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____________________________________________________________________ General Introduction   

 

 

Introduction 

Influenza is an acute respiratory tract illness, caused by the influenza virus. Every year 

influenza epidemics affect approximately 10% of the general population. Inside long-term 

care health care institutions average attack rates are usually around 20-30%, ranging up to 

60%
1
. In the often frail and elderly patients influenza virus infections may cause severe 

complications such as pneumonia and even death
2
. Although several strategies are being 

used to prevent large-scale outbreaks in long-term care departments, it is not known 

which strategies are most effective. One particular difficulty in containing influenza 

outbreaks is the high prevalence of asymptomatic infections. Approximately 50% of 

patients infected with influenza virus do not develop clinical symptoms, but do shed 

virus
3;4

. Moreover, those patients that eventually will develop symptoms can be infectious 

some time before symptom onset. These asymptomatically infected individuals can spread 

the virus to others. Recognition of influenza virus infections is further complicated by the 

aspecific nature of symptoms, hampering a rapid diagnosis
5
. For all these reasons, it is 

extremely difficult to use surveillance for timely detection of influenza outbreaks. 

Therefore, prevention of first infections is of key importance. 

 

The most common and efficient strategy to prevent influenza virus infection is 

vaccination. In the Netherlands it is recommended, as part of the national vaccination 

program, to annually vaccinate all elderly above 60 years of age and high-risk patients 

below that age
6
. This strategy has been successfully implemented, especially for nursing 

home patients, with on average 90% of residents vaccinated each year
7
. Vaccination 

coverage in elderly in long-term care institutions in other western countries is similarly 

high
8
. However, even though vaccine uptake is high, due to the low vaccine efficacy in 

elderly
9
, patients are not sufficiently protected against infection and additional strategies 

to prevent outbreaks are required.  

  

Health care workers (HCWs) are thought to be an important source of infection for 

patients. HCWs can transmit the influenza virus to patients when they are 

asymptomatically infected or when they continue to work before falling ill. Prevention of 

infection in HCWs is, therefore, expected to offer indirect protection to patients. The 

easiest way to protect HCWs is by vaccination. Vaccine efficacy in healthy adults is ca 73%, 

which is higher than vaccine efficacy among the elderly
10

. The last few years, the effects of 

HCW vaccination on influenza like illness attack rates in long-term care patients have been 

evaluated in several trials
8;11;12

. The studies all point to a beneficial effect. However, the 

exact effect of HCW vaccination is hard to quantify due to high variation in the studies 

between departments, years and vaccine coverages. Vaccination of HCWs is now advised 
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in an increasing number of countries, but compliance with the national recommendations 

is low
7;13

. Despite several efforts to increase vaccine uptake among HCWs, vaccination 

rates rarely exceed 40%
14

. HCWs are reluctant towards vaccination because of prejudices 

and misunderstandings about vaccine functioning and relevance
13

.  

 

An alternative prevention strategy against influenza recommended for nursing homes is 

the use of (post-exposure) chemo prophylaxis with antiviral drugs. The most 

recommended prophylactic agent is the orally administered neuraminidase inhibitor 

oseltamivir
14

. Oseltamivir effectively prevented infection and illness in household studies, 

where it was given to family members of individuals with an influenza-like-illness
3
. The 

few studies that were performed in nursing homes, also suggested beneficial effects of 

post-exposure prophylaxis in containing outbreaks and preventing complications, but 

were underpowered to determine the precise effect
2;15;16

. The major concern of 

prophylaxis with antivirals is the emerging resistance. During the 2007-2008 influenza 

season the frequency of strains resistant to oseltamivir unexpectedly increased among 

isolated influenza virus A/H1N1 strains
17

. The reason for this sudden increase of resistance 

is unknown as it does not seem to be caused by a high selection pressure due to antiviral 

use. Since we do not know whether resistance will continue to spread, other agents that 

are less prone to cause resistance might need to be considered as alternatives. 

 

Over the last years, mathematical transmission models have become essential tools for 

studying the epidemiology of influenza. These transmission models explicitly incorporate 

the existing knowledge about the infection cycle and relevant contact patterns in the host 

population. Models are particularly useful to explore the often counter-intuitive effects of 

control strategies at a population level. Such effects cannot be tested in trials, either 

because such a trial would be unethical (for example, if one is interested in controlling an 

influenza pandemic) or because it would require vast amounts of time and money 

available (for example, if one is interested in comparing a large number of different 

control strategies). Most transmission models that have been developed for influenza 

focus on transmission of pandemic influenza strains in a large population
18-20

 or evolution 

of influenza strains
21

. Few models have focused on transmission of influenza in small 

populations
22

, and, to the best of our knowledge, no transmission models exist that focus 

on describing seasonal influenza transmission among populations of patients and health 

care workers in hospital and nursing home departments.   
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Aim, objectives and questions 

This thesis aims to assess the expected impact of a range of alternative intervention 

measures for the prevention of influenza outbreaks in health care settings. To this 

purpose, a health care setting specific transmission model of influenza is required. As such 

a model does not exist, the objectives of this thesis are to develop a mathematical 

transmission model that allows the evaluation of different interventions for the 

prevention of influenza outbreaks in health care settings, and to collect the data that are 

critical to developing such a model in hospital and nursing home departments.  

 

In order to achieve the aim, in the following chapters a number of questions is addressed: 

-Can we use symptoms for timely detection of influenza outbreaks in hospitalized 

patients? 

-Is the population of health care workers willing to be vaccinated against influenza? 

-Is it feasible to use trials to assess the impact of vaccinating health care workers in 

nursing homes? 

-What is the relationship between the health care worker vaccination rate and the 

number of influenza virus infections among patients? 

-Can we extrapolate results for vaccinating health care workers in nursing homes to 

expected results for vaccinating health care workers in hospitals? 

-What is the expected impact of antiviral prophylaxis on influenza in nursing homes? 

-How is the effect of antiviral prophylaxis affected by increased resistance? 

-How does increasing antiviral resistance affect different prevention strategies? 

 

Outline of this thesis 

In chapter 2 we study which symptoms are most accurate for diagnosing influenza virus 

infections in hospitalized patients. We compare the diagnostic value of fever and cough, 

the two symptoms that are most accurate for predicting influenza virus infections in the 

community, with other symptoms possibly associated with influenza. In chapter 3 we 

describe the attitude of Dutch hospital personnel towards influenza vaccination as 

reported in questionnaires that we distributed to health care workers of four departments 

of the University Medical Center Utrecht. In chapter 4 we introduce our mathematical 

model that we subsequently use to determine the effect of health care worker vaccination 

on influenza virus attack rates in long-term care nursing home patients. In chapter 5, we 

adapt the model to study the effect of health care worker vaccination for patients of 

(short-term care) hospital departments. In chapter 6 we extend the model to investigate 
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the effects of different strategies of prophylaxis with oseltamivir for nursing home 

patients, taking into account the potential impact of emerging oseltamivir resistance. In 

chapter 7 we discuss the main findings of this thesis and provide recommendations for 

further research.  
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Abstract  

Background 

During influenza outbreaks, fever and cough are the most accurate symptoms in 

predicting influenza virus infection in the community. However, the usefulness of fever, 

cough, and other symptoms for diagnosing influenza virus infection in hospitalized 

patients is unknown. 

 

Methods  

We performed a prospective cohort study on three wards (pulmonology, internal 

medicine and infectious diseases, and geriatrics) of a tertiary care hospital in the 

Netherlands. All patients staying in the wards during peak national influenza activity in the 

2005-2006 and 2006-2007 influenza seasons were included. The presence of fever, cough, 

and/or other symptoms possibly associated with influenza was monitored for all patients, 

and nose and throat swab samples were taken twice weekly for virologic analysis. 

 

Results  

Of 264 patients, 23 (9%) tested positive for influenza virus. The positive predictive value of 

fever and cough for the diagnosis of influenza virus infection was 23% (95% confidence 

interval, 0%-62%), and the sensitivity was 35% (95% confidence interval, 11%-58%). The 

combination of symptoms with the highest positive predictive value (40%) was that of 

cough, chills, and obstructed nose or coryza. The combination of cough and chills or fever 

had the highest sensitivity (60%). None of the combinations of symptoms had both a 

positive predictive value and a sensitivity higher than 40%. 

 

Conclusions 

Both the sensitivity and the positive predictive value of classical influenza symptoms for 

the diagnosis of influenza virus infection in hospitalized patients are low. The use of these 

common symptoms for treatment decisions and infection control management will 

probably be insufficient to contain a nosocomial outbreak, because many influenza cases 

will remain unidentified. 
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Introduction 

Influenza is an acute respiratory tract illness, and outbreaks occur annually that are 

responsible for large numbers of hospitalizations and deaths worldwide
1
. Especially in 

health care institutions, such as hospitals and nursing homes, outbreaks are dangerous, 

with attack rates of up to 60%
2
 and with half of the patients developing pneumonia, one-

third requiring hospitalization, and one-tenth dying from influenza
3;4

. 

 

The Advisory Committee on Immunization Practices recommends treatment and 

prophylaxis with antiviral drugs during outbreaks of influenza in health care institutions
5
. 

The prompt introduction of control measures depends on the rapid detection of influenza 

virus infections, which requires both accurate rapid diagnostic tests and an efficient 

monitoring system. Surveillance for influenza infections, however, is problematic for 

various reasons. First, an estimated 50% of the patients infected with influenza virus do 

not develop clinical symptoms
6
. Such asymptomatically infected patients, however, shed 

virus and are infectious to others
7;8

. Second, patients with symptomatic influenza infection 

experience a variety of symptoms, and none of these are sufficiently specific for rapid 

diagnosis
7;9;10

. During the influenza season, the combination of fever and cough has been 

shown to be the most accurate predictor of influenza virus infection in patients with 

respiratory illness in the community
10-13

. However, few data exist on the diagnostic value 

of this combination of symptoms for hospitalized patients. In a study by Babcock et al.
14

, 

half of the hospitalized patients with serologically confirmed influenza infection had fever 

and cough, yet no information was obtained on the predictive value of these symptoms. In 

a study by Hoeven et al.
15

, the difficulties in correctly identifying influenza virus infection 

in patients admitted to the hospital with respiratory illness were demonstrated, but the 

diagnostic value of specific (combinations of) symptoms was not investigated. Overall, 

scientific evidence is scarce on the usefulness of diagnosing influenza virus infection in 

hospitalized patients on the basis of a combination of symptoms such as cough and fever. 

Nevertheless, the identification of hospitalized patients suspected of having influenza 

virus infection and the subsequent preventive measures taken are usually based on 

symptoms.  

 

We studied the accuracy of fever and cough for the diagnosis of influenza virus infection in 

hospitalized patients. During the 2005-2006 and 2006-2007 influenza seasons in The 

Netherlands, data were collected from 3 different hospital wards. Both the prevalence of 

influenza and the prevalence of several symptoms that might be associated with influenza 
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virus infection were determined. The diagnostic value of fever and cough was established, 

and it was compared with those of other symptoms.   

 

Methods 

Design, setting, and study population 

In 2006, a prospective cohort study was conducted at the wards of the Departments of 

Internal Medicine and Infectious Diseases and of Pulmonology at the University Medical 

Center Utrecht, a tertiary care hospital in the Netherlands. In 2007, the study was 

repeated (and extended) in these wards and in the geriatrics ward of the same hospital. 

All patients staying in the participating wards at the start of the study period and all 

patients admitted during the study were included. Patients who did not stay overnight 

were excluded. All patients were hospitalized in 1-, 2-, or 4-person rooms. The institutional 

review board waived the need for informed consent. However, all patients received 

written information on the study on admission. 

 

Study period 

The first part of the study was performed in weeks 8 and 9 of calendar year 2006 as part 

of a larger study on the prevalence of influenza in the hospital. Because asymptomatic 

influenza virus infection was more prevalent than expected, we decided to repeat and 

extend the study in 2007. The second part of the study was thus performed in weeks 7–11 

of 2007. Both periods were chosen on the basis of the Dutch sentinel influenza 

surveillance data to occur during the peak of the influenza season in the Netherlands 

(Figure). 

 

 

 

 
Figure. Rates of consultations for influenza-like illness (ILI) per 100,000 individuals in The Netherlands during the 

2005-2006 and 2006-2007 influenza seasons (obtained from http://www.eiss.org).The bars represent the 

durations of the study periods.  
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Baseline data collection 

On admission, all patients received a questionnaire that gathered information on influenza 

vaccination status, influenza history, use of influenza inhibitors, whether they were in 

respiratory isolation, and whether they were restricted to bed. In addition, we recorded 

date of admission, reason for admission, sex, age, and whether the patients had 

comorbidities and immune deficiency. 

 

Follow-up data collection 

During both study periods, patients were monitored daily by nurses for the presence of 

cough (more than usual or acute onset) and/or elevated body temperature. Every 3-4 

days, nose and throat swab samples were obtained from all patients to determine the 

presence of influenza virus infection. In 2007, additional information was also obtained 

every 3-4 days regarding the presence of other symptoms that might be associated with 

influenza, namely, sore throat, rigors or chills, myalgia, headache, obstructed nose or 

coryza, acute onset of symptoms, and malaise or weakness. At the end of the study 

periods, all nose and throat swab samples were analyzed by polymerase chain reaction 

(PCR)
16

, because PCR is now considered the most sensitive, specific, and versatile test for 

the detection of influenza virus and is rapidly replacing isolation in virus culture as the 

reference standard
17

. Our PCR is approximately twice as sensitive as virus culture for the 

detection of influenza virus in patients
16;18

; this is in agreement with results from other 

studies
19;20

. 

 

Statistical analysis 

From the data collected during the 2 study periods, we determined the prevalence of 

influenza virus infection and the diagnostic characteristics (sensitivity, specificity, and 

positive and negative predictive values) of the combination of fever (defined as a 

temperature greater than 38.3°C) and cough for the diagnosis of influenza virus infection. 

Patients (and their samples) were considered symptom positive if both fever and cough 

were recorded to be present on the day of sampling or on 1 of the 3 days before sampling. 

Because the data analysis protocol was intensive, we could not prevent some data (11.7%) 

on the daily presence of cough and fever from being missed. We show the results of 3 

analyses that differed in the treatment of the missing data. In the first analysis, missing 

data were treated by multiple imputation
21

, and in the second and third analyses, we 

studied the extreme situations in which all missing data were assumed to be negative (ie, 

no cough and no fever) or positive, respectively. To evaluate whether the use of multiple 

samples obtained from the same patients caused statistical difficulties, in a fourth analysis     
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Table 1. Baseline characteristics of patients from the 2 study periods in 2006 and 2007, by hospital ward. 

 Internal Medicine & 

Infectious Diseases 

Pulmonology Geriatrics Total 

 (n=158) (n=161) (n=36) (n=355) 

Male sex 51 56 47 53 

Age, years, mean (range) 58 (18-95) 55 (19-87) 80 (22-97) 60 (18-97) 

Vaccinated for influenza 53  74 69 64  

COPD or asthma 6 37 12 20 

Cystic fibrosis  0 16 0 7 

HIV infection 14 0 0 6 

Prednisone or dexamethasone use  10 32 3 22 

Note. Data are % of patients, unless otherwise indicated. COPD, chronic obstructive pulmonary disease 

 

only the first sample of every patient was used, and all subsequent samples were omitted 

from analysis.  

 

Sensitivity, positive predictive value, and odds ratios and their 95% confidence intervals 

were determined for each symptom recorded in the 2007 study period for the occurrence 

of influenza. Also, the diagnostic values of combinations of symptoms were calculated. 

The reported combinations were chosen because of the high sensitivity and/or positive 

predictive value of the individual symptoms or because they were reported to be accurate 

predictors in other studies.  

 

Results 

Patients 

During the 2 study periods, 158 patients were admitted to the internal medicine and 

infectious diseases ward (57 in 2006 and 101 in 2007), 161 patients were admitted to the 

pulmonology ward (54 in 2006 and 107 in 2007), and 36 patients were admitted to the 

geriatrics ward. Baseline characteristics of the patients are given in Table 1. The mean age 

was 60 years. The rates of influenza vaccination before the influenza season were 53% in 

the internal medicine and infectious diseases ward, 74% in the pulmonology ward, and 

69% in the geriatrics wards. The rates were higher in the older age groups (49% for those 

younger than 50 years, 66% for those 50-65 years old, and 73% for those older than 65 

years; p=0.003). 

 

Influenza rates 

One or more nose and throat swab samples were obtained from 264 (74%) of 355 

patients. The remaining patients were either not hospitalized on one of the sampling days, 
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 Table 2. Characteristics of patients tested for influenza virus from the two study periods in 2006 and 2007. 

 Patients who tested 

negative 

Patients who tested 

positive 

 

 

 (n=241) (n=23) p-value 

Male sex  56 57 1.00 

Age, years, mean (range) 59 (18-97) 53 (19-81) 0.17 

Vaccinated for influenza 65 45 0.061 

COPD  17 22 0.37 

Asthma  2 17 0.005 

Cystic fibrosis 7 17 0.11 

HIV infection 7 9 0.48 

Prednisone or dexamethasone use 19 23 0.44 

Note. Data are % of patients, unless otherwise indicated. COPD, chronic obstructive pulmonary disease  

 

not present at the ward for diagnostic or intervention procedures, or unwilling or unable 

to cooperate. Baseline characteristics of sampled and non-sampled patients were similar, 

except for the proportion of men, which was larger in the sampled group (56% vs 43%; 

p=0.02). In total, 538 nose and throat swab samples were collected, of which 31 (6%) 

tested positive for influenza virus by PCR. The positive samples were from 23 different 

patients, meaning that 9% of all patients tested positive for influenza at least once. Of the 

23 patients who tested positive for influenza, 18 were from the pulmonology ward, and 5 

were from the internal medicine and infectious diseases ward. In the geriatrics ward, no 

patients tested positive. The distribution of some baseline characteristics was similar 

among patients who tested positive for influenza virus and those who tested negative. 

Asthma was significantly more common among patients who tested positive (p=0.005) 

(Table 2). 

 
Fever and cough for diagnosis of influenza virus infection 

The diagnostic characteristics (sensitivity, specificity, and positive and negative predictive 

values) of the combination of fever and cough for the diagnosis of influenza virus infection 

were calculated using the samples collected during the 2 study periods (Table 3). The 

positive predictive value of the combination of fever and cough was estimated to be 23% 

(95% confidence interval (CI), 0%-62%), and the sensitivity was 35% (95% CI, 11%-58%). 

When only the first samples of all patients were used in the analysis, the sensitivity and 

positive predictive value were 42% (95% CI, 18%-65%) and 26% (95% CI, 0%-65%), 

respectively. 

 

Diagnostic value of other symptoms 

Using the data from the second study period and univariate regression analysis, we 

showed that all recorded symptoms, except myalgia (ie. acute onset, rigors or chills, fever,
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Table 3. Diagnostic accuracy of the combination of fever and cough for diagnosing influenza virus infection, 

calculated with different treatments of the missing data. Results are shown for three strategies of imputing 

missing data on the presence of fever and cough, and a fourth analysis in which only the first sample of every 

patient is used. 

 

1
st
 analysis, 

multiple 

imputation 

 n = 538) 

2
nd

 analysis, missing data 

assumed negative (n=538)  

3
rd

 analysis, missing data 

assumed positive (n=538) 

4
th

 analysis, first 

samples only, 

multiple 

imputation 

(n=264) 

 Rate in %  Rate in %      Rate in % Rate in %  

 (95% CI) Proportion (95% CI)  Proportion (95% CI) (95% CI) 

Sensitivity 35  (11 – 58) 10 / 31 32  (16 – 49)  15 / 31 48  (30 – 66) 42  (18 – 65) 

PPV 23  (  0 – 62) 10 / 40 25  (12 – 38)  15 / 103 15  (  8 – 21) 26  (  0 – 65) 

NPV 96  (91 – 100) 477 / 498 96  (94 – 98)  419 / 435 96  (95 – 98) 95  (90 – 100) 

Specificity 93  (89 – 96) 477 / 507 94  (92 – 96)  419 / 507 83  (79 – 86) 90  (86 – 93) 

Note. CI, confidence interval; PPV, positive predictive value; NPV, negative predictive value. 

 

cough, sore throat, headache, obstructed nose, and malaise), were significantly and 

positively associated with PCR-confirmed influenza virus infection (Table 4). Cough was 

the symptom with the highest sensitivity and was associated with 75% of samples that 

tested positive. Acute onset of symptoms had the highest positive predictive value, 20%. 

Of several combinations of symptoms, the presence of cough, chills, and an obstructed 

nose or coryza had the highest positive predictive value, 40%. Cough and chills or fever 

were present in 60% of patients who tested positive for influenza virus. No combination of 

symptoms could be found in which the positive predictive value and the sensitivity were 

both above 40%. 

 

Discussion 

This surveillance study showed that both the sensitivity and the positive predictive value 

of fever and cough for PCR-confirmed influenza virus infection were low among 

hospitalized patients. The accuracy of other symptoms or combinations of symptoms for 

the diagnosis of influenza virus infection was also low. According to our study, mere 

symptomatic surveillance of hospitalized patients would miss, depending on the 

combination of symptoms screened for, 40% or more of influenza virus infections. Thus, 

the usefulness of symptomatic surveillance in preventing and controlling institutional 

outbreaks of influenza seems to be limited.  

 

This study was performed in 3 hospital wards that treat a variety of patients, of whom 

many are at high risk of acquiring influenza virus infection, namely, elderly patients, 
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Table 4. Univariate regression analysis of associations between the symptoms occurring in patients in the 3 days 

before sampling and the polymerase chain reaction–confirmed presence of influenza virus in the nose and throat 

swab samples collected in the 2007 study period. 

No. (%) of patients with 

symptoms, by influenza 

test result
a 

    

Positive Negative PPV   

Clinical symptoms 

(n=20) (n=400) % OR (95% CI) p-value 

Acute onset (in <12 hours) 6 (30) 24 (6) 20 6.7 (2.4-19.0) 0,002 

Rigors or chills 11 (55) 66 (17) 14 6.2 (2.5-15.5) < 0,001 

Temperature >38.3 °C 9 (45) 73 (18) 11 3.7 (1.5-9.2) 0,007 

Cough 15 (75) 119 (30) 11 7.1 (2.5-19.9) < 0,001 

Sore throat 7 (35) 36 (9) 16 5.4 (2.0-14.5) 0,002 

Headache 11 (55) 94 (24) 11 4.0 (1.6-9.9) 0.003 

Myalgia 6 (30) 67 (17)   8 2.1 (0.8-5.7) 0,114 

Obstructed nose or coryza 11 (55) 91 (23) 11 4.1 (1.7-10.3) 0,002 

Malaise or weakness 11 (55) 116 (29)   9 3.0 (1.2-7.4) 0,016 

Combinations      

 Cough, fever 8 (40) 35 (9) 19 7.0 (2.7-18.1) < 0,001 

 Cough, rigors or chills 11 (55) 28 (7) 28 16.2 (6.2-42.5) < 0,001 

 Cough, fever, rigors or chills 12 (60) 46 (12) 21  6.3 (2.5-16.0) < 0,001 

 Cough, rigors or chills, 

obstructed nose or coryza 

6 (30) 9 (2) 40 18.6 (5.8-59.5) < 0,001 

 Cough, fever, acute onset 6 (30) 14 (4) 30 11.8 (4.0-35.3) < 0,001 

Note. CI, confidence interval; OR, odds ratio; PPV, positive predictive value.  
a
 The sensitivity of symptoms for influenza virus infection is equal to the percentage of influenza virus–positive 

patients that show the symptoms.  

 

immunocompromised patients, and patients with respiratory diseases. Even though these 

wards might not be representative of all other wards, they can be assumed to be among 

those in which the prevention of influenza outbreaks is of highest importance. Hence, 

surveillance of influenza virus infection should focus on the patient groups found in these 

wards. To prevent over-reporting of cough, primarily for pulmonology ward patients, our 

questionnaire focused on unusual or acute-onset cough instead of chronic cough. Fever 

was the only symptom that could be measured objectively; however, we did not collect 

data on the use of antipyretics, which might have influenced a patient’s body 

temperature. Although some daily data on the presence of fever and cough were missing, 

the 3 different ways of treating missing data did not show a large variation in results. In 

addition, laboratory analysis of the samples was complete, and because of the technique 

used, the number of false-negative test results is expected to be small
16

. Diagnosing 

influenza virus infections in hospitals where more conventional (and less sensitive) 

detection methods, such as antigen detection and isolation in virus culture, are used may 
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be even less accurate than our study predicts. The use of every sample obtained from 

every patient might introduce statistical difficulties, because subsequent samples from 

one patient cannot be considered as independent observations. Such difficulties are 

absent in the analysis in which only the first sample of every patient is used. Because the 

results of this analysis of first samples only are similar to the results of the analyses of 

every sample from every patient, we conclude that the statistical difficulties caused by 

dependent observations are minor.  

 

Our finding that the symptoms of fever and cough are not very accurate for diagnosing 

influenza virus infection in hospitalized patients is remarkable, given the fact that several 

studies have previously shown that these symptoms are highly predictive of influenza 

virus infection (with positive predictive values of approximately 80%)
11-13

. Only Govaert et 

al.
22

 reported a lower positive predictive value of 26% for elderly persons with the same 

combination of symptoms. The previously studied patient populations, however, were all 

cared for in the community, and participants were often included because of some 

respiratory illness. Therefore, the results of these studies can not be applied to the 

hospital population in our study. The general prevalence of fever and cough in the hospital 

is higher than it is in the community, and lower positive predictive values are to be 

expected. In addition, although both study periods coincided with the peak of the 

influenza season, the relatively low levels of influenza virus during the 2005-2006 and 

2006-2007 influenza seasons might have decreased the positive predictive values of the 

symptoms studied.  

 

The sensitivity of the symptoms of influenza in hospitalized patients has not been studied 

often, but Babcock et al.
14

 reported that 51% of hospitalized patients with a laboratory-

confirmed diagnosis of influenza virus infection had fever and cough. This percentage is 

somewhat lower than the sensitivity of 64% found by Monto et al.
12

 for outpatients but 

higher than that found in our study. The difference might be explained by the fact that, in 

all of the previously conducted studies, patients were included or tested because of 

suspected respiratory illness. In our study, however, all patients in the wards were tested, 

including those without suspected influenza virus infection or other respiratory virus 

infection. Failure to include asymptomatically infected patients in the other diagnostic 

studies is likely to have increased the sensitivities of all influenza virus-related symptoms 

that were studied.  

 

Different guidelines are being used by health care organizations for identifying influenza 

virus infections among patients with respiratory illness
23

. Also, in previous studies
10-12;22;24-
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26
, many different combinations of symptoms have been shown to be best at predicting 

influenza virus infection. However, in our study population, none of the observed 

guidelines or reported combinations of symptoms seem to be appropriate for recognizing 

most of the patients who tested positive for influenza or for predicting the presence of 

influenza virus in specific patients.  

 

Because the sensitivity of classic influenza symptoms in a hospital setting is even lower 

than previously thought, it seems impossible to contain influenza outbreaks by identifying, 

treating, and isolating symptomatically infected patients only, as is often common 

practice. Symptom-based screening for possible influenza cases fails to identify a large 

fraction of infected patients, whereas it falsely incriminates others. When this strategy is 

used, the majority of infectious influenza cases will remain unidentified and will probably 

continue to transmit the virus and fuel an outbreak. Optimal determination of the burden 

of influenza infection in the hospital and optimal prevention (or containing) of outbreaks 

would require the use of accurate rapid diagnostic tests for all patients, symptomatic as 

well as asymptomatic. 
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Abstract  

Background 

In 2007, the Dutch Health Council recommended influenza vaccination of all institutional 

health care workers (HCWs).  

 

Methods 

In this questionnaire study largely based on the Health Belief Model we assessed the 

attitude and intentions of hospital personnel towards such vaccination. We sent out 220 

questionnaires to medical personnel and nurses of departments of the University Medical 

Center Utrecht, the Netherlands.  

 

Results 

Only one-third of the 112 responders (response rate of 51%) reported a positive intention 

to comply with the national recommendation. Factors associated with a positive intention 

were the awareness of a HCW’s responsibility not to harm patients, the belief to have a 

high risk of influenza infection and confidence in vaccine efficacy. Physicians were more 

likely than nurses and other staff to have a positive intention.  

 

Conclusions 

Although a recommendation by the Dutch Health Council will increase the current 

vaccination rate among hospital personnel, vaccination uptake will remain low. Education 

is needed to convince hospital personnel about influenza vaccination.  
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Introduction 

Each year, influenza epidemics are responsible for thousands of hospital admissions and 

hundreds of deaths. Especially in nursing homes, hospitals and other health care settings, 

influenza outbreaks are threatening as most patients are prone for this infection and its 

associated complications
1
. Influenza can be introduced in health care settings through 

patients, health care personnel or visitors. Since influenza infection can be asymptomatic, 

influenza can spread rapidly among patients and health care workers (HCWs), particularly 

in closed settings
2-4

. As of March 2007, the Health Council of the Netherlands has 

therefore recommended annual influenza vaccination for all health care personnel in 

hospitals, care homes and nursing homes to reduce the burden for residents
5
. The advice 

was based on several randomized controlled trials in long-term elderly-care hospitals and 

care homes in which vaccination of HCWs was associated with decreased mortality among 

patients during the influenza season
4;6-8

. The most recent of these studies also reported 

decreased incidences of influenza-like-illness, influenza-associated hospital admissions 

and general practitioner consultations after vaccination of nursing home personnel
7
. 

 

The few studies among HCWs of Dutch nursing homes showed that vaccine uptake was 

consistently low and did not improve after a nursing home guideline on the prevention of 

influenza
9
. Studies from other Western countries also reported low vaccination rates in 

health care settings
3;10

. We therefore hypothesized that the compliance of hospital 

personnel with the recommendation of the Dutch Health Council on influenza vaccination 

would be suboptimal. We conducted a questionnaire study among HCWs of the University 

Medical Center Utrecht to gain insights into the intention to comply with the 

recommendation and to assess determinants associated with a positive or negative 

intention. Insight in these determinants might be used to develop educational programs 

to increase future vaccine uptake among HCWs.  

 

Methods 

Study population 

In 2007, a questionnaire study was conducted among medical personnel and nurses of the 

departments of Internal Medicine & Infectious Diseases, Pulmonology, Geriatrics and 

Children Immunology of the University Medical Center Utrecht. The departments 

consisted of 23, 26, 12 and 19 beds, respectively, and in total 146 nurses and 55 doctors 

were employed in the four departments at the time of the study. Only in the department 
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of Children Immunology vaccine had been offered to the HCWs prior to the 2006-2007 

influenza season. 

 

Questionnaire 

In the four study departments 220 questionnaires were randomly distributed among 

health care personnel (doctors, nurses and some temporary and student employees) via 

the department’s secretary. The questionnaire was developed based on questionnaires 

from previous studies among elderly and parents of infants with questions that pertained 

to determinants of health behavior according to the “Health Belief Model”
11

. We 

evaluated demography, influenza vaccination history and possible experienced side 

effects. Also, we evaluated the general knowledge regarding influenza vaccination, the 

opinion towards several possible ways of receiving information about influenza 

vaccination, social influence of colleagues or friends, and the attitude of HCWs towards 

influenza and influenza vaccination. Finally, we evaluated the attitude of HCWs towards 

use of neuraminidase inhibitors like Zanamivir (Relenza®) and Oseltamivir (Tamiflu®); or 

vaccination for other diseases, like pneumococcal disease or MRSA. The respondents were 

asked to answer most propositions on a five-point scale ranging from ‘I certainly agree’ to 

‘I certainly disagree’
12;13

. 

 

Outcome measure 

The primary outcome measure of this study was a positive or negative intention to comply 

with the recommendation to receive the influenza vaccine. A positive attitude was defined 

as the intention to get influenza vaccination next year. Since the questionnaire study was 

conducted prior to the official publication of the recommendation of the Health Council of 

the Netherlands, the intention of HCWs was determined by stating that the Health Council 

of the Netherlands would possibly advice to vaccinate HCWs against influenza. Secondary 

outcome measures were a positive or negative attitude towards the prophylactic use of 

neuraminidase inhibitors during an influenza epidemic and towards vaccinations for other 

pathogens like pneumococci or MRSA (hypothetical). 

 

Statistical analysis 

We dichotomized the variables on the five-point scale (1-2 [agree] and 3-5 [uncertain and 

disagree]) in accordance to previous reports
12;13

. First, we evaluated the univariate 

associations of potential determinants. We used determinants with a p-value lower than 

0.1 in the univariate analysis to determine the multivariate associations. All determinants 

with a p-value of 0.05 or lower were used in the final multivariate logistic regression 

model and the area under the Receiver Operating Characteristic (ROC) curve (AUC) was 
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Table 1. Baseline characteristics of the study subjects (n=112). 

Characteristics Number (%) 

Demographic data  

 Female 89 (79.5) 

 Home living children 45 (40.2) 

 Age (in years) 35 (SD 10) 

 2006 influenza vaccination received 18 (16.1) 

 Higher occupational education or university  80 (71.4) 

   

Professional data  

 Doctor  13 (11.6) 

 Nurse 81 (72.3) 

 Other profession 14 (12.5) 

 Working hours a week (hours) 31 (SD 8) 

   

Working at the department  

 Geriatrics 23 (20.5) 

 Internal Medicine & Infectious Diseases  24 (21.4) 

 Pulmonology 31 (27.7) 

 Children Immunology 34 (30.3) 

SD: Standard Deviation 

 

calculated. Odds ratio’s (OR) and their 95% confidence intervals (95% CI) were reported as 

measures of association.  

 

Results 

Study population 

Of all 220 questionnaires that were sent out, 112 were returned (response rate 50.9%). 

The baseline characteristics of the respondents are shown in Table 1. Mean age of the 

respondents was 35 (19-56, SD 10) years and 79.5% were female, whereas of all HCWs in 

the department the mean age was 39 and 76.6% were female. Of the 112 participants, 81 

(72.3 %) were nurses, 13 (11.6%) were doctors and 14 (12.5%) were other HCWs. The 

profession of 4 (3.5%) respondents was unknown. In total, 47% of all doctors and nurses in 

the departments (range departments between 36-57%) filled in the questionnaire, but the 

response was consistently higher among nurses than doctors (on average 55% versus 

24%). 

 

Prior to the 2006-2007 influenza season, only 18 (16.1%) of the respondents received the 

influenza vaccine, five of whom were advised by their general practitioner to get a 

vaccination. Vaccine uptake was higher in the department of Children Immunology than in  
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Table 2. Percentage of responders per department that had got the influenza vaccine in 2006 and that had the 

intention to comply with a potential national recommendation. 

Department Uptake (%) Intention (%) 

Geriatrics 4.3 31.8 

Internal Medicine & Infectious Diseases 8.3 45.8 

Pulmonology 9.7 22.6 

Children Immunology 35.3 32.4 

p-value (Chi-square test) 0.003 0.342 

 

 

Table 3. Determinants univariately associated with a positive and negative attitude towards influenza vaccination 

for health care workers (HCWs). 

Attitude to get an influenza 

vaccination next year 

Factors 

Positive 

(n=36) 

Number (%) 

Negative 

(n=75) 

Number (%) 

Odds ratio (95% 

confidence 

interval) p-value 

Determinants/ ideas associated with a positive attitude 

 Vaccination is important because it is a 

HCW’s duty not to harm patients 

22/36 (61.1)   6/73 (8.2) 17.5 (6.0-51.2) <0.001 

 Experienced an influenza outbreak in the 

hospital department in the past 3 years  

  8/36 (22.2)   6/75 (8.0) 3.3 (1.0-10.3) 0.035 

 High personal risk for an influenza infection 16/36 (44.4)   7/75 (9.3) 7.7 (2.8-21.5) <0.001 

 Vaccination decreases the risk of influenza 

illness 

18/36 (50.0)   7/75 (9.3) 9.7 (3.5-26.8) <0.001 

 Vaccination gives more certainty not to 

contaminate patients 

16/36 (44.4)   9/75 (12.0) 5.8 (2.3-15.3) <0.001 

 During an epidemic HCWs are more likely to 

get an influenza infection 

31/36 (86.1) 48/74 (64.9) 3.4 (1.2-9.7) 0.020 

 Hospitals will offer vaccination to HCWs to 

lower their costs 

23/36 (63.9) 27/74 (36.5) 3.1 (1.3-7.1) 0.007 

 

Determinants/ ideas associated with a negative attitude 

 Influenza vaccination can cause influenza 

illness 

15/36 (41.7) 45/75 (60.0) 0.5 (0.2-1.1) 0.070 

 Vaccination is useless, because many 

visitors come to the hospital  

19/36 (52.8) 62/74 (83.8) 0.2 (0.1-0.5) 0.001 

 Sufficiently informed about vaccination   9/36 (25.0) 35/72 (48.6) 0.4 (0.1-0.9) 0.019 

 Vaccinations weaken the immune system  11/36 (30.6) 43/75 (57.3) 0.3 (0.1-0.8) 0.008 

 

Profession 

 Doctor versus nurse 10/27 (37.0)   3/67 (4.5) 12.5 (3.1-50.7) <0.001 

 ‘Other profession’ versus nurse   8/25 (32.0)   6/70 (8.6)   5.0 (1.5-16.4) 0.005 
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Table 4. Multivariate binary logistic regression analysis: determinants associated with a positive attitude towards 

influenza vaccination for health care workers (HCWs). 

 

the other three departments (Table 2), which might be explained by the fact that only in 

this department vaccine had been offered to the HCWs. Four of 22 (18.0%) respondents 

that had ever received influenza vaccination reported side effects and one person 

considered the inconvenience of these side effects serious enough to refrain from 

vaccination in the future.  

 

Outcome measure 

Of all respondents, 67.0% (75) did not intend to get the influenza vaccination the coming 

year. This fraction was similar for all departments (Table 2). Only in the Children 

Immunology department, the intention to get the vaccine did not exceed previous uptake. 

Thirteen respondents (11.6%) would use neuraminidase inhibitors prophylactically during 

an influenza epidemic period if this would be recommended. If vaccinations would be 

offered for other pathogens like pneumococci or MRSA, 24 (21.4%) would comply with 

that recommendation. 

 

Determinants of a positive attitude towards influenza vaccination for health care 

workers 

All determinants with a p-value of 0.1 or lower in the univariate analysis (Table 3) were 

used in the multivariate analysis to determine the final logistic regression model (Table 4). 

The belief of being at high risk for influenza infection (odds ratio [OR] 5.6, 95% confidence 

interval [95% CI] 1.3-23.5), the belief that vaccination decreases the risk of influenza 

illness (OR 4.2, 95% CI 1.1-16.4), the opinion that influenza vaccination is important as it is 

the HCWs’ duty not to harm patients (OR 13.1, 95% CI 3.5-49.7) and being a doctor versus 

being a nurse (OR 22.5, 95% CI 3.3-153.3) were significantly associated with a positive 

Attitude to get an influenza 

vaccination next year 

Factors 

Positive  

(n=36) 

Number (%) 

Negative 

(n=75) 

Number (%) 

Odds ratio (95% 

confidence 

interval) p-value 

Determinants and ideas associated with a positive attitude 

 High personal risk for an influenza infection 16/36 (44.4) 7/75 (9.3) 5.6 (1.3-23.5) 0.018 

 Vaccination decreases the risk of influenza 

illness 

18/36 (50.0) 7/75 (9.3) 4.2 (1.1-16.4) 0.041 

 Vaccination is important because it is a 

HCW’s duty not to harm patients 

22/36 (61.1) 6/73 (8.2) 13.1 (3.5-49.7) 0.000 

 Doctor versus nurse and other profession 10/35 (28.6) 3/75 (4.0) 22.5 (3.3-153.3) 0.001 

3 
 

35 



 Prevention of Influenza in Health Care Institutions: Models and Observations ___________________   

 

 

attitude towards influenza vaccination (Table 4). The AUC of the corresponding model is 

0.92. 

 

Deficits in health care workers’ influenza knowledge and means of information supply 

According to 64 (57.1%) of the respondents there is a need to better inform health care 

personnel about influenza vaccination. Most respondents (75.9%) would favour 

information through a letter. Other possibilities would include a poster or brochure 

(48.2%), an information meeting (20.5%), or information through a physician (24.1%). Of 

all respondents 37.5% and 32.1% think the media and internet, respectively, are important 

modes to provide information about influenza vaccination. Approximately 15% of the 

respondents think it is important to follow the advice of colleagues or other people in 

their near environment (such as friends, family, partner and acquaintances).  

 

The respondents that said to be sufficiently informed, reported as many misconceptions 

as those that had not received sufficient information. For example, of the respondents 

reporting to have received sufficient information 47.8% thought that vaccination can 

cause influenza illness, as compared to 48.4 % of those that were not sufficiently 

informed. Also, only 15.6% of the well-informed respondents believed that the vaccine 

reduced the chance on acquiring influenza illness versus 21.1% in the “non-informed” 

group. Other reported deficits in influenza vaccine knowledge were the misperception 

that influenza vaccination may weaken the immune system, the ignorance of the role of 

HCWs in transmission of influenza to patients and underestimation of the seriousness of 

influenza illness and its complications (Table 3).           

 

Discussion 

Our study showed that 33% of the responding hospital HCWs would comply with a future 

advice of the Health Council of the Netherlands to immunize all HCWs against influenza. 

Influenza vaccine uptake among hospital personnel would certainly not reach the health 

care objectives. Although numbers are small it also appeared that a national 

recommendation does not further increase vaccine uptake in the department where 

vaccination was already being offered. Factors associated with a positive attitude towards 

future vaccination were the belief in the efficacy of the vaccine and awareness of a HCWs’ 

responsibility not to harm patients. Furthermore physicians (as compared to nurses and 

other staff) and respondents that think they are at high risk of acquiring influenza illness 

were more positive towards receiving the vaccine. 
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Our results are in agreement with several other studies from other countries in which 

physicians consistently complied better with influenza vaccination than other HCW 

groups
14-16

. Also, desire for personal safety and, less often, patient safety were repeatedly 

associated with a positive attitude towards vaccination
14;15;17;18

. Doubts on the efficacy of 

influenza vaccination were indeed reported before as determinants of a negative 

attitude
15;18-20

. 

 

In most studies on attitudes of HCWs towards influenza vaccination it is concluded that 

misperceptions on vaccine effectiveness, side effects, protective value and the role of 

HCWs in transmission of influenza to patients are often associated with a negative attitude 

towards vaccination
3;14-16;18;20

. Although in our study HCWs who thought they had received 

sufficient information on influenza vaccination, were more likely not to get the influenza 

vaccination next year (Table 3), our findings also demonstrated the presence of important 

misconceptions within this group of HCWs. In other studies a lack of conveniently 

available vaccine also appeared to be a main barrier to satisfactory vaccine uptake
3;14;18

. 

As, at the time of this study, the influenza vaccine was not yet widely offered to hospital 

HCWs in the Netherlands, this potential determinant was not included in the 

questionnaire.  

 

To appreciate the results of our study, some possible limitations need to be addressed. 

First, a response rate of 51% might have led to selection bias as respondents with either 

strong positive or negative opinions about influenza vaccination might have preferentially 

responded. Our response rate seems, however, reasonable compared to other studies
12;14

. 

Importantly, baseline characteristics of the respondents were comparable with those of all 

HCWs in the departments. Second, although the participating departments differed in 

setting and patient population, they might not be representative for all other hospitals 

and departments. In fact, we may have overestimated the potential uptake of influenza 

vaccination since the departments harboured high-risk patients and the university hospital 

is a teaching hospital. Third, our study might have had inadequate statistical power to 

detect statistically significant associations with rare determinants or determinants that are 

only weakly associated with the outcome. However, our results were similar to the few 

other studies and the discriminative value of the multivariate model was high which 

means that these determinants are essential in the prediction of the outcome.  

 

In conclusion, a recommendation of the Health Council of the Netherlands to vaccinate all 

HCWs, will increase the current vaccination rate among hospital personnel, but 

vaccination uptake will remain low. To further increase vaccination levels a promotional 
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campaign and information supply will be indispensable to take away common 

misperceptions on influenza virus transmission and vaccine functioning.  
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Abstract 

Background  

Annual influenza vaccination of institutional health care workers (HCWs) is advised in most 

Western countries, but adherence to this recommendation is generally low. Although 

protective effects of this intervention for nursing home patients have been demonstrated 

in some clinical trials, the exact relationship between increased vaccine uptake among 

HCWs and protection of patients remains unknown due to variations between study 

designs, settings, intensity of influenza seasons and failure to control all effect modifiers. 

Therefore, we use a mathematical model to determine the effects of HCW vaccination in 

different scenarios and to identify a herd immunity threshold in a nursing home 

department. 

 

Methods  

We use a stochastic individual-based model with discrete time intervals to simulate 

influenza virus transmission in a 30-bed long-term care nursing home department. We 

simulate different levels of HCW vaccine uptake and study the effect on influenza virus 

attack rates among patients for different institutional and seasonal scenarios.  

 

Results  

Our model reveals a robust linear relationship between the number of HCWs vaccinated 

and the expected number of influenza virus infections among patients. In a realistic 

scenario, approximately 60% of influenza virus infections among patients can be 

prevented when the HCW vaccination rate increases from 0 to 1. A threshold for herd 

immunity is not detected.  Due to stochastic variations, the differences in patient attack 

rates between departments are high and large outbreaks can occur for every level of HCW 

vaccine uptake.   

 

Conclusions  

The absence of herd immunity in nursing homes implies that vaccination of every 

additional HCW protects an additional fraction of patients. Because of large stochastic 

variations, results of small-sized clinical trials on the effects of HCW vaccination should be 

interpreted with great care. Based on the likely size of these variations all studies 

performed so far appear to be underpowered to determine the precise effects of HCW 

vaccination. This finding should be taken into account when designing future studies.   
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Introduction 

Annual influenza vaccination of institutional health care workers (HCWs) is advised in most 

Western countries to reduce transmission of influenza to vulnerable patients
1
. A few 

clinical trials have indeed demonstrated protective effects of this intervention for patients 

in nursing homes at relatively low HCW vaccine uptake rates
2-5

. However adherence to the 

recommendation is generally low
6-9

 and it is uncertain what the effect of a further increase 

of vaccine uptake among HCWs is and whether herd immunity can be attained in health 

care institutions
10

. Empirical data from previous trials did not reveal a clear association 

between the number of HCWs vaccinated and the number of prevented influenza virus 

infections in patients. This might be due to substantial variation between the studies in 

the endpoints measured, the departments (of varying size) involved, and vaccine coverage 

among patients. Furthermore, the effect of HCW vaccination is highly dependent on 

annual factors such as influenza virus activity and the match between the circulating 

influenza virus strain and the current vaccine. To control for all uncertainties potentially 

modifying the effects of HCW vaccination an exceptionally large clinical trial would be 

needed. 

 

We, therefore, propose to disentangle the impact of effect modifiers with a mathematical 

model that can simulate the occurrence of influenza virus infections in a nursing home 

department under various vaccination and institutional scenarios. With the model we aim 

to elucidate the relationship between HCW vaccination and patient attack rates for a 

given department size, vaccine uptake among patients and vaccine efficacy. Furthermore, 

we explore whether herd immunity can be expected to occur in a nursing home at higher 

levels of HCW vaccine uptake.  

 

Methods 

Population and Model 

We simulate the occurrence of influenza virus outbreaks in a typical Dutch long-term care 

nursing home department with 30 beds (in 15 two-bed rooms) and a team of 30 HCWs. 

We assume the 30 HCWs work in shifts of 8 hours according to a weekly schedule, with 5 

HCWs working during the day shift, 3 during the evening and 1 during the night. As we are 

simulating a small population where chance events can have major effects we use a 

stochastic transmission model. Below we describe the essential structure of this model; a 

detailed description is presented in the supporting information. 

Infection cycle 
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According to a standard model for infectious disease transmission, individuals can be in 

one of several stages of influenza virus infection: susceptible, infected but not yet 

infectious (exposed), infectious or recovered/immune (S, E, I, or R)
11;12

. Susceptible 

individuals can be infected and become exposed through contact with infectious 

individuals from either inside or outside the department. After a latent period the exposed 

individuals become infectious and can infect others until they recover and become 

immune. Individuals acquire immunity either by recovery after infection or by vaccination 

prior to the influenza season and immune individuals do not return to the susceptible pool 

for the remaining season.  

 

Influenza vaccination 

Both patients and HCWs can receive influenza vaccine prior to the influenza season. We 

assume vaccination leads to perfect immunity against infection in a fraction ve1 of 

vaccinated patients and ve2 of vaccinated HCWs, where ve1 and ve2 are the vaccine 

efficacies in the corresponding populations. In the remaining (1-ve1,2) vaccinated 

individuals the vaccine has no effect. In the supporting information we show that an 

alternative assumption (vaccination reduces the probability of becoming infected for all 

vaccinated individuals, but does not lead to complete immunity) leads to qualitatively 

similar results. 

 

Contacts 

As described above, susceptible individuals can become infected through contacts with 

infectious individuals. Therefore, an individual’s risk of being infected depends on the 

frequency of contacts that are made, and the likelihood that the contacted persons are 

infectious. The number of potential contacts of patients and HCWs varies per shift (day, 

evening, night). Patients can have contact with other patients, HCWs and visitors during 

day and evening shifts. During night shifts, patients can only contact their roommate and 

HCWs. HCWs can have contacts with other HCWs working in the same shift and with all 

patients. We distinguish between casual and close contacts. Individuals have a casual 

contact when they have a conversation, and a close contact when physical contact is 

present. We parameterize the contact model such that the expected numbers of contacts, 

specified by type of individuals and kind of contact, match the number of contacts that we 

observed in two nursing home departments in the Netherlands (Table S3 -Table S5). 

 

Transmission 

The actual occurrence of transmission between contacts is determined by sampling from a 

Bernoulli distribution with mean set equal to the transmission probability. For every pair 

of individuals with a casual or close contact, there is a probability p1 or p2, respectively, 
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that the virus is transmitted if the individuals involved in the contact are infectious and 

susceptible. We take p2 always larger than p1 to reflect that transmission is more likely for 

close contacts than for casual contacts. 

 

Influenza in the community 

The rate at which influenza virus is introduced into the nursing home by HCWs, visitors 

and patients depends on the prevalence of the virus in the community. We simulate an 

influenza epidemic in a large population (the community) with a deterministic SEIR model 

(see supporting Figure S1), and use the associated daily incidence and prevalence rates in 

our nursing home model. HCWs are assumed to have many contacts in the community 

and the hazard rate of becoming infected outside the nursing home is equal to the hazard 

rate of infection in the community. Visitors and new patients are chosen at random from 

the community and the probability that they are infected when they enter the nursing 

home is equal to the community prevalence. 

 

Parameters and uncertainty analyses 

In the model we use three different parameter types: 1) fixed parameters that have the 

same value in all simulations; 2) uncertain parameters that we vary in an uncertainty 

analysis and 3) control parameters that we vary to study different scenarios. 

 

Fixed parameters 

We simulate a period of at least 80 days to cover the length of a typical national influenza 

epidemic. If there are still infected individuals in the department after 80 days, the 

simulation is continued until no infected individuals are left. We take time steps of 8 

hours, equal to the length of a HCW’s shift. The patients’ average length of stay in the 

department is fourteen months
13;14

. The durations of the latent and infectious periods are 

exponentially distributed with means of 1.4 days such that the resulting generation time 

equals 2.8 days, which is in agreement with observations of generation times during 

influenza epidemics
15;16

. At the start of the influenza season, thirty percent of the adult 

population is assumed to be immune to infection due to cross protection from earlier 

infections
17;18

. The elderly however have a weakened immune system
19;20

 and thus we 

assume absence of immunological memory of previous infections. In correspondence with 

a recently published HCW vaccination trial, on average 75% of the nursing home patients 

have been vaccinated
4
.  
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Table 1. Parameter values baseline scenario 

Parameter Value Unity Ref 

Fixed    

  Number of beds (N) 30   

  Number of HCWs* 30   

  Time step (= shift) 8 hours  

  Minimum duration of simulation 80 days  

  Discharge/mortality rate 1/425 day
-1

 
13;14

 

  Rate of becoming infectious after infection 1/1.4 day
-1

 
15;16

 

  Infection recovery rate 1/1.4 day
-1 15;16

 

  Fraction of HCWs immune due to cross-protection 0.3  
17;18

 

  Vaccination rate patients 0.75   
4
 

  Probability of contact between    

             Patient – patient  0.07 shift
-1

  

             HCW – patient 0.52 shift
-1

  

             HCW – HCW 0.91 shift
-1

  

  Probability of close contact  between    

             Patient – patient 0.06 contact
-1

  

             HCW – patient 0.69 contact
-1

  

             HCW – HCW 0.32 contact
-1

  

  Close/casual transmission probability ratio (p1/p2) 2   

    

Uncertain    

  Vaccine efficacy (against infection)    

              Patients (ve1) 0.25        (0 – 0.5)         
27

 

              HCWs (ve2) 0.73      (0.5 – 0.9)      
26

 

  Transmission probability casual contact (p1) 0.13      (0.1 – 0.16) contact
-1 

 

  Average number of visitors 0.7        (0.4 – 1.0)     patient
-1

 day
-1

 
30 

    

Control   
 

  Vaccination rate HCWs 0 – 1.0    

* Health care workers 

 

The contact rates between HCWs and patients are based on observations of contact 

behavior in nursing homes. We determine the probability of contact between two 

individuals given their type (HCW or patient) as well as the probability that this contact is a 

close contact (involving physical contact) (Tables S3-S5). During their working shift, the 

probability that a specific HCW contacts a specific patient is 0.52; the probability that such 

a contact is a close contact is 0.69. The probability that a specific HCW at work contacts 

another HCW on the same shift is 0.9, and the probability that this contact is close is 0.31. 

HCWs do not contact visitors in the department. The probability that a specific patient 

contacts a specific HCW at work is consistent with the contact behavior of HCWs as 

described above. The probability that a specific patient contacts another specific patient is 

0.13 during the day and evening shifts, and these contacts are close with a probability of 
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0.06. During the night shift, patients contact their room mate, which is assumed to be a 

casual contact. During the day and evening shifts, patients can also contact visitors. All 

contacts with visitors are close.  

 

Uncertain parameters 

Uncertainty in parameters is handled by Latin hypercube sampling as was first introduced 

by McKay et al.
21

 and subsequently used for disease transmission models by Blower et 

al.
22-25

. For the parameters patient vaccine efficacy, HCW vaccine efficacy, transmission 

probability and visitor frequency, we choose a likely range for the parameter values (see 

Table 1 and below) and draw actual values from a uniform distribution over this range. For 

every scenario under study we make 50 different parameter sets such that the whole 

range of possible values for each of the four parameters is represented equally. Vaccine 

efficacy for healthy adults was estimated as 73% (95% confidence interval (CI) 53% – 84%), 

and therefore we use a range of values between 50% and 90%
26

. For elderly nursing home 

patients the observed vaccine efficacy against influenza virus infection was not 

significantly different from zero
27

. However, as other evidence shows that the vaccine 

protects against influenza illness and complications
27;28

 we assume the patient vaccine 

efficacy to be between 0% and 50%. Since no data are available on the probability of 

transmission for a given contact, we varied the transmission probability parameter and 

determined the resulting infection attack rates. We choose the transmission probability to 

be between 0.1 and 0.15 for a casual contact (per shift), such that the expected infection 

attack rate among patients in the absence of HCW vaccination is 23%, corresponding to 

observed influenza-like-illness attack rates in a moderate influenza season
4;29

. The 

probability of transmission for close contacts is twice as large as for casual contacts. 

Varying this ratio from 2 to 1.5 or 2.5 gives qualitatively similar results, see supporting 

information. The expected number of visitors was estimated to be between 0.4 and 1.0 

patient
-1

 day
-1 

from a Dutch study on nursing home patients and visitors
30

. 

 

To assess the variation in outcome due to stochasticity in the transmission process, we 

perform simulations with a single, default, parameter set (vaccine efficacy HCWs 73%, 

vaccine efficacy patients 25%, transmission probability 0.13 and the expected number of 

visitors 0.7, see supporting information) and compare the resulting variance with the one 

from the baseline simulation that uses the whole described parameter space. 

 

Control parameters 

Simulations are performed for rates of HCW vaccine uptake of 0, 0.25, 0.5, 0.75 and 1. In 

addition to a baseline scenario with a nursing home where patients can contact other 
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patients, HCWs and visitors, as described above (parameters as in Table 1), we study three 

different scenarios; (1) extreme scenarios of either a closed department, where patients 

cannot receive visitors and thus only contact other patients and HCWs, or an open 

department, where patients are assumed to have many contacts (also outside the nursing 

home) and, therefore, have the same probability of being infected as people in the 

community; (2) variations in HCW/patient ratios from 1 in the baseline scenario, 

consistent with our nursing home observations, to 1.5 and 0.67. In these simulations the 

number of HCWs is varied while the number of patients remains the same; (3) seasons 

with high and low influenza virus activity simulated with community epidemic curves with 

total attack rates of 5% and 15%, respectively, as compared to 10% in the baseline 

scenario. In addition to the most plausible scenarios described here, we show simulations 

for some other scenarios in the supporting information: a 60-bed nursing home 

department; a pandemic strain; an alternative mechanism of vaccine protection; other 

infectiousness ratio between casual and close contacts and a high vaccine efficacy for 

patients and HCWs. 

 

Outcome  

We study the relationship between the HCW vaccination rate and the fraction of patients 

that gets an influenza virus infection during the influenza season. The patient attack rate is 

defined as the total number of infections among patients divided by the total number of 

patients in the department during the study period. For every level of HCW vaccine uptake 

we perform 5000 simulations (100 simulations x 50 parameter sets) of one nursing home 

department during one influenza season. We compute the arithmetic mean and median of 

infection attack rates among patients, the standard error of the mean, the range between 

2.5-percentile and 97.5-percentile and the proportion of infection attack rates of 0.3 or 

larger which we use as a proxy for the probability of a large outbreak. In addition to 

patient attack rates, we calculate the mean HCW attack rate, the mean number of 

introductions of influenza virus into the nursing home patient population (introduction 

rate) and the mean number of infections among patients following an introduction 

(patient attack rate per introduction). Finally, we calculate the absolute and relative risk 

differences of acquiring influenza virus infection for patients in departments where none 

or all of the HCWs are vaccinated.  

 

Herd immunity 

The concept of herd immunity has not been defined for a small population. In contrast to 

large populations, multiple introductions (with no or little transmission) in the nursing 

home can already affect a considerable fraction of the population, albeit still few patients. 
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The distinction between these small outbreaks and larger outbreaks caused by substantial 

virus transmission is not always clear. In this study we use the absence (probability < 0.05) 

of large outbreaks (infection attack rate > 0.3) as a proxy for herd immunity. 

 

Power analysis 

To determine the number of departments needed for a trial to detect a difference 

between the patient attack rates in departments with average HCW vaccination rates of 0 

and 0.5, we use the power calculation for cluster randomized trials introduced by Kerry et 

al 
4;31

 that is based on conventional power calculations 
32

. We check the accuracy of this 

equation using a simulation approach, see supporting information. When we choose a 

significance level (α) of 5% and a power (1-β) of 90% the number of departments required 

for each group is: 

n= 21(sc
2
 + p(1-p)/m)/d

2
, 

where sc
2
 is the between department variance and p(1-p)/m the within department 

variance, p the fraction of individuals in the department with the outcome, m the number 

of individuals per department and d the expected difference between the two groups.  

 

Results 

Baseline scenario 

An increase in HCW vaccine uptake decreases the expected influenza virus attack rate 

among nursing home patients (Figure 1). The relationship between the fraction of HCWs 

vaccinated and the mean patient attack rate appears linear. In the baseline scenario, with 

the parameter values as shown in Table 1, increasing HCW vaccination rate from 0 to 1 

decreases the patient attack rate from 0.25 to 0.10, a risk difference of 0.15 (Figure 1a). 

Thus, approximately 60% of the patients that would have been infected without HCW 

vaccination are protected when all HCWs are vaccinated (relative risk 0.41), and 7 HCWs 

have to be vaccinated to protect one patient from influenza virus infection. This number 

needed to treat (NNT) does not change with increasing vaccine uptake by HCWs. The 

fraction of departments without infections among patients increases from 0.30 to 0.48, 

whereas the fraction of departments with a large epidemic (attack rates of more than 0.3) 

decreases from 0.41 to 0.14. Thus there is no evidence of herd immunity. 

 

In the absence of HCW vaccination, the distribution of patient attack rates is bimodal, with 

peaks around attack rates of 0 and 0.6 (Figure 1b). With higher HCW vaccine coverage, 

mean and median patient attack rates decrease (Figure 1a), and the second peak 

disappears (Figures 1c and d). Due to stochastic variations the differences between patient 
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Figure 1. (A) Increased vaccination of health care workers (HCWs) decreases the expected influenza virus attack 

rate among patients. Squares indicate the mean attack rates, dashed lines the median attack rates and light blue 

boxes the 2.5th to 97.5th  percentiles. (B-D) The distribution of the influenza virus attack rates among patients 

shifts to the left when vaccine uptake among HCWs is increased. Each distribution is based on 5000 simulations. 
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Figure 2. Increased vaccination of health care workers (HCWs) reduces the influenza virus attack rate among 

HCWs. It also reduces the rate of introduction of influenza virus into the patient population and the attack rate 

among patients following an introduction. As a consequence it reduces the total attack rate among patients. All 

relationships appear linear. 
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attack rates are high and major outbreaks can occur at all levels of HCW vaccine uptake. 

The small standard error of the mean (<0.0013 for all levels of HCW vaccine uptake) shows 

that we perform a sufficient number of simulations to obtain precise estimates of the 

mean, hence the observed variation is not due to sampling error. Additional simulations 

show that most of the variation is inherent to the chance events in the transmission 

process rather than parameter uncertainty, see supporting information (Figure S2). In a 

parameter uncertainty analysis the visitor frequency appears to have less impact on the 

attack rates among patients than the vaccine efficacies and the transmission probability 

(Figures S4 and S5). 

 

The effect of increased HCW vaccination on patient influenza virus attack rate can be 

attributed to a decrease in the number of introductions of influenza virus into the patient 

population as well as a decrease in the number of infections among patients following 

such an introduction (Figure 2). Both reductions are caused by a decreased number of 

influenza virus infections among HCWs (Figure 2).  

 

Scenario analyses 

In the scenarios with an open and closed department the absolute change in the expected 

patient attack rate is similar to that in the baseline scenario (Figure 3a). The relative 

change caused by an increase in HCW vaccination rate from 0 to 1 is highest for the closed 

department (73%). Also in scenarios with higher and lower influenza virus activity, the 

decrease in patient attack rate upon increased vaccination of HCW is approximately linear 

(Figure 3b). The absolute decrease in patient attack rate is highest in the season with high 

influenza activity (0.19), but the relative decrease is lower than that in the baseline 

scenario (50%). In scenarios with other HCW/patient ratios (1.5 and 0.67, respectively), 

the fraction of HCWs that has to be vaccinated to protect one patient is similar to what we 

observed in the baseline scenario (Figure 3c). The absolute number of HCWs to be 

vaccinated is however different (11 and 5 respectively). Simulations for a 60-bed 

department, alternative vaccine efficacy mechanism and some more parameter variations 

also give qualitatively similar results (see supporting information). In case of pandemic 

influenza, with full absence of immunity in the population, we analyze a best case scenario 

in which we assume that a vaccine is available with equal efficacy as the vaccines for 

seasonal strains. Without vaccination of HCWs, in this scenario, major outbreaks occur in 

all departments with an average patient attack rate of 0.59. When the HCW vaccination 

rate is increased to 1, the patient attack rate decreases to 0.37, but large outbreaks still 

prevail (supporting information, Figure S7). 
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Figure 3. Effects of increased health care worker vaccination on patient attack rates in different scenarios. For all 

scenarios under study, the influenza virus attack rate among patient decreases in an approximately linear way 

when the health care worker vaccination rate is increased. Panel a shows the expected attack rates for the open 

and closed departments, where patients have many or no contacts with individuals from the community, 

respectively. Panel b shows the attack rates for seasons with high (15% community attack rate) and low (5% 

community attack rate) influenza virus activity. Panel c shows the attack rates for departments with high and low 

HCW/patient ratios. 

 

Power analysis 

A power calculation for cluster randomized trials using the effect estimates and variances 

of the simulations with the default parameter set (see supporting information) reveals the 

need of 184 departments per arm to allow detection of a statistically significant difference 

(α=5%) in patient attack rates between departments with HCW vaccination rates of 0 and 

0.5 with a 90% power. With a simulation approach we find a need of 169 departments to 

detect such a difference at the 5% level with 90% power (Figure S3). In both power 

calculations we do not take into account variation due to differences between 

departments (e.g. size, HCW/patient ratios and health state of patients), influenza seasons 

and vaccine matching, which would further increase the number of departments required. 

 

Discussion 

Our model reveals a linear relationship between the number of HCWs vaccinated and the 

expected number of influenza virus infections among patients in a nursing home 

department. No threshold for herd immunity can be detected and even when HCW 

vaccine uptake is maximal, due to stochastic effects that are inherent to the transmission 

process, the variation in patient attack rates is high and large outbreaks can occur. In fact, 

the value of small-sized clinical trials in estimating the protective effect of HCW 

vaccination on patient outcome seems questionable due to the large impact of chance 

effects within the small environment of nursing home departments.  

 

In order to appreciate the results of our modeling study some possible limitations need to 

be addressed. First, we assume that all individuals in the model, whether patient, HCW, or 
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visitor are equally infectious or susceptible. In addition, all individuals from the same 

group are assumed to have similar contact probabilities. Both assumptions decrease the 

heterogeneity in the system, which might have slightly increased the probability of a 

major outbreak
12

. Second, we model the nursing home department as an independent 

institute and neglect its potential connections with other departments. In fact, within a 

nursing home some of the introductions of influenza virus in a department may come 

from another department. Vaccination of HCWs in all departments reduces the 

transmission risk in each of them, and, thus, provides indirect protection. Therefore, the 

protective effect of HCW vaccination per given vaccine will be higher on the level of an 

entire nursing home, which might have led to an underestimation of the impact of HCW 

influenza vaccination. Third, we only consider departments of 30 beds. However, 

simulations of larger nursing home departments reveal that department size has little 

impact on the qualitative results (see supporting information). Fourth, the simulated 

infection attack rates only give an approximate indication of the corresponding influenza-

like illness (ILI) attack rates. To convert infection attack rates to ILI attack rates, we use 

two empirical findings: influenza virus infection leads to illness in approximately 50% of 

the cases
33

; approximately 50% of observed ILIs is caused by influenza virus infection
34;35

. 

Taken together, the influenza virus attack rate roughly approximates the observed ILI 

attack rate. 

 

To our knowledge our model is the first to explore the effect of HCW vaccination on the 

occurrence of influenza virus infections in nursing home patients. The major advantage of 

our model over previously performed experimental and observational studies
3-5;36;37

 is the 

possibility to study various levels of HCW vaccine uptake and perform multiple simulations 

to minimize the influence of chance effects. Therefore, it can be used to reinterpret the 

outcome of small-scaled clinical trials. We find very wide distributions of patient attack 

rates which agree with reported differences in outbreak sizes and attack rates between 

departments and seasons
29

. Also due to the diversity in outcomes, all available data on 

attack rates in nursing homes are in line with our simulation results. Our model suggests 

that for plausible regions in the parameter space there is no herd immunity threshold 

above which all patients are protected as was hypothesized before
10;38

. To the contrary, 

every additional HCW vaccination protects an additional fraction of patients and therefore 

increasing HCW vaccination rate from 0.8 to 0.9 is as important as increasing it from 0.1 to 

0.2. Consequently, if HCW vaccination is adopted as a policy, benefits are to be expected 

for every additional vaccination as long as 100% coverage is not achieved. The unexpected 

absence of herd immunity for nursing home populations can be explained by two facts. 

First, due to the low efficacy of the influenza vaccine, especially among the elderly, the 
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fraction of susceptible individuals remains substantial even with high vaccination rates. 

Second, the nursing home department is not a large closed population, for which the 

concept of herd immunity has been established. Instead it is a small population with many 

links – through HCWs and visitors – to a larger community where an influenza epidemic is 

ongoing.  

 

Our study further demonstrates the large impact of stochastic events on patient attack 

rates which is of immediate concern for as well the interpretation of previously performed 

HCW vaccination trials as the design of future experimental studies. A power calculation 

for cluster randomized trials (α=0.05, β=0.10)
31

 in which we use the variances and effect 

estimates obtained from 5000 simulations with one parameter set, reveals the need of 

184 departments per arm to detect a significant difference in patient attack rates between 

departments with HCW vaccination rates of 0 and 0.5. This suggests that the previously 

performed trials on HCW vaccination, with 6 to 23 departments per arm
3-5

, were 

underpowered and cannot be assumed to give a precise effect estimate of HCW 

vaccination. Moreover, they were based on secondary endpoints such as influenza-like-

illness, influenza-related hospital admissions or (all cause) mortality rather than influenza 

virus infection, which further reduces their power, since these endpoints occur less often 

and the difference between control and intervention groups is expected to be smaller. 

These findings should be taken into account when designing future studies to 

demonstrate the generally presumed benefit of HCW vaccination.  
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Supporting information 

Model and simulation algorithms  

Influenza in the community 

The spread of influenza in the community of 100,000 individuals outside the nursing home 

is described by four variables: s, the proportion of susceptible individuals in the 

community, e, the proportion of exposed individuals in the community, i, the proportion 

of infectious individuals in the community, r, the proportion of recovered and immune 

individuals in the community. We determine the time course of these variables by 

simulating an influenza epidemic with a deterministic so-called “susceptible-exposed-
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infectious-recovered” (SEIR) model, as given by the system of ordinary differential 

equations below:  

 

ds/dt =  – λ s 

de/dt = λ s – σ e 

di/dt  = σ e – γ i 

dr/dt  = γ i 

force of infection λ = β i . 

 

The values of the parameters σ and γ are chosen such that the average generation time 

equals 2.8 days, the value that was observed in a household study
1;2

. The value of the 

contact parameter β varies over time to mimic the effect of seasonality. The resulting 

basic reproductive number (R0), has an average value of 1.5. We start simulating the 

epidemic at  t = – 55 (“autumn”) with one infectious individual, and assume that seventy 

percent of the population is susceptible and thirty percent of the population is immune
3;4

. 

We use t = 0 as the start of the influenza season and t = 80 as the end of the influenza 

season. The simulated daily influenza infection incidence, λ s, is shown in Figure S1. 

 

Influenza in the nursing home department 

The nursing home department has m health care workers (HCWs) and n beds. Each HCW is 

labeled j=1,2,…m. The work schedule of the HCWs is indicated by a function w(t,j) such 

that w(t,j)=1 if the jth HCW is at work at time t and w(t,j) = 0 if the jth HCW is not at work 

at time t. This work schedule is designed such that at each day 5 HCWs work during the 

day shift, 3 during the evening shift and 1 during the night shift. All HCWs are dedicated to 

specific shifts according to a weekly schedule that is drawn randomly before every 

simulation. No distinction is made between week days and weekend. There are no 

changes in the HCW pool and the working schedule during the simulated period.  
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Figure S1.  Incidence and prevalence of influenza virus infections in the community.  
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Table S1. Transitions and probabilities in the model 

  Transition Probability
# 

Patient flow   

 discharge or death P(x(t+Δt,j) = vacant | x(t,j) = ¬vacant)
¶ 

μ Δt 

 admission P(x(t+Δt,j) = S | x(t,j) = vacant) (1 - u1 ve1) n μ Δt 

 admission P(x(t+Δt,j) = E | x(t,j) = vacant) e n μ Δt 

 admission P(x(t+Δt,j) = I | x(t,j) = vacant) i n μ Δt 

 admission P(x(t+Δt,j) = R | x(t,j) = vacant) u1 ve1 n μ Δt 

HCW flow   

 working P(y(t+Δt,j) = {at work,·})
‡ 

w(t+Δt,j) 

 at home P(y(t+Δt,j) = {not at work,·}) 1-w(t+Δt,j) 

Course of infection of patients   

 infection P(x(t+Δt,j )= E | x(t,j) = S) λ1(t) Δt 

 becoming infectious P(x(t+Δt,j) = I | x(t,j) = E) σ Δt 

 recovery P(x(t+Δt,j) = R | x(t,j) = I) γ Δt 

Course of infection of HCWs   

 infection at work P(y(t+Δt,j) = {·,E} | y(t,j) = {at work, S})            λ2(t) Δt 

 infection at home P(y(t+Δt,j) = {·,E} | y(t,j) = {not at work, S})           λ s Δt 

 becoming infectious P(y(t+Δt,j) = {·,I} | y(t,j) = {·,E})            σ Δt 

 recovery P(y(t+Δt,j) = {·,R} | y(t,j) = {·,I}) γ Δt 

    

Forces of infection    

 For patients   

 Day  λ1(t) = λ11+λ12+λvis λ11= (π11 ρ +(1-π11)) pc c11 IP 

 Evening λ1(t) = λ11+λ12+λvis λ12= (π12 ρ +(1-π12)) pc c12 IH 

 Night λ1(t) =Ind(x(t,j+Neighbor(j))=I) pc+λ12 * λvis= g ρ pc i 

 For HCWs   

       At work λ2(t )= λ21 +λ22 λ21= (π21 ρ +(1-π21)) pc c21 IP 

   λ22= (π22 ρ +(1-π22)) pc c22 IH 

#
 see table S2 for the meaning on the symbols used 

¶
 we use ¬vacant to denote any possible state except vacant 

‡  
we use {at work, ·} to denote any possible state where first state variable is equal to the state at work 

* we use Ind(x(t,j)=J) to mean an indicator function that returns the value 1 if its argument is a correct expression, 

and 0 if its argument is false; we use Neighbor(j)=j-1+2 Mod[j,2] as a function that returns the index of the room 

mate of the patient, such that Neighbor(1)=2, Neigbor(2)=1 

 

A stochastic simulation model of influenza epidemics in a nursing home: state variables 

The state of each bed (j=1,2…n) is indicated as x(t,j) and consists of one variable that takes 

one out of five possible values: {vacant, susceptible, exposed, infectious, recovered}. The 

state of each HCW (j=1,2,…m) is indicated as y(t,j) and consists of two variables. The first 

variable takes one out of two possible values: {at work, not at work}. The second variable 

takes one out of four possible values: {susceptible, exposed, infectious, recovered}. At 

each moment t, the state of the system is completely characterized by the state vectors x 
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Table S2. Parameters in the model 

Symbol Parameter Default Units Ref 

n   Number of beds  30   

m   Number of HCWs 30   

Δt   Time step (shift) 8 hours  

T   Minimum duration of simulation 80 days  

μ   Discharge/mortality rate 1/425 day
-1

 
5;6

 

σ   Rate of becoming infectious after infection 1/1.4 day
-1

 
1;2

 

γ   Infection recovery rate 1/1.4 day
-1 1;2

 

rc   Fraction of HCWs immune due to cross-protection 0.3  
3;4

 

u1   Vaccination rate patients 0.75   
7
 

u2   Vaccination rate HCWs 0 – 1.0    

   Probability of contact between    

c11              Patient – patient  0.07 shift
-1

  

c12              HCW – patient 0.52 shift
-1

  

c22              HCW – HCW 0.91 shift
-1

  

   Probability of close contact  between    

π11              Patient – patient 0.06 contact
-1

  

π12              HCW – patient 0.69 contact
-1

  

π22              HCW – HCW 0.32 contact
-1

  

ρ   Close/casual transmission probability ratio  2   

   Vaccine efficacy (against infection)    

ve1               Patients  0.25             
8
 

ve2               HCWs  0.73          
9
 

pc   Transmission probability casual contact  0.13      contact
-1 

 

g   Average number of visitors 0.7          patient
-1

 day
-1

 
10 

 

and y. For convenience, we also use aggregate variables whose values are completely 

determined by the state variables:  

the number of patients that are infectious at time t, IP(t) 

the number of HCWs at work that are infectious at time t, IH(t) 

 

Algorithm 

A stochastic model specifies the state variables in the model, the rules for changing the 

value of these state variables, and the rates at which the state variables change over time. 

Ideally, such a model is solved using an exact algorithm that keeps track of each discrete 

event at which a state variable changes its value. The computational requirements of such 

an exact algorithm can become prohibitively large if we want to explore the model 

outcome for a large number of evaluations and for a wide range of parameter sets. 

Therefore, we use a discrete-time simulation approach that is more computationally 

efficient. For each time step Δt we keep track of the number of discrete events that 

happened over this time step, and update the state variables accordingly. The error made 
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in such a discrete-time simulation approach is kept small by choosing small time steps. In 

our case, we set the time step to 8 hours (equal to a working shift). We calibrate one 

parameter (the probability of transmission per contact) to obtain a preset average model 

outcome (the infection attack rate without interventions). This calibration further reduces 

the impact of possible errors. Although the discrete time approach does introduce a small 

inexactness in the simulated outcome, its computational efficiency allows us to thoroughly 

explore the plausible regions of the parameter space.  

 

Update rules  

At each time step Δt the values of the state variables are updated to account for 

transitions. The probability of each of these transitions to occur is specified according to 

the rules in Table S1.   

 

Initial conditions 

With probability u1 each patient has been vaccinated at the start of the influenza season 

with vaccine efficacy ve1. With probability u2 each of the HCWs has been vaccinated at the 

start of the influenza season with vaccine efficacy ve2. 

 

Duration of simulations 

In all runs, the simulations are continued until the simulated period equals at least 80 days 

(the length of the influenza season). If there are still infected individuals around after 80 

days, the simulation is continued until the epidemic is extinct. 

 

Observed contact patterns in a nursing home department 

In two nursing home departments we interviewed HCWs and patients and asked for the 

numbers of different contacted individuals per day, categorized by the type of contacted 

individual (HCW or patient) and type of contact (physical, such as touching; non-physical, 

such as having a conversation). The results of this small survey are presented in table S3. 

 

We derive the contact rates by dividing these reported numbers by the numbers of HCWs 

and patients present in the nursing homes (Table S4). As a check of the accuracy of 

reporting in this survey, we compare the contact rate between HCWs and patients as 

reported by HCWs (0.54) with the same contact rate reported by patients (0.50). Because 

the contacts are reciprocal, the contact rates should be similar. We see this is almost the 

case, which indicates that reporting has been accurate.  We take the average of both rates 

as the best estimate of the contact rate for our simulation study.  
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Table S3. Observed number of contacts per day 

Symbol Per patient Per HCW 

Non-physical contacts   

 Number of patients 3.9 16.2 

 Number of HCWs 4.5 7.3 

Physical contacts   

 Number of patients 0.2 9.9 

 Number of HCWs 3.4 2.3 

 

Table S4. Observed daily contact rates 

Symbol patient HCW 

patient 0.13 0.54 

HCW 0.50 0.91 

 

Table S5. Probability that a contact is close (physical) rather than casual (non-physical) 

Symbol patient HCW 

patient 0.06 0.61 

HCW 0.76 0.32 

 

 

We derive the probability that a contact is physical (a close contact) rather than non-

physical (casual) by taking the ratio of reported physical contacts to all reported contacts 

(Table S5). As a second check of the accuracy of reporting in this survey, we compared the 

probability of close contact as reported by HCWs (0.61) with the same probability as 

reported by patients (0.76). Both measures are approximately similar, which indicates 

accurate reporting in this survey, but a higher accuracy for contact rates than for 

probability of close contacts. We take the average of both probabilities as the best 

estimate of the probability of close contact for our simulation study. 

 

Simulations for a single parameter set 

We parameterize the stochastic model with the default parameter values in table S2, and 

perform 5000 simulations for each value of the HCW vaccination rate (Figure S2). These 

simulations show the range in outcomes that is due to chance events in the transmission 

process. As compared with the simulations for 50 different parameter sets in the main 

text, figure 1, we see that the range from 2.5 to 97.5 percentile for a single parameter set 

is only slightly smaller than for 50 parameter sets. Thus most of the variation in attack 

rates appears to be due to stochastic effects and not to the variation in parameter values. 
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Figure S2.  Influenza virus attack rates among patients for increasing health care worker vaccination rates for the 

best estimate parameter set. 
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Figure S3. Power calculation based on the simulation of trials (dotted line) and on the standard equation for 

cluster randomized trials (solid line).  

 

 

Power calculations for a single parameter set 

To check the accuracy of the power calculation for cluster randomized trials, when applied 

to study infectious diseases in small populations, we perform an alternative Monte Carlo 

power calculation in which we simulate randomized trials by taking samples of different 

size from a large dataset of 5000 outcomes for departments with a HCW vaccination rate 

0 and a HCW vaccination rate 0.5. For sample sizes increasing from 10 to 220 we observe 

in which fraction of the simulated trials we can detect, using a t-test, a significant 

difference at 5 % significance level between the mean attack rates in the groups with HCW 
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Figure S4. Results of uncertainty analyses. We vary the parameters health care worker (HCW) vaccination rate 

(columns) simultaneous with patient vaccine efficacy (top row), HCW vaccine efficacy (second row), transmission 

probability (third row) and visitor frequency (bottom row). 

 

vaccination rate 0 and 0.5. Figure S3 shows the relationship between sample size and 

power according to our simulation study. A sample size of 169 departments is required to 

detect the difference with a 90% power. This relationship is accurately approximated by 

the calculation for cluster randomized trials, where we find that 184 departments per 

group are required to detect the difference between the two groups with a 90% power. 

 

Uncertainty analyses 

We use Latin hypercube sampling to do an uncertainty analysis for four parameters. The 

results are shown in figure S4. The HCW vaccination rate is kept constant at 0 (left 

column), 0.5 (middle column) and 1 (right column). We vary the patient vaccine efficacy 

over a range from 0 to 0.5 (top row), the HCW vaccine efficacy over a range from 0.5 to 

0.9 (second row), the transmission probability from 0.10 to 0.16 (third row) and the visitor 
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frequency from 0.4 to 1.0 (bottom row). The results show that the influenza virus attack 

rate among patients is highest when vaccine efficacy for patients is low, especially in the 

departments where HCW vaccine uptake is low. At higher levels of HCW vaccine uptake 

we see a negative correlation between the HCW vaccine efficacy and patient attack rate. 

As expected there is a positive relation between the transmission probability and the 

influenza virus attack rate among patients. The number of visitors does not appear to have 

a large impact on the influenza virus attack rate among patients.  

 

We also study the correlations between the parameter values and the maximal change in 

influenza virus attack rate among patients, resulting from an increase in HCW vaccination 

rate from 0 to 1 (Figure S5). The effect of HCW vaccination is negatively associated with 

the vaccine efficacy for patients. It is positively associated with the vaccine efficacy for 

HCWs and, though somewhat less strongly, with the transmission probability. For the 

studied parameter values, there is no clear association between the change in patient 

influenza virus attack rate and the visitor frequency. 

 

Additional scenarios 

Here we present the results of some additional scenario analyses to show the robustness 

of our model. 

 

60-bed department 

To determine the effects of unit size we repeat the simulations for a 60-bed department. 

In this scenario 10 HCWs work during the day shift, 6 during the evening and 2 during the 

night. We use the same contact structure for patients and HCWs as before, yielding the 

same number of contacts per shift. Yet, because of the higher number of individuals in the 

department, the probabilities to contact a specific other patient or HCW are of course 

lower. In this scenario the average influenza virus attack rates are higher than in the 30-

bed nursing home department (Figure S6). Raising HCW vaccination rate from 0 to 1 

linearly decreases the influenza virus attack rate among patients from 0.36 to 0.12 (RR 

0.33, NNT 5). The relative risk reduction for patients due to increased HCW vaccination is 

thus similar for the two department sizes but due to the higher attack rates in the bigger 

department the absolute decrease in attack rate is larger. 

 

Pandemic 

In light of the present pandemic threat, we study the potential protective effect for 

nursing home patients of vaccinating HCWs during a pandemic. Because we do not know
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Figure S5. Uncertainty analyses for the maximal effect of health care worker (HCW) vaccination. We vary the 

parameters patient vaccine efficacy, HCW vaccine efficacy, transmission probability and visitor frequency and 

compare the change in the patient attack rate due to an increase in the HCW vaccination rate from 0 to 1. 
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Figure S6. Influenza virus attack rates among patients for increasing health care worker vaccination rates for a 

60-bed department. 

 

the efficacy of a future pandemic vaccine, we study the best case scenario in which the 

vaccine efficacy of the pandemic vaccine is equal to that of the yearly influenza vaccines. 

We assume the only difference between the pandemic and the epidemic strains is the 

absence of prior immunity in the population to the pandemic one. Our simulations show 

that in this scenario major epidemics occur in all nursing home departments (Figure S7).
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Figure S7. Pandemic influenza virus attack rates among patients for increasing health care worker vaccination 

rates. 

 

Although HCW vaccination can reduce the attack rate among patients to some extent 

(from 0.59 to 0.37), major outbreaks cannot be prevented due to the high prevalence of 

influenza in the community (total attack rate 0.55) and the associated high introduction 

rate into the nursing home.  

 

Vaccine efficacy – alternative mechanism of action 

Unfortunately, not so much information is available concerning the mechanism of 

protection of vaccines. We use an all or nothing model, since we assume that an individual 

who does not get infected the first time after contact with the influenza virus is even less 

likely to become infected the second time, when all defense mechanisms have already 

been triggered. To evaluate the impact of this choice we perform simulations with an 

alternative model in which vaccination reduces the transmission probability of the virus 

during an infectious contact. In other words, a vaccinated individual can still become 

infected but the average number of infectious contacts necessary for infection will be 

higher than for a non-vaccinated individual. We assume the protection per contact to be 

30% and 80% for patients and HCWs respectively, which leads to vaccine efficacies over 

the season of 11% and 89%. Because of the lower overall patient vaccine efficacy the 

initial patient attack rates are higher than in the baseline scenario (Figure S8), but again, 

increased HCW vaccination causes a similar linear decrease in the patient attack rate.  
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Figure S8. Patient influenza virus attack rates for increasing health care worker vaccination compared for the 

baseline scenario and an alternative mechanism of vaccine efficacy. 
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Figure S9. Patient influenza virus attack rates for increasing health care worker vaccination compared for 

different infectiousness ratios for casual and close contacts (ρ). 

 

Infectiousness ratio casual and close contacts 

We assume a close contact is twice as infectious as a casual contact. To determine the 

impact of this choice on the model outcome we perform simulations in which the close 

contact is 1.5 and 2.5 times as infectious as the casual contact. Since we do not recalibrate 

the transmission probability the attack rates for this scenario are somewhat lower and 

higher, respectively, than for the baseline scenario (Figure S9). However, the effect of 

HCW vaccination is comparable. 

 

High vaccine efficacy for patients and HCWs  

In a scenario where the vaccine efficacy for patients is 70% and for HCWs 90 %, we again 

find a linear relation between the fraction of HCWs vaccinated and the average patient 

attack rate (Figure S10). In this scenario the probability of a major outbreak (>0.3) can be 

reduced to 2.6%. Thus in a scenario with high vaccine efficacies herd immunity (<5% major 

outbreaks) can be achieved. 
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Figure S10. Patient influenza virus attack rates for increasing health care worker vaccination in a scenario with 

high vaccine efficacy. 
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Abstract 

Background  

Influenza vaccination of institutional health care workers (HCWs) is now widely 

recommended. Although the benefits of this strategy for patients have been 

demonstrated in long-term care settings, for regular hospital departments, the effects of 

HCW vaccination remain to be known. Therefore, in this study we aim to determine the 

effectiveness and efficiency of HCW vaccination for the protection of hospital patients. 

 

Methods  

We adapt a previously developed model of influenza transmission in a long-term care 

nursing home department to study the effects of HCW vaccination in hospital wards. We 

introduce a hospital-specific contact pattern and patient flow. With the stochastic-

individual based model, we simulate different levels of HCW vaccine uptake and 

determine its effectiveness and efficiency in reducing the hazard rates of influenza virus 

infection for patients for different scenarios.  

 

Results  

The hospital-specific model predicts a high daily hazard of infection for both patients and 

hospital HCWs. In all studied scenarios, influenza vaccination of all hospital HCWs leads to 

a 30% to 50% reduction in the hazard of influenza virus infection for susceptible patients. 

The number of HCWs needed to be vaccinated to prevent one infection among patients, 

ranges from 3 to 7 in most scenarios.  

 

Conclusions  

Most scenarios in our study show a similar or higher impact of hospital HCW vaccination 

than has been predicted for the long-term care nursing home department. Therefore, it 

seems justified to extend the recommendations for HCW vaccination, based on results in 

the long-term care setting, to short-term care settings as well.  
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Introduction 

Trials in long-term care hospital and nursing home departments have shown a beneficial 

effect of immunizing health care workers (HCWs) against influenza on the mortality 

among residents during the influenza season
1-3

. In addition, the attack rates of influenza-

like-illnesses, general practitioner consultations and hospital admissions associated with 

influenza were lower in nursing homes with higher HCW vaccine uptake
3
. Influenza 

vaccination of institutional HCWs in both long-term care and hospital settings, has been 

widely recommended as part of routine work safety
4
. For regular hospital departments, 

however, the effects of HCW vaccination have not been demonstrated in clinical trials so 

far. Hospital and long-term care departments differ in several aspects, such as the patient 

flow, the type of patients, the visitor frequency and the contact patterns among patients 

and HCWs. Therefore the effectiveness and efficiency of HCW vaccination may well be 

different between the two settings.  

 

To investigate whether the positive effects of HCW vaccination demonstrated in long-term 

care departments can be extrapolated to hospital departments, a modeling study is 

required. Here, we adapt a previously developed model of influenza transmission in a 

long-term care nursing home department. With this mathematical model we were able to 

confirm the expected negative correlation between the HCW vaccination rate and the 

number of influenza virus infections among patients in nursing home departments 

(Chapter 4). We now use this model, after adaptation for a short-term care environment, 

to determine the effectiveness and efficiency of HCW vaccination in preventing influenza 

virus infections among patients in a hospital ward.  

 

Methods 

Population and Model 

We adapt a previously developed nursing home model (Chapter 4) to simulate the 

occurrence of influenza virus outbreaks in a general hospital ward, such as a pulmonology 

or internal medicine ward. Here, most patients are elderly or have underlying risk-

elevating medical conditions, such as immune-compromising conditions or chronic 

respiratory diseases that increase their risk of developing secondary complications after 

infection with influenza. We simulate a 24-bed ward with 15 rooms, with 4, 2 or 1 beds 

and consider both patients and HCWs. While patients are admitted and discharged 

continuously, we assume a fixed HCW pool consisting of 40 nurses, four doctors and one 

ward assistant (Table 1). Every weekday during the day shift, 10 nurses, four doctors and
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Table 1. Parameter values baseline scenario 

Parameter Value Unity Reference 

Fixed    

 Number of beds (N) 24   

 Number of HCWs* 45   

     Nurses 40   

     Doctors 4   

     Ward assistant 1   

 Time step (= shift) 8 hours  

 Minimum duration of simulation 80 days  

 Discharge/mortality rate 1/7 day
-1

  

 Rate of becoming infectious after infection 1/1.4 day
-1

 
7;8

 

 Infection recovery rate 1/1.4 day
-1 7;8

 

 Fraction of HCWs immune due to cross-protection 0.3  
9;10

. 

 Close/casual transmission probability ratio (p1/p2) 2   

 Transmission probability casual contact (p1) 0.13     0.1 – 0.16  contact
-1 

Chapter 4 

     

Uncertain    

 Vaccine efficacy (against infection)    

             Patients (ve1) 0.25      ( 0 – 0.5 )         
15

 

             HCWs (ve2) 0.73   ( 0.5 – 0.9 )    
13

 

 Vaccination rate patients 0.64   ( 0.2 – 0.8 )  
3
 

 Average number of visitors 2.6          ( 1 –  5 ) patient
-1

 day
-1

 
 

     

Control   
 

 Vaccination rate HCWs 0 – 1.0    

* Health care workers 

 

the ward assistant are present in the department. During evening shifts, four nurses are 

present, and during night shifts three nurses are present in the department. In weekends, 

there are no regular visits by doctors, but the same number of nurses is present as during 

weekdays. As we are simulating a small population where chance events can have major 

effects we use a stochastic transmission model. Below we further describe the essential 

structure of this model; a detailed description is presented in the supporting information. 

 

Infection cycle 

According to a standard model for infectious disease transmission, individuals can be in 

one of several stages of influenza virus infection: susceptible, infected but not yet 

infectious (exposed), infectious or recovered/immune (S, E, I, or R)
5;6

. Susceptible 

individuals can be infected and become exposed through contact with infectious 

individuals. After a latent period the exposed individuals become infectious and can infect 

others until they recover and become immune. Individuals acquire immunity either by 
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recovery after infection or by vaccination prior to the influenza season and immune 

individuals do not return to the susceptible pool for the remaining season.  

 

Influenza vaccination 

Both patients and HCWs can receive the influenza vaccine prior to the influenza season. 

We assume vaccination leads to perfect immunity against infection in a fraction ve1 of 

vaccinated patients and ve2 of vaccinated HCWs, where ve1 and ve2 are the vaccine 

efficacies in the corresponding populations. In the remaining (1- vei) vaccinated individuals 

the vaccine has no effect. In the supporting information of a previous study about nursing 

home departments (Chapter 4) we showed that an alternative assumption (vaccination 

reduces the probability of becoming infected for all vaccinated individuals, but does not 

lead to complete immunity) leads to similar findings. 

 

Contacts 

Susceptible individuals can become infected through contacts with infectious individuals. 

Therefore, an individual’s risk of being infected depends on the frequency of contacts that 

are made, and the likelihood that the contacted persons are infectious. The number of 

potential contacts of patients and HCWs varies per shift (day, evening, night). Patients can 

have contact with their roommates, HCWs and visitors during day and evening shifts. 

During night shifts, patients can only contact their roommates and HCWs. HCWs can have 

contacts with other HCWs working in the same shift and with all patients. During their 

shifts, nurses and doctors are assigned certain rooms, such that for each HCW, the 

probability of contact with a patient in an assigned room is higher than with a patient in 

another room. Furthermore, we distinguish between casual and close contacts. Individuals 

have a casual contact when they have a conversation, and a close contact when they have 

any kind of physical contact.  

 

Transmission 

The actual occurrence of transmission between contacts is determined by sampling from a 

Bernoulli distribution with mean set equal to the transmission probability. For every pair 

of individuals with a casual or close contact, there is a probability p1 or p2, respectively, 

that the virus is transmitted if the individuals involved in the contact are infectious and 

susceptible. We take p2 always larger than p1 to reflect that transmission is more likely for 

close contacts than for casual contacts. 

 

Influenza in the community 

The rate at which influenza virus is introduced into the hospital by HCWs, visitors and 

patients depends on the prevalence of the virus in the community. We simulate an 
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influenza epidemic in a large population (the community) with a deterministic SEIR model 

(see supporting information, Figure S1), and use the associated daily incidence and 

prevalence rates in our model. HCWs are assumed to have many contacts in the 

community and their hazard rate of becoming infected outside the nursing home is equal 

to the hazard rate of infection in the community. Visitors and new patients are chosen at 

random from the community and the probability that they are infected when they enter 

the hospital is equal to the community prevalence. 

 

Parameters and uncertainty analyses 

In the model we use three different parameter types (Table 1): 1) fixed parameters that 

have the same value in all simulations; 2) uncertain parameters that we vary in an 

uncertainty analysis and 3) control parameters that we vary to study different scenarios. 

 

Fixed parameters 

We simulate a period of at least 80 days to cover the length of a typical national influenza 

epidemic. If there are still infected individuals in the department after 80 days, the 

simulation is continued until no infected individuals are left. We take time steps of 8 

hours, equal to the length of a HCW’s shift. The patients’ length of stay in the department 

is exponentially distributed with an average of 7 days. The durations of the latent and 

infectious periods are exponentially distributed with means of 1.4 days each such that the 

resulting generation time equals 2.8 days, which is in agreement with observations of 

generation times during influenza epidemics
7;8

. At the start of the influenza season, thirty 

percent of the HCWs (healthy adults) is assumed to be immune to infection due to cross-

protection from earlier infections
9;10

. The patients, however, have a weakened immune 

system
11;12

 and thus we assume absence of immunological memory of previous infections. 

Vaccine efficacy for healthy adults has been estimated to be 0.73
13

. For hospital patients 

the vaccine efficacy most likely differs between patient groups, such as elderly, or patients 

with an immune-compromising condition or chronic respiratory disease. For elderly and 

most other high-risk groups vaccine efficacy in preventing influenza virus infection could 

not be proven
14-19

. Therefore, we choose the vaccine efficacy for patients to be 0.25, 

which is lower than for healthy individuals. In correspondence with an observational study 

in three hospital departments, on average 64% of the patients are assumed to have been 

vaccinated
20

.  

 

The casual and close contact rates between HCWs and patients are based on an 

observational study in the wards of Internal Medicine and Infectious Diseases and 

Pulmonology of the University Medical Center Utrecht. In this study we determined the  
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Table 2. Casual and close contact probabilities between individuals in the department for different shifts, based 

upon observations in two hospital wards. 

Individual 

Contacted individual Shift 

Probability of 

contact 

Probability of close 

contact given 

contact 

Patient Patient in the same room all 1 1
#
 

 Patient in another room all 0 - 

 Nurse assigned to patient’s room day 1 0.9 

  evening 0.8 0.9 

  night 0.9 0.4 

 Nurse assigned to other room day 0.1 0.4 

  evening 0.2 0.7 

  night 0.2 0.2 

 Doctor assigned to patient’s room day* 0.8 0.57 

 Doctor assigned to other room all 0 - 

 Ward assistant day* 1 1 

     

Nurse Nurse all 1 0.4 

 Doctor day 0.63 0.06 

 Ward assistant day 0.84 0.06 

     

Doctor Nurse day 0.63 0.06 

 Doctor assigned to same rooms day 1 0 

 Doctor assigned to other rooms day 0.5 0 

 Ward assistant day 0.5 0 

#
due to long duration of being in the same room, assumed to be a close contact 

*only weekdays 

 

probability of contact between two individuals given their type (patient, doctor, nurse or 

ward assistant), the shift and the assigned rooms. The contact probabilities are given in 

(Table 2). In addition, we observed an average number of 2.6 visitors per patient per day. 

Therefore, in the model, we determine the actual number of visitors for a patient on a 

certain day by sampling from a Poisson distribution with this average. We assume all 

contacts with visitors are close. We use a transmission probability of 0.13 for a casual 

contact (per shift) and set the probability of transmission for close contacts twice as large 

as for casual contacts. This value was obtained by calibrating the transmission probability 

in the nursing home model, such that the average number of infections among patients 

was in the same range as observed nursing home attack rates (Chapter 4). 

 

Uncertain parameters  

The uncertainty in some parameters is estimated by Latin hypercube sampling
21-25

 

(Chapter 4). For the parameters HCW vaccine efficacy, patient vaccine efficacy, the 

fraction of vaccinated patients and visitor frequency, we choose a likely range for the 

5 
 

75 



 Prevention of Influenza in Health Care Institutions: Models and Observations ___________________   

 

 

parameter values around the baseline value described above (see Table 1 and below) and 

draw actual values from a uniform distribution over this range. We make 50 different 

parameter sets such that the whole range of possible values for each of the four 

parameters is represented equally, and perform 100 simulations per HCW vaccination rate 

per parameter set. We compare the results for the different runs and show the 

correlations with the varied parameters (in the supporting information). The studied range 

of values for the vaccine efficacy for healthy adults is between 0.5 and 0.9 based upon the 

confidence interval (CI) around the estimate of 0.73 (95% CI 0.53 – 0.84)
13

. We vary the 

vaccine efficacy for hospital patients from 0 to 0.5 and the fraction of vaccinated patients 

from 0.2 to 0.8. The expected number of visitors per patient per day is varied from 1 to 5.  

 

Control parameters and scenario analyses 

Simulations are performed for rates of HCW vaccine uptake of 0, 0.25, 0.5, 0.75 and 1. In 

addition to a baseline scenario with the parameters as described above and the 

uncertainty analyses, we consider several additional scenarios to study the effect of some 

parameter choices: (1) Because immune-compromised patients may shed influenza virus 

for a longer period than healthy individuals
26

, we study scenarios in which the average 

duration of infectiousness of patients is 2.8 and 5.0 days. (2) We vary the transmission 

probabilities to 0.07, 0.10 and 0.20 to represent possible differences between hospital and 

nursing homes. (3) We study scenarios with differing ratios of infectiousness of 1.5 and 

2.5, respectively, for close and casual contacts. (4) Probably not all of the patients have a 

weakened immune system; therefore we investigate the impact of 30% immunity among 

patients due to cross-protection. This is the percentage of immunity among healthy 

adults.  

 

Outcome  

We study the relationship between the HCW vaccination rate and the hazard rate of 

acquiring influenza virus infection for patients during the influenza season. The hazard 

rate is defined as the total number of infections among patients divided by the number of 

susceptible patient days in the department during the season (80 days). For every level of 

HCW vaccine uptake we perform 2000 simulations of one nursing home department 

during one influenza season. We compute the arithmetic mean of the hazard rates for 

patients and the range between the 2.5-percentile and the 97.5-percentile of the hazard 

rates. We translate the mean hazard rate into an expected probability of acquiring 

infection during a stay in the hospital with the survival function 1-e
-λτ

 where λ is the hazard 

rate and τ the duration of stay. We compare the hospital hazard rate with the hazard rate 

in the community that we calculate from the simulated epidemic in the community (figure

5 
 

76 



________________________________________ Modeling Vaccination of Hospital Health Care Workers   

 

 

à à
à

à
à

0 0.25 0.5 0.75 1
0.00

0.01

0.02

0.03

0.04

0.05

0.06

0.07

HCW vaccination rate

p
a

ti
e

n
t
h

a
z
a

rd
ra

te

 

0.00 0.02 0.04 0.06 0.08 0.10
0

20

40

60

80

patient hazard rate

fr
e
q
u
e
n
c
y

HCW vaccination rate 0

0.00 0.02 0.04 0.06 0.08 0.10
0

20

40

60

80

patient hazard rate

fr
e
q
u
e
n
c
y

HCW vaccination rate 0.5

0.00 0.02 0.04 0.06 0.08 0.10
0

20

40

60

80

patient hazard rate

fr
e
q
u
e
n
c
y

HCW vaccination rate 1

 
Figure 1. Average daily hazards of influenza virus infection for patients for increasing health care worker 

vaccination rates (A) Increased vaccination of health care workers (HCWs) decreases the hazard of influenza virus 

infection for patients. Squares indicate the mean daily hazard rates, dashed lines the median daily hazard rates 

and light blue boxes the 2.5th to 97.5th percentiles. (B-D) The distribution of the hazard rates among patients 

shifts to the left when vaccine uptake among HCWs is increased. Each distribution is based on 2000 simulations. 

 

S1). In addition to patient hazard rates, we calculate the mean HCW attack rate (the mean 

number of influenza virus infections per HCW per season), the mean number of 

introductions of influenza virus into the nursing home patient population (introduction 

rate) and the mean number of infections among patients following an introduction 

(patient attack rate per introduction). Finally, we calculate the absolute and relative risk 

differences of acquiring influenza virus infection for patients in wards where none or all of 

the HCWs are vaccinated and we determine the number of HCW vaccines needed to 

prevent one infection in a patient (the number needed to treat (NNT)), based upon the 

absolute risk difference between wards in which the HCW vaccination rate is 0 and 1. The 

number of simulations is chosen such that the standard error of the NNT is small 

(approximately 0.1). 

 

Results 

Vaccination of HCWs can reduce the hazard of influenza virus infection for patients from 

0.029 day
-1

 when no HCWs are vaccinated to 0.016 day
-1

 when all HCWs are vaccinated 

(relative risk 0.57) (Figure 1). These hazard rates translate into expected probabilities of 

0.19 and 0.11, respectively, of acquiring influenza virus infection for a susceptible patient 

A 

C D B 
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during a 7 day stay in the hospital during the influenza season. Compared with a 

community hazard of 0.0018 day
-1

, hospital patients have a 16 times increased daily risk of 

acquiring influenza virus infection when no HCWs are vaccinated, and a 9 times increased 

daily risk when all HCWs are vaccinated. Without HCW vaccination, the average number of 

influenza virus infections in the department during one season is 38 which translates into 

an overall attack rate of 13% among the, on average, 300 patients admitted to the hospital 

during a season that lasts 80 days. When all 45 HCWs are vaccinated, 15 of these 38 

infections (40%) among patients can be prevented. The number of HCWs needed to treat 

to prevent one infection among patients (number needed to treat (NNT)) is 3 (Figure 2). 

When the HCW vaccination rate is increased from 0 to 1, the influenza virus infection 

attack rate among HCWs decreases from 0.50 to 0.09; the number of influenza virus 

introductions into the patient population shows a small increase from 2.3 to 2.7; the 

number of infections among patients following an introduction decreases from 15.7 to 7.6 

on average. 

 

Uncertainty and scenario analyses 

The uncertainty analyses (Figures S2 and S3) show that patient vaccine efficacy and visitor 

frequency are more strongly correlated with the patient hazard than HCW vaccine efficacy 

and the vaccination rate among patients (Figure S2). The effect of HCW vaccination is 

strongly dependent on the HCW vaccine efficacy and weakly dependent on the other 

tested variables (Figure S3).  

 

Figure 2 shows the results of several scenario analyses in which the values of some 

parameters are changed as compared to the baseline scenario. An increase in the 

transmission probability leads to higher hazard rates for patients. Doubling of the average 

infectious period for patients also leads to an increase in the hazard rates. However, if the 

infectious period is increased further (to 5 days), the distribution of hazard rates seems to 

become different and the average does not increase further. A change in the ratio of the 

transmission probabilities for close and casual contacts also changes the distribution of 

hazard rates. An increase in the fraction of immune patients (cross-immunity 0.3) 

decreases the average patient hazard. Although some parameter changes thus lead to 

different attack rates among patients and HCWs, in all scenarios a 30% to 50% reduction in 

the hazard of influenza virus infection for patients occurs when all HCWs are vaccinated. 

The numbers needed to treat are below 7 in all 10 scenarios but one. The exception is a 

scenario where the ratio between the close and casual contact transmission probabilities 

is 1.5 instead of 2, which has an NNT of 13 (Figure 2).  
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Figure 2. The effects of increased health care worker vaccination in different scenarios.  
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Note. * Parameter values in the baseline scenario: Transmission probability casual contact (kappa), 0.13; Ratio 

transmission probability close/casual contact (close-factor), 2; Mean infectious period, 1.4 days; fraction of 

patients immune due to cross protection 0. Vacc, vaccination; RR, risk ratio; NNT, number needed to treat. 

 

Discussion 

Immunization of HCWs in general hospitals against influenza can reduce the hazard rate of 

influenza virus infection for patients and is expected to be at least as efficient as 
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vaccination of nursing home personnel (Chapter 4). Our simulation model which was 

extrapolated from a previously developed nursing home model, predicts high attack rates 

among hospital HCWs and a high daily hazard of infection for patients that is 16 times as 

high as in the community.  

 

When we compare the effects of HCW vaccination in the hospital and the nursing home, 

the relative effect of HCW vaccination turns out to be lower in the hospital than in the 

nursing home, where 60% of influenza virus infections can be prevented by increasing the 

HCW vaccination rate to 1 (NNT 7) (Chapter 4). However, the absolute number of 

infections that can be prevented is higher in the hospital due to the larger hazard rates. 

While in the nursing home, an increase in the HCW vaccination rate leads to a reduction in 

the number of introductions of virus into the patient population, this is not the case in the 

hospital setting. This suggests that in the nursing home a large fraction of introductions 

can be attributed to the HCWs, whereas in the hospital also others, such as visitors and 

new patients, regularly introduce influenza. The transmission models for the nursing home 

and for the hospital ward differ in several aspects: the numbers of beds and HCWs, the 

length of stay of the patients, the contact patterns, the average number of visitors and the 

vaccination rate among patients. In the uncertainty analysis the visitor frequency does not 

appear to be strongly associated with the change in hazard due to increased HCW 

vaccination (Figure S3). Neither does a lower vaccine uptake among patients seem to have 

a large impact on the hazard since vaccine efficacy is more important (Figure S2). The 

components that thus are responsible for the higher expected attack rates among hospital 

patients are the higher patient flow, which leads to a larger pool of susceptibles, and the 

contact pattern including a higher number of contacts per day.  

 

Before we can accept these findings, some potential limitations of our model approach 

need to be addressed. First, the adaptation of our previously developed model to describe 

influenza transmission in nursing homes required knowing the vaccine efficacy in 

hospitalized patients. There are no studies that measure the vaccine efficacy directly in 

such a population. However, based upon studies in different high-risk groups
14-19

, it 

appears to be reasonable to assume that vaccine efficacy is less than for healthy adults. In 

case of a higher vaccine efficacy the hazard rate for patients is expected to be lower 

(Figure S2). A second limitation is that there are no data on the numbers of influenza virus 

infections in hospital departments to compare with the outcome of the model. There is 

virological data from patient samples taken during the influenza season, but the majority 

of these samples are obtained from patients with respiratory symptoms or complications 

and cover only a fraction of all influenza infections in the hospital
20;27

. In scenario analyses 
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we demonstrate that HCW vaccination has a considerable impact on the hazard rate for 

patients for a range of different parameter settings and resulting hazard rates, and 

therefore we are confident that the results reported here are robust even without an 

explicit comparison to observations. Thirdly, we do not distinguish between different 

patient groups. It is very unlikely that all patients in a hospital are equally susceptible and 

infectious, or have the same probability of having received a vaccine. To minimize 

variations between hospital departments, we restrict our study to departments with many 

patients at high-risk of influenza, such as the internal medicine and pulmonology 

departments. It was also in these departments that we collected data on contact patterns 

and vaccine coverage. Some caution is therefore warranted before extrapolating our 

results to, for example, an orthopedic ward, where patients usually are healthier and less 

often vaccinated. However, we hypothesize that the largest difference between influenza 

outbreaks in different hospital departments will be in the number and severity of illnesses 

and complications rather than in the transmission dynamics and the number of infections. 

 

The results from our baseline scenario, in which we assume the transmission probability 

per contact is equal to that in the nursing home, suggest that in the absence of HCW 

vaccination each year a large fraction (50% on average) of hospital HCWs acquires 

influenza virus infection. We could find two studies that addressed influenza virus 

infections among hospital HCWs. These studies found serological evidence of infection in 

7% to 23% of hospital HCWs in a single influenza season
28;29

. Since the variability in 

infection attack rates between seasons and departments is very large, we cannot draw 

firm statistical conclusions from only a few observations. However both studies do suggest 

that the HCW attack rate in our baseline scenario is relatively high, which would imply that 

the transmission probability per contact in a hospital is smaller than in a nursing home. 

This is a plausible result, because in a hospital the average duration of contacts might be 

shorter than in a nursing home. We explored this possibility in a scenario where we 

decrease the transmission probability per casual contact from 0.13 to 0.065 such that the 

HCW attack rate in the hospital becomes 22% (Figure 2). Even then, we still find a 

considerable effect of HCW vaccination, and the NNT is near 7, a value similar to that in 

nursing homes (Chapter 4).  

 

This is the first study to consider the effects of HCW vaccination for hospital departments 

in particular. It confirms the hypotheses, based on studies in long-term care settings
1-3;30

, 

about the effectiveness of HCW vaccination in preventing influenza virus infections in 

hospital patients with a high risk on complications. Moreover, it appears that HCW 

vaccination is even more efficient in hospital departments than in long-term care nursing 
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home departments. Although we were not able to find one single best parameterization 

for the transmission model, the large number of simulations that we perform for different 

scenarios and parameter values strongly suggest that our results in terms of NNT are not 

sensitive to uncertain parameters. The possibility to perform multiple simulations to 

reduce chance effects is an important advantage of modeling studies. A clinical trial 

addressing the same question would require a very large number of departments in order 

to find a precise effect estimate (see also Chapter 4). Furthermore, the model allows us to 

distinguish between the effect we want to study (HCW vaccination) and that of other 

factors that differ between departments (for example the patient vaccination rate). A 

clinical trial would require even larger study sizes to account for all possible effect 

modifiers.  

 

All realistic scenarios in our study show a similar or higher impact of hospital HCW 

vaccination than that expected for the long-term care nursing home department. This 

provides a justification for the extension of the recommendations for HCW vaccination, 

based on results in the long-term care setting, to short-term care settings such as 

hospitals.  

  

References 

1.  Potter J, Stott DJ, Roberts MA, Elder AG, O'Donnell B, Knight PV et al. Influenza vaccination of 

health care workers in long-term-care hospitals reduces the mortality of elderly patients. 

J.Infect.Dis. 1997;175:1-6. 

2.  Carman WF, Elder AG, Wallace LA, McAulay K, Walker A, Murray GD et al. Effects of influenza 

vaccination of health-care workers on mortality of elderly people in long-term care: a 

randomised controlled trial. Lancet 2000;355:93-7. 

3.  Hayward AC, Harling R, Wetten S, Johnson AM, Munro S, Smedley J et al. Effectiveness of an 

influenza vaccine programme for care home staff to prevent death, morbidity, and health 

service use among residents: cluster randomised controlled trial. BMJ 2006;333:1241. 

4.  van Essen GA, Palache AM, Forleo E, Fedson DS. Influenza vaccination in 2000: 

recommendations and vaccine use in 50 developed and rapidly developing countries. Vaccine 

2003;21:1780-5. 

5.  Anderson R, May RM. Infectious Diseases of Humans: Dynamics and Control. New York: Oxford 

University Press, 1991. 

6.  Diekmann O, Heesterbeek JAP. Mathematical Epidemiology of Infectious Diseases: Model 

Building, Analysis and Interpretation. Chichester: John Wiley & Sons Ltd, 2000. 

7.  Hirotsu N, Ikematsu H, Iwaki N, Kawai N, Shigematsu T, Kunishima O et al. Effects of antiviral 

drugs on viral detection in influenza patients and on the sequential infection to their family 

5 
 

82 



________________________________________ Modeling Vaccination of Hospital Health Care Workers   

 

 

members--serial examination by rapid diagnosis (Capilia) and virus culture. International 

Congress Series 2004;1263:105-8. 

8.  Wallinga J,.Lipsitch M. How generation intervals shape the relationship between growth rates 

and reproductive numbers. Proc.Biol.Sci. 2007;274:599-604. 

9.  Rvachev A,.Longini IM. A mathematical model for the global spread of influenza. Mathematical 

Biosciences 1985;75:3-22. 

10.  Cauchemez S, Valleron AJ, Boelle PY, Flahault A, Ferguson NM. Estimating the impact of school 

closure on influenza transmission from Sentinel data. Nature 2008;452:750-4. 

11.  Webster RG. Immunity to influenza in the elderly. Vaccine 2000;18:1686-9. 

12.  Targonski PV, Jacobson RM, Poland GA. Immunosenescence: role and measurement in 

influenza vaccine response among the elderly. Vaccine 2007;25:3066-9. 

13.  Jefferson T, Rivetti D, Di Pietrantonj C, Rivetti A, Demicheli V. Vaccines for preventing influenza 

in healthy adults. Cochrane.Database.Syst.Rev. 2007;CD001269. 

14.  Cates CJ, Jefferson TO, Rowe BH. Vaccines for preventing influenza in people with asthma. 

Cochrane.Database.Syst.Rev. 2008;CD000364. 

15.  Jefferson T, Rivetti D, Rivetti A, Rudin M, Di Pietrantonj C, Demicheli V. Efficacy and 

effectiveness of influenza vaccines in elderly people: a systematic review. Lancet 

2005;366:1165-74. 

16.  Poole PJ, Chacko E, Wood-Baker RW, Cates CJ. Influenza vaccine for patients with chronic 

obstructive pulmonary disease. Cochrane.Database.Syst.Rev. 2000;CD002733. 

17.  Tan A, Bhalla P, Smyth R. Vaccines for preventing influenza in people with cystic fibrosis. 

Cochrane.Database.Syst.Rev. 2000;CD001753. 

18.  Arrowood JR,.Hayney MS. Immunization recommendations for adults with cancer. 

Ann.Pharmacother. 2002;36:1219-29. 

19.  Kausz A,.Pahari D. The value of vaccination in chronic kidney disease. Semin.Dial. 2004;17:9-11. 

20.  van den Dool C., Hak E, Wallinga J, van Loon AM, Lammers JW, Bonten MJ. Symptoms of 

influenza virus infection in hospitalized patients. Infect.Control Hosp.Epidemiol. 2008;29:314-9. 

21.  McKay MD, Conover WJ, Beckman RJ. A comparison of three methods for selecting values of 

input variables in the analysis of output from a computer code. Technometrics 1979;21:239-46. 

22.  Blower SM, Hartel D, Dowlatabadi H, Anderson RM, May RM. Drugs, sex and HIV: a 

mathematical model for New York City. Philos.Trans.R.Soc.Lond B Biol.Sci. 1991;331:171-87. 

23.  Blower SM, McLean AR, Porco TC, Small PM, Hopewell PC, Sanchez MA et al. The intrinsic 

transmission dynamics of tuberculosis epidemics. Nat.Med. 1995;1:815-21. 

24.  Blower SM,.Dowlatabadi H. Sensitivity and Uncertainty Analysis of Complex-Models of Disease 

Transmission - An Hiv Model, As An Example. International Statistical Review 1994;62:229-43. 

25.  Sanchez MA,.Blower SM. Uncertainty and sensitivity analysis of the basic reproductive rate - 

Tuberculosis as an example. American Journal of Epidemiology 1997;145:1127-37. 

26.  Leekha S, Zitterkopf NL, Espy MJ, Smith TF, Thompson RL, Sampathkumar P. Duration of 

influenza A virus shedding in hospitalized patients and implications for infection control. 

Infect.Control Hosp.Epidemiol. 2007;28:1071-6. 

27.  Babcock HM, Merz LR, Fraser VJ. Is influenza an influenza-like illness? Clinical presentation of 

influenza in hospitalized patients. Infect.Control Hosp.Epidemiol. 2006;27:266-70. 

5 
 

83 



 Prevention of Influenza in Health Care Institutions: Models and Observations ___________________   

 

 

28.  Elder AG, O'Donnell B, McCruden EA, Symington IS, Carman WF. Incidence and recall of 

influenza in a cohort of Glasgow healthcare workers during the 1993-4 epidemic: results of 

serum testing and questionnaire. BMJ 1996;313:1241-2. 

29.  Wilde JA, McMillan JA, Serwint J, Butta J, O'Riordan MA, Steinhoff MC. Effectiveness of 

influenza vaccine in health care professionals: a randomized trial. JAMA 1999;281:908-13. 

30.  Oshitani H, Saito R, Seki N, Tanabe N, Yamazaki O, Hayashi S et al. Influenza vaccination levels 

and influenza-like illness in long-term-care facilities for elderly people in Niigata, Japan, during 

an influenza A (H3N2) epidemic. Infect.Control Hosp.Epidemiol. 2000;21:728-30. 

 

Supporting information 

Model and simulation algorithms  

For a detailed description of the model and simulation algorithms we refer to the 

supporting information in Chapter 4. We here give the figures referred to in the main text 

as well as additions and changes to the model as described in Chapter 4. 

 

Influenza in the community 

The spread of influenza in the community of 100,000 individuals outside the nursing home 

is described by four variables: s, the proportion of susceptible individuals in the 

community, e, the proportion of exposed individuals in the community, i, the proportion 

of infectious individuals in the community, r, the proportion of recovered and immune 

individuals in the community. The simulated daily influenza infection incidence, λ s, and 

prevalence, i, are shown in Figure S1.  

 
Influenza in the hospital ward 

The hospital ward has m health care workers (HCWs) and n beds (Table S1). Each HCW is 

labeled j=1,2,…m). The HCW pool consists of nurses (j=1,2,…m2), doctors (j=m2+1,…m2+m3) 

and a ward assistant (j=m). The weekly work schedule of the HCWs is indicated by a 

function w(t,j) such that w(t,j)=1 if the jth HCW is at work at time t and w(t,j) = 0 if the jth 

HCW is not at work at time t. The work schedule is designed such that every weekday 

during the day shift, 10 nurses, four doctors and the ward assistant are present in the 

department. During evening and night shifts, four and three nurses are present in the 

department, respectively. In weekends, there are no regular visits by doctors, but the 

same number of nurses is present as during weekdays. Every shift both doctors and nurses 

are assigned certain rooms according to a weekly schedule, such that the probability of 

contact with a patient in an assigned room is higher than with a patient in another room. 

Also doctors that are assigned the same rooms have a higher contact probability.  
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Table S1. Parameters in the model 

Symbol Parameter Value Unity Ref 

n Number of beds  24   

m Number of HCWs* 45   

m2           Nurses 40   

m3           Doctors 4   

m4           Ward assistant 1   

Δt Time step (= shift) 8 hours  

T Minimum duration of simulation 80 days  

μ Discharge/mortality rate 1/7 day
-1

  

σ Rate of becoming infectious after infection 1/1.4 day
-1

 
1;2

 

γ Infection recovery rate 1/1.4 day
-1 1;2

 

rc Fraction of HCWs immune due to cross-protection 0.3  
3;4

 

ρ Close/casual transmission probability ratio (p1/p2) 2   

pc Transmission probability casual contact (p1) 0.13     0.1 – 0.16  contact
-1 

Chapter 4 

 Vaccine efficacy (against infection)    

ve1            Patients (ve1) 0.25      ( 0 – 0.5 )        
5
 

ve2            HCWs (ve2) 0.73   ( 0.5 – 0.9 )    
6
 

u1 Vaccination rate patients 0.64   ( 0.2 – 0.8 )  
7
 

u2 Vaccination rate HCWs 0 – 1.0    

g Average number of visitors 2.6          ( 1 –  5 ) patient
-1

 day
-1

 
 

* Health care workers 
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Figure S1.  Incidence and prevalence of influenza virus infections in the community.  

 

A stochastic simulation model of influenza epidemics in a hospital ward: state variables 

The state of each bed (j=1,2…n) is indicated as x(t,j) and consists of one variable, which 

takes one out of five possible values: {vacant, susceptible, exposed, infectious, recovered}. 

The state of each health care worker (HCW) (j=1,2,…m) is indicated as y(t,j) and consists of 

two variables. The first variable takes one out of two possible values: {at work, not at 

work}. The second variable takes one out of four possible values: {susceptible, exposed, 

infectious, recovered}. At each moment t, the state of the system is completely 

5 
 

85 



 Prevention of Influenza in Health Care Institutions: Models and Observations ___________________   

 

 

Table S2. Transitions and probabilities in the model 

  Transition Probability
# 

Patient flow   

 discharge or death P(x(t+Δt,j) = vacant | x(t,j) ¬vacant)
¶ 

μ Δt 

 admission P(x(t+Δt,j) = S | x(t,j) = vacant) (1 - u1 ve1) n μ Δt 

 admission P(x(t+Δt,j) = E | x(t,j) = vacant) e n μ Δt 

 admission P(x(t+Δt,j) = I | x(t,j) = vacant) i n μ Δt 

 admission P(x(t+Δt,j) = R | x(t,j) = vacant) u1 ve1 n μ Δt 

HCW flow   

 working P(y(t+Δt,j) = {at work,·})
‡ 

w(t+Δt,j) 

 at home P(y(t+Δt,j) = {not at work,·}) 1-w(t+Δt,j)  

Course of infection of patients   

 infection P(x(t+Δt,j )= E | x(t,j) = S) λk1(t,j) Δt * 

 becoming infectious P(x(t+Δt,j) = I | x(t,j) = E) σ Δt 

 recovery P(x(t+Δt,j) = R | x(t,j) = I) γ Δt 

Course of infection of HCWs   

 infection at work P(y(t+Δt,j) = {·,E} | y(t,j) = {at work, S})            λk2(t,j) Δt * 

 infection at home P(y(t+Δt,j) = {·,E} | y(t,j) = {not at work, S})           λ s Δt 

 becoming infectious P(y(t+Δt,j) = {·,I} | y(t,j) = {·,E})            σ Δt 

 recovery P(y(t+Δt,j) = {·,R} | y(t,j) = {·,I}) γ Δt 

    

#
 see Tables S1 and S3 for the meaning on the symbols used 

¶
 we use ¬vacant to denote any possible state except vacant 

‡  
we use {at work, ·} to denote any possible state where the second state variable is equal to the state at work 

* we use λk1,2(t,j) to describe the time-specific force of infection (specified in Table S3) in which the index k can 

take the values, d, e or n, for day, evening or night shifts, respectively. 

 

characterized by the state vectors x and y. For convenience we also determine at each 

moment t which individuals are infectious with the functions: I1(t,j) for patients, I2(t,j) for 

nurses at work, I3(t,j) for doctors at work, I4 (t) for the ward assistant at work such that 

Iv(t,j) =1 if if the jth individual of type v is infectious at time t, and 0 otherwise.  

  

Update rules  

At each time step Δt the values of the state variables are updated to account for 

transitions. The probability of each of these transitions to occur is specified according to 

the rules in Table S2. 

 

Uncertainty analyses 
We use Latin hypercube sampling to do an uncertainty analysis for four parameters. The 

results are shown in figure S2. The HCW vaccination rate is kept constant at 0 (left 

column), 0.5 (middle column) and 1 (right column). We vary the patient vaccine efficacy 

over a range from 0 to 0.5 (top row), the HCW vaccine efficacy over a range from 0.5 to 

0.9 (second row), the patient vaccination rate from 0.2 to 0.8 (third row) and the visitor 
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Table S3. Forces of infection. 

For patients  

 

Day  λd1(t,j) = ∑
=

n

i 1

Fd(i,j) I1(t,i)  + ∑
=

2

1

m

i

Gd(i,j) I2(t,i)+ ∑
+

+=

32

2 1

mm

mi

H(i,j) I3(t,i)+ βd14 I4(t)+ βv i(t) 

 

Evening λe1(t,j) = ∑
=

n

i 1

Fe(i,j) I1(t,i)  + ∑
=

2

1

m

i

Ge(i,j) I2(t,i) + βv i(t) 

 

Night λn1(t,j) = ∑
=

n

i 1

Fn(i,j) I1(t,i) + ∑
=

2

1

m

i

Gn(i,j) I2(t,i) 

For nurses at work 

 

Day   λd2(t,j)= ∑
=

2

1

m

i

βd22 I2(t,i)i + ∑
=

n

i 1

 F(j,i) I1(t,i) + ∑
+

+=

3

1

2

2

mm

mi

βd23 I3(t,i)  + βd24 I4(t) 

 

Evening λe2(t,j)= ∑
=

2

1

m

i

 βe22 I2(t,i)+ ∑
=

n

i 1

 F(j,i) I1(t,i) 

 

Night λe2(t,j)= ∑
=

2

1

m

i

βn22 I2(t,i)+ ∑
=

n

i 1

 F(j,i) I1(t,i) 

For doctors at work 

 

Day  λd3(t,j)= ∑
+

+=

32

2 1

mm

mi

E(i,j) I3(t,i)+ ∑
=

n

i 1

H(j,i) I1(t,i)+ ∑
=

2

1

m

i

βd32  I2(t,i)+ βd34(t,j) I4(t) 

For the ward assistant 

 

Day λd4(t,j)= ∑
=

n

i 1

βd41 I1(t,i)+ ∑
=

2

1

m

i

βd42 I2(t,i)+ ∑
+

+=

32

2 1

mm

mi

 βd43 I3(t,i) 

   
βkyz= (πkyz ρ +(1-πkyz)) pc ckyz 

# 
 

ξkyz= (ζkyz ρ +(1-ζkyz)) pc θkyz  

βv= g ρ pc  

   

βk11   if patients are in the same room 

Fk(i,j)=  {
 0       if patients are not in the same room 

βk12    if nurse is assigned to patient’s room 

Gk(i,j) =  {
 ξk12    if nurse is not assigned to patient’s room 

βd13    if doctor is assigned to patient’s room 

H(i,j) =  {
 0       if doctor is not assigned to patient’s room 

βd33    if doctors are assigned to same patients 

E(i,j) =  {
 ξd33    if doctors are not assigned to same patients 

#
 see Table S4 for the meaning on the symbols used 
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Table S4. Casual and close contact probabilities between individuals in the department for different shifts 

 

 

 

 

Individual Contacted individual Shift 

Probability 

of contact Symbol 

Probability 

of close 

contact 

given 

contact Symbol 

Patient Patient in the same room all 1 c11 1 π11 

 Patient in another room all 0 - - - 

 Nurse assigned to patient’s room day 1 cd12 0.9 πd12 

  evening 0.8 ce12 0.9 πe12 

  night 0.9 cn12 0.4 πn12 

 Nurse assigned to other room day 0.1 θd12 0.4 ζ d12 

  evening 0.2 θe12 0.7 ζ e12 

  night 0.2 θn12 0.2 ζ n12 

 Doctor assigned to patient’s room day 0.8 cd13 0.57 πd13 

 Doctor assigned to other room all 0 - - - 

 Ward assistant day 1 cd14 1 πd14 

       

Nurse Nurse  all 1 c·22 * 0.4 π·22 * 

 Doctor day 0.63 cd23 0.06 πd23 

 Ward assistant day 0.84 cd24 0.06 πd24 

       

Doctor Doctor assigned to same rooms day 1 cd33 0 πd33 

 Doctor assigned to other rooms day 0.5 θd33 0 ζd33 

 Ward assistant day 0.5 cd34 0 πd34 

* With c·22, we mean as well cd22, ce22 as cn22 

 

 

frequency from 1 to 5 (bottom row). The results show that the hazard rate of influenza 

virus infection among patients is highest when the vaccine efficacy for patients is low, 

whereas the correlation with the patient vaccination rate is less strong. At higher levels of 

HCW vaccine uptake there is a negative correlation between the HCW vaccine efficacy and 

the patient hazard rate. There is a positive relation between the number of visitors and 

hazard rate of influenza virus infection among patients.  

 
In figure S3 we show the correlations between the parameter values and the maximal 

change in the hazard rate of influenza virus infection among patients, resulting from an 

increase in the HCW vaccination rate from 0 to 1. The effect of HCW vaccination is strongly 

dependent on the HCW vaccine efficacy and weakly dependent on the other tested 

variables. 
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Figure S2. Results of uncertainty analyses. We vary the parameters health care worker (HCW) vaccination rate 

(columns) simultaneous with patient vaccine efficacy (top row), HCW vaccine efficacy (second row), patient 

vaccination rate (third row) and visitor frequency (bottom row). 
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Figure S3. Uncertainty analyses for the maximal effect of health care worker (HCW) vaccination. We vary the 

parameters patient vaccine efficacy, HCW vaccine efficacy, patient vaccination rate and visitor frequency and 

compare the change in patient hazard rate due to an increase in HCW vaccination rate from 0 to 1. 
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Abstract 

Background  

The prophylactic use of neuraminidase inhibitors is a key component of influenza outbreak 

control in long-term care settings. Although the efficacy of the most recommended 

antiviral drug, oseltamivir, has been demonstrated in household studies, its usefulness for 

institutional outbreak control remains to be demonstrated. Moreover, in the 2007-2008 

influenza season in Europe, the number of isolated A/H1N1 influenza viruses resistant to 

oseltamivir increased considerably. We here aim to study the protection offered to 

nursing home patients by different strategies of prophylaxis with oseltamivir and 

determine the impact of emerging resistance. 

 

Methods  

We use a stochastic individual-based model to simulate influenza virus transmission in a 

30-bed long-term care nursing home department. We simulate both continuous and post-

exposure prophylaxis strategies and determine their effectiveness and efficiency for 

protecting nursing home patients, as well as the influence of an increase of resistance to 

oseltamivir. 

 

Results  

In the absence of resistance, post-exposure and continuous prophylaxis of all patients, can 

reduce the infection attack rate among patients from 0.20 to 0.13 (relative risk (RR) 0.65) 

and 0.04 (RR 0.23), respectively. The numbers of daily doses needed to prevent one 

infection are 118 and 323, respectively. Neither extension of prophylaxis to HCWs, nor 

reducing the delay between the first symptomatic infection and the start of prophylaxis 

have a large impact on the hazard rate for patients. If resistance to oseltamivir increases, 

both prophylaxis strategies become less effective and less efficient and continuous 

prophylaxis poses a higher selection pressure for resistance.  

 

Conclusions  

In nursing homes, a continuous prophylaxis strategy can prevent more influenza virus 

infections among patients than a post-exposure prophylaxis strategy. Post-exposure 

prophylaxis, however, prevents more infections per daily dose and requires fewer doses 

per season. Importantly, in case of emerging resistance against oseltamivir, post-exposure 

prophylaxis poses a lower selection pressure for resistant virus strains. 
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Introduction 

The prophylactic use of neuraminidase inhibitors is a key component of influenza outbreak 

control in health care institutions
1
. Based on its proven efficacy in reducing susceptibility, 

duration of illness and infectiousness in household studies
2-6

, oseltamivir is now the 

antiviral agent recommended for prophylactic use in nursing homes
1
. Although the 

efficacy of oseltamivir has not been extensively assessed in the elderly, some 

observational and experimental studies indeed suggest beneficial effects of both 

continuous and post-exposure prophylaxis in containing outbreaks and reducing the 

number of severe complications among nursing home residents
5;7-9

. 

 

In the 2007-2008 influenza season, in Europe, the number of isolated A/H1N1 influenza 

viruses with resistance to the neuraminidase inhibitor oseltamivir increased 

considerably
10

. Following the emerging resistance against the M2-inhibitors amantadine 

and rimantadine, the efficiency of this class of neuraminidase inhibitors may also be 

threatened
11

. To what extent resistance will emerge is uncertain, but given the speed at 

which resistant strains have spread across Europe and the large variability of influenza 

activity, it is impossible to derive evidence on the impact of resistance on the efficiency of 

influenza control strategies from randomized controlled trials. This information can 

however be obtained from modeling studies
12;13

. Therefore, we have developed a 

mathematical model of influenza transmission in long-term care facilities to perform 

different sets of scenarios and multiple simulations to minimize the probability of chance 

outcomes. We primarily determine the impact and efficiency of post-exposure and 

continuous exposure prophylaxis strategies with oseltamivir as compared with no 

prophylaxis on infection attack rates among patients in a long-term care nursing home 

department, and the influence of an increased introduction of resistant virus strains on 

both strategies. We also assess the potential benefits of giving prophylaxis to health care 

workers (HCWs) and the impact of the delay to start of prophylaxis after the first 

symptomatic influenza virus infection. 

 

Methods 

Population and model 

We simulate the occurrence of influenza virus outbreaks in a typical Dutch long-term care 

nursing home department with 30 beds in 15 two-bed rooms and a team of 30 HCWs. We 

assume that the 30 HCWs work in shifts of 8 hours according to a weekly schedule, with 5 

HCWs working during the day shift, 3 during the evening and 1 during the night, which 
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mimics observed working schedules in the Netherlands. As we are simulating a small 

population where chance events can have major effects, we use a stochastic transmission 

model. The model has been described in detail in a previous study (Chapter 4) and the 

supporting information. Below, we describe the essential elements of the structure of this 

model. 

 

Infection cycle 

According to a standard model for infectious disease transmission, individuals can be in 

one of several stages of influenza virus infection: susceptible, infected but not yet 

infectious (exposed), infectious or recovered/immune (S, E, I, or R)
11,12

. Susceptible 

individuals can be infected and become exposed through contact with infectious 

individuals from either inside or outside the department. After a latent period the exposed 

individuals become infectious and can infect others until they recover and become 

immune. Individuals acquire immunity either by recovery after infection or by vaccination 

prior to the influenza season and immune individuals do not return to the susceptible pool 

for the remaining season.  

 

Influenza vaccination 

Both patients and HCWs can receive influenza vaccine prior to the influenza season. We 

assume vaccination leads to perfect immunity against infection in a fraction ve1 of 

vaccinated patients and ve2 of vaccinated HCWs, where ve1 and ve2 are the vaccine 

efficacies in the corresponding populations. In the remaining (1-ve1,2) vaccinated 

individuals the vaccine has no effect. In the supporting information of a previous study 

(Chapter 4) we showed that an alternative assumption (vaccination reduces the 

probability of becoming infected for all vaccinated individuals, but does not lead to 

complete immunity) leads to similar findings. 

 

Prophylaxis with oseltamivir 

We compare two strategies of prophylaxis with oseltamivir to a baseline scenario in which 

no neuraminidase inhibitors are used: (1) continuous (seasonal) prophylaxis is given to all 

patients during 8 weeks (the longest period of prophylaxis described in effectiveness 

studies
14

) around the peak of the influenza season; (2) post–exposure prophylaxis is 

started for all patients as soon as one patient has a laboratory-confirmed influenza virus 

infection. Since recognition of a possible influenza infection is required before doing a 

laboratory test, we assume only the fraction of infected patients that develop influenza 

disease (the symptomatic patients) can trigger the start of post-exposure prophylaxis. We 

assume that for every first symptomatically infected individual the delay between the 
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start of infectiousness and the start of prophylaxis follows a distribution that is 

determined by the time to onset of symptoms, the time to recognition of symptoms, the 

time to a positive laboratory test and the delay to start of prophylaxis (see supporting 

information). Post-exposure prophylaxis is given to all patients in the department for at 

least 2 weeks and is continued until no new cases occur during a period of 8 days
1
. We 

assume oseltamivir induces immunity to infection by wild-type strains in a fraction of the 

susceptible patients as soon as it is administered and for the duration of prophylaxis. The 

remaining fraction of patients do not develop immunity, but when they are infected they 

are considered to become less infectious than individuals that do not take oseltamivir, as 

has been observed for treated individuals
15

. The reduction in infectiousness caused by 

oseltamivir is modeled as a reduced probability of transmission upon contact with a 

susceptible. We do not take into account the shorter duration of infectiousness that has 

been observed in individuals treated with oseltamivir as distinction between duration and 

infectiousness did not have much impact on the results in a previous modeling study
15

. 

 

Influenza disease 

Not all patients infected with influenza virus develop influenza disease. We assume 

patients on prophylaxis with oseltamivir to have a lower probability of developing disease 

than non-treated indivdiuals
3
.  

 

Contacts 

As described above, susceptible individuals can become infected through contacts with 

infectious individuals. Therefore, an individual’s risk of being infected depends on the 

frequency of contacts that are made, and the likelihood that the contacted persons are 

infectious. The number of potential contacts of patients and HCWs varies per shift (day, 

evening, night). Patients can have contact with other patients, HCWs and visitors during 

day and evening shifts. During night shifts, patients can only contact their roommate and 

HCWs. HCWs can have contacts with other HCWs working in the same shift and with all 

patients. We distinguish between casual and close contacts. Individuals have a casual 

contact when they have a conversation, and a close contact when physical contact is 

present. We parameterize the contact model such that the expected numbers of contacts, 

specified by type of individuals and kind of contact, matches the number of contacts that 

we observed in two nursing home departments in the Netherlands (Chapter 4). 

 

Transmission 

The actual occurrence of transmission between contacts is determined by sampling from a 

Bernoulli distribution with mean set equal to the transmission probability. For every pair 
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of individuals with a casual or close contact, there is a probability p1 or p2, respectively, 

that the virus is transmitted if the individuals involved in the contact are infectious and 

susceptible. We take p2 always larger than p1 to reflect that transmission is more likely for 

close contacts than for casual contacts. 

 

Influenza in the community 

The rate at which influenza virus is introduced into the nursing home by HCWs, visitors 

and patients depends on the prevalence of the virus in the community. We simulate an 

influenza epidemic in a large population (the community) with a deterministic SEIR model 

(see supporting information, Figure S1), and use the associated daily incidence and 

prevalence rates as parameter values in our nursing home model. HCWs are assumed to 

have many contacts in the community and their hazard rate of becoming infected outside 

the nursing home is equal to the hazard rate of infection in the community. Visitors and 

new patients are chosen at random from the community and the probability that they are 

infected when they enter the nursing home is equal to the community prevalence. A 

proportion of the infections in the community is assumed to be caused by resistant 

strains. 

 

Oseltamivir resistance 

Resistant viruses are assumed to be completely insensitive to oseltamivir, and therefore 

prophylaxis has no effect on the susceptibility of an individual that is exposed to a 

resistant strain. We also assume that use of oseltamivir neither affects the infectiousness 

nor symptom development of an individual infected with a resistant strain. Apart from the 

oseltamivir sensitivity, the resistant and non-resistant strains are assumed to be similar. 

Infection with one of the strains confers cross-protection against infection with another 

strain during the season. 

 

Parameters and uncertainty analyses 

In the model we use three different parameter types: 1) fixed parameters that have the 

same value in all simulations; 2) uncertain parameters that we vary in an uncertainty 

analysis and 3) control parameters that we vary to study different scenarios (Table 1). 

 

Fixed parameters 

We simulate a period of at least 80 days to cover the length of a typical national influenza 

epidemic. If there are still infected individuals in the department after 80 days, the 

simulation is continued until no infected individuals are left. We take time steps of 8 

hours, equal to the length of a HCW’s shift. The patients’ average length of stay in the 
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Table 1. Parameter values baseline scenario 

Parameter Value Unity Reference 

Fixed    

  Number of beds 30   

  Number of HCWs* 30   

  Time step (= shift) 8 hours Chapter 4 

  Minimum duration of simulation 80 days  

  Discharge/mortality rate 1/425 day
-1

 
16;17

 

  Rate of becoming infectious after infection 1/1.4 day
-1

 
18;19

 

  Infection recovery rate 1/1.4    day
-1 18;19

 

  Fraction of HCWs immune due to cross-protection 0.3  
20

 

  Vaccine uptake patients 0.75   
24

 

  Vaccine uptake HCWs 0.40  
1
  

  Vaccine efficacy (against infection)    

              Patients (ve1) 0.25  
26

 

              HCWs (ve2) 0.73  
25

 

  Transmission probability casual contact (p1) 0.13 contact
-1 

Chapter 4 

  Close/casual transmission probability ratio (p2/p1) 2   

  Mean visitor frequency 0.7 patient
-1

 day
-1

 
28

 

  Minimum duration of post-exposure prophylaxis 14          days 
1 

  Minimum duration of post-exposure prophylaxis 

  after last detected case 

 8           days 
1 

    

Uncertain    

  Probability of developing disease after infection 0.5    (0.3 – 0.7)  
3
 

  Probability of developing disease after infection  

  during prophylaxis 

0.2  (0.05 – 0.4) 
 3

 

  Oseltamivir efficacy against infection 0.53  (0.2 – 0.8)  
3 

  Oseltamivir reduction in infectiousness 0.2       (0 – 0.5)  contact
-1

 
3
 

* Health care workers 

 

department is fourteen months
16;17

. The durations of the latent and infectious periods are 

exponentially distributed with means of 1.4 days such that the resulting generation time 

equals 2.8 days, which is in agreement with observations of generation times during 

influenza epidemics
18;19

. At the start of the influenza season, thirty percent of the adult 

population is assumed to be immune to infection due to cross-protection from earlier 

infections
20;21

. The elderly however have a weakened immune system
22;23

 and thus we 

assume absence of immunological memory of previous infections. The average 

vaccination rate is 75% for nursing home patients
24

 and 40% for HCWs
1
.  The vaccine 

efficacy in healthy adults, and thus HCWs, is 73%
25

. For elderly nursing home patients no 

significant vaccine efficacy against influenza virus infection was observed
26

. However, as 

other evidence shows that the vaccine protects against influenza disease and 

complications we assume patient efficacy to be 25%
26;27

. Analyses for higher and lower 
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Table 2. Contact probabilities per shift between individuals in the department 

Individual 

Contacted individual Probability of contact 

Probability of close contact 

given casual contact 

Patient Patient  0.07 0.06 

Patient HCW* 0.52 0.69 

HCW HCW 0.91 0.31 

* Health care worker 

 

vaccine efficacy can be found in our previous manuscript on HCW vaccination (Chapter 4). 

The average delay between the start of infectiousness of the first symptomatically 

infected patient and start of prophylaxis is normally distributed with a mean of 3.5 days 

(see supporting information, Figure S2 and S3 for derivation of the distribution). 

 

The probability of contact between two individuals given their type (HCW or patient), as 

well as the probability that this contact is a close contact (involving physical contact), are 

given in Table 2. During the night shift, patients do not contact other patients, except for 

their room mate, which is assumed to be a casual contact. During the day and evening 

shifts, patients can also contact visitors. All contacts with visitors are close. The expected 

number of visitors was estimated from a Dutch study on nursing home patients and 

visitors to be 0.7 patient
-1

 day
-1 28

. We choose the transmission probability to be 0.13 for a 

casual contact (per shift), such that the expected infection attack rate among patients in 

the absence of HCW vaccination is similar to observed influenza-like-illness attack 

rates
24;29

 (Chapter 4). We assume that the probability of transmission for close contacts is 

twice as high as for casual contacts.  

 

Uncertain parameters 

For the parameters probability of developing influenza disease and oseltamivir protection 

against susceptibility, infectiousness and disease we use the best available estimates for 

the baseline scenario. In addition, we perform an uncertainty analysis using Latin 

hypercube sampling
30-34

. Therefore we choose a likely range for the parameter values (see 

Table 1 and below) and draw actual values from a uniform distribution over this range. For 

every scenario under study we make 50 different parameter sets such that the whole 

range of possible values for each of the four parameters is represented equally. Since we 

do not have data on the efficacy of oseltamivir in elderly persons, we use estimates 

derived from household studies
3
. In these studies, the efficacy of oseltamivir for 

preventing infection has been estimated to be between 0.5 and 0.6. Therefore, we use an 

efficacy of 0.55 for the baseline scenario and we vary it between 0.2 and 0.8 in the 

uncertainty analysis, based upon the reported confidence intervals. The probability of 
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developing disease was estimated to be 0.5 and 0.2 for individuals without and with 

prophylaxis respectively. According to the estimated confidence intervals we use ranges 

from 0.3 to 0.7 and from 0.05 to 0.4, respectively. The reduction in infectiousness due to 

treatment with oseltamivir was estimated to be 15% for the entire infectious period. We 

assume a reduction of 0.2 per contact and vary this from 0 to 0.5.  

 

Control parameters 

In addition to the baseline scenario and the uncertainty analyses we consider some 

alternative scenarios: (1) a scenario in which both patients and HCWs receive continuous 

or post-exposure prophylaxis according to the same rules. Post-exposure prophylaxis is 

started after detection of infection in a patient and is given to all patients and all HCWs; 

(2) a scenario in which the HCW vaccination rate is lower than 40%, namely 10% as has 

been observed in the Netherlands
35

. In this scenario we consider both prophylaxis to 

patients alone and to patients and HCWs; (3) scenarios with delays between the start of 

infectiousness of the first symptomatic patient and the start of post-exposure prophylaxis 

of 1.75 and 6 days instead of 3.5 days (see supporting information for details about the 

distribution); (4) scenarios with higher and lower influenza virus activity in the community 

(community attack rate of 15 and 5 percent as compared to 10 in the baseline scenario). 

For the baseline scenario we vary the proportion of resistant virus strains in the 

community from 0 to 1 with steps of 0.1. For the other scenarios we consider proportions 

of resistance of 0, 0.2, and 0.5. 

 

Outcome  

We study the effects of continuous and post-exposure prophylaxis with oseltamivir in a 

nursing home department by comparing the attack rates among patients during the 

influenza season in the presence of the intervention strategies to a baseline scenario 

without prophylaxis. We define the infection attack rate and the disease attack rate as the 

total number of infections or influenza diseases among patients, respectively, divided by 

the total number of patients in the department during the study period. We distinguish 

between infections caused by oseltamivir sensitive and resistant strains and compare 

scenarios with increasing prevalence of oseltamivir resistance. For both prophylaxis 

strategies and for every level of resistance we perform 4000 simulations of one nursing 

home department during one influenza season for the baseline scenario, and 2000 for the 

other scenarios. We compute the arithmetic mean of infection and disease attack rates 

among patients, and the proportion of infection attack rates of 0.3 or larger which we use 

as a proxy for the probability of a large outbreak. We calculate the absolute and relative 

risk reductions for both strategies of prophylaxis and determine the fraction of infections 
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Figure 1. The effects of prophylaxis with oseltamivir on influenza virus infection and disease rates among nursing 

home patients. The effects of both post-exposure and continuous prophylaxis strategies are shown for different 

proportions of resistant virus strains in the community and compared to a baseline scenario without prophylaxis 

and resistance. 

 

 

caused by resistant strains. Also we compute the number of daily doses of prophylaxis 

needed to prevent one infection or disease (DNP), as the total number of doses 

administered divided by the number of influenza virus infections or diseases prevented 

(the absolute risk difference). 

 

Results 

In the absence of resistance, the prophylactic use of oseltamivir reduces the number of 

influenza virus infections among patients during the influenza season. The infection attack 

rate among patients decreases from 0.20 in the baseline scenario without prophylaxis, to 

0.13 (relative risk (RR) 0.65) when post-exposure prophylaxis is given to all patients (First 2 

bars, Figure 1a). The fraction of large outbreaks (with an infection attack rate of 0.3 or 

higher) decreases from 0.32 to 0.18 (RR 0.55) and outbreaks with attack rates higher than 

0.4 rarely occur (Figure 2). If continuous prophylaxis is given during 8 weeks, the infection 

attack rate decreases to 0.04 (RR 0.23) (figure 1b) and the fraction of large outbreaks to 

0.02 (RR 0.08). Due to the continuous prophylaxis, not only large outbreaks disappear, but 

A 

D C 

B 
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Figure 2. Distribution of influenza virus infection attack rates among patients for no, post-exposure and 

continuous prophylaxis, respectively, in the absence of resistance. 
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also the fraction of departments without any patient infection increases (Figure 2). Rates 

of influenza disease decrease from 0.10 to 0.06 (RR 0.57) and 0.01 (RR 0.12), respectively, 

for the two different strategies of prophylaxis (figures 1c and d). Although the number of 

infections that can be prevented is higher for continuous prophylaxis, the number of daily 

doses of oseltamivir needed to prevent one infection (DNP) is approximately three times 

higher with this strategy than with the post-exposure strategy (Figure 3). Without 

resistance, the DNP is 118 for post-exposure prophylaxis and 323 for continuous 

prophylaxis. 

 

Resistance 

An increase in the proportion of oseltamivir resistant influenza virus strains in the 

community reduces the effectiveness of prophylaxis with oseltamivir (Figure 1). In 

addition, both prophylaxis strategies become less efficient and the DNP increases rapidly, 

in particular for the continuous prophylaxis strategy (Figure 3). Prophylaxis causes a 

selection pressure for resistant strains such that the fraction of infections caused by 
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Figure 4. The proportion of infections with 

oseltamivir resistant influenza virus strains among 

nursing home patients for increasing proportions of 

resistance in the community 

Figure 3. The number of daily doses of oseltamivir 

prophylaxis needed to prevent one influenza virus 

infection or disease (DNP). Results are shown for both 

post-exposure (PE) prophylaxis and continuous (cont) 
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Figure 5. The average numbers of influenza virus infections among patients and the average numbers of 

administered doses of oseltamivir in one 30-bed nursing home department during one influenza season. For both 

the post-exposure and continuous prophylaxis strategy, the results are shown for prophylaxis of patients alone 

(p), and of both patients and health care workers (HCWs) (p+h) and compared with a baseline scenario without 

prophylaxis (-). Both HCW vaccination rates of 0.4 and 0.1 are considered. For the post-exposure strategy, with a 

HCW vaccination rate of 0.4 and prophylaxis of patients alone, results are shown for increasing delays until start 

of prophylaxis.  

 

resistant strains in the nursing home is higher than in the community (Figure 4). The 

selection of resistant strains is most pronounced for the continuous prophylaxis strategy.  

 

Prophylaxis extended to HCWs  

Extension of the prophylaxis to include both HCWs and patients hardly offers additional 

protection to patients (Figure 5). In the absence of resistance, post-exposure and

continuous prophylaxis reduce the infection attack rate in HCWs from 0.14 to 0.10 and 

0.05 respectively. The attack rate among patients decreases to 0.12 (RR 0.63) and 0.03 (RR 

0.14), respectively. Taken together, the DNP for infection (of either patient or HCW) is 140 

for post-exposure prophylaxis and 366 for continuous prophylaxis, with the total number 

of doses administered being twice as high as in the scenario where only patients receive 

prophylaxis. When the HCW vaccination rate is 0.1, the infection attack rate among 

patients without prophylaxis is 0.23. This can be reduced to 0.15 (RR 0.67) when post-

exposure prophylaxis is given to patients alone and to 0.14 (RR 0.63) when it is given to 

HCWs as well (Figure 5). Continuous prophylaxis given to patients alone or to both 

patients and HCWs can reduce the infection attack rate to 0.06 (RR 0.26) and 0.04 (RR 

0.16), respectively. However, the number of doses required per department is 

approximately 6 times higher for continuous than for post-exposure prophylaxis. 
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Additional scenarios and uncertainty analyses 

When the average delay to start of post-exposure prophylaxis is reduced from 3.5 days to 

1.75 days, the infection attack rate among patients in the absence of resistance, decreases 

to 0.11 (RR 0.58) and the DNP to 99. With an average delay of 6 days, the attack rate is 

0.15 (RR 0.76) and the DNP 161 (Figure 5). The number of doses needed to prevent one 

infection is not very sensitive to the annual influenza activity when prophylaxis is given 

post-exposure (see supporting information, Table S4). With continuous prophylaxis, the 

number of prevented cases increases with higher influenza prevalence and the strategy 

thus becomes more efficient, although it does not approximate the efficiency of post-

exposure prophylaxis (see supporting information, Table S4). The uncertainty analyses 

show that the efficacy of oseltamivir to protect against infection is an important 

determinant of the effect of prophylaxis. In case of post-exposure prophylaxis, also the 

fraction of cases that develops disease (before start of prophylaxis) seems to affect the 

effectiveness (Figure S4). 

 

Discussion 

In the absence of resistance, both post-exposure prophylaxis and continuous prophylaxis 

can reduce the number of influenza virus infections in nursing home patients during 

annual influenza epidemics. Although continuous prophylaxis will prevent more cases, 

post-exposure prophylaxis prevents more cases per dose. If resistance to oseltamivir 

increases, both prophylaxis strategies become less effective and less efficient, with more 

selection of resistance during continuous prophylaxis. Neither extension of prophylaxis to 

HCWs, nor reducing the time until first prophylaxis have a large impact on the attack rates 

among patients.  

 

To appreciate the results of our modeling study we have to discuss some possible 

limitations. First, we assume that individuals on prophylaxis either become fully immune 

for the duration of prophylaxis or remain entirely susceptible. In a previous study, we 

showed that this all-or-nothing assumption for vaccine-induced immunity yields similar 

results as an alternative assumption of incomplete immunity in which vaccinated 

individuals had a lower probability of acquiring infection upon contact with an infectious 

individual (Chapter 4). The assumption of “all or nothing” immunity due to prophylaxis has 

also been made in previous modeling studies
15

. Second, we do not distinguish between 

different (sub)types of influenza circulating in the community. The resistant strains that 

expanded dramatically during the last influenza season were all influenza A/H1N1 strains 

and the resistance seems to be limited to the N1 serotype only. During the 2007-2008 
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season, A/H1N1 strains were responsible for approximately 60% of influenza virus 

infections in Europe which is uncommon when examining data over the last decade
36

. The 

remaining influenza virus infections were due to A/H3N2 subtype and B type viruses. Thus, 

even if all A/H1N1 strains acquired resistance against oseltamivir, levels of resistance of 

60% or more are not very probable unless resistance develops as well in the other 

influenza A subtypes and in influenza B. Third, we do not take into account de novo 

resistance in individuals on prophylaxis. We assume that the probability of emergence of 

resistance is very low
15

 and as we study a small population, that the impact on the 

outcome is negligible. Fourth, in the scenario in which prophylaxis is also administered to 

HCWs, all patients and HCWs start prophylaxis at the same time. Since only few of the 

HCWs are present during working hours and most are at home at any shift, this is a very 

optimistic scenario which will not be feasible in practice. In a more realistic scenario, the 

additional protection to patients offered by prophylaxis of HCWs will even be lower than 

shown here. Finally, we study a 30-bed department instead of a whole nursing home. If an 

outbreak occurs on one department it might be necessary to start prophylaxis in other 

nearby departments as well. However, the effects of prophylaxis for the individual 

departments will not be different. 

 

Our model confirms the beneficial effects of prophylaxis with oseltamivir in reducing the 

number of infections and preventing large outbreaks as was suggested by the few 

performed observational and experimental studies
5;7;8

. Our results suggest a large 

difference in both effectiveness and efficiency between the post-exposure and continuous 

prophylaxis strategies. Although continuous prophylaxis can protect more patients it also 

requires large stocks of antiviral drugs and is therefore costly, hence post-exposure 

prophylaxis might be the preferred strategy. Furthermore, our model suggests that 

extending prophylaxis to HCWs does not prevent many additional infections among 

patients compared to prophylaxis of patients alone. Even with infections prevented in 

HCWs included, the number of daily doses needed to prevent one infection is higher than 

when prophylaxis is given to patients alone. This observation might be of use for the 

evaluation of influenza prevention guidelines for nursing homes. Currently, the Dutch 

guideline for prevention of influenza in nursing homes recommends post-exposure 

prophylaxis for both patients and HCWs
37

. The CDC recommends prophylaxis to non-

vaccinated HCWs only, or in case of a mismatch between the vaccine strains and the 

circulating virus strains, to all HCWs
1
. Although the latter strategy is expected to be more 

efficient, the effects on infection attack rates among patients will be smaller than with 

prophylaxis of all HCWs. In the post-exposure strategy, 1388 doses of oseltamivir were 

given to HCWs for every additional prevented infection in a patient. This is very high 
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compared to the 7 HCW vaccinations needed to prevent one infection in patients, 

observed in our previous study (Chapter 4). Therefore, protection of patients by reducing 

the number of infections in HCWs seems to be more efficiently obtained by increasing 

vaccine uptake among HCWs than by including them in prophylaxis strategies.  

 

Our study demonstrates that the selection pressure for resistance is lower for post-

exposure than for continuous prophylaxis. Moreover, the efficiency of post-exposure 

prophylaxis appears to be less sensitive to the level of resistance than that of continuous 

prophylaxis. Therefore, the first strategy is to be preferred. Influenza virus resistance to 

oseltamivir has been observed before in clinical trials on the effectiveness of oseltamivir, 

but except for some higher levels observed in children
38-40

, the fraction of resistant strains 

was usually low. During the 2007-2008 influenza season, the prevalence of oseltamivir 

resistant strains in Europe increased from less than 1% in previous years
10

, to 25% on 

average with national prevalences ranging from 2.5% in Spain to 66% in Norway
41

. 

Oseltamivir usage in Europe is low and in absence of an apparent selection pressure for 

resistance, it is hard to predict whether resistance will disappear, persist or increase next 

season. Apparently the H274Y mutation responsible for the resistance in the A/H1N1 

strains is not accompanied by a fitness cost and resistant strains can spread as easily as 

non-resistant strains. Based upon our findings, increasing resistance should be included in 

the decision making process for prevention of influenza in health care settings. Future 

modeling studies should address other relevant issues such as heterogeneity in resistance 

development between antiviral agents
42

 and the use of combination or cycling therapy 

approaches to retain the protection offered by current antiviral drugs. 
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Supporting information 

Model and simulation algorithms  

For a detailed description of the model and simulation algorithms we refer to the 

supporting information in Chapter 4. We here give the figures referred to in the main text 

as well as additions and changes to the model structure as described in Chapter 4. 

 

Influenza in the community 

The spread of influenza in the community of 100,000 individuals outside the nursing home 

is described by four variables: s, the proportion of susceptible individuals in the 

community, e, the proportion of exposed individuals in the community, i, the proportion 

of infectious individuals in the community, r, the proportion of recovered and immune 

individuals in the community. The simulated daily influenza infection incidence, λ s, and 

the prevalence, i, are shown in Figure S1. We assume that during the season a constant 

fraction φ of all infections is caused by resistant strains (Table S1). 

 

A stochastic simulation model of influenza epidemics in a nursing home: state variables 

The state of each bed (j=1,2…n) is indicated as x(t,j) and consists of one variable that takes 

one out of eight possible values: {vacant, susceptible (S), exposed (E), infectious (I), 

recovered (R), exposed to an oseltamivir resistant virus strain (ER), infectious with an 

oseltamivir resistant virus strain (IR), immune by prophylaxis (Rp)}. The state of each health 

care worker (HCW) (j=1,2,…m) is indicated as y(t,j) and consists of two variables. The first 

variable takes one out of two possible values: {at work, not at work}. The second variable 

takes one out of seven possible values: {susceptible (S), exposed (E), infectious (I), 

recovered (R), exposed to an oseltamivir resistant virus strain (ER), infectious with an 

oseltamivir resistant virus strain (IR), immune by prophylaxis (Rp)}. At each moment t, the 

state of the system is completely characterized by the state vectors x and y. For  
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Figure S1. Incidence and prevalence of influenza virus infections in the community.  
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Table S1. Parameters in the model 

Symbol Parameter Default Units Ref 

n Number of beds  30   

m Number of HCWs 30   

Δt Time step (shift) 8 hours  

T Minimum duration of simulation 80 days  

μ Discharge/mortality rate 1/425 day
-1

 
2;3

 

σ Rate of becoming infectious after infection 1/1.4 day
-1

 
4;5

 

γ Infection recovery rate 1/1.4 day
-1 4;5

 

rc Fraction of HCWs immune due to cross-protection 0.3  
6;7

 

u1 Vaccination rate patients 0.75   
8
 

u2 Vaccination rate HCWs 0.4  
9
 

 Probability of contact between    

c11            Patient – patient  0.07 shift
-1

  

c12            HCW – patient 0.52 shift
-1

  

c22            HCW – HCW 0.91 shift
-1

  

 Probability of close contact  between    

π11            Patient – patient 0.06 contact
-1

  

π12            HCW – patient 0.69 contact
-1

  

π22            HCW – HCW 0.32 contact
-1

  

ρ Close/casual transmission probability ratio  2   

 Vaccine efficacy (against infection)    

ve1             Patients  0.25             
10

 

ve2             HCWs  0.73          
11

 

pc Transmission probability casual contact  0.13      contact
-1 

chapter 4 

g Average number of visitors 0.7          patient
-1

 day
-1

 
12 

 Minimum duration of post-exposure prophylaxis 14          days 
9 

 Minimum duration of post-exposure  prophylaxis after 

last detected case 

 8           days 
9 

δ Probability of developing disease after infection 0.5      
13

 

δP Probability of developing disease after infection during 

prophylaxis 

0.2   
 13

 

pes Oseltamivir efficacy against infection 0.53    
13 

pei Oseltamivir reduction in infectiousness 0.2        contact
-1

 
13

 

φ Fraction of resistant virus strains in the  community 0 – 1.0   

 

convenience, we also use aggregate variables whose values are completely determined by 

the state variables: the number of patients that are infectious with a non-resistant virus 

strain at time t, IP(t) ; the number of HCWs at work that are infectious with a non-resistant 

virus strain at time t, IH(t); the number of patients that are infectious with an oseltamivir 

resistant virus strain at time t, IRP (t); the number of HCWs that are infectious with an 

oseltamivir resistant virus strain at time t, IRH (t). 

 

 

6 
 

109 



 Prevention of Influenza in Health Care Institutions: Models and Observations ___________________   

 

 

Table S2. Transitions and probabilities in the model 

  Transition Probability
# 

Patient flow   

 discharge or death P(x(t+Δt,j) = vacant | x(t,j) = ¬vacant)
¶ 

μ Δt  

 admission P(x(t+Δt,j) = S | x(t,j) = vacant) (1 - u1 ve1) n μ 

Ind(Po (t)=0) Δt 

+ 

(1 - u1 ve1) n μ 

Ind(Po(t)=1) (1-

pes) Δt *
$
 

 admission P(x(t+Δt,j) = E | x(t,j) = vacant) e n μ (1-φ) Δt  

 admission P(x(t+Δt,j) = I | x(t,j) = vacant) i n μ (1-φ) Δt  

 admission P(x(t+Δt,j) = R | x(t,j) = vacant) u1 ve1 n μ Δt 

 admission P(x(t+Δt,j) = ER | x(t,j) = vacant) e n μ φ Δt  

 admission P(x(t+Δt,j) = IR | x(t,j) = vacant) i n μ φ Δt  

 admission P(x(t+Δt,j) = Rp | x(t,j) = vacant) (1 - u1 ve1) n μ 

Ind(Po(t)=1) 

pes Δt *
$

 

HCW flow   

 working P(y(t+Δt,j) = {at work,·})
‡ 

w(t+Δt,j) 

 at home P(y(t+Δt,j) = {not at work,·}) 1-w(t+Δt,j) 

Course of infection of patients   

 infection by non-resistant strain P(x(t+Δt,j )= E | x(t,j) = S) λ1(t) Δt 

 becoming infectious from non-resistant strain P(x(t+Δt,j) = I | x(t,j) = E) σ Δt 

 recovery from non-resistant strain P(x(t+Δt,j) = R | x(t,j) = I) γ Δt 

 infection by resistant strain P(x(t+Δt,j )= ER | x(t,j) = S) η1 (t) Δt 

 becoming infectious from resistant strain P(x(t+Δt,j) = IR | x(t,j) = ER) σ Δt 

 recovery from resistant strain P(x(t+Δt,j) = R | x(t,j) = IR) γ Δt 

 gain immunity by prophylaxis P(x(t+Δt,j) = Rp | x(t,j) = S and t=Pstart) 
$
 pes  

 loss of immunity by prophylaxis P(x(t+Δt,j) = S | x(t,j) = Rp and t=Pstop) 
$
 1 

 infection during prophylaxis P(x(t+Δt,j )= ER | x(t,j) = Rp) η1(t) Δt 

Course of infection of HCWs   

 infection at work by non-resistant strain P(y(t+Δt,j) = {·,E} | y(t,j) = {at work, S})            λ2(t) Δt 

 infection at home by non-resistant strain P(y(t+Δt,j) = {·,E} | y(t,j) = {not at work, S})           λ s (1-φ) Δt 

 becoming infectious from non-resistant strain P(y(t+Δt,j) = {·,I} | y(t,j) = {·,E})            σ Δt 

 recovery from non-resistant strain P(y(t+Δt,j) = {·,R} | y(t,j) = {·,I}) γ Δt 

 infection at work by resistant strain P(y(t+Δt,j) = {·,ER} | y(t,j) = {at work, S})            η2(t) Δt 

 infection at home by resistant strain P(y(t+Δt,j) = {·,ER} | y(t,j) = {not at work, S})           λ s φ Δt  

 becoming infectious from resistant strain P(y(t+Δt,j) = {·,IR} | y(t,j) = {·,ER})            σ Δt 

 recovery from resistant strain P(y(t+Δt,j) = {·,R} | y(t,j) = {·,IR}) γ Δt 

 gain immunity by prophylaxis P(y(t+Δt,j) = {·,Rp} | y(t,j) = {·,S} and t=Pstart) 
$ 

pes  

 loss of immunity by prophylaxis P(y(t+Δt,j) = {·,S} | y(t,j) = {·,Rp} and t=Pstop) 
$
 1 

 infection at work during prophylaxis P(y(t+Δt,j) = {·,ER} | y(t,j) = {at work, Rp})        η2(t) Δt 

 infection at home during prophylaxis P(y(t+Δt,j) = {·,ER} | y(t,j) = {not at work, Rp})           λ s φ Δt 
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Table S2 (continued) 

Forces of infection of non-resistant strains  

 For patients   

 Day  λ1(t) = λ11+λ12+λvis λ11= (π11 ρ +(1-π11)) pc c11 IP(t) 

 Evening λ1(t) = λ11+λ12+λvis λ12= (π12 ρ +(1-π12)) pc c12 IH(t) 

 Night λ1(t) =Ind(x(t,j+Neighbor(j))=I) pc+λ12 * λvis= g ρ pc i (1-φ) 

 For HCWs   

       At work λ2(t )= λ21 +λ22 λ21= (π21 ρ +(1-π21)) pc c21 IP(t) 

   λ22= (π22 ρ +(1-π22)) pc c22 IH(t) 

    

Forces of infection of resistant strains  

 For patients   

 Day  η1(t) = η11+η12+ηvis η11= (π11 ρ +(1-π11)) pc c11 IRP(t) 

 Evening η1(t) = η11+η12+ηvis η12= (π12 ρ +(1-π12)) pc c12 IRH(t) 

 Night η1(t) =Ind(x(t,j+Neighbor(j))=I) pc+η12 * ηvis= g ρ pc i φ 

 For HCWs   

       At work η2(t )= η21 +η22 η21= (π21 ρ +(1-π21)) pc c21 IRP(t) 

   η22= (π22 ρ +(1-π22)) pc c22 IRH(t) 

    
#
 see table S1 for the meaning on the symbols used 

¶
 we use ¬vacant to denote any possible state except vacant 

‡  
we use {at work, ·} to denote any possible state where the first state variable is equal to the state at work 

* we use Ind(x(t,j)=J) to mean an indicator function that returns the value 1 if its argument is a correct expression, 

and 0 if its argument is false; we use Neighbor(j)=j-1+2 Mod[j,2] as a function that returns the index of the 

roommate of the patient, such that Neighbor(1)=2, Neigbor(2)=1 
$ 

Pstart and Pstop determine the moments of start and end of prophylaxis with oseltamivir; Po(t)= 1 if prophylaxis is 

being administered. 

 

Update rules  

At each time step Δt the values of the state variables are updated to account for 

transitions. The probability of each of these transitions to occur is specified according to 

the rules in Table S2.   

 

Prophylaxis with oseltamivir 

Continuous prophylaxis is given during 8 weeks around the peak of the community 

influenza epidemic, starting from t=15 to t=71. Post–exposure prophylaxis is started for all 

patients as soon as one patient has a laboratory-confirmed influenza virus infection. Since 

recognition of a possible influenza virus infection is required before doing a laboratory 

test, we assume only the fraction of infected patients that develop influenza disease (the 

symptomatic patients) can trigger the start of post-exposure prophylaxis. We assume that 

for every first symptomatically infected individual the time between becoming infectious 

and the start of prophylaxis follows a distribution that is determined by  
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Figure S2. Assumed time distributions for the several steps leading to the delay between the start of 

infectiousness of the first symptomatically infected individual and the start of post-exposure prophylaxis. 
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Figure S3. Distributions of the delay between the start of infectiousness of the first symptomatically infected 

individual and the start of post-exposure prophylaxis with means of 3.5 days, 1.75 days and 6 days respectively. 

 

- the time to onset of symptoms  

- the time to recognition of symptoms 

- the time to a positive laboratory test 

- the time until administration of prophylaxis. 

For each of these steps the assumed time distributions for the baseline scenario are 

shown in Figure S2 a to d. The total delay distribution resulting from summation of these 

steps has a mean delay of 3.5 days (Figure S3a). In Figures S3b and c, distributions of the 

delay for alternative scenarios are shown, with means of 1.75 and 6 days, respectively. 

The means and ranges of the duration of the four steps in the different scenarios are 

shown in Table S3. 

 

Uncertainty analyses 

We use Latin hypercube sampling to do an uncertainty analysis for four parameters. The 

results are shown in figure S4 for both post-exposure and continuous prophylaxis. We vary 

the parameter oseltamivir efficacy against infection over a range from 0.2 to 0.8 (top row), 
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Table S3. Mean duration and range of the steps leading to the delay between the start of infectiousness of the 

first symptomatically infected individual and the start of post-exposure prophylaxis for three scenarios. 

Step Duration (days) 

Mean (range) 

Duration(days) 

Mean (range) 

Duration(days) 

Mean (range) 

Time to onset of symptoms  0.5 (0-1) 0.5 (0-1) 0.5 (0-1) 

Time to recognition of symptoms and test 0.5 (0-1) 0.25 (0-0.5) 1 (0-2) 

Time to positive laboratory test 1.5 (0.5 -2.5) 0.75 (0.5-1) 2.5 (1.5-3.5) 

Time until administration 1.0 (0-2) 0.25 (0-0.5) 2 (0 – 4) 

Total 3.5 (0.5-6.5) 1.75 (0-3) 6 (1.5-10.5) 

 

the reduction in infectiousness caused by oseltamivir from 0 to 0.5 (second row), the 

probability of developing disease (symptom probability) without prophylaxis from 0.3 to 

0.7 (third row) and the probability of developing disease during prophylaxis from 0.05 to 

0.4 (bottom row). The influenza virus attack rate among patients shows a strong negative 

correlation with the efficacy of oseltamivir to protect against infection for both strategies 

of prophylaxis. A somewhat less strong negative correlation is present with the oseltamivir 

induced reduction in infectiousness. The probability of developing disease is weakly 

correlated with the patient infection attack rate for the post-exposure, but not for the 

continuous prophylaxis strategy. The probability of developing disease during prophylaxis 

does not have a large impact on the attack rate. 

 

Additional scenarios 

 

Table S4. Effects and efficiency of post-exposure prophylaxis (compared with no prophylaxis) in reducing influenza 

virus infection attack rates among nursing home patients for different levels of influenza virus activity. Baseline, 

high and low activity correspond to community seasonal attack rates of 10%, 15%, and 5%, respectively. 

 

Mean infection attack rate Relative risk 

Daily doses needed to 

prevent one infection 

 

No 

Post-

exposure Continuous 

Post-

exposure Continuous 

Post-

exposure Continuous 

Baseline  0.20 0.13 0.04 0.65 0.23 118 323 

High activity 0.31 0.20 0.08 0.64 0.26 104 206 

Low activity 0.11 0.08 0.03 0.69 0.26 127 579 
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Figure S4. Results of uncertainty analyses. We vary the parameters oseltamivir efficacy against infection, 

oseltamivir reduction in infectiousness and symptom probability (probability of developing disease) with or 

without prophylaxis. 
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General Discussion 

In this thesis we present five studies that focus on the assessment of prevention and 

control strategies for influenza in health care institutions. In chapters 2 and 3, we show 

the difficulties concerning recognition of influenza virus infection in hospital patients and 

the low willingness of health care workers (HCWs) to receive influenza vaccination. In 

chapters 4 to 6 we develop and use a mathematical model of the spread of influenza virus 

in health care institutions. With this model we demonstrate how an increase in the 

proportion of HCWs that is vaccinated, decreases the number of influenza virus infections 

in long-term care nursing home patients. Our results confirm and extend several previous 

observational and experimental studies that attempted to quantify the effect of HCW 

vaccination
1-4

 and a meta-analysis including all available studies that could not conclude 

with certainty that there was a beneficial effect of such vaccination strategy
5
. In chapter 5, 

we use the transmission model to extrapolate our findings from the long-term care 

nursing home environment to a regular hospital environment, for which no data on 

preventive measures against influenza for HCWs are available from experimental or 

observational studies. According to the predictions by the model, HCW vaccination in this 

setting will turn out to be at least as effective and efficient as observed for a nursing home 

setting. Finally, we modify the model to study the effects and the efficiency of two 

strategies of prophylaxis with the antiviral agent oseltamivir. Although oseltamivir has 

been shown to be effective in reducing susceptibility, infectiousness and the probability of 

developing disease in household studies
6;7

, its efficacy for outbreak control in health care 

institutions remains to be determined. Our simulations suggest that post-exposure 

prophylaxis is far more efficient, but less effective, than continuous prophylaxis. Increasing 

resistance of influenza strains against oseltamivir will reduce the effectiveness and 

efficiency of both strategies, but post-exposure prophylaxis exerts a weaker selection 

pressure for resistance than continuous prophylaxis.   

 

Vaccination versus antiviral prophylaxis 

Both vaccination and antiviral prophylaxis can be used in influenza prevention strategies in 

nursing homes. Since vaccination of elderly residents has already been widely 

implemented, with a coverage of 90% among Dutch nursing home patients
8
, we here 

discuss the potential value of additional strategies: HCW vaccination, and prophylaxis with 

oseltamivir of patients or patients and HCWs. As continuous prophylaxis turns out to be 

very expensive and exerts a stronger selection for resistance (see chapter 6) we consider 
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post-exposure prophylaxis the preferred antiviral strategy and only consider that strategy 

when referring to prophylaxis in the following.  

 

In chapters 4 and 6, respectively, we show that both HCW vaccination and post-exposure 

prophylaxis can reduce the number of influenza virus infections in nursing home patients. 

The next question is which strategy, or combination of strategies is most effective in 

protecting patients. When comparing prophylaxis with vaccination, a major advantage of 

HCW vaccination is its effectiveness and efficiency. Due to the high vaccine efficacy in 

healthy adults and the intensive contacts between HCWs and patients, only 7 HCW 

vaccinations are needed to protect one patient from influenza. Moreover, vaccination is 

associated with hardly any side effects. A disadvantage of vaccination is that the efficacy 

of the vaccine is very dependent of the choice of the vaccine strains. Each year, new 

vaccine strains have to be chosen based upon the influenza virus strains circulating the 

year before and sometimes a mismatch occurs, which reduces the efficacy of the vaccine
9
. 

 

In contrast, prophylaxis with oseltamivir is effective in preventing infections from all 

influenza (sub) types, and, as long as resistance is low, its efficacy is not dependent on the 

prevalent virus strains. The results in chapter 6 suggest that a post-exposure prophylaxis 

strategy among patients requires approximately 100 daily doses of oseltamivir to prevent 

one patient infection. This is not very efficient, when compared to the 7 HCW vaccines 

needed to prevent one infection. A disadvantage of oseltamivir - and other prophylactic 

agents - is the threat of development and spread of resistance. Since the efficacy of 

prophylaxis decreases rapidly with increasing prevalence of resistance, vaccination 

becomes more and more advantageous compared with oseltamivir prophylaxis, in 

environments with growing numbers of resistant strains. However, the impact of 

resistance might be reduced by developing and switching to other antiviral drugs that are 

less prone to trigger development of resistance, such as zanamivir. 

 

From the studies described in this thesis it appears that the largest protection can be 

offered to patients by increasing HCW vaccination. Moreover HCW vaccination is more 

efficient than prophylaxis and relatively easy to apply, as only one vaccine dose is needed 

per HCW. It appears, however, that HCWs are very reluctant towards receiving vaccination 

(chapter 3). Until now, especially in Europe, even large promotional campaigns did not 

succeed in raising HCW vaccine uptake over 40%
10

. As long as HCW vaccine uptake is 

suboptimal or in case of a mismatch between the vaccine strains and the circulating virus, 

post-exposure prophylaxis with oseltamivir for patients is an effective secondary control 

measure. In chapter 6 we show that extension of prophylaxis to HCWs has hardly any 

7 
 

120 



_____________________________________________________________________ General Discussion   

 

 

effect on the number of infections among patients and is very inefficient. Furthermore, 

the results of chapter 3 also demonstrate that HCWs in hospitals are not very eager to 

take antiviral drugs for prophylaxis. Taken together, if we want to protect patients by 

protecting HCWs our efforts should be directed on increasing HCW vaccine uptake rather 

than HCW prophylaxis.  

 

Long-term versus short-term care 

Most studies in health care institutions concerning the prevention of influenza outbreaks 

have been performed in long-term care settings. Compared with hospitals nursing homes 

house a relatively homogeneous group of patients known to be at high risk of influenza 

virus infections and regularly confronted with large (respiratory) virus outbreaks. In 

hospitals, the composition of the patient population is more heterogeneous; the 

differences between departments are large and even within departments, reasons for 

admission and backgrounds differ between patients. In some departments, patients are 

relatively healthy and do not belong to a risk group for complications due to influenza 

virus infection. In these departments, naturally, prevention of influenza is not as 

important as in other departments, such as a department of hematology, where the risk of 

complications after influenza virus infection is very high and where prevention and control 

strategies are part of daily practice. 

 

From our studies it appears that influenza vaccination of HCWs can prevent a larger 

number of patient infections in a regular hospital department than in a long-term care 

department. A likely explanation is the larger number of influenza virus infections in those 

departments in the absence of preventive measures. Due to the constant influx of 

susceptible patients, outbreaks in hospitals can (and will) continue for a longer time than 

in nursing homes where the pool of susceptibles is rapidly exhausted. According to our 

experiments, the differences between hospital and nursing home departments in contact 

patterns and patient flow do not drastically alter the effectiveness of HCW vaccination. In 

both settings, the numbers needed to treat are in the same range. Therefore, it seems 

justified to extrapolate the findings of studies in long-term care departments to the 

hospital setting. Further studies are needed to confirm whether this is also true for other 

prevention measures.  
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Models versus trials 

In this thesis we have shown that mathematical models of influenza transmission can 

provide insights that cannot be easily obtained in randomized clinical trials. The major 

advantage of modeling is the opportunity to study specific characteristics of large 

complicated systems by reducing this system to the components that are assumed to be 

most important for the study question. However, to do so one has to determine the level 

of detail required for answering the study question and choose the components to be 

included in the model. Unfortunately, not all components of a large system are known and 

not all parameter values are quantified. Sometimes, the outcome of a model simulation 

depends sensitively on specific choices of certain parameter values. Careful sensitivity 

analyses should be performed around the most likely values of parameters. If likely values 

for only a few parameters are missing it is also possible to fit a stochastic transmission 

model to observations and find the best estimates. When more parameters are missing, 

estimation becomes more complicated or even impossible.  

 

The major advantage of a trial is the certainty that the results are real and not artifacts of 

a model. However, due to the importance of chance effects in infectious disease 

outbreaks in small populations it is difficult to precisely determine effect estimates. 

Moreover, especially for trials in health care institutions, randomization usually takes 

place at the department/institution level and is most often not perfect concerning 

randomization of patient characteristics, vaccination coverage or force of infection. To 

account for all possible confounders and effect modifiers, trials, therefore, need to be 

sufficiently large with an appropriate duration of follow-up (and will thus need an 

extensive budget, as well). If these issues are not addressed properly, even trial data 

become difficult to interpret and should be handled with great care. 

 

The low costs and time needed to retrieve outcome results with modeling, as compared to 

designing (obtaining funding) and executing observational and experimental studies, 

represent another advantage of using models. In a very short time frame we were able to 

perform thousands of simulations for several scenarios to describe, as good as possible, 

the effects of the prevention measures under study. To do the same in an experimental 

setting would have required extremely large study populations. Moreover, it is impossible 

to study the (future) impact of resistant strains on antiviral prophylaxis in large 

randomized controlled trials, given the speed at which resistant strains have spread across 

Europe and the large variability of influenza activity. 
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Future application of models for improving influenza preven-

tion in health care institutions 

In general a model does not replace empirical observations, but helps us to understand 

the observations that have been made, and to predict the likely outcome of observations 

that we want to make in another, different, setting. To benefit the most from the mutual 

relationship between models and observations, the design of transmission models should 

be combined with the design of experimental and/or observational studies. The design of 

a model helps to determine which of the system components are unknown and require 

further data collection; the design of experimental and observational studies helps to 

determine which parameter estimates can be obtained. Below we suggest four areas 

where the use of transmission models can be helpful in planning for better prevention and 

control of influenza in health care settings.  

 

First, for the prevention of influenza in health care settings it will be important to study 

the effects of other antiviral drugs now that resistance against the preferred prophylactic 

agent, oseltamivir, has increased. A model can be used in combination with trials to 

determine the efficacy of these alternative drugs for preventing infection, infectiousness 

and illness on an individual level as has also been done for oseltamivir and zanamivir
11

. 

Subsequently, a transmission model might be used to predict the efficacy of the drugs for 

infection control strategies. In addition to the two strategies that we have studied in this 

thesis, in which post-exposure or continuous prophylaxis was given to all individuals in the 

department, one might study the effectiveness and efficiency of prophylaxis of non-

vaccinated patients and/or HCWs alone, in case of a good match between vaccine and 

circulating virus strains.  

 

Second, in addition to the influenza specific prevention measures, a transmission model 

can be used to study the effectiveness of aspecific control measures, such as increased 

hand hygiene, enhanced clustering of patients and HCWs, and isolation of patients with 

influenza-like-illness. Since these measures either change the number of contacts between 

patients and health care workers or reduce the transmission probability per contact, 

ideally, this model should be based on extensive and detailed observations of contact 

behavior in health care departments. The model can than assist in predicting the impact of 

one or more of the above mentioned control measures for different levels of compliance. 

 

Third, to determine optimal infection prevention strategies, it would be helpful to know 

the main transmission pathways of the influenza virus in health care departments. To 
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obtain this knowledge, a large observational study should be conducted in which all 

individuals in the departments are tested as often as possible for influenza virus infection. 

Subsequently, a model could be used to determine which combination of possible 

transmission patterns is most likely to explain the observed outbreaks. If enough data on 

institutional outbreaks were available to fit the predicted infection attack rate 

distributions, this information might also be obtained from simulations with a 

transmission model. 

 

Finally, a model can be used to determine the cost-effectiveness of different interventions 

in different scenarios and with different time horizons. Such analyses will be crucial for 

policy making for influenza infection prevention in nursing homes and hospitals.  
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Summary 

Inside health care institutions influenza epidemics are common and often lead to severe 

complications or even death among frail and elderly patients. Although several prevention 

strategies are available, it is not known which are the most effective in preventing and 

controlling large-scale outbreaks in health care settings.  

 

Important difficulties in containing influenza outbreaks are the high prevalence of 

asymptomatic infection and the aspecific nature of symptoms that complicate rapid 

diagnosis. Chapter 2 describes a surveillance study on three wards of the University 

Medical Center Utrecht that we performed to determine the symptoms that are most 

accurate for diagnosing influenza virus infections in hospitalized patients. During the peak 

of the 2005-2006 and 2006-2007 influenza seasons, all patients in the wards were 

monitored for the presence of fever, cough and other symptoms possibly associated with 

influenza. In addition, every three or four days, nose-throat swabs were taken from all 

patients for virological analysis. The two symptoms that are most predictive for influenza 

in the community, fever and cough, turned out to have a low sensitivity and positive 

predictive value for PCR-confirmed influenza virus infection in hospitalized patients. Also 

the accuracy of other classical influenza symptoms for diagnosis was low. Thus, it seems 

impossible to contain influenza outbreaks by identifying, treating, and isolating 

symptomatically infected patients only, as is often common practice. Optimal prevention 

(or containing) of outbreaks would require the use of accurate rapid diagnostic tests for all 

patients, symptomatic as well as asymptomatic.  

 

Because of the difficulties surrounding surveillance and timely detection of influenza 

outbreaks, prevention of first infections is of key importance. One possible strategy to 

reduce the number of (primary) influenza virus infections in patients, which in 2007 has 

been recommended by the Dutch Health Council, is vaccination of health care workers 

(HCWs). In chapter 3, we describe the results of a questionnaire study conducted among 

HCWs in four departments of the University Medical Center Utrecht to assess their 

attitude and intentions towards influenza vaccination. Since the questionnaires were 

distributed prior to the official publication of the recommendation of the Dutch Health 

Council, the intention of HCWs was determined towards a possible future advice of the 

Health Council to vaccinate HCWs against influenza. One third of the responding hospital 

HCWs reported a positive intention to comply with a future national recommendation. 

Although this suggests an increase in the vaccine uptake among HCWs (16% of the 

respondents had received vaccination before the 2006-2007 influenza season), it does not 

8 
 

129 



 Prevention of Influenza in Health Care Institutions: Models and Observations ___________________   

 

reach the health care objectives. Factors associated with a positive attitude towards 

future vaccination were the awareness of a HCW’s responsibility not to harm patients, the 

belief to have a high risk of influenza infection and confidence in vaccine efficacy. 

Furthermore, physicians were more positive than nurses and other staff towards receiving 

the vaccine. To enhance vaccine uptake further, a promotional campaign and information 

supply will be needed to take away common misperceptions on influenza virus 

transmission and vaccine efficacy. 

 

Clinical trials have demonstrated protective effects of HCW vaccination for nursing home 

patients. However, the exact relationship between increased vaccine uptake among HCWs 

and protection of patients remains unknown due to variations between the studies in 

design, setting, intensity of influenza season and failure to control all effect modifiers. 

Therefore, in chapter 4 we designed a mathematical model to study the effects of HCW 

vaccination in a nursing home department and to determine whether or not herd 

immunity can be reached. We used a stochastic individual-based model with discrete time 

intervals for simulating influenza virus transmission, in which all individuals -patients, 

HCWs and visitors- are in one of several stages of influenza virus infection: susceptible, 

infected but not yet infectious (exposed), infectious or recovered/immune (S, E, I, or R). 

Susceptible individuals can be infected and become exposed through contact with 

infectious individuals after which they complete the infection cycle. Both patients and 

HCWs can be vaccinated, which either leads to 100% immunity against infection (the 

higher the vaccine efficacy, the higher this probability) or has no effect. The influenza virus 

can be introduced into the nursing home from the community by new patients, HCWs and 

visitors and subsequently be transmitted via contacts between infectious and susceptible 

individuals. The contact patterns in the model are based on observations in two nursing 

home departments in the Netherlands. Other parameter values are also based on 

observations or on data from literature. We used uncertainty analyses to determine the 

impact of uncertain parameter values. The model revealed a robust linear relationship 

between the number of HCWs vaccinated and the expected number of influenza virus 

infections among patients in a nursing home department. In a realistic scenario, 

approximately 60% of influenza virus infections among patients can be prevented when 

the HCW vaccination rate is increased from 0 to 1. In the same scenario, the number of 

HCWs needed to be vaccinated to prevent one infection among patients is 7. A threshold 

for herd immunity was not detected, implying that vaccination of every additional HCW 

protects an additional fraction of patients. Due to stochastic variations, the differences in 

patient attack rates between departments are high and large outbreaks can occur for 

every level of HCW vaccine uptake. This finding is of immediate concern for as well the 
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interpretation of previously performed HCW vaccination trials as the design of future 

experimental studies. 

 

Although the benefits of HCW vaccination for patients in long-term care nursing home 

departments have been shown in trials and in chapter 4, the effects of this strategy in 

regular hospital departments remain to be determined. Hospital and long-term care 

departments differ in several aspects, such as the patient flow, the type of patients, visitor 

frequency and contact patterns among patients and HCWs. Therefore, the effectiveness 

and efficiency of HCW vaccination may well be different between the two settings. In 

chapter 5 we adapted the model constructed in chapter 4 to investigate whether the 

positive effects of HCW vaccination demonstrated in long-term care departments can be 

extrapolated to hospital departments. We introduced a hospital-specific contact pattern 

and patient flow based on observations in two departments of the UMCU. With this new 

model we simulated different levels of HCW vaccine uptake and determined its 

effectiveness and efficiency in reducing the hazard rates of influenza virus infection for 

hospital patients for different scenarios. The model showed that immunization of HCWs in 

general hospitals against influenza can reduce the hazard rate of influenza virus infection 

for patients and is expected to be at least as efficient as vaccination of nursing home 

personnel. Furthermore, it predicts high attack rates among hospital HCWs and a high 

daily hazard of infection for patients. In the studied scenarios, influenza vaccination of all 

hospital HCWs led to a 30% to 50% reduction in the hazard of influenza virus infection for 

susceptible patients. The number of HCWs needed to be vaccinated to prevent one 

infection among patients ranged from 3 to 7 in most scenarios. Thus, most simulations in 

this study showed a similar or higher impact of hospital HCW vaccination than was 

predicted in chapter 4 for the long-term care nursing home department. Therefore, it 

seems justified to extend the recommendations for HCW vaccination, based on results in 

the long-term care setting, to short-term care settings as well. 

 

An alternative prevention strategy recommended for influenza outbreak control in nursing 

homes is (post-exposure) chemo prophylaxis with antiviral drugs. The most recommended 

prophylactic agent is the orally administered neuraminidase inhibitor oseltamivir. 

Although oseltamivir has been shown to be effective in reducing susceptibility, 

infectiousness and the probability of developing disease in household studies, its efficacy 

for outbreak control in health care institutions has not been determined yet. In chapter 6 

we extended the model developed in chapter 4 to investigate the effects of different 

strategies of prophylaxis with oseltamivir for nursing home patients. Since the number of 

isolated A/H1N1 influenza viruses resistant to oseltamivir increased considerably during 
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the 2007-2008 influenza season in Europe, we also determined the impact of emerging 

resistance on the effectiveness and efficiency of the prophylaxis strategies. The model 

showed that in the absence of resistance, both post-exposure prophylaxis and continuous 

prophylaxis can reduce the number of influenza virus infections among nursing home 

patients during annual influenza epidemics. Although continuous prophylaxis will prevent 

more cases, post-exposure prophylaxis prevents more cases per dose and requires fewer 

doses per season. If resistance to oseltamivir increases, both prophylaxis strategies 

become less effective and less efficient, with more selection of resistance during 

continuous prophylaxis. Neither extension of prophylaxis to HCWs, nor reducing the time 

till first prophylaxis have a large impact on the attack rates among patients.  

 

In chapter 7 we discuss the main findings of this thesis by comparing: 1) vaccination and 

prophylaxis; 2) influenza prevention in nursing homes and hospitals and 3) models and 

trials. 1) From our studies it appears that patients can be best protected by increasing 

HCW vaccination. Moreover, HCW vaccination is more efficient than prophylaxis and 

relatively easy to apply, as only one vaccine dose is needed per HCW. However, as long as 

HCW vaccine uptake is suboptimal or in case of a mismatch between the vaccine strains 

and the circulating virus, post-exposure prophylaxis with oseltamivir for patients is an 

effective secondary control measure. If we aim to protect patients by protecting HCWs, 

our efforts should be directed on increasing HCW vaccine uptake rather than HCW 

prophylaxis. 2) Our models suggest that the effectiveness and efficiency of HCW 

vaccination are similar in hospital and nursing home departments. Therefore, it seems 

justified to extrapolate the findings for HCW vaccination in long-term care departments to 

the hospital setting. Further studies are needed to confirm whether this is also true for 

other prevention measures. 3) Although both models and clinical trials have advantages 

and disadvantages, mathematical models of influenza transmission can provide insights 

that cannot be easily obtained in randomized clinical trials. To benefit the most from the 

mutual relationship between models and observations, the design of transmission models 

should be combined with the design of experimental and/or observational studies. We 

end this chapter with suggestions for further research where the use of transmission 

models can be helpful in planning for better prevention and control of influenza in health 

care settings. 8 
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Samenvatting 

Regelmatig worden gezondheidszorginstellingen getroffen door influenza- (griep) 

epidemieën die gepaard gaan met complicaties en soms zelfs sterfte bij de zwakke en 

oudere patiënten. Hoewel er verschillende preventiemaatregelen tegen griep voorhanden 

zijn, is het niet bekend welke van deze maatregelen het meest effectief zijn om 

grootschalige uitbraken in verpleeghuizen en ziekenhuizen te voorkomen.  

 

Het voorkomen en beperken van influenza uitbraken is ingewikkeld doordat een 

griepinfectie kan leiden tot een variëteit aan symptomen en klachten maar ook 

asymptomatisch kan zijn, waardoor een diagnose moeilijk is te stellen. In Hoofdstuk 2 

beschrijven we een observationele studie uitgevoerd op drie verpleegafdelingen van het 

Universitair Medisch Centrum Utrecht (UMCU), waarin we bepaald hebben welke 

symptomen het meest geschikt zijn om een influenza-infectie te diagnosticeren in 

ziekenhuispatiënten. Tijdens de piek van de influenzaseizoenen 2005-2006 en 2006-2007 

hebben we alle patiënten op de drie afdelingen gevolgd en bijgehouden of zij hoest, 

koorts of andere mogelijke griep-symptomen hadden. Daarnaast hebben we elke 3 of 4 

dagen bij alle patiënten een neus-keelwat afgenomen voor virologische analyse. Het blijkt 

dat de twee symptomen die het meest voorspellend waren voor influenza-infectie in 

studies buiten het ziekenhuis, hoest en koorts, minder geschikt zijn voor herkenning van 

een influenza-infectie in ziekenhuispatiënten. Doordat ook de andere klassieke influenza 

symptomen minder bruikbaar zijn voor het stellen van de diagnose lijkt het onmogelijk om 

influenza-uitbraken in ziekenhuizen tegen te gaan door de aandacht alleen te richten op 

patiënten met griepklachten, zoals vaak gebruikelijk is. Voor een optimale preventie zou 

gebruik gemaakt moeten worden van snelle diagnostische tests voor alle patiënten, ook 

voor degenen zonder verdachte symptomen.  

 

Door de problemen rondom het tijdig ontdekken en stoppen van influenza-uitbraken is 

het van groot belang om eerste infecties te voorkomen. In 2007 heeft de Gezondheidsraad 

aanbevolen om gezondheidszorgpersoneel te vaccineren om het aantal (primaire) 

influenza-infecties in patiënten terug te dringen. Hoofdstuk 3 beschrijft de resultaten van 

een vragenlijststudie waarin de houding van het personeel van vier afdelingen in het 

UMCU werd achterhaald tegenover influenzavaccinatie voor personeel in de zorg. Omdat 

het advies van de Gezondheidsraad nog niet was uitgebracht ten tijde van de studie, 

hebben we de deelnemers gevraagd naar hun ideeën over een mogelijk toekomstig advies 

om al het personeel te laten vaccineren. Een derde van de deelnemende personeelsleden 

bleek van plan om zich te laten vaccineren als dat advies zou worden uitgebracht. Hoewel 
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dit een verdubbeling zou betekenen van de vaccinopname in deze groep mensen ten 

opzichte van het griepseizoen voorafgaand aan de enquête, blijft de totale vaccinatiegraad 

laag. Factoren geassocieerd met een positieve houding ten opzichte van vaccinatie waren 

het gevoel van verantwoordelijkheid van zorgpersoneel om patiënten geen schade te 

berokkenen, een hoog persoonlijk risico op influenza-infectie en vertrouwen in de vaccin-

effectiviteit. Daarnaast stonden artsen positiever tegenover vaccinatie dan verpleeg-

kundigen en andere medewerkers. Om de vaccinatiegraad te verhogen onder het 

gezondheidszorgpersoneel lijken een promotiecampagne en extra informatievoorziening 

nodig om bestaande misvattingen over influenzatransmissie en vaccineffectiviteit weg te 

nemen.  

 

Uit klinisch onderzoek in verpleeghuizen is gebleken dat een verhoogde vaccinatiegraad 

onder het personeel patiënten kan beschermen tegen influenza-infecties. Doordat de 

uitgevoerde studies verschillen wat betreft opzet, de bestudeerde instellingen/afdelingen 

en de intensiteit van de jaarlijkse influenza-epidemieën, kon echter nog niet worden 

bepaald hoe de vaccinatiegraad van het personeel en het aantal infecties bij patiënten 

precies samenhangen. Om dit verband te bestuderen hebben we in hoofdstuk 4 een 

wiskundig model ontworpen dat de verspreiding van influenzavirus op een verpleeghuis-

afdeling kan simuleren. We hebben daarbij ook gekeken of groepsimmuniteit (waarbij een 

vatbaar individu beschermd is tegen infectie doordat iedereen in zijn omgeving immuun 

is) een rol kan spelen in het verpleeghuis bij een hoge vaccinatiegraad onder het 

personeel. In het model bevinden alle mensen op de afdeling – patiënten, personeel en 

bezoekers – zich in één van de verschillende stadia van influenza-infectie, namelijk: 

vatbaar, geïnfecteerd maar nog niet besmettelijk, besmettelijk of hersteld/immuun. 

Vatbare individuen kunnen worden geïnfecteerd wanneer zij contact hebben met 

besmettelijke individuen waarna zij zelf ook de infectiecyclus doorlopen. Zowel patiënten 

als personeelsleden kunnen worden gevaccineerd. We gaan ervan uit dat vaccinatie ofwel 

leidt tot volledige bescherming tegen infectie (hoe groter de effectiviteit van het vaccin, 

hoe groter deze kans) of geen effect heeft. Het influenza virus kan van buitenaf het 

verpleeghuis worden binnengebracht door nieuwe patiënten, personeel en bezoekers, en 

als het eenmaal binnen is, kan het zich verspreiden door contacten tussen besmettelijke 

en vatbare individuen. De contactpatronen in het model zijn gebaseerd op waarnemingen 

van contacten op twee verpleeghuisafdelingen in Nederland. Andere parameter-waarden 

zijn ook gebaseerd op waarnemingen of op gegevens uit de literatuur. Om de impact van 

onzekere parameters te bepalen hebben we onzekerheidsanalyses uitgevoerd. Het model 

voorspelt een robuust lineair verband tussen het aantal gevaccineerde personeelsleden en 

het verwachte aantal infecties bij patiënten in een verpleeghuis-afdeling. In een realistisch 
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scenario kan ongeveer 60% van de influenza-infecties bij patiënten worden voorkomen 

wanneer de vaccinatiegraad onder het personeel wordt verhoogd van 0% naar 100%. In 

dit scenario moeten ongeveer 7 personeelsleden gevaccineerd worden om één infectie bij 

een patiënt te voorkomen. Er is geen drempelwaarde van de vaccinatiegraad gevonden 

waarboven groepsimmuniteit optreedt. Dit betekent dat elk extra personeelslid dat wordt 

gevaccineerd ook extra patiënten beschermt. Door een grote invloed van kansprocessen 

in de relatief kleine verpleeghuispopulatie, is er veel variatie in de grootte van de 

uitbraken op de afdelingen en zelfs wanneer de meeste personeelsleden zijn gevaccineerd 

kunnen er nog grote uitbraken voorkomen bij patiënten. Dit is een belangrijke bevinding 

voor zowel de interpretatie van eerdere studies als het ontwerpen van nieuw klinisch 

onderzoek. 

 

Hoewel de positieve effecten van het vaccineren van verpleeghuispersoneel nu zijn 

aangetoond in zowel klinisch onderzoek als hoofdstuk 4, is nog niets bekend over het 

effect van deze preventiestrategie in ziekenhuizen. Ziekenhuizen en verpleeghuizen 

verschillen op meerdere vlakken, zoals de gemiddelde verblijfsduur van de patiënten, het 

type patiënten, het aantal bezoekers en de contactpatronen tussen patiënten en 

personeel. Deze verschillen zouden de effectiviteit en efficiëntie van het vaccineren van 

personeel kunnen beïnvloeden. In hoofdstuk 5 hebben we het model uit hoofdstuk 4 

aangepast om te onderzoeken of de positieve effecten die gevonden zijn na vaccinatie van 

verpleeghuispersoneel kunnen worden geëxtrapoleerd naar het ziekenhuis. We hebben 

hiervoor de ziekenhuisspecifieke contactpatronen en de patiëntenstroom geobserveerd 

op twee afdelingen van het UMCU. Met het nieuwe model hebben we voor verschillende 

scenario’s de effectiviteit en efficiëntie bepaald van het vaccineren van personeel om de 

incidentie van influenza-infecties in ziekenhuispatiënten te reduceren. Het blijkt dat 

vaccinatie van ziekenhuispersoneel het aantal influenza-infecties in patiënten kan 

verlagen en zeker zo efficiënt is als vaccinatie van verpleeghuispersoneel. Daarnaast 

voorspelt het model voor zowel ziekenhuispersoneel als patiënten een hoge kans op een 

influenza-infectie. In de bestudeerde scenario’s leidde een verhoging van het percentage 

gevaccineerde personeelsleden van 0% tot 100% tot een 30% tot 50% afname in het risico 

op infectie voor vatbare patiënten. Daarbij moesten 3 tot 7 personeelsleden worden 

gevaccineerd om één infectie bij patiënten te voorkomen. Kortom, de meeste scenario’s in 

deze studie lieten een grotere impact zien van het vaccineren van het personeel dan we in 

hoofdstuk 4 hebben voorspeld voor verpleeghuispersoneel. Het lijkt dus gerechtvaardigd 

om de bevindingen van studies naar influenzavaccinatie van personeel in verpleeg- en 

verzorgingshuizen (langdurende zorg) te extrapoleren naar ziekenhuizen (kortdurende 

zorg). 
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Een alternatieve preventiestrategie ter voorkoming en beperking van influenza uitbraken 

in gezondheidszorginstellingen is profylaxe met antivirale middelen. Bij deze strategie 

worden antivirale middelen preventief genomen, ofwel continu gedurende de piek van 

het griepseizoen, ofwel nadat er een influenza-infectie is waargenomen binnen de 

afdeling of instelling (postexpositie). De meest gebruikte antivirale drug is de oraal 

toegediende neuraminidase remmer oseltamivir. In verschillende studies is aangetoond 

dat oseltamivir de vatbaarheid, besmettelijkheid en de kans op ziekte na infectie kan 

verlagen bij gezinsleden van mensen met een influenza-infectie. Hoe effectief dit middel is 

voor het beperken van uitbraken in gezondheidszorginstellingen is echter nog niet 

vastgesteld. In hoofdstuk 6 hebben we het model uit hoofdstuk 4 uitgebreid om het effect 

van verschillende profylaxestrategieën met oseltamivir voor verpleeghuispatiënten te 

bepalen. Omdat het aantal geïsoleerde A/H1N1 influenzavirussen met resistentie tegen 

oseltamivir sterk is gegroeid tijdens het 2007-2008 influenzaseizoen, hebben we ook de 

impact van de opkomende resistentie op de effectiviteit en efficiëntie van de verschillende 

profylaxestrategieën bepaald. Zonder resistentie, kan zowel postexpositie als continue 

profylaxe het aantal influenza-infecties bij patiënten terugdringen gedurende het 

influenzaseizoen. Hoewel continue profylaxe in totaal meer infecties kan voorkomen, 

voorkomt postexpositie profylaxe meer infecties per gegeven dosis en zijn er in totaal 

minder doses nodig per seizoen. Wanneer de resistentie tegen oseltamivir toeneemt, 

worden beide profylaxestrategieën minder effectief en efficiënt, maar postexpositie 

profylaxe leidt tot een lagere selectie van resistente virussen. Uitbreiding van de profylaxe 

naar personeel, of het verkorten van de tijd tussen de eerste infectie en de start van de 

profylaxe hebben geen groot effect op het aantal voorkomen infecties. 

 

In hoofdstuk 7 bespreken we de belangrijkste resultaten van dit proefschrift door middel 

van drie vergelijkingen: 1) vaccinatie en profylaxe; 2) influenzapreventie in verpleeghuizen 

en ziekenhuizen en 3) modellen en klinisch onderzoek. 1) Uit onze studies blijkt dat 

patiënten het best beschermd kunnen worden door een verhoging van de fractie 

gevaccineerde personeelsleden. Bovendien is vaccinatie van gezondheidszorgpersoneel 

efficiënter dan profylaxe en ook makkelijk toe te dienen, aangezien per jaar slechts één 

vaccinatie per persoon nodig is. Echter, zo lang de fractie gevaccineerde personeelsleden 

niet heel hoog is, of wanneer er een mismatch is tussen de vaccinvirussen en de 

circulerende virussen, is postexpositie profylaxe met oseltamivir een effectieve secundaire 

controle maatregel. Als het doel is om patiënten te beschermen door het personeel te 

beschermen, dan moeten we focussen op het verhogen van de vaccinatiegraad onder het 

personeel in plaats van het geven van profylaxe aan personeel. 2) Onze modellen 

suggereren dat de effectiviteit en efficiëntie van vaccinatie van gezondheidszorgpersoneel 
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op ziekenhuis- en verpleeghuisafdelingen vergelijkbaar zijn. Daarom lijkt het 

gerechtvaardigd de gevonden resultaten met betrekking tot vaccinatie van zorgpersoneel 

in verpleeghuizen te extrapoleren naar ziekenhuizen. Vervolgonderzoek is nodig om te 

bevestigen of dit ook mogelijk is voor andere preventiemaatregelen. 3) Hoewel zowel 

modellen als klinisch onderzoek voor- en nadelen hebben, kunnen wiskundige modellen 

van influenzatransmissie inzichten verschaffen die niet gemakkelijk met klinisch onderzoek 

behaald kunnen worden. Om het meeste profijt te hebben van de wederzijdse relatie 

tussen modellen en observaties, zouden het ontwerpen van transmissiemodellen en het 

ontwerpen van experimentele en/of observationele studies moeten worden 

gecombineerd. We beëindigen dit hoofdstuk met suggesties voor vervolgonderzoek 

waarin het gebruik van transmissiemodellen kan bijdragen aan het plannen van een 

betere preventie en controle van influenza-uitbraken in gezondheidszorginstellingen.  
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Dankwoord 

Na drie jaar onderzoek en een snelle eindsprint is het zo ver, mijn proefschrift is af!!! Nog 

een paar weken en dan is het tijd voor een nieuwe uitdaging. Natuurlijk was het mij niet 

gelukt het werk van de afgelopen jaren te doen zonder de fysieke hulp en mentale steun 

van een aantal anderen. Hierbij wil ik graag iedereen bedanken die me op welke manier 

dan ook geholpen heeft om deze periode tot een goed einde te brengen. 

 

Beste Marc, in de afgelopen jaren heb ik je meer dan één keer horen zeggen: een dag 

heeft 24 uur en dan heb je ook de nacht nog. Helaas gaat dit gezegde voor mij niet op, 

maar volgens mij lukt het jou wel om op die manier te werken. Het is verbazingwekkend 

hoe jij het voor elkaar krijgt om in alle drukte steeds weer snel te reageren en ook nog 

eens het overzicht weet te behouden. Bedankt voor je nuchtere kijk op het onderzoek en 

het vertrouwen in mijn werk. 

 

Beste Eelko, bedankt voor je altijd aanwezige enthousiasme. Je sprong haast nog hoger 

dan ik als er weer een artikel geaccepteerd was en je zag steeds de leuke kanten van mijn 

onderzoek, ook als ik die soms even kwijt was. De snelheid en het gemak waarmee jij 

schrijft had ik graag van je overgenomen, dat zou heel veel uurtjes gescheeld hebben. 

Daarnaast ben ik blij dat ik je niet alleen als epidemioloog maar ook als feestganger heb 

leren kennen; die avond stappen in Wenen zal ik niet snel vergeten.  

 

Beste Jacco, regelmatig als ik je kamer binnenliep of je tegenkwam op de gang gingen er 

twee armen de lucht in. Wat fijn om me zo welkom te voelen! Bedankt voor alle tijd die je 

had voor mijn vragen en daaropvolgende discussies en (on)nuttige afdwalingen. Je 

enthousiasme, positieve input en begrip op de momenten dat ik het allemaal even niet 

meer zag zitten, zijn heel belangrijk geweest voor het succesvol afronden van mijn 

promotie. 

 

Beste leden van de beoordelingscommissie, Prof. Hans Heesterbeek, Prof. Rob de Boer, 

Prof. Roel Coutinho, Prof. Hans van Delden, en Dr. Ton van Loon bedankt voor het lezen 

en beoordelen van mijn manuscript. Beste Rob, jij hebt me begeleid bij mijn eerste 

stappen als modelleur. Bedankt dat je nu ook deze drie jaar “vervolg” onderzoek mee wilt 

afsluiten.  

 

Uiteraard was mijn onderzoek niet mogelijk geweest zonder de hulp van de deelnemende 

patiënten en het personeel van de verpleegafdelingen Interne Geneeskunde en 
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Infectieziekten (C2O), Longziekten (B3W), Geriatrie (B50) en verpleegafdeling de Giraf in 

het WKZ. Bedankt hiervoor! Met name Arjan, Inge, Martin, Ariane, en Tim bedankt voor 

jullie inzet en motivatie. Barry, Projka en alle anderen van de afdeling Virologie, bedankt 

voor jullie hulp bij het verwerken en analyseren van de samples. Ook veel dank aan alle 

studenten die hebben meegeholpen bij het afnemen van de enquêtes en neus-

keelwatten. Carolien bedankt voor het verzamelen van de verpleeghuisdata. 

 

Beste Astrid, heel erg bedankt voor het harde werk tijdens je stage, met een mooie 

publicatie als gevolg! Ik vond het leuk om met je samen te werken en hoop dat  je het 

goed naar je zin hebt op je huidige werkplek! 

 

Ook ben ik natuurlijk dank verschuldigd aan de overige coauteurs. Ton van Loon, Jan-

Willem Lammers, bedankt voor jullie hulp in de beginfase van mijn studie. Ook Lieke 

Sanders, Janneke en Ingrid bedankt voor jullie bijdragen.  

 

Martin bedankt voor de verschillende keren dat ik van je wiskundige kennis gebruik mocht 

maken, vooral op de dag dat het écht nodig was. 

 

Mijn collega-modelleurs van het RIVM, Marijn, Tjibbe, Michiel, Maria, Hester, Anna, 

Mirjam, bedankt. Ook al ben ik minder vaak naar Bilthoven gefietst dan ik van tevoren 

gedacht had, ik ben met plezier aanwezig geweest bij jullie projectoverleg of op de 4-uur 

koffietijd bijeenkomsten in de hal. Janneke, het was echt super om met jou samen te 

werken, of hielden we elkaar nu eigenlijk meer van het werk?! Heel veel succes en plezier 

in Bern! 

 

Oud-kamergenootjes van kamer 6.104, Wijnand, Soner, Esther, Diane, Maud, Anne, Ingrid, 

Madeleine, Ivonne, Geert-Jan, Ineke en Mascha, bedankt voor alle koffie- en thee-uurtjes, 

gezelligheid, steun, afleiding wanneer nodig en de uitzonderlijk productieve 

vrijdagmiddagen. Ook alle andere promovendi bedankt voor de leuke picknicks, borrels, 

en praatjes op de gang. Jullie maken onderzoek doen een stuk leuker.  

 

Lieve Esther, lieve Maud, wat fijn om de laatste loodjes bij jullie op de kamer af te leggen! 

Door jullie interesse, motivatie en gezelligheid werd het bijna leuk om hard te werken :-) 

Maud, ik wilde dat ik altijd zo positief was als jij! Echt heel knap hoe jij altijd zo rustig blijft. 

Veel succes tijdens de laatste maanden! Esther, wat hebben we veel (over)uren samen 

doorgebracht. Nu rest alleen nog de laatste stap! Ik ben heel benieuwd waar je over een 

jaar (mee bezig) bent. Ik blijf graag op de hoogte! 
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Alle biologenvrienden en oud-huisgenootjes, bedankt voor jullie vriendschap de afgelopen 

jaren. Zonder alle leuke avonden en weekenden met jullie was dit boekje er denk ik niet 

geweest. Ik hoop dat we nog heel lang doorgaan met samen eten, reizen, drinken, uitgaan 

en sporten. Petra, bedankt voor alles wat we de afgelopen 10 jaar samen hebben gedaan, 

ik hoop dat we onze huidige contactfrequentie nog heel lang vasthouden. Camiel, ik hoop 

dat ik  je ooit weer bij kan houden met fietsen na deze lange “rust” periode. Adrienne, na 

zoveel jaar vriendschap nu samen naar Argentinië, ik heb er zin in!  

 

Edwin en Herco, mijn personal coaches! Misschien moeten jullie toch een carrièremove 

overwegen?! Bedankt voor alle leuke en zinnige discussies over wat ik nu eigenlijk wil, 

maar natuurlijk ook voor alle minder diepzinnige uitjes en gesprekken rondom een pan 

kaasfondue of bij een biertje.  

 

Para todos que conseguem perceber isto: muito obrigada! É bom ter um refúgio quando 

for necessário. Beijinhos com saudades para vocês! Nuno, mijn boekje is af, nu is het jouw 

beurt! Succes met schrijven en wie weet zie ik je volgend jaar in Leiden! 

 

Cris en Maite wat fijn dat jullie mijn paranimfen willen zijn. Maite, het was, en is, echt 

super om bij jou in huis te wonen. Bedankt voor alle keren dat ik mijn verhalen bij je kwijt 

kon, ik van je kookkunsten mocht genieten en voor alle leuke reisjes. Het is toch ook wel 

een veilig gevoel dat er nog een modelleur achter me staat ;-). Cris, ik weet niet waar ik 

moet beginnen, bij het eerste practicum samen, de salsalessen, de vele vakanties of de 

keren dat je al van tevoren wist dat ik een schouder of een pak mergpijpen nodig had, er is 

teveel om op te noemen. Bedankt voor alles, ik ben blij dat je ook nu weer achter me 

staat. 

 

Annelie, dankjewel voor alle keren dat je me hebt geholpen en aan het lachen hebt 

gemaakt. Jouw kijk op mijn leventje tijdens de late telefoontjes en gesprekken op de fiets 

was vaak verhelderend.  

 

Lieve pap en mam, volgens mij heb ik nooit in detail uitgelegd wat ik de afgelopen drie jaar 

heb gedaan, maar ondanks dat staan jullie toch steeds achter me. Bedankt dat jullie er 

altijd voor me zijn. 
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