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Abstract In this paper I conduct an empirical analysis of the determinants of flu vaccination decisions. Flu vaccination behavior in the adult population (above 65 years old) tends to be highly persistent; additionally, the probability of vaccination increases with age and tends to be higher for individuals with worse health outcomes. To study individual’s preventive behavior, I first formulate a stylized life cycle model of prevention decisions using a human capital approach, that highlights the importance of the dynamic dimension in these decisions. The main aspects of the model are: i) Influenza immunization is a health investment, which affects the evolution of future health stock and hence, affects individuals’ future utility. This investment implies some monetary and non-monetary costs; ii) Vaccination has higher returns for individuals with health conditions that increase the risk of influenza-related complications; iii) Experience with the vaccine in the previous period reduces the cost of current prevention effort, generating habit persistence. I estimate a reduced-form of the demand function of vaccination implied by the model using dynamic probit models, that allow me to disentangle how much of the observed persistence in vaccination decisions are due to state dependence (habit persistence), unobserved heterogeneity, and health risks or other observable characteristics. I also analyze whether individuals’ incentives to pursue prevention change through the life cycle. I use data from the Medicare Current Beneficiary Survey for the period 2001-2004. Results suggest that the three sources −state dependence, unobserved heterogeneity, and health risks and other individual characteristics− play a role in explaining the persistence in vaccination decisions. However, health risks and individual characteristics have a lower effect once state dependence and unobserved heterogeneity are taken into account. The results also show that the incentives to vaccinate change with age and self-assessed health status. JEL Classification: I12 Keywords: Flu Vaccination, model of prevention decisions, dynamic probit models. ∗



Department of Economics, Universidad Carlos III de Madrid. Email: [email protected]. I want to specially thank Matilde Machado for her continuous support, encouragement and valuable advice. I also want to thank Lucila Berniell and Eva Garc´ıa Mor´ an and participants at the 2009 annual conference of the European Society of Population Economics for helpful comments and discussions. All remaining errors are my own. †



1



1



Introduction



Influenza is an infectious disease that can have severe health consequences for the adult population, pneumonia being the most frequent complication. Influenza and pneumonia are the sixth cause of death for the population above 65 years old in the US, with a mortality rate of 140 per 100,000 inhabitants.1 According to the Agency for Health Care Research and Quality, during the period 1997-2006 these illnesses accounted for 6% of total hospital stays for the elderly. Each hospital stay implied an average cost of 9,500 dollars for influenza and above 14,000 dollars for pneumonia.2 Hence, influenza is an important public health concern. Given that influenza immunizations have been demonstrated to be cost-effective for persons aged 65 and older (Maciosek et al., 2006), various public health organizations, including the World Health Organization, recommend annual vaccination for the elderly (Stohr, 2003). Persons with chronic health conditions who face a higher risk of influenza-related complications, such as heart and lung diseases, are particularly encouraged to vaccinate. In the US, even though Medicare subsidizes the annual influenza immunization for its beneficiaries the coverage rate only reached 65% of the population 65 years old and older in 2000, and this percentage remained almost constant since them.3 Increasing vaccination coverage is one of the objectives in the agenda of the U.S. Department of Health and Human Services. Reaching a vaccination coverage of 90% by 2010 was an unmet objective of the Healthy People initiative but it is still the target to be achieved by 2020.4 In this paper I conduct an empirical analysis of the determinants of individuals’ vaccination decisions. First, I formulate a stylized life cycle model of primary prevention decisions using a human capital approach.5 I estimate a reduced-form model of the demand function of vaccination implied by the model. I use dynamic panel probit models and I contrast the results with the predictions of the theoretical dynamic model. Using panel data from the Medicare Current 1



According to data from the National Center for Health Statistics, Trends in Health and Aging, for the year 2004. 2 The average length of stay due to influenza in the period 1997-2006 was 4.7 days for people aged 65-84 and 5.8 for those aged 85 and older. For pneumonia the average length of stay was 6.5 for people 65 years old and older. See more details on hospitalizations in Table 7 in Appendix A. 3 Medicare part B covers both the costs of the vaccine and its administration by recognized providers. Medicare part A does not cover this benefit, but only a small share of the Medicaid population is covered by part A alone. The data for vaccination coverage comes from the National Center for Health Statistics (National Health Interview Survey, sample adult questionnaire). 4 “Healthy People 2010 was an initiative carried out by the U.S. Department of Health and Human Services, who set a comprehensive nationwide health promotion and disease prevention agenda designed to enhance population health through preventive behaviors. Healthy People 2010 contained 467 objectives designed to serve as a framework for improving the health of all people in the United States during the first decade of the 21st century”(Healthy People 2010 Database, NCHS). Healthy People 2020 sets the objectives to be achived by 2020. 5 Preventive measures can be classified according to their effects on health (Kenkel, 2000), and vaccination belongs to what is called primary prevention. Primary preventive measures allow to reduce the probability of occurrence of a disease. This category comprises also public sanitation policies and individual lifestyles (as regular exercise and non-smoking).
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Beneficiary Survey (MCBS) for the period 2001-2004, I disentangle the effects of state dependence (habit persistence), unobserved heterogeneity, and health risks and other time-invariant observable characteristics, on the probability of vaccination.6 I also analyze the effect of age and self-assessed health status on vaccination decisions, as well as the effect of other individual characteristics that change over time. Understanding the determinants of individuals’ preventive behavior is important to improve the design of policies aimed to increase flu vaccination coverage. Data for the Medicare population in the US shows that older individuals and those with worse health status are more inclined to be vaccinated (Figure 1). Previous empirical works have studied how health status (Mullahy, 1999; Wu, 2003), consumer knowledge (Parente et al., 2003), physician quality (Schmitz and Wubker, 2010; Maurer, 2009), and perceived risks (Mullahy, 1999; Ayyagari, 2007), affect vaccination decisions of the older population. Figure 1: Vaccination rates by age and self-reported health status. Period 2001-2004.



Source: Medicare Current Beneficiary Survey (MCBS)



Another salient characteristic of individual vaccination decisions is that they are highly persistent over time. Table 1 shows that flu vaccination has a clear persistent pattern. Approximately 95% of individuals who get the vaccine in a given year are expected to get it again in the following year. Also, 76% of individuals who do not vaccinate in a given year are likely to continue with the same behavior in the next period. This regularity has not been studied in previous literature because most of the analysis have been carried out using cross-sectional data. In order to capture the main features of vaccination decisions I construct a simple dynamic model of discrete choice model of prevention decisions. In the model, individuals face the following trade off. Prevention generates a benefit in terms of better health in the long run at a cost today, for instance, exerting some effort −time, look for information− or incurring 6



The dependence of current decision on lagged ones is known in the empirical literature as “true state dependence” (Heckman, 1981).
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Table 1: Transition rates. Individuals aged 65+, living in the community. Year t status



Year t + 1 status



2001-2002



2002-2003



2003-2004



No vaccination



No vaccination Vaccination



0.765 0.235



0.796 0.204



0.761 0.239



Vaccination



No vaccination Vaccination



0.054 0.946 2,325



0.055 0.945 2,325



0.047 0.953 2,325



N Source: MCBS.



some monetary costs. Individuals with worse health status may suffer greater health losses when getting the flu, which implies that prevention has higher returns for them. Additionally, the model allows for current immunizations decisions to have a direct effect on the cost of future decisions, by assuming that past experience with the vaccine reduces the cost of current prevention effort. For example, for the case of Medicare, Parente et al. (2003) argue that through the experience with the vaccine individuals learn that vaccination is a benefit fully covered for Medicare beneficiaries, i.e., it is free of charge. In the empirical analysis I use the approaches proposed by Heckman (1981) and Wooldridge (2005) to deal with the endogeneity problem generated in this type of dynamic models by the presence of the lagged dependent variable as a regressor, together with unobserved heterogeneity (usually called in the literature the “initial condition problem”). Additionally, I compare the results of the dynamic models estimated with the Wooldridge and Heckamn approaches with models that ignore state dependence, which I refer to as static models. The dynamic probit models are intended to capture at least three possible explanations for the observed persistent behavior regarding flu vaccination. First, persistence could result as a consequence of observable characteristics, such as health or education, that persist over time. Individuals with chronic health conditions may have higher perceived risk of influenza-related complications and may be more likely to get the vaccine every period. Previous results of the effects of chronic conditions on the propensity of getting the vaccine are mixed. Parente et al. (2003) find that many health problems like heart diseases, stroke, and diabetes do not affect vaccination propensities. They find that only people with cancer are more likely to get the vaccine. On the other hand, Wu (2003) and Schmitz and Wubker (2010) find that individuals with chronic conditions like heart and lung diseases are most likely to take-up the vaccine. Also there are mix results about the effects of self-assessed health status. Schmitz and Wubker (2010), Mullahy (1999) and Wu (2003) find that individuals with worse health status are more likely to get the vaccine, while Parente et al. (2003) do not find sush effect. Other observable characteristics as education can explain the persistent behavior. Previous works find that more
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educated individuals are more likely to get the vaccine (Mullahy, 1999; Wu, 2003)). Parente et al. (2003) show that the effect of education disappears when measures of knowledge about Medicare benefits are controlled for. Second, the role of time invariant unobserved characteristics may be important for this type preventive behavior. For instance, individual preferences or the degree of risk aversion, may make individuals more or less inclined to pursue preventive activities (Picone et al., 2004; Anderson and Mellor, 2008). Finally, a true dependence on past experience −i.e., state dependence or “habit persistence”− may be driving these results. The reason could be that the experience with prevention activities provides relevant information that reduces the cost of future preventive effort. As mentioned above, Parente et al. (2003) point out that prior vaccination use increases consumer knowledge about Medicare benefits (e.g., it informs Medicare beneficiaries that vaccination is fully covered) through experience and hence, it makes individuals more likely to get the vaccine in the next period. Individuals without previous experience may also underestimate the risk of exposure to the illness, the severity of the disease, or the effectiveness of the vaccine to prevent the disease. Parente et al. (2003) consider state dependence in their empirical analysis, but without dealing with the potential endogeneity problems introduced by the lagged dependent variable. This paper contributes to the existing literature in proposing a simple dynamic model of prevention decisions that captures the main features concerning vaccination decisions and in estimating a reduced-form demand function of vaccination implied by the model by means of panel data estimation. Compared to the previous literature, the use of panel data allows to test not only the importance of health conditions and other individuals characteristics on the demand for the vaccine, but also to disentangle the relative importance of state dependence and unobserved heterogeneity. Overall, the results are consistent with the predictions of the theoretical framework. The results suggest that the three possible sources of persistence (state dependence, unobserved heterogeneity, and health risks and other time-invariant individual characteristics) do play a role in explaining it. I find that individuals who get the vaccine in a given year are, on average, between 12 to 14 percentage points more likely to get the vaccine in the next year than those who did not get it. Also, individuals’ choices depend to a large extent on unobserved heterogeneity, which accounts for 60% to 80% −depending on the estimation strategy− of the total variance of the error term. Preexisting chronic conditions −such as diabetes or arthritis rheumathoid− as well as other socioeconomic characteristics that are constant over time −such as education and race− increase the probabilty of vacicnation. I also find that individual’s behavior adjusts to changes in the perceived risks of influenzarelated complications, which are not necessary constant over time. For example, I find that
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individuals do increase their likelihood of vaccination if in the previous period they experienced a health shock (a new episode of respiratory illness or stroke). Also, as in previous literature, I find that married individuals, white, and with supplemental private or public health insurance are more likely to engage in vaccination. Finally, I show that the incentives to vaccinate change with age and self-assessed health status. Vaccination propensities tend to increase with age also showing a slight slowdown at advanced ages. Additionally, the results indicate that the gap in vaccination rates between individuals in good and bad health increases with age. Finally, the comparison of dynamic and static models highlights the importance of accounting for state dependence for a correct assessment of the the factor determining vaccination decisions. Ignoring state dependence in general leads to estimates of larger magnitude for health risks and observed individual characteristics. The implications of these results for public health policy purposes are, at least, twofold. First, given that individuals do internalize the fact that certain health risks increases the benefit of vaccination, this channel can be exploited to increase even further vaccination take-up rates. For instance, public campaigns that alert to the fact that influenza-related complications are more acute for individuals with certain health conditions, would increase vaccination coverage. Second, any public campaign that induces individuals to get vaccinated for the first time, will have effects on subsequent periods through the habit persistence channel. The paper is organized as follows. Section 2 presents the conceptual framework that guides the empirical application. Section 3 describes the data and the sample selection. Section 4 describes the empirical strategy I follow for the reduced form estimation, as well as the econometric issues related to the estimation of dynamic probit models. Section 5 presents the results and Section 6 concludes.
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Theoretical Framework



In this section I present a model of vaccination decisions which is characterized by two main features. First, the time dimension is introduced in the problem solved by the individual, i.e., decisions are made in a life-cycle context. The second feature of the model is the introduction of uncertainty, since the evolution of the health stock is stochastic. Vaccination constitutes a means to reduce uncertainty, as it reduces the probability of occurrence of a particular illness. In the model, individuals maximize the present value of their lifetime utility. Own health stock is a consumption good, i.e., it enters in the utility function, as well as human capital that can be modified through individual actions. I assume that health stock has a stochastic component that accounts for the uncertain evolution of health. Every period, individuals are exposed to the occurrence of a negative health shock, the flu. If the individual receives the
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negative health shock, there is positive probability of recovering from it and maintaining his health stock unchanged. Nevertheless, the shock may produce a deterioration in the health stock that remains for more than one period.7 Individuals are concerned with the magnitude of these effects because it is in their interest to increase the probability of being in good health in the future. Individuals may affect the transition probabilities between health states using prevention methods that reduce the probability of occurrence of the negative shocks, acting as “selfinsurance”. Under this setting, the dual role of health as a consumption good and a human capital is key in determining individual’s incentives to pursue prevention. In the model, individuals face a trade-off between the long-run benefits of using prevention measures, i.e., the higher expected health stock in the future which increases the present value of expected utility, and the current monetary and non-monetary costs associated with these measures. In this model, the experience with the vaccine in the previous period reduces current non-monetary costs of prevention. Timing. Individuals have a finite life time t = 1, ..., T . However, it is possible that individuals die before time period T . At the beginning of each period an individual decides whether to pursue primary prevention, given his health stock, ht , his previous prevention decision, dt−1 , and other individual characteristics, wt , in order to reduce the probability of receiving a negative health shock that may occur at the end of the period.8 Prevention reduces the probability of occurrence of a negative health shock and, as a consequence, increases the probability of enjoying better health in the next period. Prevention also increases the probability of surviving. The decision variable is denoted by dt and it may take two values dt ∈ {0, 1} indicating whether the individual gets the vaccine. Every period, only one health shock may occur, st ∈ {0, 1}, and its realization is unknown at the moment the prevention decision is made. If death occurs it is assumed to happen at the end of the period. Preferences. The current period utility function is modeled as an additive separable random utility given by the following expression:



( Ut (ht , dt , dt−1 , wt , t ) =



u(ht , wt ) + 0,t



if dt = 0



u(ht , wt ) + 1,t − Cp (dt−1 , ht , wt )



7



if dt = 1



Long lasting effects of influenza and pneumonia are more likely to occur among the elder individuals and among those with chronic conditions because of the high risk of complications due to the flu. 8 I omit in this section the use of the subscript i to refer to individuals.
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where Cp (1, ht , wt ) < Cp (0, ht , wt ). The current health stock, ht , enters the utility function because health is perceived as a consumption good; current prevention effort, dt = 1, generates desutility in the current period, Cp , which reflects monetary and non-monetary costs of prevention. These costs depend on individual health, ht , other individual characteristics, wt , and past experience, dt−1 . I consider that part of non-monetary costs are related to knowledge referred to the vaccine uptake and its characteristics, and they are reduced if the individual experienced with the vaccine in the past.9 Finally, utility is affected by an idiosyncratic choice-specific preference shifter, jt . Health production. The health of each individual is assumed to evolve stochastically as a function of current health, ht , health investments, dt , and individual characteristics, wt . Prevention activities are the only form of health investments. I assume that there is a finite number, H, of health states. For simplicity, I assume that there are only two possible health states, good, hg , and bad, hb . Uncertainty about future health outcomes is modeled in the following way: first, individuals face the possibility of contracting the illness, st = 1. The probability of contracting the illness, S(ht , wt , dt ), is a function of the individual’s current health stock, ht , individual characteristics, wt , and current prevention decision, dt . By assumption this probability is always greater than zero and it decreases if the individual gets the vaccine, that is S(ht , wt , 0) > S(ht , wt , 1) > 0. Also, it depends negatively on the level of health stock, that is S(hb , wt , dt ) > S(hg , wt , dt ). The health stock evolves according to a first order Markov process with transition matrix Π. These transitions are conditional upon survival and depend on current health stock, ht , the realization of the shock, st , and individual characteristics, wt . Once the shock is realized, health transition probabilities do not depend on dt . Each element of the transition matrix is denoted by πml (wt , st ), which correspond to the probability of being in the next period in the health state hm given that current health state is hl , for m and l ∈ {g, b}, individual characteristics are wt and the realization of the shock is st . If the individual contracts the illness (st = 1) I assume that, other things equal, an individual with bad health, hb , is less likely to be in good health than someone with good health, hg . This is to say, πgl (wt , st ) < πgg (wt , st ), for l ∈ {g, b}. At the moment the individual takes the prevention decision, the negative health shock has not been realized, which implies that when solving his dynamic problem he needs to integrate out the health shock. Then, health transition probability at the moment the decision is made can be written as: 9



Notice that part of these informational costs may be a fixed cost that would disappear the first time the vaccine is consumed. I do not model this possibility because in the data set there is no information about the time in which individuals got the vaccine for the first time.
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F (hm |hl , wt , dt ) = S(hl , wt , dt )πml (wt , 1) + (1 − S(hl , wt , dt ))πml (wt , 0), for m and l ∈ {g, b}.



(1)



Given previous assumptions, we have that F (hg |hl , wt , 1) > F (hg |hl , wt , 0) for l ∈ {g, b}. Survival probability. The probability that an individual survives until the end of the period is denoted by psu (ht , wt , dt ). I assume that the probability of survival increases with the use of the vaccine but it decreases with age, which is one of the variables in the vector wt . Also, I assume that the ratio



psu (ht ,wt ,1) psu (ht ,wt ,0) ,



which measures the effectiveness of the vaccine in terms of



extending life, decreases as age increases, t → T , but this ratio is always higher for individuals in bad health status. Maximization problem. Individuals maximize their lifetime discounted utility by making sequential choices over health prevention, dt , in each time period. Individuals are forward looking. In any period τ the individual solves the following maximization problem:



max



dt ∈{0,1}t=T t=τ



+



T X



Eτ [Uτ (hτ , dτ , dτ −1 , wτ , τ )



β t−τ psu (ht−1 , wt−1 , dt−1 )Ut (ht , dt , dt−1 , wt , t )|hτ , wτ , dτ −1 ]



(2)



t=τ +1



We can rewrite this problem as a dynamic programming problem. At any period t = 1, ..., T the problem for any individual consists on maximizing the expected present value of the remaining lifetime rewards. Lets define Ωt = (ht , wt , dt−1 , t ) as the vector of state variables. Then, the maximum expected present value of lifetime utility at time t given Ωt is:



Vt (Ωt ) = max { U (ht , dj , dt−1 , wt , t ) + ps (ht , wt , dj ) β E(Vt+1 (Ωt+1 )| ht , dj , wt )} dj ∈{0,1}



(3)



I define the alternative-specific value function at time t as Vtj (Ωt ), for the alternatives of not doing prevention (j = 0) and doing prevention (j = 1). Every period, an individual compares the present discounted expected utility over the remaining lifetime from doing prevention today and making optimal decisions in the future, Vt1 (Ωt ), with the respective discounted value of not doing prevention and making optimal decisions in the future, Vt0 (Ωt ), that is Vt (Ωt ) =  max Vt0 (Ωt ), Vt1 (Ωt ) . He decides to pursue prevention if and only if Vt1 (Ωt ) ≥ Vt0 (Ωt ). That is,
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Vt1 (Ωt ) ≥ Vt0 (Ωt ) vt∗ − Cp (dt−1 , ht , wt ) + ut ≥ 0



(4)



where vt∗ = ps (ht , wt , 1) β E [Vt+1 (Ωt+1 )| ht , 1, wt ] − ps (ht , wt , 0) β E [Vt+1 (Ωt+1 )| ht , 0, wt ] and ut = 1t − 0t . In the Appendix B I solve the model under a particular set of assumptions and I present a numerical example. The implications derived from it are the following. First, if previous experience with the vaccine reduces the current cost of prevention, then individuals that get the vaccine in one period are more likely to do it again in the following period, compare with those who do not get the vaccine. Second, the probability to get the vaccine increases with age, for a given health status, although there is a slowdown at the end of life. Third, only at advanced ages individuals with worse health status are more likely to get the vaccine relative to those in better health. The gap increases with age and then closes at the end of life. At younger ages, it could be the case that individuals in better health are more likely to get the vaccine than individuals in worse health. This could happen because although the expected gains from vaccination in terms of health are lower than for individuals in worse health, life expectancy is higher so they have a longer time horizon to enjoy the health gains from vaccination.
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Data and sample selection



3.1



Data description



I use annual data from the Access to Care Files of the Medicare Current Beneficiary Survey (MCBS) for the years 2001 to 2004. Respondents for the MCBS are sampled to be representative of Medicare population as a whole. The MCBS is a longitudinal survey where sampled individuals are interviewed during four years. This dataset collects survey’s information on a broad spectrum of individual’s health and socioeconomic characteristics, as well as health related behavior. Additionally, it collects information about access to care, insurance coverage, financial resources and potential family support. The Access to Care files sample the “always enrolled” Medicare population, which consists of those enrolled in one part of Medicare, Part A or B, or enrolled in both parts on January 1
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of that year and who remain enrolled through the end of December. The MCBS survey’s data is matched with administrative records, that register the individuals’ claims with a detailed description of the use of health care services during a year. The claims record the utilization of services rendered and reimbursed under fee-for services during a calendar year. The services that Medicare beneficiaries have access to are of 7 different types: impatient hospital stays, skilled nursing facility, home health care, hospice care, outpatient services, physician’s services and durable medical equipment. Any individual may use any of these services during a calendar year, and each time a service is used it is registered as a claim record. Each claim registers the diagnosis the patient presents each time he uses health care services, according to the International Classification of Diseases, 9th Revision, Clinical Modification medical codes (ICD-9), and the date in which the service is used. I consider a balanced sample of respondents who were not living in facilities, such as nursing or retirement homes, during the whole period under analysis. The sample is also restricted to individuals aged 65 and over giving a pooled sample size of 5313 observations. The outcome of interest is whether the respondent had the flu vaccine during the influenza season. Individuals are asked whether they had a influenza shot during the last winter. Given the data available, I am able to construct a binary indicator of vaccination for the 2000-2001, 2001-2002, 2002-2003 and 2003-2004 flu seasons. Flu seasons run from October to April in the US and outbreaks are more likely to occur from late December to early March (ACIP, 2008). The optimal time for immunization of high-risk groups is recommended between October and November. To account for the multiple dimensions of health, I consider different measures of health status available from the MCBS. I give a possible interpretation of each of these variables in the context of the theoretical model and I define the expected effects of these variables on the vaccination decision.10 Risk factors. As an overall measure of health I use self-reported health status. The survey ask individuals to assess their health, explicitly indicating to compare it with respect to individuals of the same age. I construct three categories (Good, Regular and Bad) and interact these variables with age. According to the predictions of the theoretical model, individuals’ incentives to pursue prevention change through the life cycle and they may differ for individuals with different perceived health status. In particular, vaccination propensity should increase with age, because age is a risk factor, but it may slowdown at advanced ages, because the planning horizon is shorter. Additionally, the gap of vaccination propensities between individuals with worse health and better health may increase as individuals get older. A second set of variables are indicators of diseases that are recognized to increase the risk 10



See the appendix C for a description of the variables.
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of influenza-related complications, such as cancer, heart disease, diabetes, chronic lung disease, stroke, and arthritis rheumatoid. I construct indicators that take the value one if the individual reports to had suffered some of these diseases prior to the beginning of the sample period. Hence, these are preexisting health conditions for the window of time analyzed and all of them are expected to increase the likelihood of taking the vaccine. Finally, a third set of risk factors are indicators of recent health events (health “shocks”) that increase the risk of influenza related complications. I include two variables that indicate if new events of heart disease or new events of stroke occurred in the previous year. These indicators are based on answers given to the questions in the survey. Although I do not modeled it in the theoretical framework, I additionally include an indicator of the occurrence of respiratory illnesses during the period prior to the vaccination decision. As pointed out by Ayyagari (2007) and Mullahy (1999) individuals may associate this shock to an increase in the risk of getting the flu, which in turn increases their incentives to get the vaccine in the next period. To construct the indicator that refers to the occurrence of respiratory illness I use administrative information on Medicare claims. I construct a binary variable which takes the value 1 if during a given period any disease, coded as influenza, pneumonia or other respiratory disease, is present in the diagnosis of any of the individual’s claims, and 0 otherwise. I am able to construct health shock variables for the periods prior to the flu seasons 2001-2002, 2002-2003 and 2003-2004.11 The construction of health shock variables from Medicare claims data relies on the assumption that any disease the individual had (sufficiently acute to demand medical services) should be captured by Medicare claims. Specifically, I am assuming that individuals do not resort to medical services outside the Medicare orbit in the event of illness and that diagnosis done by doctors are correct.12 Physical limitations. Individuals with physical limitations may find more costly to get vaccinated. For instance, they may require the company of other person to go to the place to get the flu shot. I consider three variables that may capture physical limitations: a binary variable that indicates whether the individual had a broken hip last year, a variable that counts the number of limitations with activities of daily living (ADLs), and an indicator that takes the value one if the individual reports that his or her health is worse or much worse than in the previous year. There is empirical evidence (Benitez-Silva and Ni, 2008) of the positive relation between self-reported health changes and expected longevity. Then this variable can alternatively be interpreted as a proxy for expected longevity. According to the theoretical 11



Influenza, pneumonia and other respiratory illness shocks are identified using the diagnosis codes based ICD-9 medical codes which are 487, 480-486 and 460-519, respectively. 12 An individual who did not use any Medicare service during the period is considered as not suffering any disease during it.
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model, individuals reporting that their health is worse relative to previous year may be less likely, ceteris paribus, to get the vaccine, as the time horizon to enjoy the benefits of the vaccine is shorter. The expected effect for both interpretations of this variable (either physical limitation or shorter time horizon) goes in the same direction. Individual characteristics. Socioeconomic and demographic characteristics may be also important factors determining preventive behavior. Through all the analysis I consider marital status, gender, race, and education. Education is a particularly important factor since there is evidence that more educated individuals have a greater knowledge of health related issues, and then they may be more likely to pursue health preventive activities (Kenkel, 1991; Cutler and Lleras-Muney, 2006; Park and Kang, 2008; Parente et al., 2003). I also consider whether individuals have an additional source of health insurance coverage (public or private) that complements Medicare benefits or whether individuals have Medicare part A only and, as a consequence, free vaccination is not available.



3.2



Summary statistics



Table 2 presents summary statistics on a selection of relevant socioeconomic and health status variables for the full sample in the year 2001 and for subgroups classified according to their vaccination sequence during the period 2001-2004. There are 16 possible decision paths, but I restrict to five mutually exclusive cases: the subsample of individuals who get the vaccine each year of the sample period (column 3); individuals who skip the vaccine each year (column 2); individuals who experiment a single transition from vaccination to no vaccination (column 4), that is, sequences ’1000’, ’1100’ and ’1110’; individuals that experiment a single transition from no vaccination to vaccination (column 5), with sequences ’0001’, ’0011’ and ’0111’; and individuals that experiment multiple transitions (column 6). To asses if the different sequences of vaccination are explained by observed characteristics, columns (2) to (6) of Table 2 show summary statistics for the five subsamples classified according to the sequence of decisions. The differences across subsamples can be summarized as follows. Regarding the socioeconomic characteristics and comparing to the average, individuals that engage in prevention every year −column (3)− are older, better educated, and are more likely to be white, married and to have supplemental health insurance. On the contrary, individuals who never engage in prevention −column (2)− are more likely to be younger and less educated, and they are less likely to be married and to have a supplemental health insurance, than the average. Health differences are also well established between these two extreme groups: individuals pursuing prevention each year of the sample period have in general worse health than the average, while individuals who skip prevention are in better health than average. In fact, almost all 13



measures of health status at the beginning of the sample period are worse for the always takers than for the always takers. Individuals that present a single transition from vaccination to no vaccination −column (4)− are older, less educated and more likely to be in bad health than the average. Individuals in this group are more likely to have antecedents of heart attack and lung disease but less likely to have cancer. Individuals experiencing a single transition from no vaccination to vaccination −column (5)− are younger, more likely to have supplemental insurance, and less likely to report being in good health. Table 2: Descriptive Statistics, year 2001 Sequence of vaccination decisions 2001-2004



Full Sample (1)



Never have Vaccine (2)



Always have Vaccine (3)



Single transition from vacc. to non-vacc. (4)



Single transition from no vacc. to Vacc. (5)



Multiple Transitions (6)



74.63 0.57 0.87 0.69 0.55



73.49 0.53 0.85 0.63 0.51



75.38 0.56 0.91 0.72 0.58



75.55 0.64 0.62 0.57 0.42



73.23 0.57 0.80 0.66 0.54



73.56 0.63 0.74 0.62 0.49



0.03 0.92



0.04 0.87



0.02 0.93



0.06 0.89



0.04 0.96



0.04 0.87



Health Good Health Regular Health Bad Hypertension Heart Attack Angina Other Heart Problems Stroke Cancer Chronic Lung Disease Diabetes Arthritis Rheu Broken Hip Number of ADLS



0.48 0.32 0.20 0.53 0.12 0.09 0.27 0.09 0.16 0.11 0.17 0.08 0.02 0.47



0.55 0.29 0.16 0.44 0.10 0.07 0.19 0.08 0.13 0.07 0.12 0.07 0.04 0.43



0.48 0.32 0.19 0.56 0.13 0.11 0.30 0.09 0.17 0.12 0.17 0.08 0.01 0.44



0.43 0.28 0.28 0.49 0.21 0.08 0.23 0.08 0.09 0.17 0.17 0.06 0.04 0.83



0.43 0.34 0.23 0.53 0.10 0.06 0.27 0.12 0.15 0.09 0.19 0.12 0.04 0.59



0.43 0.34 0.23 0.54 0.15 0.05 0.24 0.11 0.19 0.12 0.20 0.08 0.03 0.50



N



1771



339 (19%)



1039 (59%)



53 (3%)



223 (13%)



117 (7%)



Individual Characteristics Age Female White Education Married Insurance coverage Medicare Part A Only Supplemental Insurance Health measures



The patterns that arise when comparing columns (2) and (3) of Table 2 are consistent with the determinants of prevention suggested by some of the the existing empirical literature: 1) Health seems to affect individual incentives to get the vaccine; 2) Socioeconomic variables −education, race, marital status, and supplemental insurance coverage− seem to play an important role on



14



individual behavior as well.



4



Empirical strategy



I estimate a reduced-form demand function of preventive care, dt , implied by equation (4), which indicates that the individual will pursue prevention if vt∗ − Cp (dt−1 , ht , wt ) + ut ≥ 0. Let subscript i denote individual observations and let’s assume that the cost associated to prevention is Cp,it = ςit − γdi,t−1 . The cost of prevention is assumed to depend on individual characteristics, captured in the term ςit . I make the simplifying assumption that the effect of previous experience, di,t−1 , affects all individuals in the same way and generates a reduction of prevention costs. The dynamic discrete choice equation for individual i in period t is then: ( dit =



1 if



∗ − ς + γd vit it i,t−1 + uit > 0



0 otherwise



(5)



∗ can be considered a latent variable representing the expected increment to The variable vit



gross future utility for individual i if he vaccinates in period t. To parameterize the reduced-form ∗ − ς follows a linear model in parameters:13 model, I assume vit it



∗ vit − ςit = xit β + ci ,



(6)



where xit is a vector of covariates, including individual characteristics, measures of health status, year, and geographical dummies, and ci captures individual unobserved characteristics that remain unchanged through time. Replacing (6) into (5) we obtain the following latent variable version of the demand for prevention:



d∗it = xi,t β + γdi,t−1 + vit



(7)



The lagged decision, di,t−1 , is a binary variable which takes value 1 if the individual was immunized in the previous year. In the dataset I observe the actual decisions, dit , therefore, the estimated model is the following:



dit = 1(d∗it > 0) = 1(xit β + γdi,t−1 + vit > 0) 13



(8)



Under this setting ς is the parameter associated with the current monetary and non-monetary costs of prevention.
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The error term vit has the following structure:



vit = ci + uit



(9)



uit ∼ iid N ormal(0, 1)



(10)



Although the errors uit are assumed serially independent, the composite error term, vit = ci + uit , will be correlated over time due to the individual-specific time invariant term, ci . The specific form of unobserved heterogeneity assumed, i.e., additive, individual-specific and time invariant, implies equi-correlation between the vit component in any two different periods:



ρ = Corr(vit , vis ) =



σc2 1 + σc2



t, s = 2, ..., T ; t 6= s



(11)



Notice that the cross-period correlation, ρ, also measures the proportion of the total unobserved variability due to unobserved individual heterogeneity. The variables xit are assumed strictly exogenous, once we condition on ci , and dynamics of decisions are assumed to be of first order, once xit and ci are conditioned on. Under these assumptions, the probability of vaccination conditional on the regressors and the unobserved individual effect is:



P (dit = 1|di,t−1 , ..., di0 , Xi , ci ) = P (dit = 1|di,t−1 , xit , ci ) = Φ(xit β + γdi,t−1 + ci ),



(12)



where Xi = (xi,t , xi,t−1 , ..., xi,0 ) and Φ is the standard normal cdf. The second equality follows from the normality assumption of the error term uit . Given the assumptions, we can write the joint density of the sequence of decisions between period 1 and T , di = (di1 , ..., diT ), given (Xi , di0 , ci ) as:



f (di |Xi , di0 , ci ; θ) =



=



T Y t=1 T Y



f (dit |di,t−1 , ..., di0 Xi , ci ; θ)



(13)



f (dit |di,t−1 , xit , ci ; θ)



(14)



Φ [(xit β + γdi,t−1 + ci )(2dit − 1)]



(15)



t=1



=



T Y t=1



The presence of a lagged dependent variable as a regressor together with unobserved heterogeneity raises what has been called the “initial conditions problem”, because the first observed 16



decision in the data for individual i, di0 , can be correlated with the unobserved component, ci , introducing endogeneity problems. Treating ci as parameters to be estimated, results in inconsistent estimates for β and γ as N → ∞ −the incidental parameters problem. To estimate the parameters θ = (β, γ), unobserved heterogeneity ci must be integrated out. I describe below two solutions proposed in the literature where the estimation of θ = (β, γ) is carried out by integrating the unobserved heterogeneity component ci .



4.1



Wooldridge approach



One of the solutions proposed to tackle the initial conditions problem in dynamic, nonlinear panel data models is the conditional maximum likelihood approach proposed by Wooldridge (2005). The procedure consists in finding a density for the sequence of observed choices from period 1 to T , di , conditional on the first observed choice, di0 , and all the exogenous variables in all periods, Xi . This can be done finding a density for ci conditional on di0 and Xi , say h(c|d0 , X; δ), where δ are the parameters of this density function. Assuming that h(c|d0 , X; δ) is the correctly specified density, then the joint density of the sequence of choices di , given (Xi , di0 ) is:



Z



∞



= −∞



(T Y



f (di |Xi , di0 ; θ, δ) = ) Φ [(xit β + γdi,t−1 + c)(2dit − 1)] h(c|di0 , Xi )dc



(16)



t=1



We can allow for correlation between the observed regressors and the unobserved individual effect. Following the specification of Mundlak (1978) and Chamberlain (1984), I parameterize the distribution of the unobserved effect as:



ci = ψ + λdi0 + x ¯i α + ai ,



(17)



ai ∼ N (0, σa2 ),



(18)



ai



(19)



independent of di0 and x ¯i ,



and x ¯i are the within individual mean (over time) of the time-varying regressors. Under these assumptions the conditional density of c is given by h(c|di0 , Xi ) ∼ N (ψ + λdi0 + x ¯i α, σa2 ) and characterized by the parameters δ = (ψ, λ, α, σa2 ). For this particular case, the joint distribution of di conditional on observable regressors in equation (16) is:
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Z



∞



(T Y



f (di |¯ xi , di0 ; θ, δ) = ) Φ [(xit β + γdi,t−1 + ψ + λdi0 + x ¯i α + ai )(2dit − 1)] g(a)da =



(20)



−∞



Z =



t=1 (T ∞ Y



)



Φ [(xit β + γdi,t−1 + ψ + λdi0 + x ¯i α + ai )(2dit − 1)]



−∞



t=1



1 a φ( )da σa σa



(21)



where φ is the standard normal distribution function.14 The density in equation (21) is the expression of the standard random effects probit model, where the set of regressors is now Wi = (xit , di,t−1 , di0 , x ¯i ), and can be estimated as a standard random effects probit model to obtain estimates for ψ, β, γ, λ, α and σa2 .15



4.2



Heckman approach



The approach to the initial conditions problem proposed by Heckman (1981) involves finding a distribution for the first observed choice, g(di0 |zi0 , ci ), where zi0 is a vector of exogenous instruments. The solution proposed is to specify a linearized approximation to the reduced form equation for the initial value of the latent variable in the following way:



d∗i0 = zi0 π + ηi



(22)



where zi0 is a vector of exogenous instruments, which includes pre-sample variables and also the exogenous variables in period 0, xi0 . The unobserved component ηi is assumed to be correlated with ci but not with uit . I assume the following specification:



ηi = ϑci + ui0 ,



(23)



where ci and ui0 are independent. If the initial condition, di0 , is correlated with the unobserved effect, ci , then ϑ 6= 0, a condition that can be tested. The error term ui0 satisfies the 14



Equation (21) uses the fact that since ai ∼ N (0, σa2 ) then



g(a) =



1 a2 1 √ exp(− 2 ) = 2σ σa σa 2π a







a σa



∼ N (0, 1). Then



(a/σa )2 1 √ exp(− ) 2 2π



15



 =



1 a φ( ) σa σa



This approach has the advantage that it can be estimated using standard software. In STATA, random effects probit models can be estimated using the xtprobit command.
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same distributional assumptions as uit for t = 1...T , that is ui0 ∼ N (0, 1). Plugging (23) into (22), the latent variable for the initial period becomes:



d∗i0 = zi0 π + ϑci + ui0



(24)



P (di0 = 1|zi0 , ci ) = Φ(zi0 π + ϑci )



(25)



Then,



The joint probability of the whole sequence of decisions for individual i, including the initial observation, (di0 , ..., dit ), given ci is:



Li



) Z ( T Y 1 c = Φ(zi0 π + ϑci ) × Φ [(xit β + γdi,t−1 + c)(2dit − 1)] φ( )dc σc σc



(26)



t=1



with ci ∼ N (0, σc2 ). Correlation between the unobserved effect, ci , and the regressors, Xi , is allowed using, for instance, the Chamberlain-Mundlak method.



4.3



16



Model selection



To assess the statistical fit for different specifications I use the maximized log likelihood. To enable comparison between the results from the Wooldridge and Heckman estimators, the log likelihood of the Wooldridge estimator based on t ≥ 1 is combined −added− with the log likelihood of a simple probit model estimator for vaccination decision t = 0 (Stewart, 2007).
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The Akaike and Bayesian information Criteria (AIC and BIC) are also reported. These measures capture the trade-off between the model fit −measured by the maximized log likelihood− and the principle of parsimony that favors a simple model. AIC and BIC are calculated as follows: AIC = −2 ln L + 2q,



BIC = −2 ln L + (ln M )q



(27)



where q represents the number of parameters in each specification and M denotes the number of observations. The difference between the two is that BIC penalizes more the model complexity. 16



The integral over c can be evaluated using Gaussian-Hermite quadrature. The program redprob (Stewart, 2006) in STATA provides a maximum likelihood estimation of equation (26). 17 The Heckman approach estimates simultaneously the probit model for vaccination decision in t = 0 and the dynamic model of decisions for t ≥ 1. See equation (26).



19



5



Results



In this section I present the results for a variety of probit specifications of vaccination models discussed in Section 4. Before showing the results for the dynamic models, I estimate static models that do not allow for state dependence, although some of the specifications allow for unobserved time-invariant heterogeneity. To the extent that observable differences can explain the observed serial persistence in vaccination decisions, very simple static models will be sufficient to explain the participation decision. The results of the static models will provide a benchmark to compare with previous literature that have mainly focused on static models and to assess the role of state dependence in vaccination decisions.



5.1



Static Models



Table 3 contains the results for models that focus on risk factors and socioeconomic and demographic characteristics as main determinants of flu vaccination. All specifications ignore possible dynamic effects of previous vaccination on current decisions. Column (1) presents the results of a simple pooled probit model that also ignores possible correlation between decisions in different periods due to time-invariant unobserved heterogeneity. The results indicate that vaccination propensity increases with age for individuals in good health (the baseline category), with a slowdown as age increases (the coefficient of the age squared is negative although not significant).18 Being in regular health or bad health increase the probability of vaccination for individuals aged 65. Results from the pooled probit also indicate that preexisting health conditions like cancer, heart disease, diabetes, and chronic lung diseases make individuals more likely to get the vaccine. Suffering respiratory diseases in the previous period increase the probability of current vaccination as well. Individuals may associate the occurrence of this health shock to a higher risk of getting the flu, which in turn increases their likelihood of vaccination, as is found in Ayyagari (2007) and Mullahy (1999). Other health shocks that occurred recently and that individuals may associate to an increase in their risk of complications in case they get the flu, like heart problems and stroke in the last period, do not seem to affect current decisions. Additionally, the results indicate that physical limitations impose a significant cost in pursuing prevention. Finally, according to this specification, married, white, and more educated individuals are more likely to get the vaccine. Females as well as individuals that have supplementary health insurance have also higher incentives to get the vaccine. Columns (2) and (3) present the results for random effects probit models that allow for a time-invariant unobserved component in the error term. The correlated random effects (CRE) 18



Age is normalized relative to the minimum aged observed in the sample, which is 65.
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Table 3: Static Probit Models of Vaccination Decisions. Pooled Probit (1) Demographic and Socioeconomic Characteristics Education 0.185*** (0.043) Female 0.108** (0.042) White 0.185*** (0.057) Married 0.231*** (0.043) Supplementary Health Insurance 0.259*** (0.065) Medicare A Only -0.025 (0.117) Risk factors: age and subjective health Age 0.090*** (0.033) 2 Age -0.004 (0.003) Health Regular 0.528*** (0.167) Health Bad 0.346* (0.204) Age× Regular -0.133** (0.053) Age2 × Regular 0.010** (0.004) Age× Bad 0.011 (0.089) Age 2 × Bad -0.005 (0.008) Risk factors: preexisting health conditions Cancer ini 0.089* (0.054) Heart Conditions ini 0.202*** (0.045) Diabetes ini 0.172*** (0.055) Chronic Lung Disease ini 0.168** (0.066) Stroke ini -0.019 (0.070) Arthritis Rheumatoid ini 0.104 (0.072) Risk factors: Health shock previous year Heart Disease last year -0.039 (0.062) Stroke last year 0.171 (0.150) Respiratory Disease last year 0.265*** (0.045) Physical limitations Broken hip last year -0.390* (0.232) Number ADLS -0.080*** (0.019) Health worse than last year -0.109** (0.054) N 5313 ρ (cross-period correlation) Log-likelihood -2891.6 AIC 5865.2 BIC 6134.9 Wald Statistics for H0 : CRE=0 (p-value)



Random Effects (2)



Correlated Random Effects (3)



0.758*** (0.237) 0.285 (0.225) 0.899*** (0.317) 0.572*** (0.200) 0.310 (0.244) -0.365 (0.453)



0.775*** (0.241) 0.340 (0.228) 0.885*** (0.318) 0.633*** (0.201) 0.262 (0.244) -0.181 (0.450)



0.261** (0.114) -0.009 (0.009) 0.865** (0.437) 0.721 (0.523) -0.134 (0.137) 0.007 (0.011) -0.079 (0.173) 0.002 (0.015)



0.349*** (0.123) -0.015 (0.010) 0.605 (0.463) 0.503 (0.558) -0.069 (0.145) 0.002 (0.012) -0.112 (0.185) 0.009 (0.016)



0.366 (0.291) 0.690*** (0.230) 0.600** (0.290) 0.744** (0.347) -0.236 (0.369) 0.386 (0.389)



0.390 (0.295) 0.669** (0.269) 0.524* (0.297) 0.468 (0.363) -0.095 (0.404) 0.395 (0.396)



-0.059 (0.145) 0.738** (0.352) 0.418*** (0.119)



-0.031 (0.151) 0.747** (0.364) 0.274** (0.127)



-1.599** (0.645) -0.087 (0.058) -0.381*** (0.130) 5313 0.926 -1937.1 3958.1 4234.4



-1.665** (0.702) -0.006 (0.067) -0.364*** (0.135) 5313 0.925 -1919.7 3951.4 4319.8 (0.003)



Note: This table reports the estimated coefficients of probit models. All specifications include year and regions dummies. Age is normalized to be 0 for individuals aged 65, the minimum age observed in the sample. Standard errors are in parenthesis. Pooled probit in column (1) pools all years and assumes iid errors across i and t. The CRE model in column (3) expresses ci as a linear function of the means of the 2 time-varying regressors. Specifically, ci = ψ + x ¯i α + ai , where ai ∼ N (0, σa ), x ¯i are the within individual mean of the time varying regressors, and ai is independent of x ¯i . The coefficients of the probit model in column 1 are not directly comparable with the RE probits in columns 2 and 3. To make comparisons, multiply the coefficients of the RE models by (1 − ρ)1/2 . In both RE specifications (1 − ρ)1/2 is approximately 0.27.
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probit model in column (3) allows for correlation between the explanatory variables and the unobserved heterogeneity following the Mundlak-Camberlain specification. We can see in the last row of column (3) of Table 3 that the null hypothesis, stating that the explanatory variables are not correlated with the unobserved time-invariant error term, is rejected. Hence, I will concentrate now in the results of column (3) and compare them with the model in column (1) that ignores this unobserved heterogeneity. The fit with the CRE probit model largely improves, according to both the AIC and BIC criterion. The model indicates that the estimated unobserved individual heterogeneity, captured by the parameter ρ in equation (11), is an important factor for vaccination decisions, accounting for 92.5 percentage of the variability of the error term. The magnitude of the effect of age and the health variables changes when unobserved heterogeneity is allowed. Is worth noting that the coefficients of the pooled probit in column (1) are not directly comparable to those of the random effects probit models in columns (2) and (3) because of the different normalizations of the variance of the error term (Arulampalam, 1998). To make them comparable, one should multiply the coefficients of the RE models by (1 − ρ)1/2 (0.27 for the CRE probit model of column (3)). Under the CRE specification in column (3), age is still an important factor determining vaccination of individuals with good health, and the magnitude of the effect is almost the same as in the pooled probit model (the coefficient of age is 0.95 after the adjustment versus 0.90 in the pooled probit). However, the effect of age for individuals in regular and bad health does not seem to be significantly different than for those with good health. The magnitude of the level effect of having regular health is reduced by more than 2/3 in the CRE model (0.165 after the adjustment versus 0.528 in pooled probit) as well as the level effect of being in bad health (0.137 versus 0.346). Heart disease and diabetes are the only preexisting conditions that significantly affect vaccination decisions when unobserved heterogeneity is introduced. Respiratory shocks and stroke in the last year also increase the probability of getting the vaccine. For all these variables, the magnitude of the effect is lower than in the pooled probit model. Reporting worse health relative to previous period and physical limitations (except for the number of ADLS) are still negatively correlated with the vaccination decision. More educated, white, and married individuals are more likely to pursue prevention, and the magnitude of the effects remains roughly the same than the pooled model.



5.2



Dynamic Models



Estimates of the dynamic random-effects probit models of the probability of vaccination using both Wooldridge and Heckman estimators are given in Table 4. The two models are also compared to a model that ignores the endogeneity of the initial vaccination decision. The three 22



specifications allow for correlation between the unobserved time-invariant error. Column (1) in Table 4 presents the results of the model specification that assumes that the initial condition is exogenous. State dependence takes a predominant role in explaining the time persistence of the vaccination decisions (the coefficient of the lagged dependent variable in absolute value is the largest of all regressors), while the estimated unobserved heterogeneity is irrelevant (ρ ≈ 0). This pattern changes substantially when the exogeneity assumption is relaxed. The Wooldridge and Heckman models in columns (2) and (3) account for the “initial condition problem” and in both cases the coefficient of the lagged dependent variable drops dramatically relative to column (1). At the same time, the proportion of the total variance explained by unobserved heterogeneity raises to 59% according to the Wooldridge approach and to 82% according to the Heckman model. The fit of the model also improves with the Wooldridge or Heckman approach. The results in Table 4 indicate that accounting for the endogeneity of the initial condition is important because the correlation between the first observed decision, di0 , and the unobserved component, ci , is statistically different from zero. In the Wooldridge approach, this correlation is captured by the coefficient associated with the dependent variable in period 0 −the parameter λ in equation (17). The estimated value of λ is 2.7, statistically different from zero and approximately 3 times higher than the estimated coefficient of the lagged dependent variable, γ. Under the Heckman specification, the correlation is captured by the parameter ϑ in equation (24). The results show that this parameter is approximately 1 and statistically different from zero. Ignoring this correlation I would have attributed a higher effect to state dependence in detriment of unobserved heterogeneity. According to either AIC and BIC we see that there are not significant differences in the fit to the data that the Wooldridge and the Heckman approaches provide. Both models differ in the estimated magnitude of some of the coefficients of the explanatory variables. Particularly, when the Heckman specification is used, some characteristics as more education, white, and married, have a higher impact on the probability of vaccination than under the Wooldridge specification. Also age and Diabetes have higher impact under the Heckman specification. 5.2.1



State dependence and individual unobserved heterogeneity



The dynamic models allow to disentangle two sources of persistence in vaccination decisions: persistence due to unobserved individual heterogeneity and persistence attributed to state dependence. The results from the Wooldridge and the Heckman approaches suggest that both sources are important. As mentioned before, the importance of the unobserved individual heterogeneity is captured 23



Table 4: Dynamic Probit Models of Vaccination Decisions. CRE-Initial Conditions Exogenous (1) Flu shot t-1 (γ) 2.430*** (0.052) Demographic and Socioeconomic Characteristics Education 0.102* (0.058) Female 0.015 (0.057) White 0.128* (0.072) Married 0.136** (0.057) Supplementary Health Insurance 0.247*** (0.087) Medicare A Only -0.104 (0.153) Risk factors: age and subjective health Age 0.005 (0.019) Age2 0.000 (0.001) Health Regular 0.555** (0.230) Health Bad 0.163 (0.313) Age × Regular -0.101** (0.041) Age2 × Regular 0.004** (0.002) Age × Bad -0.019 (0.057) 2 Age × Bad 0.001 (0.002) Risk factors: preexisting health conditions Cancer ini 0.080 (0.072) Heart Conditions ini 0.076 (0.067) Diabetes ini 0.097 (0.073) Chronic Lung Disease ini -0.063 (0.089) Stroke ini 0.070 (0.099) Arthritis Rheumatoid ini 0.191* (0.098) Risk factors: Health shock previous year Heart Disease last year -0.086 (0.107) Stroke last year 0.627** (0.264) Respiratory Disease last year 0.114 (0.087) Physical limitations Broken hip last year -1.269*** (0.406) Number ADLS 0.022 (0.047) Health worse than last year -0.285*** (0.095) N 7,084 ρ (cross-period correlation) 0.0000 Log-likelihood -2553.9 AIC 5287.84 BIC 5905.75 Wald Statistics for H0 : CRE=0 (p-value) 20.31 (0.0615) Flu shot ini (λ) ϑ (Correlation between ci and di0 )



Wooldridge Approach (2) 0.926*** (0.144)



Heckman Approach (3) 0.889*** (0.156)



0.196* (0.114) -0.046 (0.110) 0.219 (0.140) 0.244** (0.109) 0.381** (0.153) -0.130 (0.273)



0.402** (0.163) 0.185 (0.154) 0.638*** (0.223) 0.446*** (0.143) 0.389** (0.154) -0.226 (0.265)



-0.005 (0.037) 0.001 (0.001) 0.590** (0.288) 0.170 (0.382) -0.081 (0.052) 0.003 (0.002) 0.005 (0.071) 0.000 (0.003)



0.139*** (0.053) -0.003 (0.002) 0.652** (0.294) 0.239 (0.389) -0.097* (0.054) 0.003* (0.002) -0.013 (0.072) 0.001 (0.003)



0.234 (0.143) 0.071 (0.128) 0.173 (0.142) -0.267 (0.171) 0.110 (0.190) 0.424** (0.193)



0.221 (0.184) 0.289 (0.183) 0.347* (0.206) 0.177 (0.275) -0.130 (0.280) 0.349 (0.280)



-0.047 (0.136) 0.746** (0.333) 0.210* (0.112)



-0.046 (0.138) 0.770** (0.340) 0.207* (0.114)



-1.500*** (0.545) 0.003 (0.059) -0.338*** (0.120) 7,084 0.594 -2470.7 5123.45 5748.22



-1.531*** (0.565) 0.007 (0.061) -0.344*** (0.122) 7,084 0.822 -2466.7 5125.34 5784.44



2.748***(0.329) 1.041***(0.162)



Note: This table reports the estimated coefficients of probit models. All specifications include year and regions dummies. Age is normalized to be 0 for individuals aged 65, the minimum age observed in the sample. Standard errors are in parenthesis. All specifications allows for correlated random effects (CRE), with ci as a linear function of the means of the time-varying regressors. The log likelihood of the Wooldridge estimator based on t ≥ 1 is combined with the log likelihood of a simple probit model estimator for t = 0.



24



by the cross-period correlation coefficient, ρ. This coefficient measures the proportion of the total unexplained variation that is attributed to the unobserved individual effect. The first row of Table 5 compares the estimates of ρ obtained from static and dynamic models. Excluding the dynamic model in column (3) of Table 5 that considers the initial condition exogenous, we see that the inclusion of state dependence has important effects on the estimated unobserved heterogeneity, dropping from 0.92 in the static models, to 0.59 and 0.82 in the Wooldridge and Heckman dynamic estimators, respectively. Despite the difference between estimates of ρ in the Wooldridge and Heckman approach is about 20 percentage points, the results from both approaches coincide in that there is still a great proportion of the variability in individual decisions explained by unobserved heterogeneity and not captured by other observable characteristics included in the model. The effect of state dependence is measured by the coefficient of the lagged dependent variable, γ. The estimates of this coefficient are shown in the panel B of Table 5. All the estimates are positive and statistically significant. In order to assess the effect of the lagged dependent variable on the probability of vaccination, I calculate the partial effect of this variable averaged across all individuals (APEs). The APEs are reported in panel B of Table 5. Both models, Wooldridge and Heckman, produce almost the same estimate of the APE. Previous experience with the vaccine increases on average between 12 and 13 percentage points the probability of current vaccination. Table 5: State dependence and unobserved heterogeneity Static Models RE CRE Probit Probit (1) (2) A. Unobserved heterogeneity Cross-period correlation (ρ)



B. State dependence Coeff for Flu shott−1 (γ)



Dynamic Models CRE Probit Wooldridge (initial cond. exog.) Approach (3) (4)



Heckman Approach (5)



0.926 (0.008)



0.925 (0.008)



0.0000003



0.594



0.822



-



-



2.430 (0.052)



0.926 (0.144)



0.889 (0.156)



0.718



0.130 0.219 0.084



0.119



APE APE (given di0 = 0) APE (given di0 = 1)



Notes: Standard deviations in parenthesis. Under the Wooldridge specification, the average partial effect (APE) is estimated by the difference of the counterfactual outcome probabilities taking di,t−1 equal 1 and equal 0, respectively, and evaluating the observed regressors xit at the means, x ¯ (Wooldridge, 2002):



N



−1



N   X ˆa + γ ˆa + λ ˆ a di0 + x ˆa + ψ ˆa + λ ˆ a di0 + x (Φ(¯ xβ ˆa + ψ ¯i α ˆ a )) − Φ(¯ xβ ¯i α ˆa)



(28)



i=1 2 −1/2 2 ¯ γ ˆ λ, ˆ α where the average is with respect to (¯ xi , di0 ) and the subscript a denotes that the MLE β, ˆ , ψ, ˆ are multiplied by (1 + σ ˆa ) and σ ˆa 2 is the MLE of σa . Under Heckman specification the APE is calculated in the same way except that di0 is omitted.
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5.2.2



Risk factors: age and subjective health status



Table 6 reports the average probability of vaccination corresponding to different ages and health status. According to both approaches, vaccination propensities tend to increase with age, irrespective of health status (except for Regular Health in the Wooldridge approach). This pattern is more pronounce with the Heckman specification, also showing a slight slowdown at advanced ages. Additionally, the results indicate that the gap in vaccination rates between individuals in good and bad health increases with age. Table 6: Dynamic Models. Probability of vaccination conditional on health and age Age 65 70 A. Wooldridge Approach Good 0.736 0.736 Regular 0.813 0.771 Bad 0.760 0.763



75



80



85



90



0.742 0.750 0.771



0.753 0.754 0.785



0.770 0.782 0.804



0.792 0.830 0.827



Bad − Good



0.027



0.029



0.032



0.033



0.034



Approach 0.600 0.697 0.700 0.732 0.638 0.724



0.764 0.767 0.787



0.807 0.803 0.830



0.831 0.840 0.857



0.839 0.874 0.873



0.023



0.023



0.026



0.034



B. Heckman Good Regular Bad Bad − Good



0.023



0.038



0.027



Note: Probabilities are estimated evaluating all variables (except self-reported health and age, that are evaluated at the value indicated for each cell) at the mean. These probabilities are averages across individuals, and heterogeneity across individuals comes for the part of the unobserved heterogeneity that is correlated with the means of the time varying regressors and with di0 in the Wooldridge approach. The exact formula, following Wooldridge(2002), is:



N



−1



N X



healthj



ˆz,a + β ˆage × age + β ˆage2 × age2 + β ˆa (Φ(¯ zβ a a



agej



ˆa +β



× age × healthj



(29)



i=1 age2j



ˆa +β



2 ˆa + λ ˆ a di0 + x × age × healthj S + ψ ¯i α ˆa)



where z are all the variables, except age and self-reported health status, evaluated at the means (across t and i), healthj ∈ {Regular, Bad}. The average is with respect to (¯ xi ), the means of the time-varying explanatory variables, and the subscript a denotes that the MLE 2 −1/2 2 2 ¯ ψ, ˆ λ, ˆ andα β, ˆ are multiplied by (1 + σ ˆa ) and σ ˆa is the MLE of σa . Under Heckman specification the APE is calculated in the same way except for the fact that di0 is omitted.



5.2.3



Risk factors: Preexisting health conditions and health shocks



Results in columns (2) and (3) of Table 4 indicate that, once state dependence is introduced, there is in general a reduction of the effect of health conditions −which are related with higher risk of influenza-related complications− on the probability of vaccination relative to the CRE static model (column (3) of Table 3). However, individuals appear to be sensitive to the experience of recent health shocks. I find a positive and significantly different from zero effect of respiratory illnesses and stroke experienced during the period prior to influenza season, and the magnitude of these effects remains the same compared to the CRE static model. 26



5.2.4



Physical limitations



Results in columns (2) and (3) of Table 4 also show that there is a significant reduction on vaccination propensities if an individual suffered a broken hip in the previous period or if he reports to have experienced a negative health change since last year. Interpreting the reported change in health status as a proxy for expected longevity (Benitez-Silva and Ni, 2008) the results indicate that individuals experimenting a negative health change are less likely to get the vaccine next period because their planning horizon is shorter. 5.2.5



Demographic and Socioeconomic characteristics



The results suggest that socioeconomic characteristics play an important role in determining individuals’ preventive behavior in dynamic models as well. According to column (2) and (3) in Table 4, more educated, white, and married individuals are more likely to get annual flu immunization. However, the magnitude of the effects are lower than in the static models. Finally, individuals with supplementary health insurance coverage are more likely to engage in prevention. Individuals who have Medicaid part A alone and hence do not have free vaccination coverage, are less likely to get the vaccine, although the coefficients are not statistically different from zero.



6



Conclusion



In this paper I conduct an empirical analysis of the determinants of vaccination decisions and I contrast the results of my estimations with the predictions of a theoretical dynamic model of prevention decisions. The empirical regularity that shows that flu vaccination behavior is highly persistent over time, raises the question of how much of this persistent behavior is explained just by habit persistence or individual unobserved heterogeneity, and how much responds to individuals accounting for the costs and benefits of their vaccination decisions on the future evolution of their health. My results suggest that three factors, state dependence, unobserved heterogeneity, and health risks and other individual characteristics, generate persistence. The results also suggests that ignoring state dependence would result in an overestimation of the effects of health risks and of other individual characteristics (such as education, marital status, and race). I also show that the incentives to vaccinate increase with age and, conditional on age, they decrease with worse self-assessed health status. The implications of these results for public health policy purposes are, at least, twofold. First, the fact that individuals do internalize that certain health risks increases the benefit of vaccination, this channel can be exploited to increase even further vaccination take up. For 27



instance, public campaigns that alert that influenza-related complications are more acute for individuals with certain health conditions, will certainly increase vaccination coverage. Second, any public campaign that induces individuals to get the vaccine for the first time, will certainly have effects in subsequent periods, through the habit persistence channel.
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A



Influenza and Pneumonia: Hospitalization Data Table 7: US Hospital Discharges. Population 65 and older. Average 1997-2006. Diagnosis



Hospital stays



Charges per stay $a Mean ∆ % 97-06 65-84 85+ 65-84



85+



Total



(%)



Hosp. rate (per 10,000 hab)



12,921 21,890



0.10 0.17



3.61 6.12



9,579



9,698



38%



50%



Influenza (I)



Principal b Secondary c



Pneumonia (P)



Principal Secondary



737,013 1,337,522



5.67 10.29



207.1 375.2



15,541



14,075



75%



80%



Principal Secondary All hospitalizations



749,934 1,359,412 13,001,225



5.77 10.46 100



3,650.9



18,330



14,835



111%



108%



I+P



Notes:



a



Dollars 1997. b The principal diagnosis is the condition chiefly responsible for occasioning the admission to the hospital.



The principal diagnosis is always the reason for admission.c The diagnosis is either the principal diagnosis or an additional condition that coexist at the time of admission. Source: HCUPnet, Healthcare Cost and Utilization Project Agency for Healthcare Research and Quality, Rockville, MD. http://hcupnet.ahrq.gov.
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Numerical Example



In this section I present a numerical example of the model presented in Section 2, to describe some of its properties. I solve a simple version of a dynamic model of discrete choice and solve the model via dynamic programming. Further assumptions are required to obtain close form solutions to the model, and they are stated here. Let’s call Ωt the vector of state variables of individual i in period t and Γt the vector of the observed state variables − from the econometrician’s point of view − where Ωt = (ht , wt , dt−1 , t ) and Γt = (ht , wt , dt−1 ), where ht is health status, wt are individual characteristics (for simplicity I assume wt = aget ), and dt−1 is the vaccination decision in the previous period.19 H is the set of possible health levels. There are two possible health states, H = {hg , hb } and hg > hb . Utility. The utility function is a linear function given by:



( Ut (ht , dt ) = 19



ht + 0t ht − c1 + c2 dt−1 +



I eliminate the subscript i through all the section.
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if dt = 0 1t



if dt = 1



Individuals derive utility from their health level,ht . They also have to bear some costs, c1 , if they decide to pursue prevention, and c2 is the cost reduction gained due to past experience with the vaccine. The utility is also affected by idiosyncratic choice-specific preference shifters, jt , which are iid over time, and have a cumulative distribution G (t ). The idiosyncratic preference shifters are independent across alternatives and have an extreme value type 1 distribution. Health production. The probability of contracting the illness, S(dt ), depends on the prevention decision and S(dt = 1) < S(dt = 0). Once the health shock,st , is realized, I assume that the transition between health states only depends on the current health state. The transition probability from the health state l to health state m, conditional on the realization of the shock st is denoted πml (st ). The probability of being in health state hm conditional on current health state hl and current vaccination decision dt can be written as:



F (hm |hl , dt ) = S(dt ) × πml (st = 1) + (1 − S(dt )) × πml (st = 0),



for m and l ∈ {g, b}. (30)



Given previous assumptions, we can show that F (hg |hl , dt = 1) > F (hg |hl , dt = 0) for l ∈ {g, b}. Also, the following conditional independence condition also holds: F (ht+1 |ht , dt , t ) = F (ht+1 |ht , dt ). Determining values for S(0), S(1), πgg (0), πgg (1), πgb (0) and πgb (1) we have that the health transition probability function, F , is characterized by 4 values that indicate the probability of being in good health next period conditional on the two possible health states and the current decision. I further assume that πgb (0) − πgb (1) > πgg (0) − πgg (1), which implies that the net effect of vaccination over future health is greater for individuals currently in bad health, i.e., F (hg |hb , 1) − F (hg |hb , 0) > F (hg |hg , 1) − F (hg |hg , 0). Survival probability The probability that an individual will survive to the end of the period is denoted by psu (ht , wt , dt ). I assume that the survival probability is zero in period T . Solving the model. The solution to the model is obtained by backward induction. Two critical assumptions − the conditional independence assumption of the evolution of health states and the distributional assumptions imposed over the unobserved error terms (preference shifters) − allow to obtain a close form analytical solution of the model (Rust, 1994). In particular, the value function of individual i at period t, given the state variables Ωt can written as follows:
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Vt (Ωt ) = max{vt0 (Γt ) + 0t ; vt1 (Γt ) + 1t }



(31)



where vtj (Γt ) is the “choice specific value function” at period t and depends only on the observable state variables. For a given period t we have 2 × 2 × 2 choice specific value functions (dt ∈ {0, 1}, ht ∈ {hg , hb }, dt−1 ∈ {0, 1}). These choice specific value function have the following closed form:



vtj (Γt ) = u(ht , dj , dt−1 ) + βpsu (ht , aget , dj ) × n hP  io P j 1 k P (ht+1 |dj , ht ) for j ∈ {0, 1} ht+1 log k=0 exp vt+1 (Γt+1 )



(32)



An individual i at period t decides to pursue prevention if the following condition holds:



d∗t (Γt ) = 1



⇔



vt0 (Γt ) + 0t < vt1 (Γt ) + 1t



⇔ vt0 (Γt ) − vt1 (Γt ) < 1t − 0t Since ’s are random variables, the optimal decision rule can be expressed in probabilistic terms as:



 P rob (d∗t = 1|Γit ) = P rob vt0 (Γt ) − vt1 (Γt ) < 1t − 0t Z  = I vt0 (Γt ) − vt1 (Γt ) < 1t − 0t dG (t ) Given that {jt } are iid type 1 extreme value random variables, the multidimensional integrals in the definition of this conditional choice probability have a close form analytical expression. exp{vt1 (Γt )} P rob(dt = 1|Γt ; θ) = P1 j j=0 exp{vt (Γt )}



B.1



(33)



Example



• Health states: H = {hg , hb } = {1, 0} • Vaccination cost: c1 = 0.3, c2 = 0.2 • Health transition matrix: F(ht+1 |ht , dt = 0) =
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Pg,b0



1 − Pg,b0



Pg,g0 1 − Pg,g0



! =



0.65 0.35 0.9



0.10



!



F(ht+1 |ht , dt = 1) =



Pg,b1



!



1 − Pg,b1



=



Pg,g1 1 − Pg,g1



• Survival probabilities: Ps (ht , aget , dt ) =



0.8



0.2



!



0.95 0.05



1 1+exp{xt α}



Where xt α = α1 ht + α2 (1 − ht ) + α3 aget + α4 age2t + α5 dt + α6 dt (1 − ht ) α = (−2.5, −0.7, 0.12, 0.001, −0.1, −0.1)20 According to equation (33) the conditional probabilities of vaccination, given a health state h, age, and past experience, d−1 , are given in figure (2) Figure 2: Probabilities of vaccination implied by the model



Note: (B, d0)=(Bad Health, dt−1 = 0), (B, d1)=(Bad Health, dt−1 = 1), (G, d0)=(Good Health, dt−1 = 0), (G, d1)=(Good Health, dt−1 = 1).



20



Survival probabilities given good health: approximated to the US white female population survival probability profile for ages 65 to 100, period 1999-2001. Source US survival probabilities: National Vital Statistics U.S. Decennial Life Tables for 1999-2001, United States Life Tables. NVSR Volume 57, Number 1. 37 pp. (PHS) 2008-1120.
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B.1.1



Implications of the model



The implications derived from the model are the following. First, if previous experience with the vaccine reduces the current cost of prevention, then individuals that get the vaccine in one period are more likely to do it again in the following period, compare with those who do not get the vaccine. Second, the probability to get the vaccine increases with age, for a given health status, although there is a slowdown at the end of life. Third, only at advanced ages individuals with worse health status are more likely to get the vaccine relative to those in better health. The gap increases with age and then closes at the end of life.
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C



Variables



VARIABLE



DEFINITION



Flu shot t-1



1 if individual vaccinated last flu season, 0 otherwise



Education



1 if individual completed high school only, or have some college but not diploma, or have bachelor degree or postgraduate degree; 0 otherwise



Female



1 if female, 0 otherwise



White



1 if race white, 0 otherwise



Married



1 if individual is married, 0 otherwise ((widowed, single, divorced or separated))



Insurance



1 if individual have supplemental health insurance, 0 otherwise



Medicare A Only



1 if is only covered by Medicare Part A (not Part B), 0 otherwise



Age



Age in years



Cancer ini



1 if individual has reported having cancer by 2001 (the initial period) or before, 0 otherwise



Heart Disease ini



1 if individual has reported suffering heart disease by 2001 (the initial period) or before, 0 otherwise



Diabetes ini



1 if individual has reported having diabetes by 2001 (the initial period) or before, 0 otherwise



Chronic Lung Disease ini



1 if individual has reported having Chronic Lung Disease by 2001 (the initial period) or before, 0 otherwise



Stroke ini



1 if individual has reported having stroke by 2001 (the initial period) or before, 0 otherwise



Rheumatoid Arthritis ini



if individual has reported having rheumatoid arthritis by 2001 (the initial period) or before, 0 otherwise



Heart Disease, shock last yr



1 if individual that has heart disease experimented a new event related to the illness during the last year, 0 otherwise



Stroke, shock last yr



1 if individual that has stroke experimented a new event related to the illness during the last year, 0 otherwise



Respiratory Illness, shock last yr



1 if individual that has stroke experimented a new event related to the illness during the last year, 0 otherwise



Health change - worse



1 if self reported health compared to previous year is “worse” or “much worse”, 0 otherwise (“better”, “much better” or “almost the same”



Good Health



1 if self reported health compared to people of same age is “Excellent” or “Very Good”, 0 otherwise



Regular Health



1 if self reported health compared to people of same age is “Good”, 0 otherwise



Bad Health



1 if self reported health compared to people of same age is “Fair” or “Poor”, 0 otherwise



Regions



Dummy variables at the Census Region level: Middle Atlantic, East North Central, West North Central, South Atlantic, East South Central, West South Central, Mountain, Pacific, or Puerto Rico



Flu shot ini



1 if individual vaccinated in the initial year (2001), 0 otherwise
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