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Abstract
We explore how and to what extent prescription drug insurance expansions affects incentives for
pharmaceutical advertising. When insurance expansions make markets more profitable, firms
respond by boosting advertising. Theory suggests this effect will be magnified in the least
competitive drug classes, where firms internalize a larger share of the benefits from advertising.
Empirically, we find that the implementation of Part D coincides with a 14% to 19% increase in
total advertising expenditures. This effect is indeed concentrated in the least competitive drug
classes. The additional advertising raised utilization among non-elderly patients outside the Part D
program by about 3.6%. This is roughly half of the direct utilization effect of Part D on elderly
beneficiaries. The results suggest the presence of considerable spillover effects from publicly
subsidized prescription drug insurance on the utilization and welfare of consumers outside the
program.
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Introduction
The Medicare Modernization Act (MMA) implemented in 2006 represented one of the most
far-reaching reforms to the Medicare program since its inception. A key component of the
legislation was the implementation of Medicare Part D, which provided subsidies to millions
of Medicare beneficiaries for the purchase of privately provided prescription drug insurance.
A wealth of previous research demonstrated that Part D improved access to prescription
drug insurance coverage, lowered out-of-pocket prices, reduced deadweight loss, and
expanded the utilization of drugs among Medicare beneficiaries (Lichtenberg and Sun 2007;
Duggan and Scott Morton 2008; Ketcham and Simon 2008; Yin, Basu et al. 2008;
Lakdawalla and Sood 2009).

Yet, one of the unique and relatively under-studied aspects of Part D is its effect on the
behavior of private firms. Part D significantly altered the landscape of the pharmaceutical
market and may have dramatically altered the incentives faced by pharmaceutical
companies. The behavioral responses of these large and powerful firms may have had a
variety of unintended consequences that extended, multiplied, or mitigated the intended
effects of the legislation. Moreover, the relationship between Part D and pharmaceutical
firm behavior creates a channel through which the program might have significantly affected
the well-being of patients outside the Medicare program entirely.
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Pharmaceutical advertising provides an important and instructive example.1 Pharmaceutical
firms spend roughly one-fifth of their revenue on marketing their products. Presumably,
these large investments are made with an eye towards influencing consumer and physician
choices. If Part D changed the incentives governing this process, the effects on the
prescription drug market might have been quite significant. Moreover, since advertising –
unlike insurance – cannot be precisely targeted to Medicare participants alone, these
consequences might have spilled over onto prescription drug prices and utilization among
non-Part D beneficiaries. The result may have been unintended benefits or costs for
consumers that are entirely unconnected to the Medicare program.

In this study, we investigate whether and how prescription drug insurance theoretically
affects firms’ incentives to advertise, and we quantify the empirical implications of these
findings. There is a substantial theoretical literature on advertising in imperfectly
competitive product markets. Our stylized model of oligopoly advertising by branded
pharmaceutical firms summarizes three salient predictions from this long line of research:

• More profitable markets draw more advertising. More profitable markets generate
greater returns to capturing new consumers, and in turn stimulate more intense
advertising effort.

• Markets with more competitors draw less advertising. The presence of more
competitors lowers an individual firm’s private gain from expanding the size of the
entire market, and also may create stiffer resistance for individual firms trying to
gain market share in a more crowded marketplace.

• Greater competition mutes the effect of profitability on advertising. In more
competitive markets, each individual firm captures a smaller slice of a given gain in
profits. The effect of a fixed change in total profitability is thus dampened.

Applying these results to the problem of insurance expansion, we conclude that greater
insurance provision boosts advertising if insured consumers are more profitable than
uninsured consumers. Since earlier research suggests that Part D increased the profitability
of prescription drug provision (Friedman 2009), one might then hypothesize that Part D
intensified advertising effort. Moreover, the theoretical literature suggests this effect would
have been largest in the least competitive drug classes.

Our empirical analysis confirms and quantifies these predicted relationships. We find that
the implementation of Part D generates a 14% to 19% increase in total advertising
expenditures. Consistent with economic theory, this effect is concentrated in the least
competitive drug classes. This additional advertising boosted overall prescription drug
utilization by 3.6% among non-elderly patients not covered by Part D. By way of
comparison, the direct impact of the Part D program was to boost utilization by 6–12%
among the elderly Medicare beneficiaries (Lichtenberg and Sun 2007; Yin, Basu et al. 2008;
Duggan and Scott Morton 2010).

We use a unique database containing detailed advertising data for the top 1000
pharmaceutical products sold in the US in 2005. The identification strategy relies on the
premise that Part D has the biggest impact on incentives to advertise drugs that display the
most use by elderly patients. However, that we focus on how advertising investments affects
utilization by non-Medicare consumers. These represent spillover effects of Part D outside
the population of Part D-eligibles.

1We use the term advertising to refer to all promotion and marketing activities, not just advertisements in popular media.
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Several papers have studied the effects of advertising on the prescription drug market.
Earlier research has shown that advertising primarily increases drug utilization rather than
prices (Berndt, Bui et al. 1995; Hurwitz and Caves 2002; Rosenthal, Berndt et al. 2003;
Donohue, Berndt et al. 2004; Iizuka and Jin 2005; Bradford, Kleit et al. 2006),2 although
some have found that advertising lowers price elasticity of demand and product
differentiation (Rizzo 1999; King 2002). Related studies have also focused on the
differences between direct-to-consumer (DTC) advertising and direct-to-physician (DTP)
advertising. As their names imply, DTC targets patients, and DTP targets physicians. DTC
has been shown to increase total demand for a drug class, without substantially altering
relative market shares of drugs within a class (Ling, Berndt et al. 2003; Rosenthal, Berndt et
al. 2003; Donohue, Berndt et al. 2004; Iizuka and Jin 2005). Some have suggested, however,
that this mechanism works entirely through increases in patient adherence, rather than the
initiation of new prescriptions (Calfee, Winston et al. 2002). There is also evidence that the
demand effects of DTC are magnified by the presence of generous insurance coverage
(Wosinska 2002). On the other hand, advertising to physicians has a significant effect on
drug choice within a class (Azoulay 2002; Iizuka and Jin 2005).

Our study brings together and complements the existing literatures on prescription drug
advertising and on Medicare Part D. We focus on how prescription drug insurance affects
the incentives of firms to advertise, and how this creates a mechanism for utilization
spillovers outside public prescription drug insurance programs. We identify and quantify
these spillover effects, which appear large enough to warrant consideration by policymakers.

Theoretical Framework
Advertising has a dual nature. “Cooperative” advertising grows the entire market for a firm
and its competitors. “Predatory” advertising steals share from competitors, but keeps the
total size of the market fixed. This insight goes back at least as far as Alfred Marshall
(1923), and has been developed in a long and distinguished line of research over the
subsequent decades (cf, Scherer 1970; Schmalensee 1976; Friedman 1983; Slade 1995; Piga
1998; Depken and Snow 2008).

It has also been noted previously that the private incentives for “cooperative” advertising
become weaker as the number of firms in a marketplace grows – see, for example, Scherer’s
(1970, p. 334) discussion in his influential textbook on industrial organization. However, as
Scherer also notes, the empirical question of whether and how the number of firms affects
advertising effort depends on the extent to which advertising is cooperative or predatory.

We develop a simple and stylized model to illustrate and summarize the implications of
these two widely understood aspects of advertising. We base our approach on a sequence of
models that trace back at least to Schmalensee (1976). A key feature of the Schmalensee
model, mimicked by a number of later authors, is the focus on promotional competition
only, and a deliberate decision to abstract from price competition. As Schmalensee writes:

It is a generally accepted ‘stylized fact’ of industrial organization that price
competition is relatively rare in…markets [with few sellers and differentiated
products]. Prices generally change infrequently, and sellers compete, if at all,
mainly through product variation and promotional expenditures. (p. 493)

This assumption is maintained and developed further in a variety of later papers (cf, Slade
1995; Depken and Snow 2008). It is also consistent with the existing empirical literature

2A recent exception to this literature is Dave and Saffer (2012), who find that direct-to-consumer advertising gives a significant boost
to price.
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cited above, namely that pharmaceutical promotion is associated with greater utilization but
not greater prices.

Borrowing from Schmalensee and successors, our stylized model regards price as being set
independently of advertising decisions. While this is a widely used assumption, it is worth
noting that its failure has relatively little impact on the simple conclusions that have been
drawn in the literature about market size, competition, and the returns to advertising.

To illustrate the findings of the earlier theoretical literature, we follow in particular the form
of the model developed recently by Depken and Snow (2008), and include a very simple
extension to allow for two, distinct and isolated market segments – uninsured and insured
customers.

Consider the production and sale of goods in a pharmaceutical class with N on-patent
products, produced and marketed by N oligopolistic firms that compete with each other. Let

Ai and pi denote the advertising and price decisions of firm i.  denotes the total

advertising by all of firm i’s competitors, and  is the vector of prices for all firm i’s
competitors. The marginal cost of production is δ. The total quantity of drugs sold in the

class is , the market share in terms of quantity of firm i is ,
and the absolute price mark-up of firm i (equal to price minus marginal cost) is

. Firm i solves the following problem, taking as given optimal values for

its competitors’ decisions,  and :

Since we wish to summarize short-term effects, we hew closely to the static model
developed by Depken and Snow. A dynamic model with a finite patent-horizon would be
more realistic in its assumptions (cf, Bhattacharya and Vogt 2003), but would add notational
complexity without significantly enriching the simple comparative static results we wish to
describe and summarize.

To reflect the “cooperative” aspect of advertising, suppose that total demand has the

constant elasticity form, , where γ > 1, and p̄ is the
(quantity-weighted) average price in the marketplace.3 To reflect its “predatory” aspect,
assume that spi is independent of advertising, and that s is homogeneous of degree zero in Ai

and . In other words, a firm can steal market share when it increases advertising relative
to competitors.

Both Schmalensee (1976) and Depken and Snow (2008) simply assume a fixed price and
analyze advertising independent of pricing decisions. Our approach is slightly less rigid, but
extremely similar in spirit. Here, the constant elasticity form of demand implies a convenient
form for the price and the equilibrium oligopoly mark-up, both of which depend only on the
elasticity γ and the marginal cost δ.4 Since price is “pinned down” by these two exogenous
parameters, optimal advertising for firm i is accurately characterized by the solution to the
simple, univariate maximization problem:

3The use of average prices here sacrifices little generality when studying symmetric equilibria.
4Specifically, . The standard Lerner mark-up condition is a special case in which sp = 0.
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where  represents firm i’s market share as a function of advertising levels. We

assume the problem is strictly concave, in that . We also stabilize the strategic
interaction among firms by assuming that it is harder to win new customers when

competitors are advertising more heavily, or that . Failure of this assumption leads
to multiple equilibria, because an individual firm’s return on advertising may theoretically
be unaffected by large uniform movements in the advertising levels of all other firms.

Firm Behavior in an Unsegmented Market
The economics of oligopoly advertising in an unsegmented market have been developed by
a variety of other authors, whose contributions we highlight as we present the theoretical
implications.

In this case, the firm’s optimal advertising decision satisfies:

This first-order condition has a number of well-known implications.5

Advertising levels rise when unit revenues in the marketplace rise—Define
“unit revenues” as U ≡ p̄1−γmi, which equals revenues per unit of quantity the firm sells.6

When unit revenues rise, firms will advertise more aggressively, both because each unit of
market share is more valuable and because a unit change in market size is more valuable.

Advertising levels rise with total and marginal market quantity—Holding unit
revenues fixed, exogenous increases in total market size, q, or in the marginal quantity effect
of advertising, q′, also raise the incentive to advertise.

Holding prices fixed, increases in the number of competitors reduce
advertising investments—Increases in competition: (1) Weakly lead to more free-riding
off the advertising investments of other firms, and (2) Make it harder to gain market share
through advertising.

Formally, result (1) on “free-riding” follows because, in a symmetric equilibrium, .
Therefore, at a given level of Ai, more competitors weakly decrease the firm’s return on

growing the total market, . Note that this effect is exactly zero if q′ =
0, in which case advertising is entirely predatory with no cooperative aspect. This reflects
Scherer’s (1970) nuanced observation that the effects of competition depend on the nature of

5This condition is related to that derived in the classic paper by Dorfman and Steiner (1954) proving that the marginal value product
of advertising by a monopolist is equal to the ordinary elasticity of demand faced by the firm. Scherer and Ross (1990) derive an
analogous condition for oligopoly.
6Note that total revenue is given by , and the firm’s quantity is q * s. It thus follows that
p̄1−γmi is equal to unit revenue.
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advertising within an industry. As long as advertising has some cooperative aspect, increases
in the number of competitors strictly weaken incentives to advertise.

Result (2) on “market share” follows from our assumption of degree-zero homogeneity of s,

provided we make one modest simplification. Homogeneity implies that  for some

increasing function g. In equilibrium, . A simple and intuitive way to
satisfy these assumptions is to follow Schmalensee’s (1972) suggestion to equate relative
advertising effectiveness and market share: in particular, one can satisfy the “adding up” and

degree-zero homogeneity assumptions by stipulating that , for all

possible Ai.7 As a result, . Therefore, for constant Ai, increases in N lower s1 and

thus also lower . This comparative statics argument implies that
greater competition lowers the return to advertising investments.

Holding market size fixed, increased competition mutes the effect of
increased unit revenues on advertising—In other words, when baseline profits grow,
the incentive to advertise rises, as shown above. However, this effect is weaker if the
number of competitors rises as well. This result follows since the effect of profits on the

return to advertising ( ) falls with the number of competitors, N. The
comparative statics argument is similar to the one demonstrating that competition reduces
advertising investments in general, and relies on the result that greater competition lowers
s1q and sq′.

It is worth noting that, in this highly stylized model, the number of competitors (N) is
intimately related to the market share held by competitors. Thus, one can interpret these
results as applying equally to increases in the number of competitors, or increases in the
market share of competitor firms.

Insurance Expansions
Now suppose that firms sell to two segmented markets of insured consumers and uninsured
consumers. The total number of consumers in each group g is given by Mg, where g = I, U
for the insured and uninsured groups, respectively. Scale the quantities to be per capita: Qg

represents per capita quantity in group g, where .
Note that the firm can perfectly price-discriminate across the two markets, but cannot
perfectly target advertising expenditures. For example, television or radio ads may be
viewed by consumers in both markets, or marketing to physicians may affect both uninsured
and insured patients at that physician. In reality, firms have some ability to imperfectly
target their advertising expenditures, but this simply limits the magnitudes of the spillovers
across market segments rather than eliminates them.

The firm’s profit maximization problem now becomes:

7Friedman (1957) is an early paper to explore this form for the market share function. Moreover, it is difficult to construct other
market share functions that satisfy the adding-up constraint for all possible configurations of Ai.
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The firm’s optimal advertising condition now satisfies:

To simplify the analysis, suppose that advertising has the same effect on market shares in
both the insured and uninsured segments, but that all other parameters can vary across
segments. Shifting the marginal patient from the uninsured to the insured group has the
following impact on the return to advertising:

Insurance expansion raises advertising if: total revenues are higher in the
insured marketplace ( ); and marginal
revenues due to advertising are higher in the insured marketplace
( )—This result follows directly by
inspection of the comparative static expression showing the impact of expansion on the
return to advertising.

The assumptions given above – that insured consumers are more profitable in absolute terms
and on the margin – appear consistent with the balance of the empirical evidence. First, prior
empirical literature on Medicare Part D supports the assumption that total revenues are
higher in the insured marketplace. For example, Zhang et al (2009) find that Medicare Part
D was associated with a 74% increase in drug spending among elderly with no prescription
drug insurance prior to Part D. Similarly, Duggan and Scott Morton (2010) also find
evidence of increased spending on drugs after implementation of Medicare Part D. Finally,
Friedman (2009) finds that the passage of Medicare Part D was associated with larger
increases in stock prices of firms launching brand-name drugs with high exposure to the
Medicare market. This is also consistent with the notion that the pharmaceutical industry
and financial markets expected greater sales of branded drugs by consumers newly insured
due to implementation of Medicare Part D.

Second, prior research supports the assumption that insurance coverage might make
consumers more responsive to advertising on the margin. Intuitively, an undecided
consumer might be more likely to try a new drug after being exposed to advertising (or after
her physician is exposed to advertising) if out of pocket costs are lower. Consistent with this
intuition, Wosinska (2002) finds that advertising influences demand more for drugs that
have preferential status and lower out of pocket costs. If these two assumptions are indeed
consistent with the empirical evidence on the pharmaceutical industry, it suggests that
expanding insurance leads to more advertising.

Increases in competition mute the effect of insurance expansion on
advertising—Increases in N lower s and s1, by the same logic as before, and this
compresses the marginal impact of shifting patients into insured status.
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The results with a segmented insurance market represent a fairly straightforward corollary
from long-established analysis of advertising and oligopoly (cf, Scherer 1970). When unit
revenues are higher among the insured, expanding insurance increases the size of the
market, makes each firm’s share of the market more valuable, and increases the return to
capturing an additional percentage point of share. In this case, insurance expansion
strengthens the incentives for both cooperative and predatory advertising. Moreover, the
effects of market-expansion are watered down in a highly competitive environment, in
which more of the benefits of advertising “leak away” to other firms.

Implications for Welfare
Oligopoly production typically implies that there is under-provision of a good. Greater
advertising expenditure by a firm with market power is welfare-improving, so long as output
moves towards (but not past) its efficient competitive level. From this perspective, if Part D
boosts advertising that expands utilization for the non-elderly, this is a positive spillover of
the program – barring an “overshoot” of the efficient quantity -- and vice-versa.

Several caveats are in order for the pharmaceutical market. First, unlike in many other
oligopoly markets, the presence of health insurance decouples the oligopoly price of drugs
from the consumer’s out-of-pocket price. As a result, under-utilization and deadweight loss
are mitigated, or even eliminated, in spite of manufacturer market power (Lakdawalla and
Sood 2009). As such, increases in utilization might lead to over-use. Second, even when
under-use is present, it is possible that advertising would increase by so much that output
ends up exceeding its efficient level (Lakdawalla and Philipson Forthcoming). Notably, this
is true even when a monopolist can perfectly set the level of advertising in the marketplace.
Third, market demand may not reflect true willingness-to-pay: consumers may not be well-
informed; physicians may be imperfect agents for their patients; or advertising may lead to
extreme misperceptions of value. As a result, it is uncertain whether equilibrium demand is
inefficiently high or low, even though oligopoly is present.

Despite these caveats, advertising is still predicted to create spillovers in utilization for the
non-elderly. While estimating the social value (or cost) of additional drug utilization lies
beyond the scope of this paper, our theoretical model suggests the importance of accounting
for these spillovers when evaluating drug insurance expansions. Indeed, our empirical
analysis documents and confirms the presence of these utilization spillovers.

Empirical Framework
We are interested in the causal effect of Medicare Part D on pharmaceutical advertising.
Consistent with the implications of theory, the empirical model allows for heterogeneous
effects by degree of competition in a market. We are also interested in quantifying the
spillover effects of Part D on utilization by the non-elderly. We hypothesize that this effect
will be magnified in drug classes with less competition.

Empirically, we think of a “market” as being defined by a drug class. We measure the
degree of competitiveness in the drug class market in two different ways: (1) using the
number of advertised drugs within the drug class prior to Part D implementation; and (2)
comparing drugs that are “dominant,” in the sense that they accounted for the highest share
of advertising before the implementation of Part D, to their “non-dominant” peers. Under the
first measurement strategy, we stratify our results across drug classes with more or less
competition. Under the second, we stratify them across dominant and non-dominant drugs,
where we think of dominant drugs as facing less competition than non-dominant ones. The
stylized model above illustrates how the number of competitors matters. The distinction of
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dominant versus non-dominant drugs is an alternative approach that permits drug-level,
rather than class-level analysis, in a relatively tractable way.

For drug d, of type j ∈ {More Competition, Less Competition, Dominant, Non – Dominant},
in quarter q, we begin by estimating empirical models as in:

(1)

The unit of observation for this model is drug-quarter. The main outcome variables are total
dollars spent on direct-to-consumer advertising and total dollars spent on direct-to-physician
advertising. In alternate models, we also look at total advertising expenditures.

The effect of primary interest is the coefficient on the interaction between: a dummy
variable indicating the implementation of Part D, and the share of the drug’s utilization as
measured by number of prescriptions (in 2002–03) exposed to Part D. A positive value of

the coefficient on the interaction, , would indicate that Medicare Part D increased
advertising for drug type j relative to its peers.

The empirical model also includes drug-specific fixed-effects, θd, and time (quarter) fixed-

effects, . The former absorbs time-invariant differences across drugs. The latter absorbs
secular time trends present within each type of drug. We also control for other important
determinants of advertising that might have changed over time, including: the number of
drug safety warnings (so called “black box” warnings) issued by the FDA, the number of
new brand name drugs, and the number of new generic entrants in a drug class. Finally, in
alternate models, we relax the assumption of a common secular time trend for all drugs of
type j and allow time trends to vary by the approval date of the drug to capture changes in
advertising over a drug’s life cycle.

Identification rests on the assumption that Part D implementation did not coincide with other
factors that discretely shifted advertising for drugs heavily exposed to Part D, relative to
drugs that were less exposed. While there are no obvious candidates for such a shift, validity
would still be compromised if secular trends in advertising differed across drugs that were
heavily and less heavily exposed to Part D. To test for this scenario, we assessed whether
trends in advertising prior to Part D implementation were similar for drugs more heavily
exposed to Part D and drugs less heavily exposed to it.

Table 1 reports results from these tests for total advertising expenditures. To test differences
in time trends prior to Part D, we evaluate the coefficient on the interactions between
Medicare share and the quadratic time trend. If the interactions are jointly significant, this
indicates that secular trends prior to Part D differ across drugs with different levels of
exposure; this would pose a problem for our identification strategy if true. However, Table 1
provides no evidence of a significant interaction. As an additional test, we stratified the
analysis by estimating separate models for direct to consumer and direct to physician
advertising; the interaction terms still remained insignificant.

In addition to estimating the effect of Part D on advertising, we are also interested in the
subsequent effect of increases in advertising on utilization. This requires a two-step
estimation approach. The first step is, as above, estimating an equation that predicts
advertising by drug and quarter. The second stage predicts utilization. Since advertising has
spillover effects on the utilization of other drugs in the class, the second-stage equation
models the effect of advertising on utilization at the drug class level.8
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In addition, since our data on utilization (from the Medical Expenditure Panel Survey) are
available only at an annual frequency, we model utilization by drug class and year. This
leads to the second-stage model for utilization of drug class c in year t:

(2)

We also control in this equation for other important determinants of utilization including the
number of drug safety warnings, the number of new brand name drugs and new generic
drugs entering the drug class. In addition, note that we are modeling utilization by the non-
elderly. Since Medicare implementation affected out-of-pocket costs for the elderly, we
cannot disentangle price effects from advertising effects in this population. This is not a
major limitation for our purposes, since our focus is on spillovers effects in Part D.

Since advertising is endogenous to drug utilization, we use a two-step instrumental variables
approach to estimate this effect. The underlying instrument is Medicare Part D
implementation interacted with Medicare market share. The estimation procedure begins by
using equation (1) -- stratified across drug classes with more and less competition -- to
predict advertising for each drug-quarter.9 Intuitively, this is the advertising predicted to
occur with the implementation of Part D. Using these predictions, we then aggregate up to
predict advertising at the drug class-year level, because the unit of observation in the
second-stage equation is the drug class-year. This prediction of Part D-related drug class-
year advertising serves as the instrument for observed drug class-year advertising in the
second-stage equation.

Furthermore, note from the above equation that utilization is specified as a function of the
existing stock of advertising. This specification recognizes that advertising in a given year
can have long-lived effects–an idea that was first proposed by Nerlove and Arrow (1962)
and has been subsequently been used in several empirical papers that followed this seminal
work (Berndt, Bui et al. 1995; Berndt, Bui et al. 1997; Rizzo 1999; Ling, Berndt et al. 2003).

Unlike its flow, the stock of advertising cannot be observed directly. To construct it, we
follow the prior literature and model advertising as a durable good where current stock of
advertising equals the depreciated value of last years’ stock plus the current period flow of
advertising.

(3)

There are two challenges to implementing this approach in practice. First, the depreciation
rate (γ) is unknown. Prior studies either assume a particular value of the depreciation rate
(cf, Donohue, Berndt et al. 2004), or use grid search to choose a depreciation rate that best
fits the data (Berndt, Bui et al. 1997; Ling, Berndt et al. 2003). We follow the latter
approach and find the value of the depreciation rate that minimizes the root mean square
error of the model in equation (3). The estimated annual depreciation rate turns out to be

8Implementation of Part D interacted with Medicare exposure is a valid instrument in a second-stage model of drug-class utilization,
but not in a model of drug-level utilization. At the drug-level, advertising can influence utilization of one drug by influencing the
advertising of other drugs in a class; this would pose a validity problem in such a specification, because competitor advertising would
be an omitted variable correlated with the instrument.
9Note that the first-stage models rely on the equations stratified by more and less competitive classes, not on stratification across
dominant and non-dominant drugs.
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30% per year, which is quite similar to the depreciation rate used by others in the literature
(Rizzo 1999), although there is a fair amount of dispersion across studies.

Second, the stock of advertising depends in principle on the flow of advertising for all years
after product introduction. However, we do not have advertising data prior to 2003, even
though some of our drugs will have launched before that. Thus, as an approximation, we
construct the stock of advertising as a function of flows from the current year and preceding
three years, assuming that advertising flows were constant for the years prior to 2003. This
approach has been used in the prior literature and is aided by the relatively high rate of
estimated depreciation for advertising flows (Rizzo 1999).

Implementation of Part D interacted with Medicare exposure is a valid instrument for
advertising in the second-stage equation as long as: (1) It strongly predicts advertising, and
(2) It does not directly affect class-level utilization through any channel other than class-
level advertising itself. The empirical results from equation 1 will show that the instrument
is a sufficiently strong predictor of advertising. As an indirect test of the second identifying
assumption, we test whether implementation of Part D interacted with Medicare exposure
predicts out of pocket expenses (an important determinant of utilization) in the non-elderly
market. The results from this test are shown in Table 2 and support the validity of our
identification assumption, because there is no significant relationship between the
instrument and out of pocket expenses in the non-elderly market. However, we cannot rule
out whether non-price factors such as drug utilization review or step therapy are correlated
with our instrument.

Data
Pharmaceutical Marketing

We use data from the IMS Advertising Database for this analysis. The dataset contains
individual drug level data on advertising for the top 1000 drugs (based on 2005 dollar sales).
The advertising data is reported quarterly and spans six years from 2002-Q4 to 2008-Q3. For
each drug, the data contain measures of direct-to- consumer advertising expenditures, along
with direct-to-physician advertising including: medical journal advertisements, promotional
visits to physicians, and samples dispensed. Table 3 describes the various measures of
advertising available in the dataset.

Part D Market Share
Our identification strategy relies in part on differential exposure to Part D, across different
drugs. Therefore, we need to estimate the share of each drug’s market that is exposed to the
Part D legislation. Following Duggan and Scott Morton (2008), we will use the 2002–2003
Medical Expenditure Panel Survey (MEPS) to estimate Part D market share (i.e., the share
of demand accounted for by the Medicare-eligible population) prior to the passage of Part D
legislation10. The MEPS contains data on medical care use including prescription drug use
and costs from a nationally representative sample of the civilian non-institutionalized
population residing in the U.S. The MEPS data are organized in several files that report use
either at the person level or medical event level. The most relevant file for our analysis is the
prescribed medicine file, whose unit of observation is a prescription. For each prescription,
the data report the name of the drug, therapeutic class of the drug, and total cost by payer.
The prescribed medicine file from 2002 and 2003 contains data on more than 600,000
prescriptions received by MEPS respondents. The file can be linked to the person-level file,

10Prior work by the census bureau shows that MEPS undercounts the number of people on Medicaid and thus over estimates the rate
of uninsurance. We do not know of any work that examines mis-reporting of Medicare status in MEPS, however it is possible that
some mis-reporting exists.
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to obtain the age and insurance status of the person receiving the prescription. Therefore, for
each prescription in the MEPS, we can determine whether the person receiving the
prescription was covered by Medicare. We aggregate the prescriptions data by 3 digit
Multum drug subclass to calculate the share of prescriptions accounted for by the population
covered by Medicare. We also identify drugs that are exclusively covered by Medicare Part
B using guidance documents issued by the Medicare program; these drugs should not be
affected by Part D and were thus excluded from the analytic sample. For example, Part B
covers vaccinations, nearly all physician injectibles and many specific types of patient
injectibles, certain oral anti-cancer drugs as well as drugs taken in combination with
chemotherapy (such as anti-nausea drugs), and immunosuppressive therapy for transplant
patients. Finally, we use data from MEPS to model drug utilization and average out of
pocket costs at the drug class-year level.

Black Box Warning, New Drug and Generic Drug Entrance
We obtained black box warning data from the monthly summaries of drug safety labeling
changes at the FDA MedWatch website. We calculated the number of new brand drugs and
generic drugs entrances by quarter and drug class using the FDA Orange Book.

Analysis Sample
We started with the top 1000 drugs listed in the IMS Advertising Database based on their
2005 sales. We first excluded 132 OTC drugs in the sample. All versions of the same drug
representing different package size or strength were combined into a single group. There are
748 drugs in the database after this treatment. We then excluded the drugs in the IMS
Advertising Database that were covered by Medicare Part B. The 2005 Average Sales Price
(ASP) Drug Pricing Files from the Centers for Medicare and Medicaid Services provides a
comprehensive list of drugs covered by Medicare Part B in year 2005 (Centers for Medicare
and Medicaid Services 2005). We identified 222 drugs covered by Medicare Part B using
the 2005 ASP Drug Pricing File. We merged the 526 remaining drugs in the IMS
Advertising Data with the 2002–2003 MEPS data. Of these 526 drugs, 126 did not appear in
either the 2002 or 2003 MEPS data. 71 of the 126 missing drugs were approved after 2003
and not included in the 2002/2003 MEPS data; the rest are likely missing in MEPS because
their level of utilization is too small to be reflected in utilization by the MEPS sample
patients.

Next, we removed two drugs from the sample -- Plavix and Meridia – that experienced
unique utilization changes that coincided with Part D implementation. Plavix experienced
significant changes in clinical guidelines for its use in 2006. Meridia’s average out-of-pocket
expense more than doubled since 2006, and it also exhibited a very low Medicare market
share.11 We then excluded 23 drugs that did not have information on approval dates in the
Orange Book 12. To reduce measurement error in calculating Medicare share, we keep only
those drugs belonging to drug classes with at least 100 MEPS respondents taking drugs in
that drug class. This excludes 17 drugs from our analysis13. Finally, five drugs in the
“Miscellaneous uncategorized agents” class were excluded14. The final analytic sample

11Including these two drugs has little effect on our estimates.
12Many of those 23 drugs were marketed in the U.S. without formal FDA approval. For example, prescription prenatal vitamins (e.g.
Prenate Elite) and papain-containing drug products in topical form (e.g. Accuzyme) do not need FDA approval for marketing. For the
rest of those drugs, the reason for not included in the Orange Book is unclear. However, the official Orange Book website states that
drugs approved only on the basis of safety (e.g. Librax) or pre-1938 drugs are not included in the Orange Book.
13As an alternate measure of exposure to Part D we also estimate the share of total prescriptions on a particular drug accounted for by
the population covered by Medicare. However, this measure of exposure to Part D might suffer from significant measurement error
due to the limited number of MEPS respondents taking certain drugs. For example, if we limit our sample to drugs with at least 100
MEPS respondents we would exclude 69% of the remaining drugs from our analysis.
14The five drugs are: Accutane, Amnesteem, Nicotrol, Sotret and Xenical.
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contained 353 branded drugs from about 57 drug classes and each drug has advertising
information for 24 quarters15 from the fourth quarter of 2002 to the third quarter of 2008.

Results
Descriptive Statistics

Table 4 provides the descriptive statistics for our analysis sample of 353 drugs. The table
shows that mean DTC and DTP advertising per drug per quarter was $1.8 million and $10.5
million respectively. The data show a secular decline in advertising after the implementation
of Medicare Part D. However, this likely reflects changes in life-cycle advertising, as the
cohort of drugs in our sample becomes older over time and faces both patent expiration and
generic entry. The average Medicare market share for drugs in our sample was 37%, but
there is significant variation in Medicare share for drugs in our sample ranging from 4% to
96%. In the Medicare share distribution, the interquartile range is 25% to 51%.

Table 5 shows that the drugs in our analysis sample are largely representative of advertised
drugs in the US pharmaceutical market. The 353 drugs in the sample account for 76% of all
DTC advertising and 81% of all direct-to-physician advertising. These drugs also account
for 46% of total prescriptions, 38% of total patients and 61% of total expenditure of the
entire drug market. Note that the utilization shares are lower than the advertising shares,
because generic drugs appear in utilization figures, but almost never advertise.

Graphical Analysis
Figure 1 shows trends in total advertising by Medicare share. For these figures, we classify
drugs into two groups -- above and below the median Medicare market share of 36%. The
left panel of the figure shows trends in advertising for “dominant” drugs that accounted for
the highest share of advertising in a drug class prior to implementation of Part D. The right
panel shows trends in advertising for non-dominant drugs. The raw or unadjusted trends in
advertising are consistent with the predictions from the theoretical model. The left panel
shows that Medicare Part D was associated with an increase in total advertising for
dominant drugs with above median Medicare share, relative to trends in advertising for
dominant drugs with below median Medicare share. In contrast, there is little divergence in
advertising trends across Medicare share for non-dominant drugs. Figure 2 shows similar
patterns when competition is measured by the number of competitors in the drug class.
Finally, patterns are similar for both direct-to-physician and direct-to-consumer advertising
types.

Regression Results for Drug Advertising
Table 6 reports regression results for total advertising. The four columns in the table report
results from the specification in equation (1) for each drug type. The results show that
Medicare Part D led to a significant increase in total advertising for dominant drugs and for
drugs with fewer competitors in their classes. In contrast, Medicare Part D was not
associated with a statistically detectable change in total advertising for non-dominant drugs
or drugs that faced more competition. These results imply that total advertising increased by
$15.2 million per quarter, or by about 38% of average advertising expenditures for dominant
drugs. Overall, these results suggest an 18% increase in advertising expenditures across all
study drugs. Even if Part D had no impact on advertising for any drug outside our sample,
this would still have increased aggregate pharmaceutical advertising by 14%. Similarly, the
results for models stratified by the degree of competition in drug class imply that total

15For drugs that were approved after year 2002, the advertising information before the approval date was missing.
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advertising expenditures increased $6.8 million dollars per quarter, or by about 31% of
average advertising expenditures for drugs with less competition prior to implementation of
Part D. These models imply a 24% increase in advertising expenditures across all study
drugs. Even if Part D had no impact on advertising for any drug outside our sample, this
would still have increased aggregate pharmaceutical advertising by 19%.

We also tested for an anticipatory change in advertising in the quarters following the
passage of Part D but before the implementation of Part D. We found no statistically
significant change in advertising during this period.

The above results might be confounded by changes in advertising over the life cycle of
drugs. For example, we would overestimate the effects of Part D if newer drugs were more
likely to have high Medicare share and advertising decreased over the life cycle of a drug.
To account for this potential confounding, we estimated models that accounted for changes
in advertising over the life cycle of a drug. In particular, we classified drugs into 4 groups
based on FDA approval date (prior to 1982prior to 1983–1989–1990 – 1999 – 2000 or after)
and allowed each group to have a different quadratic time trend in advertising. Our results
are robust to the inclusion of these covariates and are available upon request.

We also tested robustness of results to alternate measures of dominant drugs. In particular,
instead of estimating separate models by dominant versus non-dominant drugs we used a
continuous measure of dominance which equaled the drug’s share of advertising within its
drug class in the pre Part D period. The results from this model were consistent with the
results from the model presented in table 6 and suggested that drugs that accounted for a
higher share of advertising in the drug class experienced a larger change in advertising
following the passage of Part D. For example, the results from this model suggest that total
advertising expenditures across all drugs increased by 16% while the results from the model
in table 6 for dominant vs. non-dominant drugs suggests that advertising expenditures
increased by about 18%. Similarly, we tested robustness of results by estimating a model
with a continuous measure of competition: the number of advertised drugs in the drug class.
Again the results were consistent with previous model and suggested that Part D increased
advertising more for drugs in less competitive drug classes. The results from this model
suggested that total advertising expenditures increased by about 28% across all study drugs,
compared to our baseline estimate of 24%.

Table 7 reports regression results for DTC and DTP advertising separately. Again the results
are consistent with the predictions from theoretical model and confirm that both direct to
consumer advertising and physician advertising increased for dominant drugs and for drugs
with less competition. Overall these models imply a 69% to 73% increase in DTC
advertising expenditures across all drugs. Similarly, the results from DTP advertising
models imply a 10% to 17% increase in physician advertising expenditures across all drugs.
The difference between the DTP and DTC percentage effects are striking. Of course, DTC is
about one-fourth to one-fifth the size of DTP, so that the absolute changes in advertising are
much closer in magnitude. In any event, the prior literature suggests a reason why the DTC
effect might be larger: DTP typically involves more “predatory” advertising, while DTC is
more “cooperative” (Rosenthal, Berndt et al. 2002; Ling, Berndt et al. 2003; Rosenthal,
Berndt et al. 2003; Donohue, Berndt et al. 2004; Iizuka and Jin 2005). Given these findings,
economic theory would predict larger effects on DTC instead of DTP.

Drug Utilization
Table 8 provides the results from the instrumental variable regressions. The coefficient in
the first stage is positive and significant at the 1% level, and the F-statistic is larger than the
“rule of thumb” value of 10.0. The results in Table 8 show that a $1,000 increase in
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advertising stock for a drug class is associated with about 9 new prescriptions and 2 new
patients in the drug class.

These results, along with our estimated rate of advertising depreciation, predict the effects of
an increase in the flow of advertising on current and future drug utilization16. Specifically, a
$1,000 increase in current advertising flow is associated with about 23 new prescriptions
and 5 new patients in the long-run. The implied elasticity of drug utilization with respect to
advertising expenditures is 0.22. Results presented earlier showed that the Part D program
increased advertising by 31% for drugs facing less competition and by 18% across all study
drugs. Combining the percentage change in advertising with the elasticity of utilization with
respect to advertising implies that Part D increased non-elderly utilization in advertised drug
classes by about 4%. Finally, since advertised drug classes account for about 90% of
utilization (in the MEPS), Part D is estimated to have increased overall non-elderly
utilization by about 3.6%.

There are several important points to note about these utilization effects. First, the increase
is sizeable and suggests an important spillover effect of Part D to the non-elderly market. By
contrast, previous estimates of the effects of Part D suggest that elderly utilization increased
by about 6 to 12%. Second, the utilization effects are concentrated in drug classes that face
less competition or where access problem are likely to be the greatest. However, the possible
welfare effects of these increases in utilization should be viewed in light of the important
caveats discussed earlier, namely that advertising may lead to misperceptions of value, or
overconsumption relative to the efficient utilization point. Finally, it is worth noting that our
estimate of the elasticity of class level drug utilization with respect to advertising are
consistent with the previous literature which finds drug class level elasticity estimates
ranging from 0.02 to 0.57 (Berndt, Bui et al. 1997; Rosenthal, Berndt et al. 2003).

Conclusions
We studied the theoretical and empirical effects of prescription drug insurance on
pharmaceutical advertising behavior. Since insurance is likely to make the market more
profitable, more advertising will tend to result, particularly in the least competitive segments
of the pharmaceutical market. The implementation of Medicare Part D appeared to cause a
14% to 19% increase in total advertising spending, which resulted in a 4% increase in total
utilization of drugs among the non-elderly. This represents a spillover effect onto a group
not directly targeted by the legislation.

Our findings suggest the importance of accounting for spillover effects when assessing the
utilization and welfare effects of prescription drug insurance expansion. The welfare effects
of advertising in the pharmaceutical market are complex. Even though market power
typically leads to under-provision, the presence of insurance that lowers consumer out-of-
pocket prices makes it unclear whether there is under-use or over-use. The possibility of
asymmetric information and agency problems between physicians and patients complicates
matters further. It is thus unclear in general whether greater utilization is better or worse for
the non-elderly consumers experiencing spillover effects. We leave to future research the
question of under-use or over-use in the market.

Our findings also suggest the importance of additional research concerning the strategic
interaction among firms competing through advertising. To focus on a few salient
implications, we abstracted from several complexities, including the competition between

16The predicted long term effect of an increase in flow of advertising is simply: b(1 + [1 − γ] + [1 − γ]2 + [1 − γ]3). Where b is the
estimated coefficient on stock of advertising and γ is the depreciation rate.
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large and small firms. Large firms may have “predatory” incentives to advertise against
small firms with limited resources to respond. This could create negative spillovers in
advertising in certain competitive settings. In addition, there are interactions between
incentives for advertising and incentives for innovation. Profitability, for instance, boosts the
returns to both advertising and innovation investments (Blume-Kohout and Sood
Forthcoming). To the extent that innovation might foster future competition, this may
suggest that the advertising effects of insurance expansions are self-limiting in the long-run,
when competition drives advertising down. Finally, we have borrowed from the existing
literature the finding that Part D makes the pharmaceutical market more profitable. Not all
such insurance expansions will have this effect. For instance, more insurance creates larger
private insurers, and potentially encourages the government itself to negotiate prices directly
with manufacturers. Both of these would tend to drive down profitability – the increase in
utilization enjoyed by manufacturers might be partially or even wholly offset by reductions
in price.

The implementation of Part D reflects the growing interest among health policymakers in
legislating through and in concert with the private-sector. The involvement of the private-
sector might generate considerable efficiencies at a time when the public-sector can ill-
afford large, centrally administered public programs. Yet, they also raise the possibility of
various behavioral responses that can mitigate or reinforce the intended effects of the
policies themselves. As a result, policymakers must be mindful of the economic forces
unleashed by public-private partnership. Health economists should do their part to identify
and predict these impacts.
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Figure 1.
Trends in Total Advertising Expenditures by Medicare Share for Dominant vs. Non-
Dominant Drugs
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Figure 2.
Trends in Total Advertising Expenditures by Medicare Share for Drugs with More or Less
Competitors
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Table 3

Advertising Data Elements

Advertising Measure Definition/Measurement

Direct to Consumer Advertising:

DTC Dollars Total dollars spent on direct to consumer (DTC) advertising in television, radio, newspaper, magazine, and outdoor
media. These data are obtained from TNS Media Intelligence the leading advertising intelligence firm that supplies
data to advertising agencies, advertisers, broadcasters, and publishers. The company’s tracking technologies collect
occurrence and expenditure data of more than 1 million brands.

Physician Advertising:

Journal Advertising This measure is an estimate of the cost of product advertising in medical journals. This figure is tabulated by relating
observable advertising characteristics (for example, position, color, circulation) to standard rates and charges of
advertising in different medical journals.

Detailing This measure is an estimate of the cost, in dollars, for a particular detailing visit to a physician or other health care
provider. The cost of contact is based on an estimate of the proportion of time spent on a particular product during an
office visits and the total cost of an office visit. The cost of the office visits is based on an IMS survey of
pharmaceutical firms to obtain information on salary, training, and fringe benefits such as bonus, car, and insurance
of medical sales representatives. Cost of samples dispensed in not included in this measure

Samples This is the retail value of the product sampling activities or pharmaceutical representatives that are directed to office-
based physicians. A panel of front- office personnel reports the quantity of product samples provided to office-based
physicians through in-person discussions, service visits, and the mail.
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