjusted estimates of the individual studies to obtain overall bias-

adjusted IVE for each outcome. After bias-adjustments, the overall IVE estimates 

for all study outcomes, though most remained statistically significant, decreased 

and the confidence intervals widened reflecting the incorporated uncertainty in 

the IVE estimates due to the potential biases. Additionally, after bias adjustment 

the observed high level of between-study heterogeneity in the conventional meta-

analysis reduced significantly with the largest reduction for the all-cause mortality 

outcome (I2=91%; P value<0.01 to I2=4%; P value=0.39).    

Different techniques can be used to adjust for the potential biases in the meta-

analysis of observational study designs. Meta-regression, for instance, can be used 

to relate the treatment effectiveness estimate obtained from a meta-analysis to a 

certain characteristics of the included studies. The initial aim of such an approach 

is to explain the observed between-study heterogeneity [2]. However, in order to 

conduct a meta-regression properly, relatively high number of studies with study-

level or patient-level covariates is needed since each study represents one or only 

few measurements [2]. Moreover, meta-regression can solely explain the between-

study heterogeneity related to a specific covariate and ignores other source of 

biases such as unclear study inclusion and exclusion criteria. Hence, a better 

bias-adjustment approach is the one, which adjust for the potential confounders 

and address the methodological flaws of the included studies simultaneously. In 

our meta-analysis, for example, we found that in addition to selection bias (i.e., 

different selection of vaccinated and non-vaccinated at baseline) and inadequate 

adjustment for potential confounders, as the main sources of bias in cohort 

studies, differences between the target population of the meta-analysis and each 

individual study could also affect the IVE estimates (i.e., external bias). Therefore, 

the high between-study heterogeneity before bias-adjustment could partly be 

explained by inadequate adjustment for all different sources of biases and not only 

confounding bias. Ultimately, although multiple techniques are available to adjust 

for bias at the meta-analysis stage, the best strategy is to reduce the effect of bias by 
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conducting high quality individual studies especially with respect to study design 

and analytical approaches [3]. 

Seasonal influenza vaccine effectiveness among community-dwelling 
elderly: meta-analysis of test-negative design (TnD) case-control 
studies

In Chapter 3 we conducted a meta-analysis of TND case-control studies. In this 

meta-analysis we reduced limitations of previously conducted meta-analyses such 

as confounding bias and low number of sample size [4,5]. In order to reduce the 

risk of bias we solely focused on TND studies to firstly estimate IVE against specific 

outcome laboratory-confirmed influenza and secondly reduce confounding due 

to different health-care seeking behaviour between vaccinated and unvaccinated 

elderly population [6-8]. Additionally, to compensate for low number of sample 

size, we combined estimates from more than 50 datasets. We found that depending 

on the vaccine match and epidemic condition, on average influenza vaccination 

reduced the risk of laboratory-confirmed influenza among the elderly by 28% 

(95% CI 15 to 40%) to 58% (95% CI 40 to 70%). Additionally, we found a negative 

correlation between vaccination status and proportion of cases (r -0.62, 95% CI 

-0.83 to -0.42) partly showing that by increasing vaccination uptake rate the 

prevalence of influenza positive cases would be reduced.  

In the absence of experimental randomized (placebo-) controlled trials (RCTs), 

observational studies are mainly being conducted to estimate IVE among the 

elderly population. Hence, in order to provide empirical evidence to policy 

makers, IVE estimates from cohort and classical case-control studies are being 

pooled. Considering the methodological flaws of these study designs, i.e., use of 

non-specific clinical endpoints and susceptibility to different source of biases, it 

is therefore not surprising that the validity of estimates derived from such studies 

appears questionable. As an alternative, in recent years application of TND case-

control studies to monitor IVE, as the current most appropriate study design, 

has increased considerably. Nevertheless, in order to estimate IVE properly in a 

TND study, a set of assumptions should be verified: 1) the probability of seeking 

health-care among ILI or ARI patients should be independent of the vaccination 
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status; 2) the IVE should be similar in influenza-positive and influenza-negative 

patients; and 3) the incidence of non-influenza respiratory infection should be the 

same in vaccinated and non-vaccinated patients [8,9]. In addition to the above 

mentioned assumptions two main factors that could influence the performance 

of TND studies should always be considered. Firstly, not all influenza cases 

specifically asymptomatic patients would seek medical care [10]. Therefore, low 

vaccine effectiveness estimates obtained from TND studies, especially during non-

epidemic seasons, could be due to the low number of cases with mild symptoms 

who did not seek health care, and not the vaccine performance. Secondly, using 

laboratory test with low sensitivity and specificity could lead to misclassification 

bias and consequently affect estimated IVE in TND studies [10,11]. Currently, 

reverse-transcription polymerase chain reaction (RT-PCR) is the most sensitive 

and specific laboratory test to detect influenza viruses [11,12]. However, depending 

on the quantity of the virus in the sample which could be influenced by the interval 

between the symptom onset and swab collection, the sensitivity of the test would 

reduce considerably (e.g. 50% by day 4 of the swab collection) [13]. Additionally, 

it has been shown that using laboratory tests with lower specificity such as virus 

culture (specificity of 0.90), could underestimate the IVE by more than 10% [13]. 

So, although TND studies facilitate routine assessment of IVE, ignoring the above-

mentioned assumptions and conditions could bias the provided estimate [8-10,14]. 

A few simulation and methodological studies have been conducted to investigate 

the performance of TND design, still more research is needed to better understand 

TND limitations specifically when the assumptions are not met. In Chapter 7 this 

point will be discussed in more details. 

A generalized linear mixed model for meta-analysis of test-negative 
design case-control studies 

One of the main limitations of TND studies is small sample size mainly due to the low 

number of cases and/or vaccinated cases during non-epidemic influenza seasons. 

In Chapter 3 the number of vaccinated cases obtained from some studies were very 

low or even zero that could not be used to estimate IVE in each individual TND study 

separately. Hence, as recommended one of the possible solution is pooling the data 
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from multiple studies to overcome the sample size limitation [15]. Different meta-

analysis techniques can be used to pool the estimates from individual TND studies 

and provide an overall IVE. However, in order to combine the estimates, specific 

characteristics of TND should be considered. In contrast to the classical two-by-

two contingency table in which the IVE is being estimated by using proportion of 

vaccinated cases and controls, in the TND design proportion of cases also plays a 

role. This means that depending on the performance of the vaccine; the proportion 

of cases can vary (higher vaccine effectiveness results in lower proportion of 

cases). Therefore, in Chapter 3 we applied a three-dimensional GLMM (3DIM) 

in which, the proportion of vaccinated case, proportion of vaccinated controls and 

proportion of cases are analysed simultaneously. 

Next, in order to investigate the performance of the applied 3DIM, in Chapter 4
we conducted a simulation study and compared the 3DIM approach with the 

classical binomial-normal approach (2DIM) on the traditional 2×2 contingency 

table [16,17] and DerSimonian and Laird (D&L) random effects model [18]. We 

compared the performance of the three models with respect to bias, coverage and 

type I error rates. 

The simulation study showed that the overall log odds ratio generated by D&L is 

highly biased. Furthermore, the bias of the 2DIM was considerably lower than the 

D&L but still higher than the 3DIM approach. In terms of coverage probability, D&L 

showed the poorest results, with coverage ranging from 0.82 to 0.93. The coverage 

probability of 2DIM and 3DIM were more accurate and close to the nominal value 

of 0.95. Finally, the D&L rejected the null hypothesis more frequently meaning 

that compared to 2DIM and 3DIM approaches it provides false-positive estimates 

more often.

In general our findings in Chapter 4 were in line with other simulation 

studies showing that D&L produces biased estimates when applied to the two-by-

two contingency tables [16,17,19]. Additionally, as also demonstrated by Stijnen 

et al. the alternative 2DIM approach provided rather less biased estimates [17]. 

However, in the context of TND studies, this method only takes into account the 

between-study heterogeneity with respect to the proportion of vaccinated cases 

and controls and ignores the heterogeneity induced by the proportion of cases. 

Furthermore, 2DIM ignores the potential correlation between the vaccination 
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status and proportion of cases that we found in Chapter 3. 

In conclusion, 3DIM approach performs slightly better than 2DIM, but at the 

cost of more statistical complexity. In addition to the information provided in 

this simulation study, more theoretical studies are needed to further compare 

the performance of 2DIM and 3DIM methods. Such studies would lead to deeper 

insights into the meta-analysis of observational studies and would help to make 

a scientific sound decision in practice. Finally, the methodological limitations of 

the conventional meta-analysis approaches should be addressed in the currently 

available meta-analysis guidelines such as PRISMSA [20].

Seasonal influenza vaccine effectiveness among community-dwelling 
elderly: an individual participant data meta-analysis 

We continued IVE assessment in Chapter 5 where we conducted an individual 

participant data (IPD) meta-analysis. Although in the aggregated-data meta-

analysis (Chapter 3) we included a high number of datasets and took the effect 

of epidemic condition and vaccine match into account, still we could not provide 

IVE estimates adjusted for potential patient-level confounders. In the IPD meta-

analysis using the original dataset the unadjusted IVE was estimated 53.08% (95% 

CI 36.86 to 66.61%) and 21.74% (95% CI 5.99 to 34.84%) during epidemic seasons 

when the vaccine matched and mismatched the circulating viruses, respectively. 

After fully adjustment for the potential confounders using the imputed dataset, 

the IVE estimates reduced but still showed significant effectiveness against the 

outcome during epidemic seasons irrespective of vaccine match status (matched 

IVE: 44.38%; 95% CI 22.63 to 60.01% and mismatched IVE: 20.00%; 95% CI 

3.46 to 33.68%). Moreover, comparing different subgroups, influenza vaccine 

showed significant effectiveness in both Southern and Northern hemisphere, 

individuals with cardiovascular disease, respiratory disease, and elderly aged  

≤ 75 years. Nevertheless, despite the observed variation in IVE, we did not find any 

statistically significant difference between different subgroups. Finally, we found 

extreme variation in IVE estimates against influenza virus (sub)types with the 

highest effectiveness against A(H1N1)pdm09 and the lowest against influenza B.

In a systematic review conducted by Sullivan et al. to study the methodological 
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variations in published TND studies, age, calendar time and presence of high-

risk medical conditions were found to be the commonly included variables in 

the adjusted estimates in TND studies [13]. Similarly, in our IPD meta-analysis 

these three variables were those with the lowest missing frequency, and a multiple 

imputation approach has to be used to allow the adjustment for other variables. In 

all settings, epidemic/non-epidemic seasons and vaccine match/mismatch, IVE 

estimates decreased after adjusting for the potential confounders. Additionally, 

in the same settings the adjusted IVE estimates in the IPD meta-analysis were 

lower than the unadjusted estimates in the aggregated-data meta-analysis. These  

findings indicate that not adjusting for the potential confounders could bias the 

IVE estimates, make the vaccination appear more effective (overestimation of IVE) 

and undermine the validity of TND approach. Besides, the variations in IVE that 

have been seen in different settings, subgroups and subtypes demonstrate that 

multiple factors could affect the IVE and should be considered while assessing 

the vaccine performance [19,20]. In the aggregated-data (Chapter 3) and IPD 

(Chapter 5) meta-analyses, we found that antigenic match between the vaccine 

strains and the circulating viruses, intensity of influenza virus activity, geographical 

region (Northern or Southern hemisphere), age and presence of chronic medical 

conditions are among those factors that probably could influence the vaccine 

protection effect. Future studies should confirm these findings and explore 

additional factors that could explain the observed variations in the IVE estimates.

Influenza vaccine effectiveness in the netherlands: the importance of 
circulating influenza virus (sub)types and selection of different control 
groups

In Chapter 6 we measured the effectiveness of influenza vaccine against 

laboratory-confirmed influenza in the Netherlands over a series of 11 seasons. 

We observed extreme variability in IVE against different influenza virus (sub)

types/lineages and from season to season. In general, vaccine showed the highest 

protective effect when vaccine strains antigenically matched the circulating viruses 

and the lowest effect when vaccine did not match the circulating viruses and/or 

A(H3N2) was the predominant virus subtype over the last decade. 
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Variation in IVE against different influenza virus (sub)types/lineages was also 

reported in other TND studies [21-23]. Most importantly, similar to our findings in 

Chapter 6, in a recently conducted meta-analysis of TND studies by Belongia et 

al. [24] influenza vaccine showed minimal protection against influenza A(H3N2) 

(IVE 33%; 95% CI 26 to 39%) and moderate to high protection against influenza 

B virus (IVE 54%; 95% 46 to 61%), A(H1N1)pdm09 (IVE 61%; 95% CI 57 to 65%), 

and former A(H1N1) (IVE 67%; 95% CI 29 to 85%). 

Understanding the complex mechanism that underlies the variation in IVE 

against virus (sub)types/lineages is necessary to explain when and why influenza 

vaccine shows low effectiveness. As discussed in Chapter 3 and 5 several factors 

such as vaccine match to the circulating viruses and intensity of influenza virus 

activity could influence the IVE. Furthermore, individual characteristics of each 

influenza virus subtype/lineage such as antigenic evolution rate can contribute to 

the IVE fluctuation (Chapter 6). In addition to above mentioned factors, waning 

immunity due to the interval between the vaccination and disease onset and 

limitations in the definition of “vaccine match” could also explain the different IVE 

estimates against specific virus subtypes. A study conducted in the USA during the 

influenza season 2007/08, for instance, showed a significant association between 

the vaccination interval and infection with influenza A(H3N2) [25]. In this study 

the adjusted odds ratio for influenza A(H3N2) was 1.12 (95% CI 1.01 to 1.26) for 

every 14 day increase in vaccination interval [25]. 

Although it is generally accepted that when vaccine strains antigenically match 

the circulating viruses, influenza vaccine shows its highest protection effect, this is 

not always the case (Chapter 6) [21-23]. For example, during the influenza season 

2012/13 when the vaccine strain matched the predominant circulating virus subtype 

A(H3N2), IVE was estimated 45% (95% CI 13 to 66%) in the Canadian sentinel 

surveillance network and 62% (95% CI 21 to 82%) in the European I-MOVE study 

[26,27]. On the other hand, in a study conducted during the same influenza season 

in Denmark, the IVE against influenza A was estimated as -11% (95% CI -41 to 14%) 

[22]. This variation could partly be explained by the current controversy about 

the best way to measure vaccine “match” and the shortcomings of the widely used 

methods that historically rely on hemagglutinin inhibition assay [26,28,29].

In conclusion, many factors contribute to the observed variation in IVE estimates. 
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Future studies should further investigate these and other sources of variability and 

clarify how much of variation is related to study design, target populations, virus 

characteristics, vaccine performance and other potential determinants [30,31].  

Influenza vaccine effectiveness estimates in the Dutch population from 
2003 to 2014: the test-negative design case-control study with different 
control groups

As discussed earlier, in order to conduct a valid TND study a few assumptions 

should be verified. One of these assumptions relies on the fact that the risk of non-

influenza respiratory infection is independent of vaccination status [8,9]. This 

assumption has led to an ongoing controversy over the best control group for TND 

studies [9]. In Chapter 7 we compared the IVE estimates calculated based on three 

different control groups: 1) negative for influenza, 2) negative for influenza viruses 

but positive for some other respiratory viruses (i.e. respiratory syncytial viruses 

(RSV), rhinovirus (RV) and enterovirus (EV)), and 3) negative for influenza and all 

above mentioned viruses. In this study the estimated IVE differed according to the 

influenza negative control group which was used. The IVE was 54% (95% CI 35 to 

67%) for control group 2 and 29% (95% CI 10 to 45%) and 22% (95% CI -1 to 39%) 

for control group 1 and 3, respectively. 

In order to explain these differences we first should understand the reasoning 

behind choosing different control groups. According to some investigators the best 

control group is ILI patients negative for influenza but positive for other respiratory 

viruses (control group 2) [32,33]. The argument is based on the assumption that 

control group 3 with ILI symptoms who are negative for influenza and other 

respiratory viruses are probably at higher risk of outcome misclassification bias [9]. 

On the other hand, others argue that control group 3 provides a more accurate IVE 

since viral interference is unlikely to affect individuals in this group. According to 

the viral interference hypothesis, during the influenza season vaccinated individuals 

would be at higher risk of infection with non-influenza respiratory viruses due to 

the lack of non-specific immunity induced by influenza viruses [34,35]. Therefore, 

higher proportion of vaccinated ILI patients who are symptomatic because of non-

influenza viruses would look for medical care and consequently included in the 
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study. If this happens, influenza vaccine effectiveness would be overestimated due 

to the presence of selection bias. 

Firstly, considering the arguments against including control group 2, in our 

study although the vaccination coverage was slightly higher in the control group 

2 compared to the control group 3 (24.2% vs. 21.9%), this difference was not 

statistically significant (P value = 0.199). Therefore, it is unlikely that the higher 

vaccination coverage lead to lower non-specific immunity and consequently 

overestimated VE estimates in control group 2. On the other hand, since we 

only included individuals who received the influenza vaccine 14 days prior to 

the symptom onset, and we know that non-specific immunity is a short lasting 

response (~14 days) [35,36], we do not expect that the observed variation in IVE 

is influenced by the viral interference, either. Secondly, considering the arguments 

against including control group 3, we found a statistically significant difference 

between control group 2 and 3 with respect to the interval between symptom 

onset and swab collection (P value=0.004), showing that higher proportion of 

control group 3 were tested 6-7 days after symptom onset; when the sensitivity 

of the test has dropped considerably [37]. Besides, since several laboratory tests 

such as conventional block-based PCR, RT-PCR and virus isolation were used to 

detect the viruses, some degree of misclassification bias is expected. Finally, in 

order to increase the study power both ILI and ARI patients were included in our 

study. Since ILI definition is more specific to influenza; and ILI and ARI patients 

experience different symptoms, their health care-seeking behaviour might be 

different [38]. Hence, the systematic differences between ILI and ARI patients 

could additionally lead to misclassification bias.

In conclusion, in our study the risk of outcome misclassification bias is higher 

than risk of selection bias and therefore control group 2 may provide a less 

biased IVE estimate. Future studies are needed to clarify our findings and further 

investigate the performance of TND studies in different scenarios. 
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GeneRAl ReMARKS AnD fuTuRe DIReCTIonS

In this thesis we assessed the IVE while adjusting for different source of biases and 

potential confounders. According to Schlesselman bias is “any systematic error in 

the design, conduct or analysis of a study that results in a mistaken estimate of an 

exposure’s effect on the risk of disease” [39]. As discussed in this thesis, biases not 

only could affect the magnitude of the estimates but also could shift their direction 

towards or away from the null value (e.g. 1 for odds ratio). Therefore, since 

biases could affect the validity of the estimate and legitimacy of the conclusion, 

it is important to firstly consider their potential impact at any stage of conducting 

epidemiological studies and secondly to adjust for their influence. In this thesis 

we made every effort to adjust for the potential biases at different stages (Table 

1). We firstly explored the effect of different biases and the level of uncertainty 

induced in the conducted cohort studies. Additionally, we focused on the most 

efficient observational study design, TND, to provide an overall IVE while taking 

into account the epidemic condition and vaccine match as well as adjusting for the 

potential confounders such as presence of high risk medical conditions. 

Furthermore, we compared the performance of different meta-analysis 

techniques as it could further influence the provided estimates. Besides, we 

contributed to the current knowledge about the importance of circulating influenza 

virus (sub)types/lineages and limitations of TND design such as choosing the 

best control group. Finally, we discussed our main findings and provided some 

recommendations for future research. 
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TAble 1. Biases and methods to adjust for them.

Chapter bias bias adjustment method

2

Selection bias

Turner et al. method [1]

Performance bias

Attrition bias

Detection bias

Population bias

Outcome bias

3,5,6,7 Selection bias Restricting the study design to TND 

3,5,6,7 Outcome misclassification bias Using RT-PCR for influenza diagnosis

2,5,6,7 Confounding bias
Turner et al. method [1] IPD meta-analysis 
GLMM and logistic regression analysis 

3,4,6 Bias of effect estimator GLMM

3,4,6 Bias induced by continuity correction GLMM

7 Bias due to the violation of TND assumptions Using three different control groups
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