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Abstract Crestor, an important but controversial cholesterol-lowering drug, is contraindicated for use by senior and Asian patients. In this paper, we exploit this fact and a unique doctor-level prescription and advertising exposure data for statin drugs to examine the hypothesis of informative advertising. Our tests are based on the intuition that, if advertising is informative, it should lead to fewer contraindicated matches: Doctors should prescribe the drug less frequently to patients with characteristics for which the drug is contraindicated. We ﬁnd strong evidence for the informative-advertising hypothesis: The match quality signaled by doctor-level advertising for contraindicated patients is signiﬁcantly inferior to that signaled for the other patients. Our results are robust to the potential endogeneity in doctor-level advertising.
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Introduction



Pharmaceutical companies spend tremendous resources to promote their drugs. Schweitzer (1997, pg. 46) states that, throughout the 1980s and early 1990s, promotional expenditures (advertising and marketing) in the pharmaceuticals industry exceeded $5 billion annually, which translates to roughly $8000 per physician in the United States. This rate of spending also outstrips research expenditures, by about $1 billion annually. ∗



We thank Michelle Goeree, Daniel Sgroi, and Juanjuan Zhang for extensive remarks on previous drafts.
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2 One reason that drug companies have such large promotional budgets is because the largest proportion of promotional activity takes the form of “detailing”: drug-company representatives’ expensive visits to doctors’ oﬃces and hospitals, with the representatives often asking for attention in exchange for free meals or medical textbooks. The huge promotional expenditures in pharmaceutical markets is a cause of concern, especially given the asymmetric information characterizing the drug prescription relationship between doctors and patients, and the potential for drug companies to sway doctors to prescribe drugs that may not be in patients’ best interests. In this paper, we explore the nature of these promotional oﬃce visits. In particular, we focus on advertising related to a particular cholesterol-lowering drug, Astra-Zeneca’s Crestor (active ingredient rosuvastatin), during a period closely following its introduction to the market. Crestor’s launch in late 2003 was accompanied by a huge marketing campaign. While this is typical for many new drugs, Crestor’s case is noteworthy because, apparently, its marketing push was deemed suﬃciently excessive, relative to Crestor’s perceived therapeutic beneﬁts, as to warrant a highly critical editorial in The Lancet, the ﬂagship British medical journal: AstraZeneca’s tactics in marketing its cholesterol-lowering drug, rosuvastatin, raise disturbing questions about how drugs enter clinical practice and what measures exist to protect patients from inadequately investigated medicines.1 Given the controversy surrounding the role of advertising for Crestor, and the policy concerns arising from the potential agency conﬂicts between doctors and patients, it is interesting to look for evidence of advertising’s beneﬁts vis-a-vis this drug. Our investigation exploits a unique dataset containing records of detailing visits and subsequent prescriptions of cholesterol-lowering statin drugs at the individual doctor level. This dataset, as well as medical features of the pharmaceutical prescription process, allow us to assess whether Crestor’s advertising plays a beneﬁcial role of providing information to doctors. Our analysis is based on the contraindications indicated for Crestor. The general intuition underlying the analysis is quite straightforward. Suppose that detailing provides doctors with the contraindication information. Then detailing should lead to fewer contraindicated matches, meaning that doctors should prescribe the drug less frequently to patients with characteristics that are contraindicated for the drug. For Crestor, senior patients and 1



From The Lancet (2003).



3 patients of Asian descent are speciﬁcally contraindicated. So, under the above assumption, an intuitive test is to see if doctors who are detailed prescribe Crestor less often to these two types of patients. Such tests are relatively easy to conduct. We ﬁnd strong evidence for the informativeness of detailing. Our tests strongly reject the null hypothesis of detailing being uninformative or purely persuasive. Our results are robust against the possibility of detailing being endogenous. Finally, as validity checks of our test strategy, we perform “placebo tests” on some non-contraindicated patient groups, including male patients for Crestor and senior and Asian patients for Pravachol and Lipitor (other drugs in the statin category). For these cases, we do not ﬁnd similar patterns in our analysis, conﬁrming the soundness of the basic idea underlying our tests. The rest of the paper is organized as follows. Section 2 surveys the literature on testing the informativeness of advertising. Section 3 presents our empirical model and our tests. Section 4 is a short description of the market for the statin class of cholesterol-lowering drugs and the patient types contraindicated for Crestor according to the Food and Drug Administration’s recommendations. It also introduces the data used in our analysis. Section 5 presents the estimation and test results. Section 6 concludes.



2



Literature



The advertising literature has drawn a distinction between the informative and persuasive eﬀects of advertising. Informative advertising informs consumers about the prices and characteristics of the available products, while persuasive advertising is modeled as advertising that simply raises their willingness-to-pay for the advertised product. Well-known theoretical treatments of persuasive advertising include Dixit and Norman’s (1978) provocative paper on the welfare eﬀects of advertising, while Butters (1977) and Grossman and Shapiro (1984) provide models of purely informative advertising. See Bagwell (2007) for a thorough survey of the literature. However, the signaling models of advertising (cf. Nelson (1974), Kihlstrom and Riordan (1984), Milgrom and Roberts (1986)) point out that, in vertically-diﬀerentiated (i.e., qualitydiﬀerentiated) product markets where consumers are ill-informed regarding the relative qualities of the competing products, the eﬀects of persuasive and informative advertising can be observationally equivalent. This is because in separating equilibria of these models, only high-quality ﬁrms undertake advertising, so that advertising is strictly informative



4 regarding quality diﬀerences between competing products. Therefore, if product quality enters consumers’ utility functions, advertising for a product informs consumers that it is high-quality, and thus raises their willingness-to-pay, just as in the case of persuasive advertising. This potential observational equivalence between persuasive and informative advertising makes it diﬃcult to empirically test between them. The existing empirical work has addressed this question in both reduced-form and structural fashion. One important example of the reduced-form approach is Ackerberg (2001), who overcomes the observational equivalence problem by focusing on a market for a new good (a new brand of yogurt). By investigating whether advertising has a larger eﬀect on consumers who have tried the new brand or on those who have not, he is able to distinguish between persuasive and informative advertising. Examples of the structural approach to this question include Erdem and Keane (1996), Ackerberg (2003) and Anand and Shachar (2011). Both of these papers model the eﬀect of advertising within a Bayesian-learning model, where consumers who are uninformed about the quality of a product learn about it through advertising. In this structural approach, the distinction between persuasive and informative advertising is modeled parametrically: Persuasive advertising enters consumers’ utility functions directly, while informative advertising provides a signal that allows consumers to updates their beliefs regarding product quality. While our approach is more reduced-form, the starting point of our analysis is closest to Anand and Shachar’s (2011) paper. Particularly, like them, and unlike Ackerberg (and the signaling literature), we focus on advertising’s role in horizontally-diﬀerentiated product markets, where the relative qualities of the competing products vary across consumers. In horizontally-diﬀerentiated markets, persuasive and informative advertising are no longer observationally equivalent: While persuasive advertising would still encourage higher usage across all consumers, informative advertising would encourage higher usage only for those consumers for which the advertised products is a good match. For consumers who are ill-matched to the product, strictly informative advertising should actually discourage use. Anand and Shachar (2011) use this insight to examine the role of advertising on television viewers’ choice of programs to watch, in the context of a structural model of TV program choice. Here, we use a similar intuition to assess whether advertising has informative eﬀects, by examining whether advertising increases or decreases doctors’ probabilities of prescribing Crestor to contraindicated patients relative to the other patients.



5 This paper also utilizes a unique dataset containing information of prescription and exposure to detailing at the individual doctor level. Particularly, the availability of doctor-level advertising exposure information distinguishes it from most other papers focusing on the pharmaceutical prescription process (Stern (1996), Ellison, Cockburn, Griliches, and Hausman (1997), Ching (2010), Coscelli and Shum (2004), Crawford and Shum (2005)). Narayanan and Manchanda (2009) utilize data from the same source, but on a diﬀerent drug market. Their focus is on estimating a Bayesian learning model with physician speciﬁc learning parameters to accommodate physicians’ heterogenous learning rates. Chintagunta, Jiang, and Jin (2009) incorporate adverse news events into their learning model of prescriptions in the Cox-2 Inhibitors market, but the role of advertising is not the main focus of their paper.
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Empirical Model and Tests



Our tests of the informativeness of advertising will be based on the relationship between advertising and contraindicated drug prescriptions. Although promotional activities take a variety of forms in the pharmaceutical industry (journal advertising, television commercials, company-sponsored conferences, etc.), we will, for convenience, use the generic term “advertising” in this paper in reference to the largest component of these promotional expenditures – those devoted to detailing, or visits of representatives from pharmaceutical ﬁrms to doctors’ oﬃces. We start by setting up a model to illustrate how informative advertising would be reﬂected in drug prescriptions. We consider the eﬀects of advertising within a simple Gaussian Bayesian learning model, based on Coscelli and Shum (2004). Suppose that Crestor is prescribed for M types of patients, indexed by i = 1, . . . , M . Type i patients obtain true utility of δi (i = 1, . . . , M ) from Crestor. Doctors do not observe δ1 , . . . , δM and only learn about it via detailing visits. On each detailing visit, a doctor receives a set of signals x1 , . . . , xM , speciﬁc to each patient type. We assume that doctors’ prior beliefs on δ1 , . . . , δM are normal distributions, and that advertising signals are random draws also from normal distributions. Let A1 and A0 respectively be the set of contraindicated and non-contraindicated patient types. Then it is reasonable to assume that δi << δj for all i ∈ A1 and j ∈ A0 . While doctors can observe the types of their patients, they may not know, in the absence of advertising, which patient types are contraindicated. We allow advertising signals to be either informative or persuasive: An informative advertising signal for patient type m is drawn from N (δm , σs2 ), while a persuasive advertising



6 ¯ σ 2 ), with δ¯ being a large positive number, and δ¯ >> δm , for all signal is drawn from N (δ, s 2 m = 1, . . . , M , and σs being the variance. That is, an informative signal is centered around the true utility δm , while the persuasive signal is centered around a mean that far exceeds the true utility – that is, persuasive advertising leads to advertising signals which exaggerate the true utilities. Given these assumptions, in each period t, a doctor’s belief about δm will also be summarized 2 , which vary by a normal distribution with a posterior mean µm,t and posterior variance σm,t over time. In particular, the sequence of posterior means regarding δm is characterized by µm,t = µm,t−1 + dt γt (xm,t − µm,t−1 )



(1)



2 σm,t 2 σm,t +σs2



where the gain coeﬃcient γt = , and dt is an binary variable that indicates whether the doctor is being detailed in period t. That is, the doctor’s expected value for δm in period t is equal to last period’s expected value, plus an updating term that depends on the deviation of this period’s advertising signal (if the doctor is detailed this period) from last period’s expected value. For the purpose of testing the hypothesis of informative detailing, we assume that there are only two patient types, M = 2, and that these are the contraindicated types and noncontraindicated types. Let subscript a denote the contraindicated patient type, na denote the non-contraindicated type, and At be an indicator variable for the period t patient being the contraindicated type. Let µt denote the period t posterior mean for a patient. For the simplicity of notation, we omit the subscript for doctor for now. Then we have µt = At µa,t + (1 − At ) µna,t = µna,t−1 + djt γt (xna,t − µna,t−1 ) + At (µa,t−1 − µna,t−1 ) +



(2)



At djt γt (xa,t − xna,t − (µa,t−1 − µna,t−1 )) where the second equality follows by substituting the expression in (1) for µa,t and µna,t . Note that xa,t and xna,t are the two signals sent during the same detailing visit about the Crestor’s match quality for the two types. We say that detailing is informative if xa,t < xna,t .2 That is, the Crestor detailing is regarded as informative if the match signal for the contraindicated type is inferior to that for the noncontraindicated type. Therefore, we can test whether detailing is informative by testing the null hypothesis of H0 : xa,t − xna,t ≥ 0 2



(3)



This deﬁnition of informativeness allows advertising to be persuasive, in the sense that both E[xat ] > δa and E[xna,t ] > δna . But as long as xat < xna,t , we consider detailing to be informative. In this framework, then, the informative and persuasive hypotheses are not mutually exclusive.



7 Now, suppose that the utility of prescribing Crestor to the period t patient can be measured by the following indirect utility function: U ∗ = h (Xt , µt ) + εt where Xt is a vector of patient characteristics, and εt is a scaler random shock that captures other unobserved factors aﬀecting the prescription behavior. The utility of not prescribing Crestor is normalized to zero. Then the physician will prescribe Crestor if and only if U ∗ exceeds zero. If we further assume that εt is a standard normal random variable, we would get the following probit model for the Crestor prescription probability: Pr (yt = 1) = Φ (h (Xt , µt )) Notice that the null hypothesis (3) is equivalent to γt (xa,t − xna,t − (µa,t−1 − µna,t−1 )) + γt (µa,t−1 − µna,t−1 ) ≥ 0 Then, after substituting in the expression in (2) for µt in the h (Xt , µt ), we get the following prescription probability model: Pr (yt = 1) = Φ (h (Xt , β0 + β1 dt + β2 At + β3 At dt ))



(4)



where β2 ≡ µa,t−1 − µna,t−1 , and β3 ≡ γt (xa,t − xna,t − (µa,t−1 − µna,t−1 )). In the estimation, we will assume that physicians are risk-neutral and that h (Xt , µt ) is a linear function of its arguments. After estimating model (4), we can test the informative detailing hypothesis by testing the null hypothesis of H0 : β3 + γt β2 ≥ 0



(5)



One problem with the test is that we do not know γt , and we do not have an estimate of it within the model. However, we know that γt lies between 0 and 1, so that by ﬁxing γt at each of its extreme values, we can consider least and most conservative tests of the null hypothesis (5). Speciﬁcally, given that physicians are either ignorant about the contraindication facts or they have some prior knowledge about the contraindication facts before a detailing visit, we would have µa,t−1 − µna,t−1 ≤ 0 and β2 estimated to be negative. In this case, the least conservative test for informative advertising, implying the largest type I error for any given value of γt , would be to test the null hypothesis of H0 : β3 + β2 ≥ 0.3 And the most 3



As our data cover a period soon after Crestor became available on the market, some medium values for γt may be reasonable.



8 conservative test for informative advertising would be to test against the null hypothesis of H0 : β3 ≥ 0. Given the possibility of prior knowledge, the least conservative test is a reasonable ﬁrst step for our analysis. If we fail to reject such a least conservative test and β3 + β2 turns out to be signiﬁcantly positive, it amounts to strong evidence for the persuasion hypothesis.4
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Crestor and the Statin Drug Market



In order to implement our test of persuasive vs. informative advertising using data on Crestor detailing and prescriptions, we need to identify contraindicated patient types for the drug. In this section, we ﬁrst brieﬂy describe the market for the statin class of cholesterollowering drugs (of which Crestor is a member), and then proceed to a more detailed discussion of the United States Food and Drug Administration’s (FDA) recommendations for Crestor, which we use to pin down patient types who are contraindicated for Crestor. Worldwide, the statin-class of cholesterol-lowering drugs constitutes the largest drug market, in terms of both sales and prescriptions. Statin drugs were introduced in the mid-1990s, and gained popularity quickly because they led to rapid and dramatic reductions of blood cholesterol levels in patients. Statins work mainly in the liver by inhibiting the enzyme HMG-CoA reductase, which triggers increased absorption of low-density lipoprotein (LDL, also known as “bad cholesterol”) from the bloodstream and eventual clearance through the kidneys. Besides Astra-Zeneca’s Crestor, which was introduced in September 2003, the two other major statin drugs during our sample period were: Pﬁzer’s Lipitor (atorvastatin), introduced in 1996, and Merck’s Zocor (simvastatin), introduced in 1991.5 Because all statin drugs impose some strain on the liver and kidneys, they are contraindicated for patients who have liver or kidney damage. However, because Crestor was the most powerful statin drug when it entered the market (and still is), there were some extra precautions for Crestor. In particular, the FDA label for Crestor, which appeared in its ﬁrst form on August 12, 2003, contained a warning regarding patients of Asian descent, who appeared in clinical studies to retain much higher levels of We focus on the case that β2 = µa,t−1 − µna,t−1 ≤ 0, which is the relevant case for our results. However, if β2 ≥ 0, the above least and most conservative tests would be reversed. 5 Zocor lost patent protection in 2006, and its active ingredient simvastatin is now available in generic versions. 4



9 drug concentration in their blood, relative to Caucasian users: Pharmacokinetic studies show an approximate 2-fold elevation in median exposure in Japanese subjects residing in Japan and in Chinese subjects residing in Singapore when compared with Caucasians residing in North America and Europe. No studies directly examining Asian ethnic population residing in the U.S. are available, so the contribution of environmental and genetic factors to the observed increase in rosuvastatin drug levels have not been determined. In the March 2, 2005 version of the FDA label, this precaution was strengthened, on the basis of studies on U.S. subjects: Pharmacokinetic studies, including one conducted in the US, have demonstrated an approximate 2-fold elevation in median exposure in Asian subjects when compared with the Caucasian control group. Furthermore, there is a another warning regarding prescribing Crestor to senior patients (over age 65), as these patients are more likely to develop myopathy (muscle pain and weakness), severe cases of which have resulted in death in patients taking Crestor: Rovustatin should be prescribed with caution in patients with disposing factors for myopathy, such as renal impairment, advanced age, and hypothyroidism. Based on the FDA labels, we deﬁne senior patients and patients of Asian descent as the contraindicated patient types for Crestor in this paper. (For convenience, we will refer to patients of Asian descent as simply “Asian patients.”) The warning regarding these patients is speciﬁc to Crestor and is not present for the other statin drugs. Though patients with myopathy are also warned about some other statin drugs, senior (“advanced-age”) patients are speciﬁcally warned only about Crestor. This is an important detail given that we observe only the prescription of statin drugs (and not non-statin cardiovascular drugs) in our data. If other statin drugs were also contraindicated for senior patients, how informative advertising would be reﬂected in Crestor prescription probabilities would be ambiguous.



10



4.1



Data



We use a panel dataset comprising prescriptions of statin drugs from a representative sample of U.S. physicians.6 The dataset is unique in that, for each physician, we observe a sample of prescriptions written between January 1 2004 and December 31 2004, as well as some characteristics of the patients. The observed patient characteristics allow us to identify the contraindicated patients. In addition, we also have a record of all the detailing visits made by pharmaceutical sales representatives during the same period. We construct our data by combining the prescription data and detailing data. Thus, each observation in our sample is a prescription for which we observe the patient’s characteristics, the prescription made by the physician and measures of detailing activity at the physician’s oﬃce. Table 1 shows the summary statistics of the variables included in the analysis. The ﬁrst set of variables used in the regression analysis includes a measure of detailing activities at the physician’s oﬃce. We use a dummy variable (detail id) to indicate whether a physician is detailed by Crestor in the week immediately preceding the prescription to measure Crestor’s advertising activity. From Table 2 we can see that about 94 percent of the cases have either 0 or 1 detail visit in the previous week, which seems a good balance for our application. A longer time-window would lead to more cases of multiple detailing visits within the timewindow, whereas a shorter time-window would miss more very-recent detailing visits. All of our analysis results are qualitatively robust to small changes in the deﬁnition of this dummy variable. We also measure the competitors’ advertising activities by using the total number of detailing visits by Crestor’s competitors in the same period. The average number of detailing visits are respectively 0.35 and 1.12, respectively for Crestor and its eight competitors in the previous week. The second set of variables we control for are a number of patient characteristics, including gender, diagnosis types, prescription types, payment methods (cash, indemnity and medicaid), and a dummy variable for the contraindicated patients (senior patients and Asian patients). About 53 percent of visits are made by male patients, and 44 percent are made by senior patients who are 65 and older. Asian patients account for 2.5 percent all the patient visits. 78 percent are considered to have moderate conditions, six percent severe conditions, and the rest mild conditions. 91 percent of the cases are from ongoing diagnosis. Patients diﬀer in their payment method as well: 51 percent are covered by HMO/PPO/POS; six 6



These data are obtained from a pharmaceutical consulting ﬁrm, which also provided a similar dataset to a marketing study by Narayanan and Manchanda (2009).



11 percent patients’ payment type is indemnity; while two percent and 39 percent of patients are covered by Medicaid and Medicare respectively.7
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Empirical Results



Before discussing the estimation and test results, let us ﬁrst look at some patterns from the raw data. Table 3 shows the prescriptions by drug and patient type. As expected, senior and Asian patients are less likely to be prescribed Crestor; senior patients are prescribed Crestor about 4.6-percent less frequently than other patients; Asian patients are prescribed Crestor 4.8-percent less frequently than non-Asian patients. These numbers indicate that, on average, doctors have to some extent become aware of the contraindication of Crestor for senior and Asian patients. The question, then, is whether detailing constitutes a source of such information. Furthermore, Table 4 shows the Crestor prescription probability by patient types and whether or not a doctor was detailed in the previous week. It shows that, overall, the prescription probability increases after detailing for all three groups of patients. This is consistent with the fact that detailing is, ﬁrst of all, a marketing tool. But, it also shows that the increase for senior and Asian patients is less than that for the other patients, which suggests that detailers might have revealed that Crestor is not as appropriate for these patients. Obviously these are raw ﬁgures, but the message seems clear. We next use a more formal apparatus to test the hypothesis of informative advertising, as described earlier.



5.1



Baseline Empirical Results



Table 5 shows the estimation results of the prescription probit model (4). The dependent variable is the indicator of Crestor prescription, conditional on one of the statin drugs being prescribed. The control variables omitted from the table to save space include gender, payment methods, indicator of new or ongoing diagnoses, indicator of new prescription or reﬁll and dummies of prescription month. The diﬀerence in the speciﬁcations of the two Probit models is that month dummies are included in the second speciﬁcation. The estimates of the two speciﬁcations are very close, indicating that our estimates are robust to adding additional controls of time. Our estimates are strikingly clear. First, the coeﬃcient 7



The dummy for Medicare is not included as a control variable because it is highly collinear with the senior patient indicator.



12 of the detailing indicator is signiﬁcantly positive, showing that detailing signiﬁcantly increases the prescription probability for patients for whom Crestor is not contraindicated. In addition, the overall eﬀect of detailing is signiﬁcantly positive for all patients, including the contraindicated patients. This is consistent with ﬁndings in the literature using similar data, and suggests that detailing is above all an eﬀective marketing tool. However, we are unable to conclude whether detailing has a persuasive nature, because we cannot infer whether the detailing signals exaggerate the true match qualities of Crestor – that is, whether E[xat ] > δa and E[xna,t ] > δna – because we observe neither δa nor δna . Furthermore, the coeﬃcient of contraindication indicator (CtrInd.) is signiﬁcantly negative, meaning that the contraindicated patients are indeed less likely to be prescribed Crestor. It suggests that, on average, physicians have some prior knowledge about the contraindication facts before being detailed. More interestingly, the coeﬃcient of the interaction term of “CtrInd*detail” is also signiﬁcantly negative, meaning that the prescription probability of Crestor for the contraindicated patients is decreasing relative to the other patients. This suggests that detailing does inform physicians that Crestor does not suit the contraindicated patients as well as it suits the other patients. Lastly, patients with moderate and severe symptoms are more likely to be prescribed Crestor, which is consistent with Crestor being stronger than its competitors. Given our empirical model, these point estimates imply that xa,t − xna,t < 0, which means that the detailing does signal that Crestor is an inferior match for the contraindicated patients. Formal statistical test results are presented in Table 6.8 Both tests, including the most conservative test, signiﬁcantly reject the null, with the most conservative test rejecting the null at slightly higher than 1% signiﬁcance level. This preliminary evidence suggests that detailing is, indeed, informative about the contraindication facts, as opposed to being a completely indiscriminate marketing tool. In what follows, we ﬁrst check the robustness of our results against the possibility of detailing being endogenous, and we then demonstrate the validity of our test by applying similar tests to other irrelevant patient types and drugs.



5.2



Endogenous Detailing



Detailing might be endogenous, for example, due to targeted marketing and omitted control variables. To further check the robustness of our results, we estimate again the prescription We denote, for example, the null hypothesis of the sum of the coeﬃcients of CtrInd and CtrInd ∗ Detail being greater than 0 by H0 : CtrInd + CtrInd ∗ Detail ≥ 0. 8



13 probability models for Crestor by using an instrumental variable method (“IV probit”). The instrumental variables (IV) we use are based on the total number of detailing visits to the same physicians by the representatives of the other statin drugs in the same week during the previous year 2003 (mostly before the introduction of Crestor). The instruments are motivated by cost-side considerations. The cost of detailing a physician is determined mainly by such factors as the physician’s geographical location and how hard it is to schedule detailing oﬃce visits with the physicians. The IV essentially works as a proxy variable for the physician-speciﬁc detailing cost at speciﬁc times. It could be correlated with Crestor detailing in 2004 as the cost of visiting a physician is correlated across brands and serially correlated across time. Meanwhile, after controlling for the variables in our data, factors aﬀecting the total detailing of the other brands in 2003 are unlikely to be correlated with the unobserved factors determining the prescription of Crestor in our 2004 model. This is especially true given that we are focusing on the prescription of Crestor, conditional on one of the statin drugs being prescribed.9 The ﬁrst-stage results for detailing, presented in the ﬁrst two columns of Table 7, shows that the ﬁrst stage is strong enough. The IV estimation results for the prescription probit model are presented in the last two columns of Table 7. The diﬀerence between the two speciﬁcations is whether the dummies for prescription month are controlled for. The sample is relatively smaller than the original sample because the detailing data for some physicians are not available for 2003. The IV estimation results are very similar to the estimation results without using IV. All the coeﬃcients here have the same signs as the simple probit estimates. The main diﬀerence is that the estimated coeﬃcients of “CtrInd” and “CtrInd*detail” have somewhat larger absolute value than the previous estimates, and the estimates with month dummies controlled for are statistically less signiﬁcant. The formal test results based on the IV estimation results in the last column of Table 7 are presented in Table 8. Both tests reject the null hypothesis again at the 5% signiﬁcance level. Therefore, our test results provide strong and robust evidence for the hypothesis that detailing has played a role in informing physicians. 9



One might argue that the competitors’ lagged total detailing should also be aﬀected by physicians’ prescription volumes, which are normally quite persistent. However, it is not clear why physicians’ prescription volumes would be related to such conditional choice decisions, controlling for the information we have in our data.
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5.3



Validity Checks: Evidence from “Placebo Tests”



The above tests of the informativeness of detailing are based on observable contraindicated groups of patients. The underlying argument is that if detailing were informative, we should be able to ﬁnd that it signals the inferior match quality of Crestor for the contraindicated patients. In this subsection, we use placebo tests to conﬁrm the validity of our basic test idea. In these placebo tests, we show that the observed pattern of the coeﬃcients in our baseline speciﬁcations disappears if we conduct the same tests on Crestor with patient groups that are not speciﬁcally contraindicated, or on other statin drugs that are not contraindicated for senior and Asian patients. First, we look at the prescription of Crestor to male patients, who, as a group are not specifically contraindicated for Crestor. The estimates of models, including dummy variables and interaction terms for male patients, are shown in Table 9. The ﬁrst and second columns are the estimates of the prescription probit model without and with instruments, respectively. The coeﬃcient of the male indicator is slightly negative in the simple probit model, but it is not signiﬁcant at any standard signiﬁcance level in the probit model estimated with instruments. More importantly, the interaction term of “Male*detail” is not signiﬁcant in either statistical or economic terms. These results are consistent with the fact that male patients are not contraindicated as a group. The formal results of the replicated tests based on the model estimated with and without instruments are shown in Table 10, where the ﬁrst two tests are based on the probit model estimated without using instruments. Though the ﬁrst least conservative test (test #1) rejects the null hypothesis at 5% level, the most conservative test cannot reject the null at any standard signiﬁcance level. None of the remaining tests based on probit model estimated with instruments can reject the null at any standard signiﬁcance level. Thus, overall, the test results show no evidence that detailing is signaling a diﬀerent match quality of Crestor for male and female patients. We further replicate our tests using the same prescription probability model for two other statin drugs: Pravochol and Lipitor. Pravachol was introduced in the U.S. market in late 1991, and Lipitor was launched in January 1997. As senior and Asian patients are speciﬁcally contraindicated only for Crestor among the statin drugs, we should not see the same pattern of prescription of other statin drugs. More speciﬁcally, we should not see that detailing lowers the probability of prescribing Pravachol and Lipitor to elderly and Asian patients relative to other patients.



15 Table 11 presents the estimation results for the prescription probit model for Pravachol and Lipitor. Columns (2) and (4) are the prescription models estimated with instruments. First of all, in the prescription models estimated with instruments, the coeﬃcients of the interaction term “CtrInd*detail” are close to zero and statistically insigniﬁcant for the case of Pravachol, and positive but statistically insigniﬁcant for the case of Lipitor. These estimates are quite diﬀerent from what we have seen for Crestor, consistent with our expectations. Second, the estimates show that patients for whom Crestor is contraindicated are more likely to be prescribed Pravochol but less likely to be prescribed Lipitor, which suggests that these other statin drugs do not match senior and Asian patients equally well. Furthermore, it is worth noting that, in the probit model of Lipitor (column (3)), the coeﬃcient of “CtrInd*detail” is signiﬁcantly negative, in contrast to being positive but insigniﬁcant when the model is estimated with instruments. As we pointed out above, the estimates of simple prescription Probit models can be biased, because detailing is often endogenous as a result of targeted marketing. Our estimates for Lipitor suggest that the detailing of Lipitor was targeted more at physicians who are less inclined to prescribe Lipitor to senior and Asian patients. Such targeted marketing seems quite reasonable, given that our estimates show that physicians are signiﬁcantly less likely to prescribe Lipitor to senior and Asian patients relative to other patients. Formal test results based on the IV Probit estimates are shown in Table 12. None of the test results is similar to our previous test results for Crestor. To summarize this section, ﬁrst, our test results presented strong evidence indicating that detailing actually is informative; second, the results are robust to the possibility of detailing being endogenous; last, the validity of our tests is supported by the results we found by conducting similar tests for other irrelevant cases.
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Conclusion



In this paper, we examined the potential beneﬁcial role of pharmaceutical detailing in informing the prescription process. As proﬁt-driven as detailing is, we ﬁnd some strong evidence showing that it is also informative of the negative features of the drug being promoted. This evidence is important for the debate over potential regulations on the pharmaceutical industry’s advertising activities. In the meantime, our ﬁndings also raise the question of why self-interested pharmaceutical



16 companies and sales representatives should actively reveal such negative information about their own drugs. Understanding the mechanism underlying such ”self-discipline” would further inform the controversy surrounding pharmaceutical advertising. However, answers to such questions are beyond the scope of the current paper, and we leave it for our future research.
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Appendix: Tables Table 1: Summary Statistics Variable Crestor Detail id Detail Detailcomp Male Age65 Asian CtrInd. Severe Moderate New prescription Ongoing diagnosis Hmoppopso Indemnity Medicare Medicaid



Description Indicator variable Indicator of Crestor detailing visits Number of Crestor detailing visits Total # of competitors’ detailing visits Indicator variable Indicator of senior patients Indicator of Asian patients Indicator of contraindicated patients Severe symptoms Moderate symptoms Indicator variable Indicator variable Indicatory of being covered by HMO/PPO/PSO Indicator of paying through indemnity Indicator of being covered by Medicare Indicator of being covered by Medicaid



Mean 0.111 0.296 0.348 1.123 0.532 0.442 0.025 0.457 0.060 0.784 0.164 0.910 0.509 0.056 0.394 0.024



Std. Dev. 0.314 0.456 0.624 1.481 0.499 0.497 0.157 0.498 0.238 0.412 0.371 0.285 0.500 0.229 0.489 0.154



Min 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0



Max 1 1 5 15 1 1 1 1 1 1 1 1 1 1 1 1
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Table 2: Number of Detailings detail 0 1 2 3 4 5 Total



Freq. 102,052 31,401 6,814 1,194 167 8 141,636



Percent 72.05 22.17 4.81 0.84 0.12 0.01 100



Table 3: Prescription to Contraindicated Patients and Other Patients Drugs



Frequency



Crestor Other Drugs



Percentage



Senior Patients 5,383 8.60 52,217 91.40



Frequency



Percentage



Asian Patients 307 8.36 3,365 91.64



Frequency



Percentage



Other Patients 10,377 13.20 68,213 86.80



Table 4: The Prescription of Crestor at Detailed and Non-detailed Doctors



Non-Detailed Detailed Diﬀerence



Senior Patients



Asian Patients



Other Patients



0.0788



0.0731



0.1194



(0.0013)



(0.0051)



(0.0014)



0.1033



0.1083



0.1620



(0.0022)



(0.0094)



(0.0024)



0.0245



0.0352



0.0426



Note: The standard errors of the prescription likelihoods are in the parenthesis.
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Table 5: Probit Models of Crestor Prescriptions Probit1 Coef.



Detail CtrInd CtrInd*detail Moderate Severe Indemnity Medicaid Cash Male Constant Month Dummies Obs.



Marginal Eﬀect



Probit2 Coef.



Marginal Eﬀect



.187



.033



.199



.035



(.012)∗∗∗



(.002)∗∗∗



(.013)∗∗∗



(.002)∗∗∗



-.185



-.031



-.185



-.031



(.012)∗∗∗



(.002)∗∗∗



(.012)∗∗∗



(.002)∗∗∗



-.042



-.007



-.043



-.007



(.02)∗∗



(.003)∗∗



(.02)∗∗



(.003)∗∗



.234



.036



.232



.036



(.014)∗∗∗



(.002)∗∗∗



(.014)∗∗∗



(.002)∗∗∗



.661



.157



.661



.156



(.02)∗∗∗



(.006)∗∗∗



(.02)∗∗∗



(.006)∗∗∗



.106



.019



.108



.019



(.019)∗∗∗



(.004)∗∗∗



(.019)∗∗∗



(.004)∗∗∗



-.109



-.017



-.109



-.017



(.031)∗∗∗



(.004)∗∗∗



(.031)∗∗∗



(.004)∗∗∗



.012



.002



.012



.002



(.041)



(.007)



(.041)



(.007)



-.051



-.009



-.05



-.008



(.009)∗∗∗



(.002)∗∗∗



(.009)∗∗∗



(.002)∗∗∗



-.736



-.900



(.024)∗∗∗



(.030)∗∗∗



No 144862



No 144862



Yes 144862



Yes 144862



Notes: 1. Standard errors in parentheses; * significant at 10%; ** significant at 5%; *** significant at 1%; 2. Extra Controls: prescription types and the dummy of new diagnosis.



Table 6: One-Sided Normal Tests Based on Probit Estimates Null Hypothesis #1 #2



H0: CtrInd.+CtrInd.*detail ≥ 0 H0: CtrInd.*detail ≥ 0



Test-Stat



p-value



-13.773 -2.16



1.85e-43 .015
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Table 7: Crestor Prescriptions to Contraindicated Patients: IV-Probit Estimates Detail CtrInd



CtrInddetail .249



-.132



-.135



(.004)



(.002)∗∗∗



(.034)∗∗∗



(.039)∗∗∗



CtrInd*detail



CtrInd*IvDetail Moderate Severe Indemnity Medicaid Cash Male Constant Month Dummies R-Squared Obs.



IV-Probit2



-.001



Detail



IvDetail



IV-Probit1



.057



.003



(.001)∗∗∗



(.0008)∗∗∗



-.001



.051



(.002)



(.001)∗∗∗



.5



.417



(.055)∗∗∗



(.07)∗∗∗



-.229



-.223



(.099)∗∗



(.119)∗



.007



.006



.212



.212



(.004)∗



(.003)∗∗



(.016)∗∗∗



(.017)∗∗∗



-.003



.003



.649



.651



(.007)



(.004)



(.023)∗∗∗



(.023)∗∗∗



.015



-.002



.107



.11



(.006)∗∗



(.004)



(.021)∗∗∗



(.021)∗∗∗



-.008



.002



-.113



-.114



(.009)



(.006)



(.036)∗∗∗



(.036)∗∗∗



.0008



.001



.033



.034



(.015)



(.01)



(.048)



(.05)



-.002



-.002



-.06



-.059



(.003)



(.002)



(.011)∗∗∗



(.011)∗∗∗



.500



.103



-.806



-.966



(.010)∗∗∗



(.006)∗∗∗



(.032)∗∗∗



(.044)∗∗∗



Yes 0.06 105501



Yes 0.2 105501



No



Yes



105501



105501



Notes: 1. Standard errors in parentheses; * significant at 10%; ** significant at 5%; *** significant at 1%; The same marks for significance levels also apply to the other tables in the following. 2. Extra Controls: prescription types and the dummy of new diagnosis.
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Table 8: One-Sided Normal Tests Based on IV Probit Estimates Null Hypothesis #1 #2



H0: CtrInd.+CtrInd.*detail ≥ 0 H0: CtrInd.*detail ≥ 0



Test-Stat



p-value



-4.375 -1.882



6.07e-06 .030



Table 9: The Prescription of Crestor to Male Patients: Placebo tests Probit Coef.



Detail Male Male*detail Moderate Severe Indemnity Medicaid Cash Constant Obs.



Marginal Eﬀect



IV Probit Coef.



Marginal Eﬀect



.187



.033



.347



.064



(.014)∗∗∗



(.002)∗∗∗



(.085)∗∗∗



(.014)∗∗∗



-.021



-.004



-.019



-.003



(.011)∗



(.002)∗



(.041)



(.006)



-.008



-.001



-.038



-.006



(.019)



(.003)



(.124)



(.016)



.235



.037



.216



.034



(.014)∗∗∗



(.002)∗∗∗



(.017)∗∗∗



(.002)∗∗∗



.674



.161



.665



.157



(.02)∗∗∗



(.006)∗∗∗



(.023)∗∗∗



(.007)∗∗∗



.186



.035



.192



.036



(.018)∗∗∗



(.018)∗∗∗



(.021)∗∗∗



(.004)∗∗∗



-.043



-.007



-.045



-.007



(.03)



(.005)



(.037)



(.006)



.085



.015



.108



.019



(.041)∗∗



(.008)∗∗



(.05)∗∗



(.010)∗∗



-0.990



-1.040



(.030)∗∗∗



(.042)∗∗∗



144862



144862



105501



105501



Notes: Extra Controls: prescription types and the dummies of new diagnosis and month.
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Table 10: One-Sided Normal Test Based on IV-Probit Estimates: Placebo tests



#1 #2 #3 #4



Null Hypothesis



Test-Stat



p-value



H0: male+male*detail ≥ 0



-1.821 -0.429 -0.654 -0.302



0.034 0.334 0.257 0.381



H0: male*detail ≥ 0 H0: male+male*detail ≥ 0 H0: male*detail ≥ 0



Table 11: The Prescription of Pravachol and Lipitor to Patients Contraindicated for Crestor: Placebo tests



Detail CtrInd CtrInd*detail Moderate Severe Idemnity Medicaid Cash Male Constant Obs.



Pravachol(Probit)



Pravachol(IV-Probit)



Lipitor(Probit)



Lipitor(IV-Probit)



.21



.743



.047



-1.231



(.017)∗∗∗



(.128)∗∗∗



(.011)∗∗∗



(.096)∗∗∗



.063



.058



-.105



-.176



(.01)∗∗∗



(.034)∗



(.008)∗∗∗



(.033)∗∗∗



-.021



-.036



-.061



.217



(.025)



(.209)



(.017)∗∗∗



(.15)



-.08



-.083



-.012



.0003



(.012)∗∗∗



(.014)∗∗∗



(.009)



(.012)



-.314



-.306



-.081



-.073



(.024)∗∗∗



(.028)∗∗∗



(.016)∗∗∗



(.02)∗∗∗



.016



.034



.015



-.0003



(.02)



(.023)



(.015)



(.018)



.074



.041



-.064



-.039



(.029)∗∗



(.035)



(.022)∗∗∗



(.028)



-.226



-.301



.071



.098



(.056)∗∗∗



(.071)∗∗∗



(.034)∗∗



(.044)∗∗



-.074



-.075



.016



.019



(.009)∗∗∗



(.011)∗∗∗



(.007)∗∗



(.008)∗∗



-1.494



-1.721



-.123



.464



(.036)∗∗∗



(.056)∗∗∗



(.024)∗∗



(.044)∗∗



144848



105494



144843



105488



Notes: Extra Controls: prescription types and the dummies of new diagnosis and month.
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Table 12: One-Sided Normal Test Based on IV-Probit Estimates: Placebo Tests



#1 #2 #3 #4



Null Hypothesis



Test-Stat



p-value



H0: CtrInd+CtrInd*detail ≥ 0



0.130 -0.172 -0.344 1.446



0.550 0.431 0.635 0.926



H0: CtrInd*detail ≥ 0 H0: CtrInd+CtrInd*detail ≥ 0 H0: CtrInd*detail ≥ 0
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