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SUMMARY Economists usually draw a distinction between smokers. They distinguish ‘happy addicts’ a` la Becker–Murphy from ‘unhappy addicts’ who state that smoking is a mistake and call for some help to quit. When evaluating tobacco control policies, it might be important to distinguish their effects on those two types of population. Indeed, such policies are welfare improving only if they help unhappy addicts to quit. We investigate the effect of the French workplace smoking ban on a sample of presumably ‘unhappy addicts’, smokers who consult tobacco cessation services. We show that the ban caused an increase in the demand for such services, and that this increase was larger in cold and rainy areas. It also induced an increase in the percentage of successful attempts to quit. Workplace smoking bans might be welfare improving since they seem to help ‘unhappy addicts’ to reconcile their behavior with their preferences. Copyright r 2011 John Wiley & Sons, Ltd. Received 6 October 2010; Revised 18 April 2011; Accepted 5 May 2011 KEY WORDS: JEL classiﬁcation:
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1. INTRODUCTION Workplace smoking bans are an increasingly popular tobacco control policy. Over the last decade, they have been implemented in several European countries, starting with the Netherlands and Ireland in 2004. In France, a ﬁrst partial ban had been passed in 1991. It prohibited smoking in collective areas in workplaces such as meeting rooms, and also compelled employers to set up speciﬁc areas where smoking was allowed. However, it was poorly enforced (Baudier and Are`nes, 1997). Therefore, a national level comprehensive workplace smoking ban was promulgated on 15 November 2006 and became effective in February 2007. It banned smoking from all areas in workplaces, and even prohibited the implementation of speciﬁc areas where smoking was allowed, unless they meet several restrictive criteria, such as having automatically closing doors. This time, the ban was much more enforced, as is to be seen in Table I. It indeed appears from a survey conducted by 148 occupational health doctors that 82% of their patients worked in a fully smoke-free environment after the ban became effective (and even 90% among those working in ofﬁces). There are two main arguments supporting such policies. The ﬁrst one is that they supposedly reduce the externalities that smokers impose on non-smokers by diminishing passive smoking. There is indeed extensive evidence that workplace smoking bans reduce exposure to environmental tobacco smoke among non-smoking employees (Callinan et al., 2010). However, Adda and Cornaglia have shown that *Correspondence to: Paris School of Economics, 48 boulevard Jourdan, 75 014 Paris, France. E-mail: [email protected]
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Table I. Percentage of employees who work in a smoke-free workplacea



January 2007 February 2007 March 2007 April 2007 May 2007 June 2007 N a



All patients



P-Value (T versus T1)



Ofﬁce work



P-Value (T versus T1)



Health sector



P-Value (T versus T1)



Other type of job



P-Value (T versus T1)



44.4% 73.0% 81.5% 80.8% 81.6% 81.7% 12 810



0.00 0.00 0.73 0.26 0.48



54.4% 78.6% 87.6% 87.7% 89.5% 89.6% 5432



0.00 0.00 0.48 0.13 0.46



46.2% 71.8% 84.1% 85.9% 87.1% 88.7% 1018



0.00 0.00 0.31 0.28 0.34



35.2% 67.0% 75.5% 73.4% 74.3% 73.6% 6199



0.00 0.00 0.87 0.33 0.63



Source: Occupational health doctors’ survey.



workplace smoking bans also result in an increase in smoking in private places such as houses, which leads to a surge in passive smoking among young children (Adda and Cornaglia, 2010). The second argument is that they may induce a drop in smoking prevalence. In 2002, a ﬁrst metaanalysis of 26 papers indeed found that workplace smoking bans reduce smoking prevalence by 3.8 percentage points (Fichtenberg and Glantz, 2002). However, all these 26 papers study the impact of smoking bans voluntarily implemented in some speciﬁc workplaces, but not in all, which we refer to as ‘voluntary bans’. Several studies are based on cross-sectional analyses which compare smoking rates in workplaces with different smoking policies (Evans et al., 1999). Others use longitudinal data and compare the rate of smokers among employees of one particular workplace before and after a ban (Stave and Jackson, 1991). But two phenomena raise endogeneity issues: feasibility of a local ban and endogenous job choice. First, simple political economy considerations suggest that voluntary bans are most likely to be passed in ﬁrms with the lowest proportion of smokers, which would weaken the relevance of cross-sectional comparisons. Second, assortative matching between ﬁrms and workers could entail a drop in smoking prevalence within a speciﬁc workplace following a voluntary ban, without implying any general population drop. Indeed, after a ban is enacted in a given ﬁrm, smokers might choose to leave this ﬁrm, and newly hired employees are more likely to be non-smokers. Therefore, longitudinal analysis of voluntary bans might be biased as well. In the case of a nationwide smoking ban that applies to all ﬁrms, which we refer to as ‘compulsory bans’, the assortative matching effect, as well as the political economy one, is absent. A second and more recent meta-analysis (Callinan et al., 2010) included 15 studies considering the impact of legislative bans on smoking and reported mixed evidence. Although nine studies found a small negative impact of the ban, six studies found no impact. Most of those studies were before-after studies. Few had a control group or controlled for pre-existing trends in smoking prevalence. Finally, in most of these studies the workplace ban took place at the same time than the ban in bars and restaurants, making it impossible to distinguish the effect speciﬁcally attributable to the workplace ban. Therefore, the question of whether workplace smoking bans reduce smoking is still an open empirical question on which better evidence is needed. Besides those identiﬁcation issues, the literature on this topic seems to have taken as granted that reducing smoking prevalence is per se a desirable policy goal, which is far from being obvious from economists’ point of view. Indeed, if all smokers were happy addicts a` la Becker Murphy (Becker et al., 1991), policies intended at diminishing prevalence through taxes or bans could actually decrease social welfare since they constrain smokers to depart from their optimal consumption plan. The theory of rational addiction has been extensively criticized as inconsistent with the fact that many smokers declare they regret to smoke. Orphanides and Zervos have taken a ﬁrst step to address these criticisms (Orphanides and Zervos, 1995). They introduce some uncertainty on the exact potential harm associated with consuming cigarettes in the rational addiction theory. In their model some smokers might regret their past consumption because they underestimated the risks they incurred. Therefore, some public policies such as information campaigns ﬁnd a justiﬁcation, since they allow Copyright r 2011 John Wiley & Sons, Ltd.
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decision makers to make better choices by improving public knowledge of the risks associated to the consumption of cigarettes. However, even in this theory, smokers never regret their current consumption, and consequently tobacco control policies which are aimed at inducing a change in current behavior cannot be welfare improving. Behavioral economists have taken one further step by introducing the idea that choices might not reﬂect preferences, and that some individuals make systematic mistakes. In this type of theory, there may be ‘unhappy addicts’, that is to say smokers who regret not only their past consumption but also their current consumption. They acknowledge that they would be better off not smoking but still cannot manage to quit (Bernheim and Rangel, 2007). In this world, tobacco control policies can be welfare improving, provided they help those unhappy addicts to reconcile their behavior with their preferences. The question of whether workplace smoking bans decrease overall smoking is highly relevant from a public health point of view. But from a social welfare perspective, it seems even more relevant to determine whether they decrease smoking among unhappy addicts. This raises the difﬁcult question of which smokers can be regarded as unhappy addicts. In 2000, 70% of American smokers claimed they wanted to quit (Trosclair et al., 2002). Such an inconsequential statement might not be enough to consider that they are unhappy with their current behavior and would truly prefer not to smoke. In this paper, we consider smokers who attend cessation services. Coming to a cessation clinic, they undertake a costly endeavor, by which they recognize that they have incomplete control of their consumption, and that they need some help in order to end their addiction. Moreover, they have been classiﬁed as ‘hard-core’ addicts in the medical literature since they smoke more than 20 cigarettes per day on average, and 37% of them suffer from tobacco-related diseases such as chronic obstructive pulmonary diseases or lung cancer (Le Faou et al., 2005, 2009). This may be sufﬁcient to regard them as truly unhappy addicts. This paper considers the impact of the French workplace smoking ban among smokers coming to French cessation services. It complements the existing literature on the two dimensions mentioned above. First, the French ban allows a more convincing identiﬁcation strategy than in most previous studies: it was a compulsory ban and contrary to what happened in most European countries, it did not take place at the same time than the ban in bars and restaurants, which allows using the non-working population1 as a natural control group. Moreover, the price of cigarette packs remained almost constant between 2004 and 2008 (a modest 6% increase happened in August 2007). Second, focusing on a sample of presumably unhappy addicts allows a better assessment of the welfare impacts of workplace bans. Our ﬁrst ﬁnding is that the French ban increased the number of patients consulting cessation services by 24%, and that this increase was higher in services located in cold and rainy areas. Our second ﬁnding is that it resulted in an increase in abstinence rate by 26%. The remainder of the paper in organized as follows. In Section 2, we analyze the impact of the ban on the number of new patients consulting those centers. In Section 3, we analyze its impact on the cessation rate. Section 4 concludes.



2. THE IMPACT OF THE BAN ON THE NUMBER OF NEW PATIENTS CONSULTING SMOKING CESSATION SERVICES 2.1. Data and methods 2.1.1. Data set. We use the data base of French cessation services participating in the ‘Consultation De´pendance Tabagique’ program (hereafter referred to as CDT). This program started in 2001 and led to the progressive implementation of smoking cessation services nationwide. This data set contains a large number of variables. During patients’ ﬁrst visit, smoking status is evaluated according to daily 1



We exclude children and students from the non-working population since smoking was banned from schools and universities in February 2007 as well.
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cigarettes smoked, Fagerstro¨m Test for Nicotine Dependence (Heatherton et al., 1991) and a measure of expired carbon monoxide (CO) which is a biomarker for tobacco use. At the end of this ﬁrst visit, treatments may be prescribed to patients (e.g. nicotine replacement therapies). Follow-up visits are offered during which patients are generally asked to self-report the number of cigarettes per day they currently smoke. Supplementary CO measures are also usually made during follow-up visits to evaluate tobacco abstinence. The data set contains other variables which are used as controls in some regressions, such as patients’ sex, age, employment status, highest degree, reason for coming to the cessation service, number of previous attempts to quit smoking, BMI, pregnancy status, coffee and alcohol consumption, and the presence of various tobacco-related diseases. It also includes their score in the Hospital Anxiety and Depression Scale (Zigmond and Snaith, 1983), a psychometric scale which assesses depressive and anxious disorders. The data have been described more extensively elsewhere (Le Faou et al., 2005; Le Faou et al., 2009).



2.1.2. Measuring the impact of the ban on the number of new patients consulting per month. We study the impact of the ban on the number of new patients consulting per month through a time series analysis. For this purpose, we must construct our data set. First, most French cessation centers are located in a hospital. Patients are either hospitalized and invited to quit smoking while in hospital, or not hospitalized and voluntarily come to seek counseling before making a cessation attempt (Le Faou et al., 2005). We exclude patients who consulted during a stay in hospital. Indeed, their cessation attempt was neither voluntary nor permanent so that we do not expect the workplace smoking ban to have any impact on them. Second, since its creation, the program expanded from 35 to 116 services. Therefore, we must select a sample of clinics that continuously participated in the program, so that ﬂuctuations in the number of new patients per month cannot be attributed to the opening or closing of centers. Our starting date is 2004: on that year most large centers contributing to the program had already joined. The end date is the last quarter of 2008 where data end. We include the 45 centers that recorded at least one patient per year into the database from 2004 to 2008. We are left with 27 180 non-hospitalized patients who consulted these 45 services from 2004 to 2008. Finally, since numbers of employed and not employed new patients consulting per month are not comparable in levels we normalize them to draw a comparison. The test group consists of smoking workers actually employed before and after the smoking ban. As to the control group, four options are available: retired, unemployed, inactive or all non-employed individuals. Let Xt be the number of new employed patients consulting cessation centers in month t and let X be the corresponding average from January 2004 to September 2006 and from October 2007 to December 2008 (we exclude the period around the smoking ban), which we use as a normalizer. Let Yt be the number of control patients consulting in month t and Y be the corresponding average. Our dependant variable is Zt ¼ ðXXt Þ  ðYYt Þ. It measures whether the departure from the ‘normal’ number of monthly visits observed in month t was the same for employed and not employed patients and is referred to as ‘differential attendance’. We deﬁne a ‘smoking ban’ dummy variable equal to 1 from October 2006 to September 2007 (that is to say during the period around the ban) and we estimate Zt ¼ a1b  1ban 1et



ð1Þ



with OLS. The estimated coefﬁcient b^ measures the increase in the number of monthly visits, expressed in percentage of ‘normal’ attendance attributable to the ban. We also run a second regression including a linear time trend along with the smoking ban dummy: Zt ¼ a1b  1ban 1l  t1et Copyright r 2011 John Wiley & Sons, Ltd.
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Employed VS not employed patients 2.0



.



1.0 0.0



Jan-2004



Jan-2005



Jan-2006 Employed



Jan-2007



Jan-2008



Not employed



Smoking ban



Difference between employed and not employed patients 0.6 0.3 0.0 -0.3 -0.6



Jan-2004



Jan-2005



Jan-2006



Jan-2007



Jan-2008



Figure 1. Number of patients visiting cessation services



2.2. Results Monthly normalized attendances of employed and non-employed patients are plotted in Figure 1, along with differential attendance. The discrepancies between these two curves are extremely small from January 2004 to September 2006. From October 2006 to September 2007, attendance by employed patients sharply peaks four times.2 In the meanwhile, attendance by not employed patients peaks as well but much more modestly. The two curves get close again in the end of 2007. In the regressions without a linear time trend displayed in Table II, three smoking ban dummy coefﬁcients out of four are signiﬁcant. In the ﬁrst column, we use all not employed patients as controls and the smoking ban coefﬁcient is 0.24, meaning that the ban increased by 24% the number of new employed patients consulting cessation centers from October 2006 to September 2007. The smoking ban dummy coefﬁcient is less signiﬁcant when retired patients are used as a control group (p-value 5 0.06). This is due to the fact that the number of retired patients consulting each month is a slightly more upward trended series than the number of employed, unemployed and inactive patients. This mirrors French labor market dynamics since the retired population in France increased by 2.6% from 2006 to 2007, whereas the number of unemployed (resp. inactive) decreased by 8% (resp. 3%), and the employed population grew by 2%. Indeed, when linear trends are included in the regression, the three coefﬁcients become signiﬁcant. As a robustness check, we generate ‘placebo smoking ban’ dummies, that is to say dummy variables equal to 1 during 12 consecutive months before October 2006 (for instance from January 2005 to December 2005). Since the starting point of the analysis is January 2004, we can generate 22 such dummies allowing for overlap. We run the same regression than the ﬁrst regression in Table II replacing



2



The fact that this rise in attendance started in the end of 2006 might suggest that some ﬁrms implemented bans between the moment the law was promulgated and the moment it became effective, or that some smoking workers anticipated the difﬁculties that the ban was going to cause them if they continued smoking.



Copyright r 2011 John Wiley & Sons, Ltd.



Health Econ. 20: 1043–1055 (2011) DOI: 10.1002/hec



1048



C. DE CHAISEMARTIN ET AL.



the true smoking ban dummy by these dummies. None of the placebo coefﬁcients is signiﬁcantly different from 0 at a 95% degree of conﬁdence. Finally, to conﬁrm that this surge in attendance by employed patients was indeed due to the ban, we compare the magnitude of this surge in clinics located in rainy and cold areas and in clinics located in sunnier and warmer areas. Simple cost-beneﬁt arguments suggest that the costs of the ban are higher for employed smokers who live in cold/rainy areas since they must leave their warm working places to go to smoke in the cold or under the rain. As is to be seen in Table III, in clinics located in areas where the number of rainy days in 2007 was higher than the corresponding average in the sample, attendance by employed patients was increased by 37.4% due to the ban versus only 10.6% in clinics located in areas where this number was below the average. The difference between these two coefﬁcients is highly signiﬁcant (p-value o0.01). Similarly, lower temperatures, lower number of sunshine hours and higher Table II. Effect of the ban on the number of new patients consulting cessation servicesa Employed versus not employed



P-Value



Employed versus retired



Models without a trend Smoking Ban Dummyb R-squared N



0.237 0.302 60



o0.001



0.124 0.052 60



Models with a linear trend Smoking Ban Dummyb R-squared N



0.266 0.364 60



o0.001



0.169 0.146 60



P-Value



0.06



0.02



Employed versus unemployed



P-Value



Employed versus inactive



P-Value



0.278 0.273 60



o0.001



0.279 0.200 60



o0.001



0.249 0.313 60



o0.001



0.366 0.359 60



o0.001



We use robust standard errors.  stands for ‘signiﬁcantly different from 0 at a 5% degree of conﬁdence’,  stands for ‘signiﬁcantly different from 0 at a 1% degree of conﬁdence’ and  stands for ‘signiﬁcantly different from 0 at a 0.1% degree of conﬁdence’. a Source: CDT database. b The smoking ban dummy is equal to 1 from October 2006 to September 2007.



Table III. Differential impact of the ban according to climatic conditionsa Impact of the ban on cessation attempts



P-Value



0.291 0.176



o0.001 o0.01 0.13



Clinics in a city with rainy days4averageb Clinics in a city with rainy daysoaverageb F-test of equality of the coefﬁcients



0.374 0.106



o0.001 0.07 o0.01



Clinics in a city with temperatures4averageb Clinics in a city with temperaturesoaverageb F-test of equality of the coefﬁcients



0.105 0.369



0.07 o0.001 o0.01



Clinics in a city with sunshine hours4averageb Clinics in a city with sunshine hoursoaverageb F-test of equality of the coefﬁcients



0.108 0.330



0.09 o0.001 0.04



b



Clinics in a city with rainfalls4average Clinics in a city with rainfallsoaverageb F-test of equality of the coefﬁcients



N



60



We use robust standard errors.  stands for ‘signiﬁcantly different from 0 at a 5% degree of conﬁdence’,  stands for ‘signiﬁcantly different from 0 at a 1% degree of conﬁdence’ and  stands for ‘signiﬁcantly different from 0 at a 0.1% degree of conﬁdence’. a Source: CDT data base. b We use national ofﬁce of meteorology data to split services into two groups according to whether they are located in a city with temperatures/rainfalls/rainy days/sunshine hours below or above the average in the sample. Copyright r 2011 John Wiley & Sons, Ltd.
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level of rainfalls are associated with higher increases in the number of patients consulting (even though this last difference is not signiﬁcant). There might be an alternative explanation for this differential surge in attendance according to climatic conditions. The rate of chest infections or chronic obstructive pulmonary diseases is higher in cold and rainy areas, so that smokers living in those areas might go more often to see their doctors, who could advice them to consult a cessation clinic. However, this would not explain why such a surge in attendance happened precisely at the time of the ban, and why this surge was higher for employed patients than for not employed. Moreover, only 17.1% of patients in our sample reported consulting a cessation service after having been referred by their GP. Finally, studies in health geography have found that GP’s were more densely concentrated in the south of France, i.e. in warm and dry areas (Rican et al., 1999).



3. THE IMPACT OF THE BAN ON THE RATE OF SUCCESSFUL QUITS 3.1. Deﬁnitions, outcome measure and sample selection 3.1.1. Deﬁning successful and unsuccessful quits. Our second objective is to measure the impact of the ban on the rate of successful quits by CDT patients. We base our assessment of patients’ smoking status on CO measures and self-reported measures of daily cigarettes smoked collected during follow-up visits. The rules we follow are based on recommendations from the medical literature (Hughes et al., 2003). We deﬁne a successful quitter as a patient for whom all measures collected during the ﬁrst year after his initial visit were negative. Regarding CO measures, all his expired CO measures should be below 9 parts per million (ppm). Regarding daily cigarettes smoked, he should always have self-reported that he smoked 0 cigarettes per day. However, because self-reported measures are less reliable than bio-markers of tobacco use to conﬁrm abstinence, we regard a patient as a successful quitter if abstinence is both self-reported and conﬁrmed by a CO measure below 9 ppm. This implies that patients who declare to be abstinent but for whom no follow-up CO measure is available are regarded as patients whose smoking status is unknown. We deﬁne unsuccessful quitters as patients for whom at least one measure collected during the ﬁrst year after their initial visit was negative, meaning that they have at least one CO measure strictly greater than 9 ppm or that they self-reported at least once smoking a strictly positive number of cigarettes per day. Patients for whom no measure of smoking abstinence or only positive self-reported measures were collected are excluded from the analysis since their smoking status is considered as unknown. 3.1.2. Outcome measures. Let us denote Y the cessation variable. Our outcome measure for successful quits is a difference in differences (DID) of cessation rates. Years 2006 and 2007 are periods 0 and 1, represented by a dummy variable T. Employed patients (E) are the treatment group. Our control group is made up of either retired, unemployed, inactive or all not employed patients.3 Under those notations, this DID can therefore be written as EðYjT ¼ 1; E ¼ 1Þ  EðYjT ¼ 0; E ¼ 1Þ  ½EðYjT ¼ 1; E ¼ 0Þ  EðYjT ¼ 0; E ¼ 0Þ



ð3Þ



It is estimated through the following OLS regression: Y ¼ a1b  T1d  G1l  T  G1e ^ where the coefﬁcient of interest is l. 3



ð4Þ



Even though we have several control groups, we do not build up a synthetic control group (Abadie et al., 2010) because it provides consistent estimates of the treatment effect only if data is available on many periods previous to the change in the regulation. In our case, we can compute cessation rates from 2004 onwards, that is to say only three years before the ban.
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We also estimate a similar regression with control variables: Y ¼ a1b  T1d  G1l  T  G1m  X1e



ð5Þ



where X is a vector of controls (the list of controls is to be found in the footnotes of regression tables). 3.1.3. Sample selection. Among the 12 469 patients attended in 2006 and 2007 by the 45 cessation centers under consideration in the previous section, 5383 (43.1%) never attended a follow-up visit. Adding patients whose CO was not measured during follow-up visits or who were not asked to report the number of daily cigarettes they smoked, and those who only had positive self-reported measures raises the number of patients whose smoking status is considered as unknown to 5773, i.e. 46.3% of the initial sample. This obviously raises attrition bias issues in our DID analysis. To mitigate this bias, we discard clinics with low follow-up rates and select 26 clinics for which smoking status is known for more than 50% of patients attended. Those 26 centers attended 8979 patients in 2006 and 2007, among which 5963 (66.4%) with known smoking status. We carry out our DID analysis on these 5963 patients. Results of the same DID analysis on the sample of 45 centers are extremely similar to the results presented below.4 3.2. Results 3.2.1. Descriptive statistics. Descriptive statistics on the sample on which we conduct our DID analysis are displayed in Table IV. It comprises 5963 patients among which 74.1% are employed. Those patients are middle-aged and educated. They are highly addicted since they smoke more than 21 cigarettes per day on average versus an average of 12 among French smokers (21 cigarettes corresponds to the 90th percentile of the distribution of daily cigarettes smoked among French smokers (Beck et al., 2007)). Fourteen percent of them suffer from chronic obstructive pulmonary disease. The last CO rate on which we base the assessment of their smoking status was measured on average 92.4 days after the ﬁrst visit. On average, three such measures are available per patient. From 2006 to 2007, employed patients’ characteristics did not signiﬁcantly evolve. The share of non-employed patients displaying depressive disorders signiﬁcantly decreased but their other characteristics did not signiﬁcantly change. 3.2.2. The impact of the smoking ban on the rate of successful quits. In Table V, we display 12 DID estimates (4 control groups  3 models) of the impact of the ban on the rate of successful quits. According to the ﬁrst regression, cessation rate increased by 7.5 percentage points more among employed than not employed patients from 2006 to 2007. When controls are added, this coefﬁcient hardly changes. When only retired patients are used as the control group the DID is still positive but no longer signiﬁcant, whereas it becomes even larger with unemployed or inactive as controls. Even though 66% of the initial sample of patients is included in this analysis, we still need to control for a potential attrition bias. We therefore run the same DID regressions including a ﬁrst stage equation for selection (Heckman, 1979). We choose patients’ cholesterol status as our instrument for selection. Indeed, it appears from a probit regression of selection status that patients with some cholesterol are more likely to come to follow-up visits (p-value 5 0.006), probably because they incur higher health risks from their tobacco consumption which incentivizes them to invest more time in their cessation attempt. However, in a probit regression of smoking status we ﬁnd that they are not more likely to quit (p-value 5 0.41). Our DID estimates hardly change in Heckman selection models. According to the model without controls where the whole non-working population is used as a control group, cessation rate among selected and employed patients would have been equal to 29.1% in 4



The details of this analysis are available upon request.



Copyright r 2011 John Wiley & Sons, Ltd.



Health Econ. 20: 1043–1055 (2011) DOI: 10.1002/hec



1051



WORKPLACE SMOKING BAN EFFECTS ON UNHAPPY SMOKERS



Table IV. CDT patients consulted in 2006 and 2007: descriptive statistics Employed



% Males Age % with no degree Daily cigarettes smoked FTNDa % with AHADbZ11 % with DHADcZ11 % with chronic obstructive pulmonary disease Days between 1st visit and last COd measure Number of COd measures available per patient % employed % retired % unemployed % inactive N



Not employed



Whole sample



2006



2007



P-Value



2006



2007



P-Value



44.8% 43.5 13.2% 21.3 5.9 40.1% 10.5% 13.6% 92.4 3.0 74.1% 8.3% 7.7% 9.9% 5963



42.6% 41.4 10.8% 20.9 5.7 38.7% 7.8% 10.7% 91.8 2.9 100% 0% 0% 0% 1996



45.0% 41.6 10.2% 20.5 5.7 36.8% 7.8% 10.6% 91.0 2.9 100% 0% 0% 0% 2421



0.12 0.50 0.54 0.19 0.72 0.20 0.96 0.91 0.77 0.98



49.2% 49.4 20.3% 23.3 6.3 46.6% 20.5% 22.2% 95.0 3.1 0% 32.9% 31.0% 36.0% 738



45.3% 48.7 22.0% 22.8 6.4 47.0% 16.5% 21.7% 95.6 3.1 0% 30.8% 28.7% 40.5% 808



0.13 0.27 0.41 0.37 0.15 0.87 0.04 0.79 0.89 0.79 0.37 0.32 0.07



a



FTND stands for Fagerstro¨m Test for Nicotine Dependence and is a measure of patients’ degree of addiction (see Heatherton et al., 1991). b AHAD is the anxiety scale in the Hospital Anxiety Depression (HAD) scale, scored from 0 to 21, which is used to identify individuals with anxio-depressive disorders, with a threshold score of 11 (see Zigmond and Snaith, 1983). c DHAD is the depression scale in the Hospital Anxiety Depression (HAD) scale, scored from 0 to 21, which is used to identify individuals with anxio-depressive disorders, with a threshold score of 11 (see Zigmond and Snaith, 1983). d CO stands for carbon monoxide which is a biomarker for tobacco use.



Table V. Effect of the ban on successful quits: DID on 2006 and 2007 cessation ratesa Without controls Employed versus not employed DID N



P-Value



With controlsb



0.075 5963



o0.01



0.069 5684 c



0.018 4909



0.68



0.009 4688 c



Employed versus unemployed DID N



0.122 4878



o0.01



Employed versus inactive DID N



0.081 5010



0.03



Employed versus retired DID N



P-Value 0.01



Selection and controls 0.070 8556



P-Value 0.01



0.83



0.032 6923



0.53



0.082 4665 c



0.04



0.086 7030



0.06



0.105 4783c



0.00



0.104 7191



0.01



We use robust standard errors.  stands for ‘signiﬁcantly different from 0 at a 5% degree of conﬁdence’,  stands for ‘signiﬁcantly different from 0 at a 1% degree of conﬁdence’ and  stands for ‘signiﬁcantly different from 0 at a 0.1% degree of conﬁdence’. a Source: CDT database. b Controls include sex, age, age squared, professional status of not employed patients, highest degree obtained, a categorical variable for the number of inhabitants of the city where the center is located, reason to attend the ﬁrst visit, delay since the last cigarette was smoked, daily cigarettes smoked, score in the FNDT, expired CO, number of previous attempts to quit and number of previous attempts to quit squared, BMI, pregnancy status, coffee and alcohol consumption, DHAD test Z11, AHAD test Z11, presence of various tobacco related diseases, treatment prescribed in the end of the ﬁrst visit, centers ﬁxed effects, moment when the last CO measure was made and total number of CO measures. c Sample size slightly diminishes when controls are included due to missing values. Copyright r 2011 John Wiley & Sons, Ltd.
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2007 without the ban. The estimated effect (7.5 percentage points) is therefore very large since it represents a 26% increase. 3.2.3. Robustness checks: common trend. Identiﬁcation of the average treatment effect on the treated through DID relies on a common trend assumption (see e.g. de Chaisemartin, 2011). Under Rubin’s notations of potential outcomes (Rubin, 1974), if Y(0) stands for an individual’s smoking status when smoking is not banned in his workplace, and if Y(1) is his smoking status when smoking is banned, then the common trend assumption can be rewritten as: EðYð0ÞjT ¼ 1; E ¼ 1Þ  EðYð0ÞjT ¼ 0; E ¼ 1Þ ¼ EðYð0ÞjT ¼ 1; E ¼ 0Þ  EðYð0ÞjT ¼ 0; E ¼ 0Þ
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which means that should there have been no smoking ban, cessation rate would have followed the same evolution from 2006 to 2007 among employed and not employed patients. To test this assumption, we display in Figure 2 the cessation rate among employed and not employed patients from 2004 to 2008. Previous to the ban and after it, trends in cessation rates were relatively similar in those two groups of patients, but from 2006 to 2007, the cessation rate among non-employed patients decreased, whereas it increased among employed patients. We also compute three placebo DID estimates along with the true DID in Table VI. None of the three placebo estimates is signiﬁcant at a 5% degree of conﬁdence and the lowest p-value is 0.32. Another interesting element is that the 2007–2008 DID is approximately equal to 0, implying that the impact of the ban on the rate of successful quits has been apparently long lasting since it did not disappear in 2008. Finally, the 2005–2006 DID is negative, meaning that previous to the ban the smoking cessation rate was diminishing more among employed patients than among not employed. We would therefore have obtained even larger estimates had we used a triple differences identiﬁcation strategy. Another standard way of testing the common trend assumption is to compute placebo DID on some of patients’ observable characteristics from 2006 to 2007. In Table VI we also display 11 such placebo DID. Only one is statistically signiﬁcant (p-value 5 0.03): the percentage of males increased by 6.2 points more among employed patients than among not employed from 2006 to 2007. Another one is almost statistically signiﬁcant (p-value 5 0.06). The other ones are not signiﬁcant.
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Employed



Figure 2. Abstinence rate per year Copyright r 2011 John Wiley & Sons, Ltd.
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Table VI. Robustness checks Common trend



2004–2005 2005–2006 2006–2007 2007–2008



DID



P-Value



N



0.028 0.030 0.075 0.000



0.44 0.32 o0.01 0.99



3746 4906 5963 5732



Placebo DID on observable characteristics DID % Males Age % with no degree Daily cigarettes smoked FTNDa % with AHADbZ11 % with DHADcZ11 % with chronic obstructive pulmonary disease Number of days between ﬁrst visit and last CO4 measure Number of COd measures available per patient % Selected



0.062 0.916 0.023 0.171 0.140 0.023 0.040 0.005 1.497 0.037 0.040



P-value 0.03 0.20 0.32 0.81 0.30 0.43 0.06 0.84 0.80 0.82 0.08



N 5963 5960 5963 5963 5963 5963 5963 5963 5963 5963 8979



We use robust standard errors.  stands for ‘signiﬁcantly different from 0 at a 5% degree of conﬁdence’,  stands for ‘signiﬁcantly different from 0 at a 1% degree of conﬁdence’ and  stands for ‘signiﬁcantly different from 0 at a 0.1% degree of conﬁdence’. a FTND stands for Fagerstro¨m Test for Nicotine Dependence and is a measure of patients’ degree of addiction (see Heatherton et al., 1991). b AHAD is the anxiety scale in the Hospital Anxiety Depression (HAD) scale, scored from 0 to 21, which is used to identify individuals with anxio-depressive disorders, with a threshold score of 11 (see Zigmond and Snaith, 1983). c DHAD is the depression scale in the Hospital Anxiety Depression (HAD) scale, scored from 0 to 21, which is used to identify individuals with anxio-depressive disorders, with a threshold score of 11 (see Zigmond and Snaith, 1983). d CO stands for carbon monoxide which is a biomarker for tobacco use.



4. CONCLUSION Analyzing the database of French cessation services, where heavy and presumably ‘unhappy’ addicts seek advice and treatment, we ﬁnd that the French compulsory smoking ban increased the number of new patients consulting those services by 24% over a year. This increase was larger in services located in cold and rainy areas, where it is more costly for working smokers to exit their company’s buildings to smoke outside. It also increased the rate of successful quits by 26%. Our analysis of the impact of the ban on cessation rate is still subject to several limitations. First, it is conducted on a sample made up of 66% of the initial sample so that it might be subject to attrition bias. Second, we have information on the outcome of patients’ cessation attempts only in the short run. For instance, the last CO measures we use to assess patients’ status were made an average of 92 days after their initial visit. Third, even though it might be due to the small size of our sample of retired patients, it is still puzzling that our DID is positive but not signiﬁcant when we use retirees as our control group. We suggest one potential mechanism through which workplace smoking bans might incentivize and help unhappy addicts to quit, even though we emphasize that this suggestion is somewhat exploratory since there is no obvious way to test it from the data. Arguably, one of the main consequences of workplace smoking bans is to reduce the amount of environmental cues faced by smokers attempting to quit while at work. As shown by Bernheim and Rangel in their model of cue-triggered mistakes (Bernheim and Rangel, 2004), such a drop should incentivize the heaviest and unhappiest addicts to Copyright r 2011 John Wiley & Sons, Ltd.
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make cessation attempts and should help them to quit, which is indeed what we observe in the case of the French ban. Workplace smoking bans do not seem to induce large drops in overall smoking prevalence (Callinan et al., 2010; Adda and Cornaglia, 2010; de Chaisemartin et al., 2010). But their total welfare effects are likely to be positive. They may entail some welfare losses for ‘happy addicts’, i.e. weakly addicted smokers who keep their smoking consumption under control. But they seem to help unhappy addicts to reconcile their behavior and their preferences, which is likely to entail large welfare gains for them.
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