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Abstract

The dissertation consists of three chapters relating to drug development and market-
ing strategies. Chapter 1 studies strategic direct-to-consumer and direct-to-physician
advertising in the pharmaceutical industry. It is well known that pharmaceutical man-
ufacturers invest heavily in advertising prescription medications, but little is known
about synergies between different advertising types. Using 2007 to 2008 data from the
anticholesterol market and the border strategy, I find that a 10% increase in direct-to-
consumer advertising per capita is associated with 0.3%-0.4% more physician detailing
visits or 1% more detailing time for a given product in a given market. By further con-
structing and estimating a demand model, I find that advertising to consumers results
in more physician visits. In addition, conditioning on visiting a physician, advertising to
consumers increases the number of requests for the advertised brand from patients with
private insurance. Finally, after controlling for the patient request, direct-to-physician
advertising increases the number of prescriptions written for the promoted product.
Chapter 2 examines the strategic interaction between government agencies in funding
support for medical research. Using data from 2007-2014 on medical research funding
for infectious and parasitic diseases, we examine how governments and foundations in
41 countries respond to funding changes by the US government (which accounts for half

of the funding for these diseases). We find that a 10 percent increase in US govern-
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ment funding for a disease is associated with a 2 to 3 percent reduction in funding for
that disease by another government in the following year. Chapter 3 investigates how
pharmaceutical companies make R&D decisions for neglected diseases. Using firm level
R&D data, we find that a company develops more treatments for neglected diseases if its
headquarters is in a country with former colonies where the diseases create the largest
burden. These essays provide insights into the marketing and drug development strategy
of pharmaceutical companies and funding strategies of government funders for medical

research.
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1

Introduction

The dissertation consists of three chapters relating to drug development and market-
ing strategies. Chapter 1 studies strategic direct-to-consumer and direct-to-physician
advertising in the pharmaceutical industry. Chapter 2 examines the strategic interac-
tion between government agencies in funding support for medical research. Chapter 3
investigates how pharmaceutical companies make R&D decisions for neglected diseases.

The first chapter studies how pharmaceutical companies make marketing strategies.It
is well known that pharmaceutical manufacturers invest heavily in advertising prescrip-
tion medications, but little is known about synergies between different advertising types.
Furthermore, little is known about whether patients and physicians respond differently
to different types of advertising. Estimating a causal relationship is challenging because
advertising is not randomly assigned. Because the segmentation of television and ra-
dio markets are discrete and exogenous, comparing advertising efforts and demand for

prescription medications across borders may help identify causal effects between medica-



tion advertising and prescriptions for brand-name medications. Using 2007 to 2008 data
from the anticholesterol market and the border strategy, I find that a 10% increase in
direct-to-consumer advertising per capita is associated with 0.3%-0.4% more physician
detailing visits or 1% more detailing time for a given product in a given market. By
further constructing and estimating a demand model that separately models physicians’
and patients’ decisions, I find that advertising to consumers results in more physician vis-
its. In addition, conditioning on visiting a physician, advertising to consumers increases
the number of requests for the advertised brand from patients with private insurance.
Finally, after controlling for the patient request, direct-to-physician advertising increases
the number of prescriptions written for the promoted product.

How do governments respond to other governments when providing a global public
good? Using data from 2007-2014 on medical research funding for infectious and par-
asitic diseases, we examine how governments and foundations in 41 countries respond
to funding changes by the US government (which accounts for half of the funding for
these diseases). Because funding across governments might be positively correlated due
to unobserved drivers they have in common, we use variation in the representation of
research-intensive universities on US Congressional appropriations committees as an in-
strument for US funding. We find that a 10 percent increase in US government funding
for a disease is associated with a 2 to 3 percent reduction in funding for that disease by
another government in the following year.

Companies increasingly engage in corporate social initiatives, but little is known
about who cares and why. We measure corporate social initiatives as developing drugs
for neglected diseases endemic in poor countries and charging low prices for all drugs

(including heart disease and diabetes) for people in poor countries. These activities are
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costly, unlikely to be directly profitable, and can help millions of people. We find that
companies most amenable to social initiatives are those with connections to the patients
or the disease areas. We find that a company develops more treatments for neglected
diseases if its headquarters is in a country with former colonies where the diseases create
the largest burden. For example, Belgium, Britain, and France have former colonies in
which diseases of poverty are prevalent, and companies based in Belgium, Britain, and
France conduct more clinical trials for those diseases. Furthermore, companies based in
countries with stronger colonial ties charge lower prices for all of their drugs in developing
countries, including drugs for heart disease and diabetes. Finally, we show that these
initiatives are unprofitable, unlike other forms of corporate social responsibility, such as

environmental efforts, that can reduce costs and improve efficiency.



2

Did Relaxing Regulations on Medication TV
Advertisements Cause More Advertising to
Physicians?

2.1 Introduction

It is well known that pharmaceutical manufacturers invest heavily in advertising pre-
scription medications, but little is known about synergies between different advertising
types. Advertising to consumers and advertising to physicians could be complements or
substitutes. Alternatively, these types of advertising might be unrelated; for example,
pharmaceutical manufacturers might not be able to adjust advertising to physicians as
fast as advertising to consumers because they cannot quickly hire new pharmaceutical
sales representatives who have strong relationships with physicians.

I investigate synergies between direct-to-consumer advertising (DTCA) and direct-

to-physician (DTP) advertising decisions. I also examine how advertising differentially



affects demand for advertised products from patients and physicians. Physicians and pa-
tients jointly choose prescription medications, although they may make different choices
(Stevenson et al., 2000). Patients visit their physicians to seek treatment for illness.
Upon patient visit, the physician makes a diagnosis and may select medication treat-
ment. Patients may be involved in the prescription decision by requesting a certain
brand or type of medication. In the US, patients tend to be actively engaged in prescrip-
tion decisions. A survey conducted by the Kaiser Family Foundation found that nearly
one third of patients have requested a certain brand-name medication when talking to
their physicians, and physicians fulfill half of these requests (Figure 2.1). By simulta-
neously promoting products to both patients and physicians, pharmaceutical companies
might realize further financial gains than by focusing their promotional efforts on either
party alone. Indeed, DTCA and DTP advertising are found to be complementary: The
return-on-investment of DTP advertising has increased with DTCA expenditure and vice
versa (Narayanan et al., 2004). However, we have little evidence to support strategic
coordination of DTCA and DTP advertising. In addition, the evolution of the synergistic
relationship between DTCA and DTP advertising is not well understood.

In this paper, I present the first empirical evidence of strategic DTCA and DTP
advertising through a case study in the anticholesterol market. Given the identified co-
ordination between DTCA and DTP advertising, I construct a demand model to explore
how DTCA affects patients, how DTP advertising affects physicians, and how DTCA
and DTP jointly affect the interactions between patients and physicians. Finally, I derive
the necessary conditions for DTCA and DTP to be synergistic based on the constructed
model and test these conditions by estimating the model.

Identifying a strategic coordination between DTCA and DTP advertising is not
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straightforward, and neither is identifying the impacts of marketing efforts on consumers.
There could be some unobserved factors or events that affect DTCA, DTP advertising,
and pharmaceutical product demand simultaneously. For example, an educational meet-
ing or an academic conference in a given market for a given product might result in
greater local DTP advertising, DTCA advertising, and demand for that product at the
same time due to higher public awareness or goodwill. To solve this endogeneity prob-
lem, I explore the exogenous and discrete feature of the DTCA market and use the
border strategy (Shapiro, 2017). Specifically, I compare DTCA and DTP efforts for a
pharmaceutical product, the number of prescriptions written for that product, and the
number of patient requests for that product across counties along the two sides of a
DTCA market border.

I find that a 10% increase in DTCA expenditure per capita results in 0.3%-0.4%
more detailing visits or 1% more detailing time for a given product in a given market.
Based on the evidence, I establish a demand model that incorporates synergistic DTP
and DTCA. Specifically, my model allows DTCA to affect patients by altering their
physician visit and brand request decisions, and allows DTP advertising and patient
brand request decisions to affect physicians by changing their prescription choices. By
applying the border strategy on a novel data set, I estimate the model and identify
the causal relationship between pharmaceutical marketing efforts and physician visit,
brand request, and prescription choice, respectively. I find that DTCA efforts result in
more physician visits. In addition, conditioning on a physician visit, DTCA increases
the number of requests for the advertised brand from patients with private insurance.
Finally, after controlling for patient request, DTP advertising increases the number of

prescriptions written by physicians for the promoted product.
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While most published economics and marketing analyses omit patients when model-
ing prescription decisions, previous medical research shows that patients’ participation
in the decision process is non-trivial (Gregory et al., 2011) and should be encouraged
(Makoul et al., 1995; Britten et al., 2000). In addition, patients’ requests have been
found to be correlated with the number of prescriptions written (Prosser et al., 2003; Liu
and Gupta, 2011; Stremersch et al., 2013; McKinlay et al., 2014) and services provided in
other health care markets (Shih and Tai-seale, 2012). For example, physicians sometimes
prescribe a brand-name product to a patient because a patient requests the brand even
when a generic alternative is available (Division et al., 2013). Both market structure and
payment models can affect the direction and magnitude of the correlations. For instance,
more competition induces physicians to accommodate more patient requests when physi-
cians are paid on a fee-for-service basis but less when physicians are in a managed care
environment (Fang and Rizzo, 2009). However, most of these analyses either relied on
descriptive case studies or did not causally identify the relationship between patients’
product requests and physicians’ prescription decisions. By constructing a structural
model, this paper rationalizes the decisions made by patients and physicians separately
and causally identifies how patients’ requests affect physicians’ prescription decisions.

Previous research has demonstrated that pharmaceutical marketing can positively
impact pharmaceutical demand in both the internal and external margins. For example,
DTCA has been found to be able to expand the market by inducing more patients to visit
their physicians, (lizuka and Jin, 2005) and the spillover effect is found across products
within a medication class and also across different medication classes (Jayawardhana,
2013; Sinkinson and Starc, 2015; Shapiro, 2017). Unlike DTCA, which mainly affects

pharmaceutical demand externally, DTP advertising primarily affects pharmaceutical
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demand internally. For instance, DTP advertising has a medication-specific positive ef-
fect on physician prescribing decisions; that is, DTP advertising increases demand for
the advertised branded product (Ridley, 2015) and its generic alternatives (Ching and
Ishihara, 2012). The magnitude of the DTP advertising impact is positively associated
with scientific evidence (Azoulay, 2002; Venkataraman and Stremersch, 2007; Ching and
Ishihara, 2010) and publicity (Ching et al., 2016). However, previous work does not
separately identify how DTP advertising affects physicians and how DTCA affects pa-
tients because patients’ decisions are seldom evaluated. Using the border strategy and
fixed effects at the product-market-time level on a novel data set that includes detailed
patients actions, I causally identify how patients and physicians are affected by DTCA
and DTP advertising separately.

Compared with the impact of pharmaceutical advertising on product demand, factors
that affect pharmaceutical advertising are less well explored. Earlier research shows that
medications that are novel, of high quality, and indicated for under-treated diseases are
more frequently included in DTCA efforts (lizuka, 2004; de Frutos et al., 2013) and are
associated with higher DTP advertising expenditures (de Frutos et al., 2013). In addition,
pharmaceutical companies tend to advertise less for products whose patents are about
to expire (Ellison and Ellison, 2011). My paper complements existing literature in this
field by providing the first empirical evidence of strategic DTCA and DTP advertising
that is, pharmaceutical companies adjust DTCA expenditure according to the DTP
advertising efforts and vice versa. I also construct a demand model to explain the
strategic interaction between DTP advertising and DTCA.

The remainder of this paper is organized as follows. Section 2 provides an overview

of pharmaceutical advertising strategies and the anticholesterol medication market, and
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also describes the data sources used in this paper. Section 3 presents the identification
strategy and the reduced form evidence of strategic DTCA and DTP advertising in
the anticholesterol market. Section 4 proposes and estimates a demand model that
explains the synergistic effect between DTCA and DTP advertising. Section 5 presents
the empirical framework and estimates results of the demand model. Section 6 discusses
the limitations of the analysis and its policy implications. Finally, Section 7 concludes

the paper.

2.2 Background and Data

2.2.1 Pharmaceutical Advertising

There are two types of advertising campaigns in the prescription pharmaceutical mar-
ket, DTP advertising and DTCA. Pharmaceutical companies use DTP advertising to
inform about and persuade physicians to prescribe the advertised product by (1) hir-
ing pharmaceutical sales representative to visit physicians (detailing) and distribute free
samples, (2) printing advertisements in medical journals, and (3) organizing educational
meetings for physicians. Detailing is the major form of DTP advertising. Detailing alone
accounts for 36%- 48% of overall pharmaceutical DTP advertising expenditures (Gagnon
and Lexchin, 2008). In the US, DTP advertising efforts are physician-specific and set
based on past prescription volume (Manchanda and Chintagunta, 2004). According to
an interview with a former pharmaceutical company CEO, companies typically make
detailing decisions in advance of product launch because it takes time to hire and train
sales representatives. However, contingent detailing strategies are made possible by hir-
ing contractors and/or by altering the focus of product promotional efforts during a

detailing visit.



On the contrary, DTCA is employed by pharmaceutical companies to inform and
persuade consumers. The goal of DTCA is to help patients to learn about the benefits
and potential risks of advertised medications and convince them to request the adver-
tised brand from their physician. Pharmaceutical DTCA became widely implemented in
the US in 1997. The most common format for pharmaceutical DTCA is television (TV)
advertisements. Other formats include radio, print, and digital (online) advertisements.
Pharmaceutical companies purchase advertising slots from advertising agencies in two
ways: (1) through the upfront market and (2) through the spot market. In the upfront
market, advertising spaces are determined annually, whereas in the spot market, pharma-
ceutical companies have more flexibility and can adjust advertising plans contingently.
Companies can purchase either national DTCA, which may be seen by consumers all
over the US, or local DTCA, which is broadcast to a specific market. The local DTCA
market is segmented by designated market areas (DMAs). According to Kantar Media,
a DMA is a group of counties that form an exclusive geographic area in which the home
market television stations hold a dominance of total hours viewed. The concept of DMAs
is also used by regulators in making policies®.

Because generic medications are treated as therapeutically equivalent alternatives to
their branded counterparts in the US, only branded products are advertised to physicians
and /or patients. However, generic products compete with each other and their branded
alternatives in dimensions other than marketing. For example, generic products are
priced substantially lower than their branded counterparts.

Although pharmaceutical DTP advertising and DTCA can be both informative and

1" FCC: Nielsen DMAs Still Best Definition of TV Markets. NewBay Me-
dia. June 13, 2016. http://www.broadcastingcable.com/news/washington/
fcc-nielsen-dmas-still-best-definition-tv-markets/157246. Accessed October 20th, 2017.
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persuasive (Berndt, 2005; Narayanan et al., 2005), I focus here on the persuasive role of
DTP advertising and DTCA. As will be discussed in Section 3 (Reduced Form Evidence),
my analysis focuses on the statin market between 2007 and 2008, 20 years after the initial
launch of a medication in this class. As of 2007 to 2008, statins had become the most
widely prescribed class of lipid-lowering medications and included several molecules with
annual sales of more than $1 billion US dollars, including Lipitor (atorvastatin), the
most widely prescribed statin medication. Therefore, it is reasonable to assume that
the primary function of advertising in the anticholesterol market is persuasion instead

of information.
2.2.2 Anticholesterol Market

Although the prevalence of abnormally high blood lipid levels, or hyperlipidemia, among
the US population 40 years of age and older has dropped significantly from a high of
59% in the late 1970s, it is still among the most prevalent and serious health conditions
in the US. The Centers for Disease Control and Prevention reported that in 2010, about
27% of US adults 40 years of age had hyperlipidemia, and more than 20% of US adults
40 years of age were taking cholesterol-lowering medications (Kuklina et al., 2013).
Statins are the most widely used class of anticholesterol medications since their in-
troduction in the late 1980s. During the sample period, there were eleven molecules in
the statin class, including seven different statins and four different statin combination
therapies, on the market. Four of these eleven products were under patent protection
and advertised by their sponsor companies. Other than the statins, there were two addi-
tional anticholesterol medications (Tricor [fenofibrate] and Zetia [ezetimibe]) that were

advertised by their sponsors during the sample period (Table 2.5).
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The overall structure of the anticholesterol market was stable between 2007 and 2008.
Only one major new brand, Simcor (niacin/simvastatin), entered the market in March
2008. The six branded products under patent protection accounted for more than 60%
of the overall prescriptions for anticholesterol medications during the 24-month period
(Figure 2.3), while the aggregate share of unit sales decreased from more than 60% at
the beginning of 2007 to about 55% at the end of 2008 (Figure 2.3). This decreasing
trend in aggregate share of unit sales was caused by the entry of the generic version of
Zocor (simvastatin), whose patent expired in 2006.

Across the sample period, Lipitor, Crestor (rosuvastatin calcium), and Vytorin (eze-
timibe and simvastatin) were the branded statin/statin combination products with the
greatest DTP advertising efforts as measured by both the number of detailing visits and
weighted detailing minutes (Figure 2.5 and Figure 2.6). On average, Lipitor, Crestor,
and Vytorin sales representatives visited physicians more than 8000 times and spent
more than 50,000 minutes on each product per month. Similar patterns were observed
for DTCA efforts (Figure 2.7). However, the differences in expenditures across products
were smaller while the variation within products but across time was larger for DTCA
than for DTP advertising efforts. The only branded new entrant in the sample period,

Simcor, made substantial detailing efforts but spent almost nothing on DTCA?2.
2.2.83 Data

Data used in this paper come from three different sources. Physician-level demand and
detailing data were obtained from BrandImpactRx. Market level DTCA data were pro-

vided by Ad$pender from Kantar Media. County level demographic data were collected

2 It is a common marketing strategy employed by new entrants in the pharmaceutical industry because
companies prefer to promote their products to physicians before patients.
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from the US Census Bureau.
DTP Advertising and Prescriptions

BrandImpactRx provided physician-level monthly detailing and prescription data from
January 2007 to December 2008. The data vendor, AlphalmpactRx, an IMS subsidiary,
collected data from a representative sample of individual physicians, balanced across ge-
ographic locations, specialties, and prescription volumes. Specifically, for a given physi-
cian, the detailing data recorded the number of detailing visits and the time spent on
each product during each visit for all anticholesterol medications. The prescription data
included all medication prescriptions written by that physician in a given month. For
each individual prescription, the prescription data included the name of the prescribed
brand, the type of health insurance the patient had, whether or not the patient had
requested any branded product, and the name of the requested brand. The data were
longitudinal. Multiple-period observations were available for each physician. Physician
location information, represented by a 5-digit zip code, was obtained from a separate file
provided by BrandImpactRx . I measured DTP advertising efforts per product in two
ways: (1) the total number of detailing visits and (2) the total time spent detailing a
given product per physician per month.

Because BrandlmpactRx does not record prescription information for patients who
visit a physician but do not receive a prescription, I used the total number of prescriptions

to approximate the number of patient visits for a given physician.
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DTCA

Ad$pender provided monthly DTCA units and expenditure data at the prescription
product level for all anticholesterol medications in the top 101 DMAs in the US. Because
advertisements broadcast at different times had a different audience size and were priced
at different levels, in this analysis I used DTCA expenditures rather than units to measure
DTCA efforts. Following Shapiro (2017), I rescaled DTCA expenditures by population
in the local market, which allowed me to measure national and local advertising volume
comparably. Specifically, I defined the market level DTCA efforts as the sum of the
national advertising expenditures divided by the national population and the market

level advertising expenditures divided by the market population.
Demographic Information

I collected zip codes, population information, and the number of physicians by county
from the Current Population Survey provided by the US Census Bureau.

The data were merged using the following steps: I first assigned each physician to
a given county by the 5-digit zip code. Then I aggregated DTP advertising efforts per
product per month across counties in a given DMA-border indicator. Finally, I merged
aggregated DTP advertising data and DTCA data by product, date, and DMA-border

indicator.

2.3 Reduced Form Evidence

In this section, I present the reduced-form evidence of strategic advertising by showing
that in a given market, a pharmaceutical company tends to invest more in both DTCA

and DTP advertising simultaneously, and I discuss the identification strategy.
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I model the DTP advertising efforts from brand & in market m at time ¢ as a linear

function of its own DTCA efforts:

DTPrpms = 75" + ' DTCARmt + 79 Xit + 73 Xont + €k
where X;; and X,,,; are a set of brand-time and market-time control variables.
2.3.1 Identification

Because both DTP advertising and DTCA are not randomly determined, one potential
challenge for identification is endogeneity. Following Shapiro (2017), I use the border
strategy to address the endogeneity concern. The border strategy relies on the exogenous
and discrete nature of the DMA border. The border of each DMA is defined by AC
Nielsen based on the local TV and radio programs that the residents can watch and are
most interested in within a given county. As a result, households living on different sides
of the DMA border tend to be exposed to different local advertising content. In addition,
the location of the border is orthogonal to the factors that affect DTCA decisions of
pharmaceutical companies.

To illustrate how border strategy works, consider Greensboro-High Point-Winston
Salem (GHW) and Raleigh-Durham (RD), two adjacent DMAs in North Carolina as an
example (Figure 2.11). Every county in the left (right) DMA, the GHW (RD), gets the
same amount of the same advertising as every other county in the same DMA. Meanwhile,
every county in the GHW DMA might get different advertising and/or different amount
of advertising from every county in the RD DMA. There are four counties in the GHW
DMA that share a border with at least one county in the RD DMA, and there are four

counties in the RD DMA share at least one border with a county in the GHW DMA. The
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border strategy will be to take those eight counties along the border as an experiment
with two treatment groups (GHW and RD) in a given time period.

The Ad$pender data contains DTCA expenditure from anticholesterol products in the
top 101 DMAs in the US (Figure 2.9). Merging DTCA expenditure data with detailing
data leaves 93 DMAs with 186 borders (Figure 2.10). Both the detailing and the DTCA
expenditure data are aggregated at the product-border-DMA-month level. Each border
is treated as a separate experiment, where the adjacent counties across the DMA border
serve as controls for each other.

To examine how drug companies make strategic DTCA and DTP advertising deci-

sions, I use a modified difference-in-differences method specified as below:

DTPrms = 75" + 71 DTCAgmpt + Qkmp + Qkbg + €kmbt (2.1)

where subscription b refers to border, ay,,, is a brand-market-border fixed effect and
Qupg is @ brand-border-quarter fixed effect. The underlying identification assumption is
that any differential trends in DTP advertising efforts between the two sides of the DMA
border stem from differences in DTCA efforts, after controlling for the two sets of fixed
effects.

This is a valid assumption because all the counties are bordering. Physicians and
residents located in these counties tend to have similar characteristics. Determinants of
DTP advertising efforts, other than the DTCA efforts, are likely to be comparable across
counties along the DMA border. Therefore, by comparing DTCA and DTP advertising
efforts in counties across a DMA border, I can determine if and how DTCA and DTP

advertising are causally related.
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2.3.2  Regression Results

The results show that for a given pharmaceutical company in a given market, an increase
in DTCA expenditure resulted in more DTP advertising efforts when the latter are mea-
sured by total number of detailing visits and weighted minutes of detailing per product,
and when level marketing efforts (Table 2.1) and log marketing efforts (Table 2.2) are
included in the regression in the same period. Specifically, the log regression results show
that a 10% increase in DTCA expenditure results in a 0.4% increase in the number of
detailing visits and a 0.6% increase in weighted detailing minutes. The estimated effects
from DTCA efforts on DTP advertising efforts is small but statistically significant. The
small magnitude of effects can be explained by the fact that, comparing to the widely
available DTCA broadcast slots, physicians’ availability is quite limited. Therefore, the
realized increase in DTP advertising efforts is unlikely to be of the same magnitude as
that of DTCA efforts.

To explore other potential strategic interactions between DTCA and DTP advertising
within and across products, I further include contemporaneous and lagged DTCA and
DTP advertising efforts from competitors and lagged DTCA and DTP advertising for
their own products in the same market (Table 2.3). Despite the remaining positive and
significant correlation between concurrent detailing and DTCA for their own products,
there is one additional notable finding; that is, increasing DTCA expenditure and DTP
advertising from competitors causes pharmaceutical companies to increase their own
DTP advertising efforts. While the former positive response of detailing with respect
to competitors DTCA efforts might be induced by spillover effects of DTCA, the latter

could be a case of prisoner’s dilemma.
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2.4 Demand Model

In this section I propose a demand model to show how DTCA and DTP advertising
become synergistic. In this model, a patient makes two decisions: (1) whether or not
to visit a physician and (2) whether or not to request a brand-name product. DTCA
affects both of these decisions. Depending on a patient’s visit and medication request, a
physician decides which medication should be prescribed for that patient. DTP adverting
affects a physician’s prescription decision by increasing physician’s goodwill with respect
to the advertised brand.

I first describe how physicians make prescription choices, conditioning on patients’
requests and DTP advertising. Then I show how patients make physician visit and

prescription request decisions accounting for DTCA of branded products.
2.4.1 Physicians: Accommodation and Prescription Choices

Existing medical literature shows that physicians accommodate patients’ requests partly
because accommodation affects the patient satisfaction rate (Zgierska et al., 2012). A
low patient satisfaction rate might lead to lower physician compensation (Frantsve and
Kerns, 2007) or even voluntary disenrollment from the service provider (Safran et al.,
2001), regardless of ex-post health condition improvement. Motivated by these findings,
I allow physicians to accommodate both their own and patients’ utilities when making
prescription choice decisions.

A physician makes a prescription decision in two steps. First, a physician determines
her accommodation pattern with respect to a patient’s request, which is measured by
parameter 6,, to maximize her objective function, f(A(6,), ®(6,)). A stands for the ex-

pected patient inflow and ® stands for the patient experience utility loss due to physician
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accommodation. Second, given the accommodation pattern, the physician chooses the
brand that maximizes her own decision utility. I assume that the physician prefers to
treat more patients, therefore f; > 0. In addition, I assume that the physician suffers
from prescribing suboptimal® brands due to brand request accommodation, which im-
plies that fo < 0. In the following sub-sections, I first define the decision utility function
of the physician and show how physicians make brand choice decisions, taking the value
of 6, as a given. Then, I introduce \(#,) and ®(#,) and discuss how the value of 6, is

determined.
Prescription Choices

I assume a physician makes a prescription choice based on the following decision utility

function:

Upikt = Upikt + HpA;‘:kta (22)

where A, is a dummy indicating patient request and v, refers to the experience
utility patient ¢ obtained from brand k at time ¢, from the perspective of the physician p.
Af, = 1if patient 7 requests brand k at time ¢. Otherwise it equals 0. ¢, measures the
weight that the physician puts on the patient request when making prescription choices.
A larger value of 6, implies a larger impact from the patient request on a physician’s
brand choice decision. The weight of a patient’s experience utility is normalized to 1.
vl is a linear function of the physicians goodwill with respect to brand k, G%,, plus a

brand-time fixed effect, ay,, capturing time-varying product level features, a physician-

3 T assume patients lack the necessary knowledge to choose the optimal brand for their own conditions.
Therefore, patient requests are always worse than, or equivalent to, the choice made by physicians alone.
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brand fixed effect, ok, capturing the physicians preference toward a certain brand k, a
physician-time fixed effect, oy, capturing the physician’s overall prescribing habit over

time, and an 1.i.d, logit information shock on the physician, €, ,:

Upikt = Yo + /Yprkt + ait + agk + O‘it + €pike = ﬁkt T Epikt- (23)

I use 5£kt to represent the mean utility of brand k at time ¢. Following previous published
studies of pharmaceutical marketing, I assume G%, is a log function of DTP advertising

efforts of brand k& at time ¢:

Gpit = log(1 + DTPpkt).

The probabilities of prescribing brand k& depend on patients’ requests. Normalizing

the utility of the outside option to be 0%, we have:

exp(5§kt +6,)

1+ exp(éﬁkt +6,) + >, exp(ézjt)’
Jj#k

Prob(k| A, = 1)

exp(Fpp)

T 1+ exp(égk,t +6,) + % exp(5£jt)’ (2.4)
J#K

exXp (5£k:t)

Prob(k|Aj, = 1) = TS exp(0,)"
, pj
j

Given these conditional probabilities, the expected unconditional probability of fulfilling

a patient request, P(Y'), is equal to:

4 The outside option includes branded statins whose patent expired before 2007 and their generic
alternatives, plus anticholesterol medications in other classes I observed in the data.

20



it

P(Y) = ) Prob(jlA{;, = 1)Prob(Af, = 1), (2.5)

where Prob(Af;, = 1) refers the probability that brand j is requested by the patient,
which is formally defined by equation 2.9. To simplify the notation, I use py;, to represent

Prob(k|A§,, = 1) and pj, to represent Prob(Ag;;, = 1) for the remainder of the paper.
Accommodation Pattern

Now I show how 6, is determined by the physician. Patients are assumed to be myopic
in this model. As a result, the inflow of patients per physician, A, depends on how

accommodating the physician is, which is measured by the unconditional probability

that a patient request would be fulfilled, P(Y): A = AP(Y)) = A(6,). The more
accommodating the physician is, the more patients would visit the physician. Therefore,
Ao, >0

The utility loss of patients due to physician accommodation, ®, is determined by the
absolute difference between the expected experience utility of patients when 6, = 0 and

when 6, > 0:

= |Zp?1)§t - ijvéﬂ = ®(6,),
J J

where p; refers to the probability of brand k being prescribed and p, = Zpkbp;, and
J

Py = pr(f, = 0). Patients would suffer more in experience utility loss as the physician
becomes more accommodating. Therefore, @y, < 0.

Given the assumptions above, the physician determines the value of 6, to solve the
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following optimization problem:

arg max f(A(6), ®(¢;))

(2.6)
st.: Ag, > 0,09, <O0.

For the purpose of this paper, I do not explicitly define the function f and solve for

the value of 6, analytically. However, I display the trade-off between physician accom-

modation and patient experience utility maximization by simple numerical simulation in

section 2.4.3.
2.4.2 Patients: Brand Request and Physician Visit

In this model, I assume patients make the following two decisions sequentially. First,
they decide whether to visit their physicians or not. Then, conditioning on visit, they
decide if and which brand to request. I solve the patients’ problem in reverse: first, I
discuss how patients make brand request decisions conditioning on visit. Then, I discuss

how patients make physician visit decisions.
Brand Request

Given that the patient ¢ visits a physician at time ¢, similar to equation 2.3, I assume the
utility of taking brand k, according to the patient, ug,,, depends on a patients goodwill
with respect to that brand, G¢,,, a brand-time fixed effect, a market-brand fixed effect,

and a logit demand shock:

c _ c ce c c c __ gc c
Ui = Y0 + ViGimke T Qe + Qi + €5kt = Otk + Eomies (2.7)
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the brand-time fixed effect captures time-varying product level features observed by the

patient. The market-brand fixed effect captures time invariant, market-specific brand

C

imkt 15 & log

features. Similar to the physicians goodwill toward a brand, I assume G

function of DTCA of that brand aired in the market m where patient i is. Thus,

G5 = 1og(1 + DTCA, k). (2.8)

Let Af,, = 1 if patient ¢ requests brand k during her visit at time ¢ and A$, = 0

otherwise. The probability that brand k£ being requested, plk, is equal to:

exp 07kt

imkt

I+ Z exp(éicmjt) (2:9)

T __
Pix =

Physician Visit

To simplify the analysis, this model assumes each patient can visit only one physician in
a given period and the patient cannot choose which physician to visit. Patient ¢’s utility

of visiting her physician at time ¢, uj ,, is a linear function of the expected utility of

v

existing medical treatment, G}, ,,

a time fixed effect, o, a physician fixed effect, oy, and
an i.i.d logit shock, €}

imt

up = +1Gmt + o) + oy, + €5, =067

imt imt + EU (21())

imt*

v

- The first component is the expected utility from

There are two components in G
the advertised brands that the patient would request, and the second component is
the expected utility of treatment that the patient would receive if her brand request is

rejected. Formally:
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G = P(Y)log[1 + ) exp(8],,;)] + (1 = P(Y))Go, (2.11)

J

where P(Y) refers to the probability of a patient request being fulfilled by the physician,
which is defined in equation 2.5. G,, is a market-specific term representing the value of
treatment received by the patient if her request is rejected. G,,, cannot be unobserved by
economists and cannot be separately identified from market fixed effects. In addition, I

assume G, < log[]exp(dy,,;;)], which implies that from the patient’s perspective, the
J

inside options are always non-inferior than the backup treatment option.
Therefore, the probability that a patient would visit her physician is given by following

equation:

exp (it
2.12
1+ > exp(05,,,) (2.12)

J

(% —
pimt -

2.4.8 Numerical Simulation

Simulated correlations between 6, and brand request fulfill rate P(Y’), between brand
request fulfill rate and the probability of patient visit p¥, and between 6, and patient
utility loss ® are consistent with the model prediction. The plots suggest that as the
physician becomes more accommodating, she is more likely to fulfill her patients’ requests
(Figure 2.12a), and more patients would visit her (Figure 2.12b), but patients would

suffer more in experience utility loss (Figure 2.12c).
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2.4.4 Deriwatives

In this sub-section, I describe the strategic implication of DTP advertising and DTCA
generated by the demand model through deriving first order derivatives. Equation 2.12
defines the share of patients who visit physician p as the probability that a representative
patient chooses to visit, p} ,. Likewise, equation 2.4 defines the market share of brand &
for physician p conditioning on patient request for brand &’ as the conditional probability
of physician p prescribing brand k for each patient. Finally, equation 2.9 defines the share
of patients who request brand &', which is equivalent to the probability of a representative
patient who requests that brand. As a result, the market share of product k in market

m at time ¢ is:

, e exp(dyy, + 0
Skms = Z exp(dy) [ exp () xp( pkt b)

1+ exp(0p,) 1+ ZGXP((SJC‘t) 1+ eXP(%t +0,) + 2 exp((ﬁ;) !
J

c
pem jzk

Z exp(05,,) exp(d,,)

L+ >lexp(d5,) 1+ exp(dpy, + 0,) + > exp(6},) + (2.13)
J

/
k' #k,0 S

1 exp@ﬁm)
1+ >lexp(d5,) 1+ 2 exp(d7,)
j j

]

Subscription ¢ is omitted as patients within a given market are homogeneous after
controlling for the DTCA expenditure and a set of fixed effects.
Given the share defined above, the derivative of sy,,,; with respect to DTP advertising

toward physician p at time t is:
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askmt v r P o 1 .
m = Vpsmt;%qmut%k/(l - Sk|k’)m >0 if 7y, > 0. (2.14)
Equation (2.14) shows that DTP advertising benefits pharmaceutical companies by
increasing the share of the advertised brand being prescribed, whether the brand is
requested by patients or not.
The derivative of sg,,; with respect to DTCA toward patients in market m at time ¢

1s:

aSkmt
- = v 1 _ ) /
a‘DTC’Amkt Z [Smt( mt aDTCAmkt Z Sk |mvt8k‘k

pEM
0
i (2.15)
1
+ Smtﬁ)/rsk\mvt Z Sk’\mvt (Sk k Sk\k’) ]
= ! DTCA "
>0 if 6,>0

pharmaceutical companies benefit from DTCA because the latter encourages patients to
talk to their physicians (market expansion), which is captured by the first term in equa-
tion (2.15), and to request the advertised brands (business stealing), which is captured
by the second term in equation (2.15).

Similarly, the first order derivative of s, with respect to competitor’s DTP adver-

tising and DTCA is:
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6Skmt 1

v r D p
e = T VpSmt E Spr Sl S <0
oD ijt pom m Imot K|k’ j|k D ijt ’

(2.16)

askmt aSmt r p |mot P
oDTC,,, Z[aDTCm ~ 2 Skt kw5 4 ODT oy ki)
J peEM JU g J

J

~
>0,market expansion

Competitor’'s DTP advertising reduces a firm’s own market share because the former
persuades physicians to prescribe a competitor’s product regardless of patients’ requests.
The impacts of competitor’s DTCA on a firms own market share are not obvious. On the
one hand, the competitor’s DTCA would encourage patients to request the competitor’s
product. On the other hand, the competitors DTCA encourages more physician visits by
patients. While the former impact is negative, the latter impact is positive. The overall
effect of a rival’s DTCA depends on which effect dominates.

The cross derivative of sy, with respect to a firms own DTP advertising and DTCA

18:

askmt ZS S Sp ); +
0DT PydDTC Ay VPaDTCAmkt ket Sk (1= Sw) o

[

>0, market expansion (217)

|mvt P 1

/ ]-_ b ) R g——
TpS th ODTC A, it k|k( Sk|k)DTPpkt

the first term on the right-hand-side of equation (2.18) shows that increasing DTCA
efforts might improve the marginal return of DTP advertising by attracting more patients

to visit their physicians. Meanwhile, according to equation (2.15) and (2.16), the sign
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on the second term, which captures the business stealing effects of DTCA, can be either
positive or negative. The intuition is that DTP advertising would encourage physicians
to prescribe the brand being detailed regardless of patients’ requests, while DTCA would
increase the share of patients who request the advertised brand but decrease the share
of patients who request other brands.

Further expanding equation (2.18), we can show that:

aSk’mt
ODTPyy0DTC Ay

<0if7y"<0]+7<0. (2.18)

In other words, the necessary conditions of synergistic DTCA and DTP advertising
are v" > 0 and 77 > 0. In addition, the synergistic effect is non-decreasing in v” and
gP5. Therefore, the four following hypotheses will be tested in Section 5, Empirical

Methodology and Demand Estimation:

Hypothesis 1. DTCA encourages patients to request the advertised brand, or formally,

y" > 0.

Hypothesis 2. DTP advertising encourages physicians to prescribe the detailed brand,

regardless of patients’ requests, or formally, v* > 0.
Hypothesis 3. DTCA encourages patients to visit physicians, or formally, v* > 0.

Hypothesis 4. Physicians value patients’ requests, or formally, 67 > 0.
2.5 Empirical Methodology and Demand Estimation

In this section, I present the empirical framework and estimation results for the demand

model. First, I describe the identification strategy. Then, I present and discuss the

5 Please refer to the Appendix for more details.
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demand estimation results. Finally, I display the synergistic effects between DTCA and

DTP advertising through simulating a single-agent profit maximization problem.

2.5.1 Identification

DTP Advertising and Physician’s Prescribing Decision

As stated in the theory section, the probability of physician p prescribing brand k at time
t depends on a patient’s request, a manufacturers DTP advertising efforts, and brand
characteristics.

The identification of how DTP advertising affects physician prescribing stems from
the variation of brand shares when patients choose to request the outside option. Specifi-
cally, given that patients request the outside option, the share of brand & and the outside

option at time t is:

exp(of
Shiot = a ”“)p (2.19)
L1+ Dexp(Sppy)
k/
and
1
(2.20)

p =
Sl T 1 > exp(dy,,)’
k/

where 5§kt is defined in equation 2.3. Take a log of both sides of equation 2.19 and 2.20

and compute the difference:

In Si|0,t - lnsgw =00 =70 + 1 InDTPy + af, + by + apy.
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One remaining concern with respect to equation 2.21 is that there might be some
physician-brand-month specific unobserved factors that could affect both a physician’s
prescription decisions and a firm’s DTP advertising decisions simultaneously. Ideally,
the instrumental variable method can address this endogeneity problem. However, the
instrumental variable method is unlikely to find an exogenous shock at the physician-

brand-month level. To partially address this issue, I include an area-brand-time fixed

p

apt» i the regression. I define the area in two ways: (1) metropolitan statistical

effect, o

area (MSA), and (2) 5-digit zip code area. Therefore, the regression equation becomes:

In S£|0,t — lnsgm = 5173“ =+ WInDTP, + af,, + agk +ab,. (2.21)
Parameter 7} in equation 2.21 measures how DTP advertising affects a physician’s pre-
scribing decisions.

Patient Request and Physician’s Prescribing Decision

The share of brand £ being prescribed by the physician conditioning on patient request

1s:

exp(c?ﬁkt +0,)

Sp =
MEET 1 Y eap(Oly,) + exp(Syy + 6,)
k' #k

(2.22)

Accordingly, the share of outside option when brand k is requested is equal to:

1

sP =
Ot 14 X eap(dpy,) + exp(dpy, +6,)°
k'#k

(2.23)
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where 5§kt is defined in equation 2.3. Subtracting the log of equation 2.23 from the log

of equation 2.22 gives us:

In siw — lnsg‘kvt =7y + 1 InDTPY, + 1Akt + of, + aik +ab,. (2.24)

Further subtract equation (2.21) from equation (2.24):

(In sy, — Insgy.,) — (Insiy , — Insgy ) = Op A, (2.25)

Granted that the model is correctly specified, an ordinary least squares regression of
equation (2.25) provides an unbiased estimate of 6, the impact of patient request on

physician prescribing choice.
DTCA and Patient’s Request Decision

The share of patients who would request brand k is:

r eXp((S?(’:nkt)
Spokt = , (2.26
M1+ 2. exp(d5,,) )
j
and the share of patients who would request an outside option is:
1
Sor = (2.27)

1+ exp(05,i1)
j

where 0y, is defined by equation 2.7. After taking the log of both sides of the equations

and subtracting equation 2.27 from equation 2.26 we have:

Ins; ., —Ins) o =7+ InDTCA, ., + af, + o
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Because both DTCA and patient request are not randomly determined, identifying
~{ is not straightforward. For example, there might be some unobserved brand-market-
time specific factors that affect both patient request and a pharmaceutical firms DTCA
decisions. Like equation 2.1, I use border strategy to address the endogeneity concern of
DTCA efforts. Specifically, I compare the brand request and brand-specific DTCA efforts
across counties along the DMA border after controlling for the brand-border-DMA fixed

effect and the brand-border-quarter fixed effect:

sy — sy =7+ InDTCAR: + oy, + Ay (2.28)
DTCA and Patient’s Visit Decision

The share of patients in each market who choose to visit a physician is summarized by:

eXp((S;’n)
Ing?, = ———— 1 2.29
Bt T T e (65,) (229)

where 0,,; is defined by equation 2.10. If we normalize the utility of not visiting to be 0,

take the log of both sides of the equation, and compute the difference, we have:

Insy, —In(l —s,.) = +7/G" + a;, + o, (2.30)

Substituting in equation 2.11 and rearranging the equation we have:

Ins;, —In(l —s,.) =7 +7 ln[z exp(0,,5)] + ap, + af. (2.31)
J

where 57 = 77P(Y) and ap = [7{(1 — P(Y))G), + ap]. Both P(Y) and In[};exp(d},)]
J
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cannot be observed in the data. However, we can approximate 47, by the estimation
results from equation 2.28 and estimate P(Y) by calculating the average patient re-

A
T

quest fulfill rate for each physician. Specifically, we have S;t = Insp, — Insg, — €}, and

p(Y) = kZ pi,‘ Wt Finally, like the identification of DTCA and patient request, there are
It

endogeneity concerns with respect to DTCA and patient visit decision. Again, border

strategy is employed for these endogeneity concerns.
2.5.2  Demand FEstimation Results

In this section, I present and discuss the estimation results of the demand model. The
purpose of these regressions is to show whether or not pharmaceutical advertising affects
patients and physicians as predicted by the demand model instead of accurately evalu-
ating the magnitude of those effects. First, I discuss the summary statistics of the data
used in estimation. Then, I display how patient requests affect physician prescription
decisions in the anticholesterol market. Next, I quantify the impacts from DTCA on pa-
tient request decisions and how DTP advertising affects physicians’ choices conditioning
on patient request behaviors. Finally, I show the effects from DTCA on patients visit

decisions.
Summary Statistics

Summary statistics for prescription, request, and DTP advertising data are presented in
Table 2.6. The data were collected from 2956 physicians between January 1, 2007 and
December 31, 2008. On average, each physician was observed for nearly 12 months °.

The number of prescriptions written by each physician is about 12 per month, of which

6 Physicians were enrolled in the data set on different dates, but they did not exit after enrollment.
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15.8% are new prescriptions and the rest are prescription refills. Of the 2956 physicians,
26.9% had been requested to prescribe a specific brand by their patients, and the number
of request per month is slightly greater than 1. More than half of the patients (52%) were
covered by private health insurance and 34% were covered by Medicare and Medicaid.
Of all patients in the data set, 8% were newly diagnosed with hyperlipidemia. Finally,
on average, each physician received 5 detailing visits per month for a branded product,
consuming 24 minutes of a physicians time in total.

Summary statistics for DTCA and demographic data are presented in Table 2.7.
The data included 186 border areas from 93 DMAs in the US. On average, each branded
product spent 1.7 cents per capita in each DMA. The variation in DTCA expenditures
across markets and time was substantial even after controlling for the fixed effects used
in regression (Figure 2.8). The average population across each DMA-border area within

the sample period was 3 million, and the average number of physicians was about 9007.
Patient Request and Prescription Choices

Equation 2.25estimates the impacts from patients’ requests on physician prescription
choices. To account for any possible differences in decisions to refill existing prescriptions,
to write new prescriptions for previously treated patients, and to write new prescriptions
for newly diagnosed patients, I separately report estimation results for the latter two
subsamples.

The identification of 6, requires observing the share of brand k and the outside
option conditioning on brand k and the outside option being requested, which reduces

the physician sample size to 5257 for the overall prescription regression. Although the

" Population size and physician number from counties bordering more than one DMA were included
in calculations for all bordering areas.

34



number of observations used in the regression only account for a small portion of the
data, these observations include prescription decisions made by 532 physicians, which
is about 18% of all physicians surveyed by BrandlmpactRx. Therefore, the estimation
results should be reasonably representative.

The estimation shows that physicians value patient requests (Figure 2.13). Patient
requests have positive and significant effects on overall prescription share for branded
products (Table 2.8). On average, physicians value patients requests slightly less than
their own perspective about medications (0.8 vs 1). The results are similar when I focus
on new prescriptions for previously treated patients (Table 2.9) and on new prescriptions
for patients who are newly diagnosed with hyperlipidemia (Table 2.10).

There are some variations in physicians’ accommodation pattern across brands (Fig-
ure 2.14) and time (Figure 2.15). Specifically, physicians are more accommodating when
patients request the new market entrant, Simcor (Figure 2.14). This finding is consistent
with a previous finding that physicians are likely to experiment with new medications to
learn from patients experiences (Chintagunta et al., 2012). In addition, physicians value
patients requests more in later periods in the sample (Figure 2.15), which is consistent

with an increased emphasis on shared clinical decision making in recent years.
DTCA and Patient Request

Equation 2.28 estimates the effects of DTCA on patients’ requests for branded products.
Because patients past experiences with anticholesterol medications would affect their
prescription request decisions, I separately identify how DTCA affects patients who take
no anticholesterol medications before the physician visit (Table 2.13), patients who visit

the physician for the first time but have been prescribed anticholesterol medications
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before the visit (Table 2.12), and the overall patient population (Table 2.11). In addition,
because patients with different health insurance plans have different out-of-pocket costs
and formulary options, they tend to have diverse reactions to DTCA. As a result, I
distinguish between patients who have private healthcare insurance and patients who
have Medicare and Medicaid insurance.

The estimation results show that DTCA significantly increases branded product re-
quests from patients with private healthcare insurance but has little impact on patients
who are covered by Medicare or Medicaid. Patients with private healthcare insurance
tend to have lower copayments and more formulary options, which imply lower cost
for more medication choices. Therefore, they are more likely to request a branded prod-
uct. Finally, patients with new prescriptions for anticholesterol medications and patients
newly diagnosed with hyperlipidemia are comparably reactive to DTCA when making

brand request decisions as experienced patients
DTP Advertising and Prescription Choices

Equation 2.21 estimates how DTP advertising affects physicians prescription decisions,
conditioning on patient requests. Specifically, I examine the effects from DTP advertising
when patients request an outside option (Table 2.14 and 2.15) and when patients request
competitors brands (Table 2.16 and 2.17). Consistent with previous research, DTP
advertising, as measured by both number of detailing visits and weighted minutes spent
on a given product, has a positive and significant effect on market share of detailed
brands in both cases. The positive and significant effects remain when competitors’

detailing efforts are included as a control variable (Table 2.18)
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DTCA and Patient Visit

Finally, equation 2.31 estimates the impacts from DTCA on patient visit decisions. The
result shows that higher inclusive value of advertised branded products results in more
patient visits to physicians (Table 2.19). It implies that, overall, brand-specific DTCA
expands the market for all brands in a medication class because it increases the inclusive

value of all advertised products.
2.5.8  Synergistic DTCA and DTP Advertising

Given the demand estimation results, I qualitatively display the synergistic effects be-
tween DTCA and DTP advertising through simulation of a single-agent marketing prob-

lem. The profit function in the simulation is assumed to be:

Tkt = M Bisy Y syt — ¢ DTP = DTCAy, s.t: ¢!DTPy, + DTCA < y.
k/

where M refers to market size, R refers to mark-up per prescription, ¢! refers to the
marginal cost of detailing visits, and y refers to the advertising budget. The values of
these parameters are listed in table 2.21: I assume M = 100, R = $150, ¢! = $100, and
y = 1500.

In the simulation, I first calculate the incremental profits when both DTCA and DTP
advertising are used together than when either DTCA or DTP advertising is used alone
by the pharmaceutical company for a given brand budget. Specifically, I compare the

profits of the pharmaceutical company across the following five cases:

1. DTCA expenditure =1500, DTP advertising expenditure =0 (DTCA only)
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2. DTCA expenditure =600, DTP advertising expenditure = 900 (DTCA focused)
3. DTCA expenditure =500, DTP advertising expenditure = 1000 (Benchmark)
4. DTCA expenditure =400, DTP advertising expenditure = 1100 (DTP focused)
5. DTCA expenditure =0, DTP advertising expenditure =1500 (DTP only)

I use the third marketing scheme, where DTCA expenditure =500, DTP advertising
expenditure = 1000, as the benchmark across different scenarios. I first calculate the
profit rate differences between the benchmark and the other four marketing schemes.
Then I decompose the profit rate difference to explore where the synergistic effects come
from and how they vary by the demand parameter values. Specifically, I examine by
how much the share of patient visit, patient request, and physician’s prescription choice
can explain the differences in profit rate differences. I use m; to represent the profit of

the benchmark, and w5 to represent the profit of alternative marketing schemes:

MRsy S sthsPl — oy — (MRsy S 572572, —
(m1 — ) /T2 1% ¥ % Y ( 2% Kkl v)

(1 — ma) /M B T — Mo

MR[(s01 = $02) %: Sz}sillk' T Sv2 %‘4(52} - 52’2)82\1/%/ + Su2 % s}?(sillk, - sifk,)]

T — To

(o= s St s X s sa Do lsth — ok

= + +
51— 82 51 — 52 51— 52

(2.32)
The first term in the last row of equation 2.32 measures the share of profit rate
difference induced by the changes in a patient’s physician visit decision. The second
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term measures the share of profit difference caused by the changes in a patient’s brand
request decision. The last term measures the share of profit difference induced by the
changes in a physician’s prescribing decision, conditioning on physician visit and brand
request decisions.

Table 2.22 presents the simulation results. In the first scenario where parameter
values are listed in Table 2.21, the marketing schemes that use both DTCA and DTP
advertising strictly dominate the DTCA only and the DTP only schemes. In addition,
within the three marketing schemes, the DTCA focused earns higher profit rate than
the other two. Decomposition of the incremental profit rates shows that compared to
physician visit, patient request is the primary channel through which DTCA increases
profits. The combination of DTCA and DTP advertising dominates DTCA only and
DTP only because: (1) Mathematically, the market share is a product of the visit share,
the request share, and the physician share. The product would be larger when the
three components are equally large than when they are not; (2) Economically, for the
DTCA only case, the DTP advertising encourages physicians to prescribe the advertised
product and the positive effects outweigh the negative impacts on physician visit and
brand request associated with lower DTCA expenditure. Likewise, the combination of
DTCA and DTP advertising dominates DTP advertising only because DTCA encourages
patients to visit physicians and request the advertised brand, and the positive effects
outweigh the negative impacts on physician prescription choices that are associated with
lower DTP advertising expenditure.

Next, I examine how the synergistic effects would change with different demand pa-
rameters. First, when consumers become more responsive to DTCA, the combination

of DTCA and DTP advertising become less dominant to DTCA only but more domi-
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nant to DTP advertising only. Likewise, the incremental profit rate of DTCA focused
marketing scheme becomes larger. This finding is not unexpected because more respon-
sive consumers lead to higher marginal benefits of DTCA. Conversely, the profit gap
between the combination of DTCA and DTP advertising and DTP advertising alone
shrinks as physicians become more responsive to DTP advertising, while the disadvan-
tages of DTCA alone become larger. For the same reason, the profit rate gap between

DTP focused marketing scheme and the benchmark case becomes smaller.

2.6 Discussion

2.6.1 Limitations of the Border Strategy

Similar to other regression discontinuity design, one main concern of the border strat-
egy is whether or not the estimated treatment effects along the borders can be identified
among the inward counties. However, the fact that the border counties have similar char-
acteristics, such as average population, average income, average number of physicians,
and average number of physicians as interior counties (Shapiro, 2017) might partially
address this concern.

Another threat to the border strategy, particularly for the demand estimation results,
is the potential for measurement error. Specifically, there are three types of measure-
ment error that could bias the estimation results. First, patients might visit physicians
operating in a different DMA; second, patients from bordering counties might visit physi-
cians operating in an interior county of the same DMA; and third, patients might watch
Internet-based programs or see programs broadcast from the DMA across the border.
Because the bias induced by all these types of measurement error is downward, I interpret

my estimation results based on the lower bounds of the true parameters.
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Finally, due to data limitations, I omit price and copay in the demand estimation.
Because medication prices across adjacent counties within a given quarter tend not to
vary significantly, the product-border-quarter fixed effect is likely to absorb price vari-
ations. Likewise, for patients with the same type of insurance, the variations in their
associated copay for the same product are likely limited and any variations are addressed

by the product-border-quarter fixed effect.
2.6.2 Policy Implication

The identified strategic DTP advertising and DTCA and the ways they affect physicians
and patients in the pharmaceutical industry have policy implications. For example, shall
pharmaceutical DTCA be banned? Because pharmaceutical DTCA can drive demand
for expensive branded products despite the existence of equivalent but much less expen-
sive generic alternatives, the American Medical Association called for a ban on DTCAS.
It is true that DTCA encourages patients to request advertised brands (Table 2.11),
which could lead to higher healthcare expenditure but not necessarily better healthcare
outcomes. However, DTCA also encourages patients to talk to their physicians about
treatment options (Table 2.19), which could be beneficial as many diseases are under-
diagnosed and/or undertreated (lizuka and Jin, 2005). In addition, because DTCA and
DTP advertising are strategically related (Table 2.1), banning DTCA would lead to lower
DTP advertising. Because DTP advertising provides physicians with riskbenefit infor-
mation for the advertised product, lowering DTP advertising might negatively impact

physicians’ acquisition of knowledge about a new product (Ching and Ishihara, 2012).

8 AMA Calls for Ban on DTC Ads of Prescription Drugs and Medical Devices. https://www.ama-
assn.org/content/ama-calls-ban-direct-consumer-advertising-prescription-drugs-and-medical-devices.
Accessed November 20th, 2016.

41



Therefore, additional studies of the impact of DTCA on patients and its correlation with

DTP advertising are needed.

2.7 Conclusion

Using data from the anticholesterol market, I find pharmaceutical companies make strate-
gic DTCA and DTP advertising by using the border strategy. Specifically, a 10% increase
in DTCA expenditure per capita is associated with 0.3%-0.4% more detailing visits or
1% more detailing time for a given product in a given market. The identified positive
relationship between DTP advertising and DTCA is consistent with a documented syn-
ergistic effect between these two marketing tools (Narayanan et al., 2004). To further
understand the source of the synergistic effect, I construct and estimate a demand model
that explicitly models patients’ and physicians’ decisions about requesting and prescrib-
ing brand-name medications considering the impacts from pharmaceutical advertising.
I find DTCA encourages patients to visit their physicians and encourages patients with
private healthcare insurance to request the advertised brand; physicians value patients’
request and are more likely to prescribe the requested brand; and D'TP advertising boosts
the number of prescriptions for the advertised brand, whether the brand is requested by
the patient or not. Simulation results show that comparing to patient visit, patient re-
quest for a brand-name medication is the primary channel through which DTCA affects
patients and is the source of the synergistic effect between DTCA and DTP advertising.

These findings have both advertising strategy and healthcare policy implications.
Pharmaceutical firms might be able to realize more gains by coordinating DTCA and
DTP advertising than if they fail to coordinate these efforts. Moreover, regulators should

consider the connection between DTCA and DTP advertising when making policies,
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otherwise regulatory policies might lead to unintended or even opposing consequences.
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FIGURE 2.1: 32% of patients have had made a brand request and half of them were
fulfilled by the physicians.

Source: Author’s analysis using data from Kaiser Family Foundation.
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FIGURE 2.3: Share of prescriptions of branded anticholesterol medications from 2007 to
2008.

Source: Author’s analysis using data from AlphalmpactRx.
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FIGURE 2.4: Share of patient request of branded anticholesterol medications.

Source: Author’s analysis using data from AlphalmpactRx.
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FI1GURE 2.8: Substantial variations in log direct-to-consumer-advertising expenditure
per capita net of fixed effects.

Source: Author’s analysis using data from Ad$pender and 2008 population projections data from US
Census Bureau

51



FIGURE 2.9: Top 101 DMAs in the US.

F1GURE 2.10: Counties along the border of the Top 101 DMAs in the US.
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Table 2.1: Coordinated DTCA and DTP advertsing, level.

Detailing Visitsg,,

Weighted Detailing

Minutesg,:
DTC per Capitag,, 0.040*** 0.128%**
(0.008) (0.032)
Brand-DMA-border fixed effects  x X
DMA-border-quarter fixed effects x X
N 50844 50844
R? 0.849 0.750

Standard errors in parentheses are clustered at DMA-border level
*p<0.1,* p<0.05 *** p <0.01

Source: Author’s analysis using data from AlphalmpactRx, Ad$pender, and US Census.

Table 2.2: Coordinated DTCA and DTP advertising, logarithmic.

Log Detailing Visitsgm:

Log Weighted Detailing

Minutesg,,;
Log DTC per Capitag,; 0.038*** 0.058%**
(0.006) (0.011)
Brand-DMA-border fixed effects  x X
DMA-border-quarter fixed effects x X
N 50844 50844
R? 0.831 0.767

Standard errors in parentheses are clustered at DMA-border level

*p <01, * p<0.05 *** p <0.01

Source: Author’s analysis using data from AlphalmpactRx, Ad$pender, and US Census.
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Table 2.3: Coordinated DTCA and DTP advertising with more controls, level.

Detailing Visitsg,,

Weighted Detailing

Minutesg,:
DTC per Capitag,; 0.028%** 0.084***
(0.008) (0.033)
DTC per Capita_j s 0.012%** 0.106***
(0.003) (0.018)
DTC per Capitay, —1 0.007 0.031
(0.005) (0.028)
DTC per Capita_ m 1 0.001 0.018*
(0.001) (0.011)
Detailing_j, ¢ 0.096*** 0.050%**
(0.004) (0.004)
Detailing, ;1 0.089*** -0.025
(0.021) (0.016)
Detailing_j, ¢—1 -0.002 0.007
(0.004) (0.005)
Brand-DMA-border fixed effects  x X
DMA-border-quarter fixed effects x X
N 48576 48576
R? 0.864 0.757

Standard errors in parentheses are clustered at DMA-border level
*p<0.1,* p<0.05 *** p<0.01

Source: Author’s analysis using data from AlphalmpactRx, Ad$pender, and US Census.
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Table 2.4: Coordinated DTCA and DTP advertising with more controls, logarithmic.

Log Detailing Visitsy,,; Log Weighted Detailing

Minutesg,,;
Log DTC per Capitag,; 0.029*** 0.047%***
(0.006) (0.012)
Log DTC per Capita_g ¢ 0.034%** 0.062%**
(0.006) (0.011)
Log DTC per Capitag, -1 0.006 0.002
(0.007) (0.013)
Log DTC per Capita_g ;,,1—1 -0.003 -0.0001
(0.006) (0.014)
Log Detailing_, ¢ 0.163*** 0.102%**
(0.010) (0.008)
Log Detailingp, +—1 0.016 -0.063***
(0.014) (0.013)
Log Detailing_jm, +—1 0.049%*** 0.046***
(0.005) (0.006)
Brand-DMA-border fixed effects x X
DMA-border-quarter fixed effects x X
N 48576 48576
R? 0.840 0.773

Standard errors in parentheses are clustered at DMA-border level
*p<0.1, * p<0.05 ** p<0.01
Source: Author’s analysis using data from AlphalmpactRx, Ad$pender, and US Census.
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Table 2.5: Branded anticholesterol drugs, 2007-2008

Brand Molecule Firm Approval Date Class
Crestor Rosuvastatin AstraZeneca 2003.08 Statins
Lipitor Atorvastatin Pfizer 1996.12 Statins
Simcor Niacin/Simvastatin Merck 2008.02 Statins
Tricor Fenofibrate Abbvie 2008.02 Fibric acid
Vytorin Ezetimibe / Simvastatin Merck 2004.07 Statins
Zetia Ezetimibe Merck 2002.10 Antilipemic

Source: Author’s analysis using data from Drugs@QFDA.

Table 2.6: Summary statistics of prescription and patient request

N Std. Min Max

# of Physician 2956
% being Requested 26.9%
% of New Prescriptions 15.8%
% of Prescriptions for Newly Diagnosed Patients 8.01%
% Private Health Insurance 52.3%
% Medicare 34.3%
# of Months 11.73  6.84 1 24
# of Prescriptions per Month 12.18 14.66 1 247
# of Requests per Month 1.09 6.04 0 80
# of Detailings Visits per Month 5.25 491 1 53
# of Detailings Minutes per Month 24.22 2882 0.5 588

Source: Author’s analysis using data from AlphalmpactRx.
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Table 2.7: Summary statistics of DTCA, detailing, and demographic Information

Mean SD Min Max
Number of Border 186
Number of DMA 93
DTCgpne 1.7 2.7 0 100.3
Population,,; 3.107 3.574 0.356 20.183
Number of Physicians,,,; 891.908 1785.992 3 11183

Source: Author’s analysis using data from AC Nielsen, Ad$pender, and US Census.

Table 2.8: How patient request affects physicians. All patients.

epbt 919
Patient Request 1.049*** 0.812%**
(0.005) (0.018)
t-statistics 192.126 46.147
Observation 5257 532

¥ p<o0.1, ¥ p <0.05, ¥*¥¥ p <0.01

Source: Author’s analysis using data from AlphalmpactRx.

Table 2.9: How patient request affects physicians. New prescriptions only.

epbt 917
Patient Request 0.881*** 0.803***
(0.016) (0.029)
t-statistics 53.570 27.322
Observation 1205 321

* p<o0.1, ¥¥% p <0.05, ¥¥* 5 <0.01

Source: Author’s analysis using data from AlphalmpactRx.
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Table 2.10: How patient request affects physicians. Newly diagnosed patients only.

epbt ep
Patient Request 0.955%** 0.825%**
(0.022) (0.043)
t-statistics 42.611 18.848
Observation 538 143

* p<o0.1, ¥ p <0.05, ¥¥* 5 <0.01

Source: Author’s analysis using data from AlphalmpactRx.

Table 2.11: DTCA and brand request. All patients.

Overll Prescription

Variable Non-private insurance Private insurance

Log DTC PC 1 -.00002 0.002**
(.0007) (0.001)

Brand-DMA-border X X

Brand-border-quarter X X

N 42672 40290

R? 0.774 0.652

Standard errors in parentheses are clustered at DMA-border level
* p<o0.1, ¥ p <0.05, ¥¥* p <0.01

Source: Author’s analysis using data from AlphalmpactRx, Ad$pender, and US Census.
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Table 2.12: DTCA and brand request. Patients with new prescriptions only.

New Prescription

Variable Non-private insurance Private insurance

Log DTC PC 1, 0.0002 0.003**
(0.001) (0.001)

Brand-DMA-border X X

Brand-border-quarter X X

N 30192 29868

R? 0.502 0.449

Standard errors in parentheses are clustered at DMA-border level
¥ p<0.1, ¥ p <0.05, ¥*¥* p <0.01

Source: Author’s analysis using data from AlphalmpactRx, Ad$pender, and US Census.

Table 2.13: DTCA and brand request. Newly diagnosed patients only.

Newly Diagnosed

Variable Non-private insurance Private insurance

Log DTC PC 1, 0.0003 0.004*
(0.003) (0.002)

Brand-DMA-border X X

Brand-border-quarter X X

N 18972 22632

R? 0.537 0.497

Standard errors in parentheses are clustered at DMA-border level
¥ p<0.1, ¥ p <0.05, ¥¥* p <0.01

Source: Author’s analysis using data from AlphalmpactRx, Ad$pender, and US Census.
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Table 2.14: DTP advertising and prescription choice. Number of detailing visits.

Version 1  Version 2 Version 3 Version 4

Log Detailingy,, 0.011***  0.006™**  0.005***  0.005***
(0.002) (0.001) (0.001) (0.001)
Brand-time fixed effects X X
Physician-brand fixed effects X X X X
Physician-time fixed effects X X X
MSA-brand-time fixed X
ZIP3-brand-time fixed X
Observations 243784 239636 210667 195870
R? 0.527 0.922 0.931 0.939

Standard errors in parentheses are clustered at physician level
*p<0.1, * p <0.05, *** p <0.01

Source: Author’s analysis using data from AlphalmpactRx.

Table 2.15: DTP advertising and prescription choice. Weighted detailing minutes.

Version 1  Version 2 Version 3 Version 4

Log Detailing 0.005*** 0.003***  0.002***  0.002***
Weighted Minutesy,; (0.001) (0.000) (0.000) (0.000)
Brand-time fixed effects X X

Physician-brand fixed effects X X X X
Physician-time fixed effects X X X
MSA-brand-time fixed X
ZI1P3-brand-time fixed X
Observations 243784 239636 210667 195870
R? 0.527 0.922 0.931 0.939

Standard errors in parentheses are clustered at physician level
*p<0.1, * p<0.05 *** p<0.01
Source: Author’s analysis using data from AlphalmpactRx.
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Table 2.16: DTP advertising and prescription choice when competitor brand is requested.
Number of detailing visits.

Version 1  Version 2 Version 3 Version 4

Log Detailingy,, 0.006** 0.004** 0.007* 0.005*
(0.003) (0.002) (0.001) (0.003)
Brand-time fixed effects X X
Physician-brand fixed effects X X X X
Physician-time fixed effects X X X
MSA-brand-time fixed X
Z1P3-brand-time fixed X
Observations 28577 28577 21331 19905
R? 0.297 0.602 0.546 0.546

Standard errors in parentheses are clustered at physician level
*p<0.1,* p<0.05 ** p<0.01

Source: Author’s analysis using data from AlphalmpactRx.

Table 2.17: DTP advertising and prescription choice when competitor brand is requested.
Weighted detailing minutes.

Version 1  Version 2 Version 3 Version 4

Log Detailing 0.003***  0.002***  0.004** 0.004**
Weighted Minutesy,; (0.001) (0.002) (0.001) (0.001)
Brand-time fixed effects X X

Physician-brand fixed effects X X X X
Physician-time fixed effects X X X
MSA-brand-time fixed X
Z1P3-brand-time fixed X
Observations 28577 28577 21331 19905
R? 0.297 0.602 0.569 0.546

Standard errors in parentheses are clustered at physician level
*p<0.1,* p<0.05 ** p<0.01

Source: Author’s analysis using data from AlphalmpactRx.
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Table 2.18: DTP advertising and prescription choice after controlling DTP advertising
from competitors. Number of detailing visits.

Version 1  Version 2 Version 3 Version 4
Log Detailingy,, 0.010***  0.004*** 0.004** 0.005**
(0.001) (0.001) (0.001) (0.002)

Log Detailing_j ¢ 0.005** -0.004* -0.003 -0.001
(0.002) (0.002) (0.003) (0.003)
Brand-time fixed effects X X
Physician-brand fixed effects X X X X
Physician-time fixed effects X X X
MSA-brand-time fixed X
Z1P3-brand-time fixed X
Observations 243784 239636 210667 195870
R? 0.527 0.922 0.931 0.939

Standard errors in parentheses are clustered at physician level
Tp<0.1,* p<0.05 * p<0.01, ¥** p < 0.001
Source: Author’s analysis using data from AlphalmpactRx.

Table 2.19: DTCA leads more patients to visit physicians.

Overll Prescription

Inclusive Value,,; 0.002%*
(0.001)

Brand-DMA-border fixed effects x

Border-quarter fixed effects X

N 8232

R? 0.938

Standard errors in parentheses are clustered at DMA-border level
*p<0.1, * p<0.05 *** p <0.01

Source: Author’s analysis using data from AlphalmpactRx,
Ad$pender, and US Census.
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Table 2.20: Synergistic DTCA and DTP advertising, a simulated example

Marketing Scheme  Expenditure  Simulated Profits ($)

DTP 750
DTP and DTCA DTCA 600 353,260
DTP only DTP 1350 353,116
DTCA only DTCA 1350 352,389

Table 2.21: Synergistic DTCA and DTP advertising, parameters

Parameters Value

7P 0.002
~e 0.001
P 0.003
or 0.802
R 150
ct 100
M 100
y 1500
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Table 2.22: Synergistic DTCA and DTP advertising, simulation

Marketing Scheme ($) Incremental Decomposition
DTCA DTP Profit Rate  Visit =~ Request Physician
500 1000 0
1500 0 -0.13% 0.25%  229.29%  -329.54%
600 900 0.03% 0.17% 157.14%  -57.31%
400 1100 -0.04% -0.15% -138.99%  39.14%
0 1500 -0.50% -0.12% -113.95%  14.07%
More responsive patients(, = 0.0012)
500 1000 0
1500 0 -0.07% 0.86%  819.04% -919.90%
600 900 0.04% 0.15%  143.44%  -43.59%
400 1100 -0.05% -0.14% -130.48%  30.62%
0 1500 -0.61% -0.12% -110.55%  10.67%
More responsive physicians(y, = 0.006)
500 1000 0
1500 0 -0.58% 0.06%  53.09%  -153.14%
600 900 0.01% 0.40% 375.06% -275.46%
400 1100 -0.02% -0.25% -230.49%  130.74%
0 1500 -0.42% 0.14% 132.93%  -33.08%
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3

Strategic Interaction among Governments in the
Provision of a Global Public Good

3.1 Introduction

Knowledge generated by a firm’s research and development (R&D) activities can be a
public good, limiting the ability of the firm to fully appropriate the benefits of its invest-
ment (Bloom et al., 2013). As a result, firms tend to invest less money than is socially
optimal. To correct for the market failure, governments use patents, innovation prizes,
R&D tax credits, and direct funding of R&D through grants. The resulting innovation
or knowledge can cross national borders, potentially causing other governments to alter
their own innovation policies. We examine whether spending on basic medical research
by one government affects spending by others. Economic theory suggests that it should
(Olson and Zeckhauser, 1966; Lee, 1988; Nordhaus, 2015), but we have little evidence
for this phenomenon outside of national defense spending (Murdoch and Sandler, 1984;

Sandler and Murdoch, 1990) and environmental regulation (Murdoch and Sandler, 1997).
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This is the first economic analysis to investigate whether governments respond strate-
gically to one another in funding basic medical research. We focus on infectious and par-
asitic diseases because of the enormous impact of the diseases on human welfare.! We
have data on research funding for 15 infectious and parasitic diseases across 41 countries
and organizations from 2007 to 2014 collected annually by the non-profit Policy Cures.
We are not aware of a similarly comprehensive source of medical research funding data
for other diseases.

Identifying a strategic response by a funder is not straightforward. Two funders
might experience the same economic shock to their budgets and adjust funding in the
same direction. Also, two funders might prioritize the same diseases if they both consider
disease burden or scientific productivity. To identify a strategic response, we need an
exogenous shock to one budget to observe the response by other funders. We use the
composition of United States (US) Congressional appropriations committees as an in-
strumental variable to address the endogeneity of government research funding. The US
National Institutes of Health (NIH) accounted for more than half of global government
and non-profit research funding for infectious and parasitic diseases between 2007 and
2014. Congress sets the NIH budget annually, and the budget fluctuates as the compo-
sition of Congress changes. When Congressional appropriations committees have more
members representing research-intensive universities, US government research outlays

tend to be higher. This exogenous change allows us to test whether other governments

! Infectious diseases were four of the top five priorities (nutrition being the fifth) for the Copenhagen
Consensus IIT of 2012, during which an expert panel, including four Nobel laureates, set priorities
for advancing global welfare (http://www.copenhagenconsensus.com/copenhagen-consensus-iii/
outcome). Furthermore, with a philosophy of every life having equal value and of evidence-driven
investment, the Gates Foundation — the largest in the world — spends most of its resources on medical
care, especially in the infectious and parasitic disease areas.
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adjust their spending in response.

We find that a 10 percent increase in US government outlays for medical research
is associated with a 2 to 3 percent decrease in outlays by other funders (i.e., other
government agencies or non-governmental organizations [NGOs]) in the following year.
We also find that changes in US funding for a given disease typically influence other
funders only if the other funders are already funding the disease. Government agencies
tend to fund diseases with a high local burden and respond to US outlays more intensely
for such diseases. In contrast, it is rare for a government agency to stop funding a
disease entirely in response to an increase in US outlays, or begin funding a new disease
in response to a decrease in US outlays. In other words, changes in US outlays primarily
affect the intensive margin rather than the extensive margin for other funders.

The negative relationship between US government funding for a disease and funding
by other governments, NGOs, and foundations is consistent with free riding. According
to the World Health Organization:

“Failure to provide global public goods is linked to collective action problems such as
‘free-riding.” The free-rider term describes a situation when no individual is prepared to
pay the cost of something that others may be expected to benefit from; instead, all hope
that someone else will pay for it and they will benefit for free. This is particularly an
issue for research and development (R&D) into medicines to combat neglected diseases,
which requires high-levels of investment.” (World Health Organization, 2016)

Free riding is not the only explanation for this relationship, however. A negative
relationship in funding outlays is also consistent with optimal reallocation. We cannot
distinguish between the two. Regardless of whether we refer to it as free riding, optimal

reallocation, or crowding out, it is important to be aware that when the US government
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increases outlays for research on a disease by one dollar, the global increase (net of foreign
reductions) is smaller. We estimate an increase in net international outlays of $.70 to

$.80 when the US government allocates one additional dollar to research on a disease.
3.2 Related literature

US drug makers and government officials sometimes complain that when other countries
cap drug prices, they are free riding on the US market (Scherer, 1993). They argue that
high prices in the US provide the demand that encourages much commercial drug devel-
opment. However, despite largely unregulated drug prices, US-based firms or inventors
are not disproportionately responsible for new molecular entities (Keyhani et al., 2010).
However, with low trade and knowledge barriers, the location of invention may be irrel-
evant. What matters, rather, is the global profit potential that a firm expects, and this
should not depend on the country in which the firm has its headquarters or operates a
research laboratory.

The potential for free riding is one justification for the expansion of intellectual prop-
erty requirements in international trade agreements; that is, each country would prefer
other countries to provide patent protection to induce innovation. While intellectual
property rights can reduce free riding and improve patient welfare in the long run, pa-
tient welfare can diminish in the short run due to rising drug or vaccine prices (Chaudhuri
et al., 2006), especially for new products with little competition (Duggan et al., 2016).
Furthermore, even diseases prevalent around the world will not receive much commercial
investment if nearly all of the people suffering from the diseases live in poor countries
(Kyle and McGahan, 2012). Intellectual property rights might be ineffective as an incen-

tive mechanism to support medical research funding for such diseases, and thus motivate
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government, NGO, or foundation research funding. In contrast to discussion about intel-
lectual property rights, there has been relatively little discussion of how national policies
on research funding may be subject to free riding or require coordination. This is the
first study to examine strategic interaction among governments in funding basic medical
research.

Government R&D funding has been shown to crowd out private investment. Gov-
ernment R&D funding can crowd out private funding if government funding bids up the
wages of scientists and engineers, which makes private investment in innovation more
expensive (Goolsbee, 1998). Conversely, government funding can complement private
investment if governments invest in early-stage research, while private investors fund
later-stage development (Toole, 2007; Blume-Kohout, 2012). The complementarity of
government research and private development for medical research funding has been
more evident for early stage (Phase I) clinical trials rather than later, costlier (Phase
III) trials (Blume-Kohout, 2012). However, it is difficult to find a clean econometric
experiment to identify these effects (David et al., 2000).

In addition to investment crowd out, government funding may affect private char-
ity spending (Andreoni and Payne, 2011). During the Great Depression, government
charitable programs expanded, while private charities reduced funding for the poor and
instead devoted funding to other causes (Roberts, 1984; Gruber and Hungerman, 2007).
Murray (2013) recommended that governments consider the role of charities in scientific
funding: “In determining their own funding strategies, they must no longer assume that
their funding is the only source in shaping some fields of research while recognizing that
philanthropy may ignore other important fields.” Outside of medical research, previ-

ous work has examined how government funding affects the private provision of health
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insurance. Private health insurance coverage fell following the Medicaid expansions be-
tween 1987 and 1992 (Cutler and Gruber, 1996) and between 1996 and 2002 (Gruber
and Simon, 2008). With public provision of health insurance, a smaller share of employ-
ees adopted employer-based insurance, and employers were less generous in providing
insurance.

Governments also interact strategically at the local and state levels (Brueckner, 2003).
Spending across neighboring state governments is positively correlated, perhaps due to
herding (Case et al., 1993). Furthermore, tax policy is positively correlated between
neighboring local governments due to competition for mobile capital (Mintz and Tulkens,
1986). In contrast to the positive correlation found in these contexts, we find a negative
correlation in spending across governments when accounting for endogeneity, suggesting
that R&D spending is a public good.

Although medical research is supplied and used globally, most previous studies have
focused on NIH funding because the NIH is the largest funder of US medical research
and because the US government makes NIH data available. However, one shortcoming of
analyzing only NIH data is the possibility of biased estimates depending on whether other
public spending is positively or negatively correlated with NIH funding outlays. If other
governments devote resources to diseases in a pattern similar to that of the NIH, and if we
omit the contribution of funding from other governments, then we will overestimate the
effect of NIH spending. However, if an increase in spending by the NIH for a particular
disease triggers a reduction by other public funders, then we will underestimate the
effect of NIH spending. Scientific research is global and scientific efforts across countries
surely influence one another, either as complements or substitutes. For example, when

the George W. Bush administration prohibited federal funding for the development of
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and research on new human embryonic cell lines, US researchers increased collaboration
with international researchers (Furman et al., 2012). One implication of our paper is
to highlight the importance of accounting for strategic interactions when assessing the

productivity of research funding in a single country.
3.3 Theory

Governments and foundations allocate R&D funding based on health needs and scien-
tific opportunity. According to NIH leaders, “NIH believes that a process that includes
multiple measurements of public health needs, but is also informed by scientific opportu-
nity, allows us to fund the best science” (Rockey and Wolinetz, 2015). Hence, we model
outlays as a function of disease burden and scientific knowledge (Lichtenberg, 2001).

We extend the previous framework by including multiple funders and a strategic
response by smaller funders to the largest funder. For example, a European government
funder might consider outlays by the NIH when choosing to fund a given disease. After
all, knowledge generated by NIH-funded research is generally not restricted to the US
population, because NIH policy requires recipients of NIH grants to make their papers
available at no cost to the public.?

Funder f chooses outlays :L‘i; for disease d based on the disease burden that can be
alleviated Bf;, scientific knowledge Sy, and the funder’s budget Y/. A funder distributes
outlays between research that benefits people globally 93(]; and outside activities that
are strictly local to the funder of. The probability of developing a new treatment is

1203 x§7 S4) which is increasing in scientific knowledge S and concave in the outlay z.?
/

2 See NIH Public Access Policy

3 We assume funders have the same scientific productivity for the same disease regardless of which
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The expected benefit to funder f of outlay mg is the probability of discovery p multi-
plied by the disease burden alleviated BCJ; . The benefit to a funder includes other funders’
outlays, but not other funders’ disease burdens. Therefore, the optimization problem for

a funder is:

maXZde (), S4) + h(o)

(3.1)
t :in; +of =Y/

In the appendix (section B), we employ a simple model with two periods and two fun-
ders, one of which is a dominant funder (for example, the NIH). We solve for comparative
statics and generate three testable hypotheses.

We predict that outlays will be positively correlated with disease burden and scientific
knowledge, though outlays will not necessarily be proportional to disease burden and

scientific knowledge.

Hypothesis 5. Discases tend to receive greater outlays from a funder if there is a greater

disease burden, if there is more scientific knowledge, and if the funder has a larger budget.

Formally, dz7* /0B > 0, dx* /S, > 0, and dz* /oY > 0.
The remaining hypotheses concern how outlays by one funder influence funding by

another funder.

funder it is. Approximately 90 percent of the outlays in our sample come from the US, the United
Kingdom (UK), and France, and we think it is a reasonable assumption for this set of countries. Our
assumption may be less valid for countries with a more limited pool of scientific talent.
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Hypothesis 6. Greater outlays for a disease by one funder will reduce outlays for the

disease by another funder.

Formally, for dominant funder f and a fringe funder ¢, dz}*/0x% < 0. If the dominant
funder increases outlays for a disease, fringe funders reduce outlays. The fringe funders

spend more on other diseases and on the local (outside) good as described below.

Hypothesis 7. Greater outlays for a disease by one funder increase outlays by the other

funder for other purposes, including other diseases and the local (outside) good.

Formally, dz/*/0x% > 0 and dzf*/0z% > 0. When the dominant funder increases
funding for a disease and the other funder reduces funding (Hypothesis 6), some of
the funding goes to the local (outside) good and we might characterize it as free riding.
However, some of the funding goes to other diseases. Hence, if the dominant funder “over
funds” a disease (perhaps due to political pressure), then other funders shift resources
to other diseases.

These three hypotheses motivate our empirical examination. One of our challenges
is that there could be positive correlation in outlays across funders due to unobserved
factors such as taste or mismeasurement in our disease burden and scientific knowledge
data. We need a shock to one funder’s budget to motivate this funder to change its
outlays (Hypothesis 5) so that we can observe the change in the other funder’s outlays
(Hypothesis 6). We will not directly estimate whether governments are maximizing social

welfare, but we will demonstrate how governments respond to one another.
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3.4 Methods

Our unit of observation is a disease-funder-year. The model includes both US and global
disability-adjusted life years (DALYs) as measures of disease burden, as well as scientific
publications. Recall that NIH leaders wrote that “NIH believes that a process that
includes multiple measurements of public health needs, but is also informed by scientific
opportunity, allows us to fund the best science.” Furthermore, “NIH funding levels
relate to US and global deaths and disability-adjusted life years (DALYs) — a measure
that quantifies the number of healthy years of life lost due to morbidity or premature

mortality caused by disease” (Rockey and Wolinetz, 2015).
3.4.1 Identification

Two factors bias against finding a negative relationship between outlays across funders.
The first identification challenge is that if the same unobserved factors motivate funders,
then outlays across funders might move together. We control for common drivers, such
as scientific publications, global burden of a disease, and national income. However,
unobserved factors could motivate greater spending by both US and non-US funders.
We need an instrumental variable that shifts US funding for a given disease in a given
year but that does not directly change funding by non-US agencies, only affecting their
funding indirectly through US funding.

Our instrumental variables strategy uses the political composition of the US Congress,
which sets the overall NIH budget in addition to setting other global health priorities.*
Changes in Congressional committee chairmanships influence total federal spending (Co-

hen et al., 2011). Likewise, Congressional representation affects medical research fund-

4 See Yamey et al. (2017) for an overview.
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ing. Previous work has documented the importance of academic earmarks, which are
budgetary carve-outs by members of Congress directed to specific institutions located
in their districts (de Figueiredo and Silverman, 2006). Researchers located in districts
represented by members of the US House Appropriations Committee received more NIH
grants than those without such representation (Hegde and Mowery, 2008; Hegde, 2009).5

The validity of our approach rests on the assumption that US political forces that
shift NIH funding through changes in the composition of Congressional appropriations
committees are unrelated to funding decisions in other countries. That is, the appoint-
ment to the House appropriations committee of a representative from a state with a large
number of research-intensive universities (who then argues for a larger NIH budget to
benefit the local constituency) is independent of the budgetary and funding choices in
other countries. If our approach does not adequately address the identification challenge,
then our estimates will underestimate the negative correlation and thus the strategic re-
sponse of non-US funders. For example, if all countries change political control in the
same direction, then funding across countries will be positively correlated. Hence, our
estimates could be a lower bound.

The second identification challenge is that many funders have small budgets. They
often spend nothing on a given disease and thus are limited in how they can respond
to an increase in US outlays for that disease (i.e., they cannot spend less than zero).

We therefore include a specification that focuses on the intensive margin, or changes

5 A “committee on committees” for each party determines membership on Congressional committees.
The committee gives priority to more senior members. New members are given priority according to
past service in Congress or as governor. Other new members are sorted by random drawing. Members
are generally not permitted to serve on multiple powerful committees. For example, a Senator serving
on the Appropriations committee would give up her position in order to receive a position on the Armed
Services committee. The committee membership recommendations are voted on within the party, and
then in a simple resolution by all members.
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conditional on spending anything, as well as a specification that looks only at the decision
to allocate any funding at all. Again, our estimates might underestimate the effect and

be a lower bound.
3.4.2  FEstimation

We estimate outlays from a non-US funder f for a disease d in year ¢ with the following

specification:

Log Non-US Funder Outlayd’f’t = [y + f1Log US Outlaydﬂtf1
B2Log Local Disease Burden, ., +
BsLog Disease Burden in Poor Countriesdi +
Balnfectious except HIV,; + 3;HIV Indicator, +
BsLog Number of Publications to Date,, +
B7Log GDP,, | + ¢5 + €afs

(3.2)

The explanatory variables include the disease burden, scientific knowledge, and other
control variables. The burden of disease in poor countries is net of the local burden for
the disease, where poor countries are defined as those listed as low income and lower-
middle income by the World Bank.® We measure scientific knowledge as the number of
scientific publications to date. We also control for whether the disease is infectious or
parasitic. Because HIV is unique in its global and rich-world disease burdens, as well as

the medical research funding it has received, we include a separate indicator for HIV.

5 http://data.worldbank.org/country
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Finally, we include a funder fixed effect to account for time-invariant heterogeneity across
funders.

Our main variable of interest is lagged US funding, which might depend on unobserved
factors that also drive non-US funding decisions, as discussed previously. We address

this endogeneity using two-stage least squares, where the first stage is:

Log US Outlay,., , = ao+ a;Research Universities per Appropriations Member, ,
+asLog Local Disease Burden, .,
+azLog Disease Burden in Poor Countries,,
+aylInfectious except HIV,; + a;HIV Indicator,
+agLog Number of Publications to Date,,
+azLog GDP_, + ¢f + €4

(3.3)

In the first stage, the dependent variable is the annual US outlay for disease d in
year t. We transform the dependent variable into logs (plus one because many of the
observations are zero). The instrumental variables we exclude from the second stage are
the number of research-intensive universities represented by Congressional appropriations
committee members.

The assumed timing in our analysis is as follows. The composition of the Congres-
sional appropriations committees in year t influences the NIH budget in the next fiscal
year, t+ 1. Researchers submit proposals and the NIH selects recipients, with allocations

beginning in ¢ + 2. Other governments observe the NIH budget and funding decisions in
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t + 1, choose recipients for their funding in ¢ + 2, and make outlays in ¢ + 3.

We also estimate alternative specifications. In one specification, we include not only
other non-US government agencies but also NGOs and private foundations. The ap-
proach is the same as that described above, except with more observations. In another
specification, we add an interaction term between the local disease burden and US out-
lays. In this way, we examine whether government agencies were more responsive to US
outlays for diseases with a heavy local burden. This allows us to use the heterogeneity
in disease burden across countries to examine responses to US outlays at the intensive
margin. To examine responses at the extensive margin, we replace the magnitude of a
government agency’s outlays with an indicator variable for whether the agency has any
outlay for that disease. We include five other specifications to test the robustness of our
results. We describe the robustness checks in Section 3.6.3 and include the tables in the

appendix.

3.5 Data

To study how governments interact in medical R&D outlays, we need data on outlays
by multiple government agencies, NGOs, and foundations for each disease and year. Al-
though the NIH provides a long time-series of funding at the project level, collecting
similar information from funders in other countries is challenging. Fortunately, Policy
Cures collects and classifies funding outlays by disease, as described below. We also
include data on the burden of disease at the country level, and data on scientific knowl-
edge for each disease. We use data on the composition of Congressional appropriations

committees as a source of exogenous variation in US outlays.
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3.5.1 Funding data

We focus on infectious and parasitic diseases” because of the availability of high-quality
data on funding from all relevant governments and foundations. Policy Cures collects
the G-FINDER data using an annual survey. The survey covers public (government)
and private (foundation and NGO) funding for 35 neglected diseases, including both
infectious and parasitic diseases that predominantly affect people in developing countries.
The annual survey defines neglected diseases as those for which treatments are needed
in developing countries and for which the commercial market is insufficient to attract
R&D spending by private industry.

Each record in the G-FINDER database includes the disease name, product category,
funder name, funder type, home country of the funder, funding amount, year, and recipi-
ent information. A key contribution of the annual survey is that it allows a more accurate
classification of spending by disease than a survey based on keywords. Furthermore, the
G-FINDER database avoids double counting, such as funding that flows from the Gates
Foundation to another organization, which then funds research. For more details on the
G-FINDER data, see previous studies such as Moran (2010) and Rettingen et al. (2013).

We aggregate the G-FINDER data to the disease-funder-year level and adjust all
outlays to 2013 US dollars. We set the outlay to zero for any disease-country-year and

disease-funder-year that is missing in the G-FINDER database, so the data are fully

7 Infectious and parasitic diseases are of interest for many reasons, not only because of the availability of
data. First, these diseases are neglected by the private sector, because the disease burden is concentrated
in poor countries, where the profits are low (Kremer, 2002). The case for government intervention is
strong, because the social burden of these diseases is substantial, and government-funded research is
unlikely to crowd out private investment. Second, infectious and parasitic diseases tend to cross borders.
This suggests that the benefit of curing a disease is not limited to a single country, but rather reaches
all countries to which the disease might spread.
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rectangular at the disease-country-year level and disease-funder-year level. Thus, we

have a sample of funders that ever funded one of the diseases between 2007 and 2014.
3.5.2  Disease burden

We use a standard measure of disease burden from the World Health Organization’s
(WHO) Global Burden of Disease project. The WHO reports the burden of disease in
terms of DALYs lost, an estimate of years of life lost due to premature mortality and
years of life lost due to time lived in less than full health. The WHO reports burdens
by disease and country for the years 2000 and 2012. We linearly impute values between
2000 and 2012. As a robustness check, we also use country-year-disease mortality data
from the Global Health Data Exchange’s Global Burden of Disease Study.

We match the disease burden data to the funding data at the disease level. Some
diseases in G-FINDER are not included in the disease burden data and vice versa, so
our sample consists of 15 diseases.® Neither Ebola nor Zika are in our sample because
the burden of disease datasets do not provide separate breakdowns for either one, and

Ebola was only introduced in the G-FINDER data in the Policy Cures 2014 survey.?
3.5.8 State of science

Scientific knowledge about a disease is another potential determinant of research in-

vestment for the disease. Funders might devote more money to diseases with a more

8 For example, rheumatic fever, included in the G-FINDER data, was not listed as a specific item in
the Global Burden of Disease data and thus not included in our sample.

9 Recent analysis by et al. Fitchett (2016) shows that funding for Ebola research increased substantially
between 2014 and 2015, when the outbreak peaked. Though accounting for a very small share of total
funding from 1997 to 2013, the European contribution for Ebola research exceeded American funding
from 2014 to 2015 when American funding declined, consistent with the strategic responses we document
in this paper.
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advanced state of scientific knowledge, perhaps because such funding is more likely to
lead to successful treatments. Furthermore, the existence of many published scientific
papers reflects the interest and qualifications of academic researchers, who might submit
more and better grant proposals.

We include a control variable for scientific knowledge which we measure as the number
to date of publications about a disease indexed in the PubMed database. We include only
publications that are coded in PubMed as journal articles, excluding letters, editorials,
and reviews. Each article in PubMed includes keywords (or Medical Subject Headings)
in its listing, which we use to assign to articles to diseases. Specifically, we use the
“Entrez” tool from Biopython, an open-source package written in Python, to search the
PubMed database for each disease and to extract information on all publications for
which the disease is listed among the Medical Subject Headings. Our approach relies
on the accuracy of the algorithm used by the National Library of Medicine to assign
Medical Subject Headings.

As a robustness check, using data from IMS Health (now known as Quintiles IMS),
we include a measure of recent drug innovation as an explanatory variable. We define
recent innovation as the number of new treatments introduced for a disease since 1987.
Diseases like HIV have experienced significant improvements in available treatments,

whereas innovation in other diseases (such as malaria) has been less dramatic.
3.5.4 Congressional data

To construct our instrumental variables (as described in Section 3.4.1), we use data on
the composition of the House and Senate appropriations committees (Stewart III and

Woon, 2017), as well as data on research-intensive universities. In 2015 the Carnegie

86



Classification of Institutions of Higher Education classified 115 universities as classified
as having the highest research activity (Center for Postsecondary Research, 2016). We
count the university if it is in the state of the member of Congress, even if it is not in
the member’s district, because university alumni live throughout the state and support

funding for the university (Chatterji et al., 2017).
3.5.5  Other country-level data

We also use country-level information on gross domestic product (GDP) per capita,
downloaded from the World Development Indicators database. We adjust the amounts

for purchasing power parity and inflation (2011 US dollars).

3.6 Results

3.6.1 Summary statistics

The sample includes 15 diseases: 6 infectious and 9 parasitic diseases for which we had
data on both funding and disease burden. The data sample includes the period from
2007 to 2014 and 398 funders: 259 government agencies and 139 NGOs. The 41 countries
include 6 in Africa, 8 in Asia, 2 in Australia, 17 in Europe, 3 in North America, and
5 in South America. For a given disease in a given year, a funder allocated a mean of
$200,000. Aggregating to a country level generates a mean of $1.5 million (Table 3.3).
Diseases with a greater burden and more scientific knowledge tend to have greater
funding outlays (consistent with Hypothesis 5). For example, HIV/AIDS has the great-
est global disease burden, number of scientific publications to date, and global outlays
(Table 3.1). The global outlays for HIV are predominately from government agencies

(87% of funding) and the remainder from NGOs and foundations. For a typical disease,
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government agencies account for two thirds of funding.

Funding for neglected diseases by the US government is much higher than funding by
other governments, both in absolute terms (Table 3.2) and relative to national income
(Figure 3.1) (consistent with Hypotheses 6 and 7). The US government accounted for 59
percent of the total funding outlays for the 15 diseases in our sample, with the majority
of that funding coming from the NIH (Table 3.2). Furthermore, measured as a share of
national income, US funding for neglected diseases is at least triple that of any other
country except the UK (Figure 3.1).

Funding outlays by other countries are not necessarily proportional to the number
of scientific publications and burden of disease. For example, the government of Brazil
provides less medical research funding for HIV/AIDS than for dengue, leishmaniasis, and
malaria, each of which has a smaller burden of disease in Brazil than does HIV/AIDS
(Table 3.1). One interpretation of the pattern is that Brazil may spend less on HIV/AIDS
because it benefited from the funding for HIV/AIDS provided by the US. Indeed, the
US heavily funded HIV/AIDS medical research, which allowed other countries to focus
on other diseases of local importance. Hence, research on dengue received more outlays
in Latin America and the Caribbean than did HIV/AIDS (consistent with Hypothesis
7).

3.6.2 Regression results

Recall that the dependent variable is the log of disease-funder-year outlays. Many of the
independent variables are also in logs, so their coefficients are elasticities. In the tables
with the regression results (beginning with Table 3.4), we include both the instrumental

variable results and the ordinary least squares results. We present regression results
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for government agencies only (Table 3.4) and for both government agencies and private
foundations combined (Table 3.5). There are 15 diseases, 8 years, and 398 funders, for a
total of 47,760 observations. One year is lost due to lagged values when estimating the
regressions, so in the regressions the number of observations is 41,790 (with all funders)
or 27,195 (with only government agencies).

The first-stage of the regression results yields positive, statistically significant coeffi-
cients on the average number of research-intensive universities represented by Congres-
sional appropriations committee members (Tables 3.4-3.7). The results suggest that a
higher number of research-intensive universities represented on a Congressional appro-
priation committee yields higher research funding. This positive relationship between
Congressional representation and outlays is also evident in Figure 3.2.

The sign on US government outlays differs between the ordinary least squares (OLS)
and instrumental variable specifications (Table 3.4). Whereas the OLS results have
a positive coefficient on US outlays, the instrumental variable specification gives the
opposite result. The difference in sign suggests that unobserved factors drive R&D
in both the US and other countries and create a spurious positive correlation in the
OLS. Sargan test results indicate that the instrumental variables are uncorrelated with
the residuals, and therefore are acceptable instruments. When the endogeneity of US
outlays is accounted for, a 10 percent increase in US government outlays is associated
with a decrease in outlays by funders in other countries in the following year (consistent
with Hypothesis 6). The decrease ranges from 2 percent (Table 3.5) to 3 percent (Table
3.4).

Disease burden appears to influence outlays, consistent with Hypothesis 5. A 10

percent greater disease burden is associated with 1 percent greater outlays by the US
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government and by other governments. Likewise, outlays relate to scientific knowledge. A
10 percent greater number of scientific articles to date for a disease in a year is associated
with a 10 percent increase in US government outlays. For government funders from
other countries, the effect is half as large (Table 3.4). The coefficient on the HIV/AIDS
indicator variable is positive and significant (Table 3.4). This is not surprising because
HIV/AIDS receives more US funding than all other infectious and parasitic diseases
combined (Table 3.1).

The sign on the coefficient for lagged GDP per capita is not statistically significant in
most of the regression results. Because we include funder fixed effects, the coefficient on
GDP per capita captures within-country variation over time. Normally, we would expect
spending to increase when a country’s economic performance is strong. The coefficient
could plausibly be negative if outlays are intended as economic stimuli, but again, are
typically not statistically or economically significant.

Table 3.6, shows the results when we interact the local disease burden with US
outlays. The results suggest that funders with a large local disease burden are highly
responsive to changes in US outlays for that disease, while funders with no local disease
burden react little (the coefficient on US outlays alone was statistically and economically
insignificant). In general, diseases with small local burdens receive less funding, so the
potential for a negative response is limited.

We also examine the extensive margin; that is, whether other funders start or stop
funding a disease in a given year in response to changes in US outlays for the disease in
the previous year. The dependent variable for the analysis summarized in Table 3.7, was
an indicator variable for whether outlays are positive. We observe a negative relationship

between US outlays and subsequent starting or stopping of outlays by other funders for
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a given disease, but the effect is small. Countries are unlikely to start or stop funding for
a disease entirely based on US medical research funding actions. Hence, the effects of US
outlays seem to occur on the intensive margin (Table 3.6) rather than on the extensive

margin (Table 3.7).
3.6.3 Results from robustness checks

We conduct five robustness checks (Appendix A). First, we include a count of the number
of treatments introduced since 1987 to examine how the availability of existing treatments
influence funding outlays. The availability of treatments is associated with higher levels
of funding (Table 3.8). Perhaps these diseases receive more funding because there is a
record of success in developing treatments for these diseases. Regardless of the reason
for the positive relationship between the number of treatments and amount of funding,
the results for the response to changes in US outlays are consistent with the results of
the main analysis.

Second, rather than using the composition of Congressional appropriations commit-
tees as the instrumental variable, we use the NIH budget. We subtract from the budget
the funding for the disease in question (although it is a small share of the total, we
want to avoid having outlays for that disease on both the left and the right sides of the
equation). The rationale for the validity of this instrument is the same as that for the
composition of the Congressional appropriations committees; that is, disease funding in
the US is correlated with the total NIH budget, but the total NIH budget should not
affect the decisions of other funders directly. In this specification, the coefficient on US
outlays is -0.2 (Table 3.9), which is comparable to results of the main analysis.

Third, we drop the scientific knowledge control variable, because our measure (num-
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ber of scientific publications to date) might be simultaneously determined by funding.
With this omission, the US outlays coefficient was slightly smaller but qualitatively sim-
ilar: -0.26 with the scientific knowledge control variable compared to -0.18 without it
(Table 3.10).

Fourth, we incorporate an alternative measure of disease burden. Recall that DALY's
are available from only 2000 and 2012, and we linearly interpolate DALY values for the
other years. Annual mortality data are available. The results are largely unchanged
(Table 3.11) when using mortality rather than DALY's as a measure of disease burden.

Finally, we replace the 1-year lag for US outlays with a 2-year lag, in case it takes more
time for non-US funders to observe a change in US outlays and implement a response.
With a longer lag, the coefficient on US outlays was smaller in magnitude than that of

the 1-year lag and not statistically significant (Table 3.12).
3.6.4 Discussion

What is the economic magnitude of the strategic response by non-US funders to American
investment in medical research? Based on the US share of outlays (about one half) and
the estimated elasticities from the regressions (-0.2 to -0.3), our results suggest that if
the US increases outlays by one dollar for a disease, then the net outlay will be around
$0.70 to $0.80.

Regardless of the explanation for the response —i.e. whether free riding, crowding out,
or optimal reallocation by non-US funders — this result has implications for estimating
the impact of US funding. Demonstrating that basic research has positive, measurable

effects is important for sustaining government funding. Indeed, the NIH website empha-
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sizes its impact on health, society, and the scientific community.!® A large literature in
economics estimates the effect of NIH funding on the production of scientific papers and
development of new drugs. In general, if the response of non-US funders is ignored, then
the funding is measured incorrectly. This is likely to bias downward estimates of NIH

impact.
3.7 Conclusions

Governments and foundations advance science by funding research and then sharing
the results with the public. Funding of medical research may exhibit free riding or
crowding out, particularly among the high-income countries that are capable of financing
it. In our sample, the US government provides more than half of global government and
foundation funding for research on infectious and parasitic diseases (Table 3.2). Also,
US medical research spending as a share of GDP is triple that of all other high-income
countries except the UK (Figure 3.1). In 2003, the Commissioner of the US Food &
Drug Administration noted the disparity in medical research funding between the US
and other high-income countries as well as its implications:

“Our governments need to start by sharing the burden of the increasingly complex
basic science that goes into the development of new drugs and biologics. In the United
States, we've responded to the new opportunities that exist in the lab, by doubling our
NIH budget to over $27 billion. As a share of GDP, this is about four times as much as
European Union countries spend. But on an interconnected planet, all of this spending
turns into biomedical knowledge that is transmitted worldwide for the good of public

health worldwide. If other developed countries contributed to this worldwide effort in

10 For example, see https://www.nih.gov/about-nih/what-we-do/impact-nih-research
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proportion to their GDP, we would build the foundations for better treatments much
faster” (McClellan, 2003).

We document how governments respond to other funders in supporting medical re-
search. First, we show a negative correlation between outlays for a disease by the US
government and outlays by other governments, NGOs, and foundations in the following
year, while accounting for the endogeneity of US outlays. We also find that in Latin
America and the Caribbean, HIV/AIDS imposed the greatest disease burden, but re-
ceived less in total funding outlays than diseases like Chagas and dengue. Indeed, the
government of Brazil spent less on HIV/AIDS research than on Chagas and dengue re-
search, even though Brazil’s disease burden from HIV/AIDS was 100 times greater than
the burden from Chagas and dengue (Table 3.1). A typical model of funding allocation
that ignores the role of a dominant funder like the NIH would have difficulty explaining
these patterns.

We focus on infectious and parasitic diseases in this paper, in part because of the
availability of detailed data. However, our results might hold for other diseases. In 2014,
the NIH budget for all diseases was more than 12 times greater than its UK equivalent,
the Medical Research Council.'' This ratio is similar to that observed for our subset of
diseases (Table 3.2). In future research, it would be interesting to examine whether the
results change if we examine a disease that burdens rich and poor alike, such as cancer
or diabetes.

We find a negative relationship in outlays across funders, but the magnitude is less

than one, meaning that other governments reduce outlays by less than one dollar when

11 The US NIH budget in fiscal years 2014 and 2015 was approximately $30 billion while the UK MRC
budget in 2014-15 was less than £1 billion.
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the US increases outlays by one dollar. This finding is consistent with our model, which
predicts that the relationship will be less than one-to-one when there are differences in
budgets across funders. Furthermore, funders may have other objectives that we do not
consider explicitly, including a desire to fund research at favored institutions (Hegde and
Mowery, 2008; Hegde, 2009) or to show progress fighting a disease. Also, there might be
other frictions that mute awareness or action on funding changes.

If we assume that all high-income countries have similar research productivity and
assessments of the value of curing diseases, we should expect roughly similar per-capita
spending across countries. However, the US government provides more than half of
global government and foundation funding for research on the 15 infectious and para-
sitic diseases in our analysis. Furthermore, US medical research spending as a share
of GDP is triple all other high-income countries, other than the UK. This evidence is
consistent with free riding. While much of our evidence is consistent with free riding,
the regression results are also consistent with optimal reallocation. Indeed, according to
a program officer of the Burroughs Wellcome Fund, “We avoid funding areas that the
federal government is funding in order to focus on the underserved. This is how many of
our philanthropic peers operate. For example, when the NIH developed its translational
science programs, we retired ours.” Likewise, asked about the objectives of the Gates
Foundation, an employee wrote, “the primary driver is perceived neglect and opportunity
for impact in a disease area which brings together both health impact and other donor
support.” 12 The Congressionally Directed Medical Research Programs Review Process

in the US is tasked with identifying and avoiding duplicative research funding, but fo-

12 Sources: email correspondence with a Gates Foundation employee on August 8, 2012 and with a
Burroughs Wellcome program officer on December 9, 2016.
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cuses primarily on avoiding overlap across US government agencies and with NGOs; in
fact, a recent evaluation of this process makes no mention of non-US funding (National
Academies of Sciences, Engineering, and Medicine, 2016).

Without a general equilibrium analysis, we cannot determine the extent to which our
results indicate free riding or optimal reallocation. Nevertheless, it is useful to be aware
of how global resources shift when the US changes its medical research funding outlays.

Documenting government responses to changes in medical research funding outlays
is relevant to both research and policy sectors. Scholars should be aware that estimates
of the impact of one additional dollar of NIH funding could underestimate the effect,
because the net increase in funding for that disease will be smaller.

Policy makers should be aware of how governments adjust funding and consider
enhancing international coordination, regardless of whether the negative relationship
across funders is socially optimal. The evidence in this paper suggests that governments
should increase efforts to coordinate on medical R&D funding through organizations such
as the World Health Organization as they do in other areas, including military defense

and environmental regulation.
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Table 3.1: Summary Statistics: Diseases

Count of Number of Global USA Government Brazil Gov.

Indication Govt. Publications Disease Mean Disease Mean Disease Mean
Agencies to date Burden Outlay Burden Outlay Burden Outlay
(MM) (000) ($MM) (000) ($MM) (000) ($MM)

Infectious Disease
Dengue 63 6 1007 83 0 53 4 7
HIV/AIDS 97 74 101632 1124 494 840 838 0.8
Leprosy 17 11 219 10 0 5 1 1
Meningitis 29 7 41693 41 2 8 118 0.5
Trachoma 6 11 433 5 0 4 62 0
Tuberculosis 121 72 60296 410 32 180 326 1

Parasitic Disease
Chagas disease 37 8 571 18 0 12 3 1
Hookworm disease 5 1 3469 9 0 2 15 0
Leishmaniasis 57 13 4986 48 0 22 37 2
Lymphatic filariasis 15 9 2534 13 0 5 17 0
Malaria 121 36 78236 458 46 174 130 2
Onchocerciasis 4 2 590 7 0 2 2 0
Schistosomiasis 19 12 3137 23 0 15 181 1
Trichuriasis 2 1 696 1 0 0.5 0.4 0
Trypanosomiasis 26 3 3741 41 1 16 11 0

Note: The disease burden is measured in disability-adjusted life years (DALYs) lost.
Source: Authors’ analysis using data from Policy Cures and the World Health Or-

ganization.
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FIGURE 3.1: Percentage of national income for medical research on 15 infectious and
parasitic diseases.

Source: Authors’ analysis using data from Policy Cures and the World Bank.
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Table 3.2: Summary Statistics: Funders

Total Outlays

Funder Percent ($MM, 2007-2014)
Infectious Parasitic
Aggregated Government
United States 58.63 8752 1989
United Kingdom 4.72 891 502
France 2.86 557 286
India 1.16 110 102
Australia 1.14 80 130
Germany 1.06 130 64
Canada 0.76 137 1
Netherlands 0.67 99 25
Brazil 0.57 63 41
Sweden 0.48 65 23
31 other governments 0.11 16 5
Government Agencies
National Institutes of Health, USA 50.32 7572 1645
Agency for International Development, USA 3.89 642 70
Department of Defense, USA 3.46 406 227
Department for International Development, UK 2.27 296 120
Medical Research Council, UK 2.25 216 196
Institut Pasteur, France 1.07 102 94
National Health and Medical Research Council, Australia 0.93 61 110
Inserm - Institute of Infectious Diseases, France 0.83 107 45
Council of Medical Research, India 0.75 68 69
Centers for Disease Control and Prevention, USA 0.65 91 29
249 other government agencies 0.03 4 1
Non-Governmental Organizations
Bill & Melinda Gates Foundation, USA 20.41 2257 1482
The Wellcome Trust, UK 3.52 273 372
UBS Optimus Foundation, Switzerland 0.06 7 4
Fundacio La Caixa, Spain 0.06 7 4
Starr Foundation, USA 0.06 11 0
Global Alliance for Vaccines and Immunizations, Switzerland 0.05 8 0
ExxonMobil Foundation, USA 0.04 1 7
amfAR, The Foundation for AIDS Research, USA 0.03 6 0
Global Fund to Fight AIDS, TB and Malaria, Switzerland 0.03 4 2
OPEC Foundation for International Development, Austria 0.03 5 0
129 other non-governmental organizations 0.003 0.3 0.2

Source: Authors” analysis using data from Policy Cures.
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Table 3.3: Summary Statistics: Units of Observation

Unit of O'bservation Variable Mean Std
(observations) Dev
Disease, Funder, Year Annual outlay by a funder ($MM) 0.2 3
(47760) Local disease burden (000) 166 1093
Local disease burden, deaths (000) 3 28
802%;‘“3” Year GDP per capita ($) 20764 22768
Disease, Year Annual US outlays ($MM) 88 211
(120) Number of publications to date (MM) 18 23
Disease burden in poor countries (000) 12862 21043
Disease burden in poor countries, deaths (000) 233 414
Number of treatments launched since 1987 2 5
Year Lag research universities per Congressional
. 3.7 0.1
(8) appropriations member
NIH budget ($BN) 30 617

Source: Authors™ analysis using data from Policy Cures, PubMed, the World Bank, and the World
Health Organization.

Table 3.4: Strategic funding decision. Government funders only.

Instrumental Variables

OLS First Stage Second Stage
Lag log annual US outlays 0.095 -0.264
(0.013) (0.080)
Log local disease burden 0.038 0.110 0.076
(0.037) (0.008) (0.038)
Log burden in poor countries 0.116 0.155 0.171
(0.019) (0.002) (0.021)
Infectious except HIV indicator 0.002 -0.560 -0.202
(0.052) (0.003) (0.068)
HIV indicator -0.076 1.591 0.494
(0.198) (0.011) (0.232)
Log number of publications to date 0.281 1.100 0.679
(0.037) (0.004) (0.097)
Lag log GDP per capita -0.549 1.017 -0.228
(0.166) (0.046) (0.155)
Lag research universities per Congressional appropriations member 2.561
(0.029)
Agency fixed effect Yes Yes Yes
Observations 27195 27195 27195

Standard errors in parentheses and are clustered at the agency level.
Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World
Health Organization.
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Table 3.5: Strategic funding decision. Government funders and private funders.

Instrumental Variables

OLS First Stage Second Stage
Lag log annual US outlays 0.072 -0.189
(0.010) (0.058)
Log local burden 0.060 0.142 0.096
(0.031) (0.008) (0.032)
Log burden in poor countries 0.087 0.147 0.125
(0.015) (0.002) (0.016)
Infectious except HIV indicator 0.008 -0.556 -0.139
(0.043) (0.003) (0.056)
HIV indicator -0.055 1.503 0.335
(0.157) (0.016) (0.180)
Log number of publications to date 0.220 1.087 0.506
(0.027) (0.004) (0.070)
Lag log GDP per capita -0.469 1.048 -0.257
(0.145) (0.046) (0.134)
Lag research universities per Congressional appropriations member 2.612
(0.022)
Funder fixed effect Yes Yes Yes
Observations 41790 41790 41790

Standard errors in parentheses and are clustered at the agency level.
Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World
Health Organization.
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Table 3.6: Strategic funding decision with interaction term between US outlay and local

disease burden. Government funders only.

Instrumental Variables

OLS First Stage 1 First Stage 2 Second Stage
Lag log annual US outlays 0.087 0.055
(0.017) (0.057)
Log local disease burden -0.132 1.788 14.695 6.325
(0.245) (0.101) (0.170) (1.674)
Log local disease burden x Lag log annual US outlays 0.010 -0.351
(0.015) (0.094)
Log burden in poor countries 0.115 0.154 0.191 0.188
(0.019) (0.002) (0.032) (0.025)
Infectious except HIV indicator 0.007 -0.562 -0.947 -0.357
(0.053) (0.003) (0.075) (0.096)
HIV indicator -0.144 1.589 8.377 2.928
(0.254) (0.011) (0.425) (0.783)
Log number of publications to date 0.277 1.099 1.189 0.745
(0.037) (0.004) (0.118) (0.110)
Lag log GDP per capita -0.564 1.111 2.206 0.285
(0.169) (0.047) (0.155) (0.229)
Lag research universities per Congressional appropriations member 3.126 1.252
(0.034) (0.099)
Log local burden x Lag research universities per -0.450 0.856
Congressional appropriations member (0.025) (0.040)
Agency fixed effect Yes Yes Yes Yes
Observations 27195 27195 27195 27195

Standard errors are in parentheses and are clustered at the agency level.
Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World

Health Organization.
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Table 3.7: Strategic funding decision at extensive margin. Government funders only.

Instrumental Variables

OLS First Stage Second Stage
Lag log annual US outlays 0.007 -0.023
(0.001) (0.007)
Log local disease burden 0.003 0.110 0.006
(0.003) (0.008) (0.003)
Log burden in poor countries 0.009 0.155 0.013
(0.001) (0.002) (0.002)
Infectious except HIV indicator -0.000 -0.560 -0.018
(0.004) (0.003) (0.006)
HIV indicator -0.014 1.591 0.034
(0.014) (0.011) (0.018)
Log number of publications to date 0.021 1.100 0.056
(0.003) (0.004) (0.008)
Lag log GDP per capita -0.044 1.017 -0.016
(0.014) (0.046) (0.013)
Lag research universities per Congressional appropriations member 2.561
(0.029)
Agency fixed effect Yes Yes Yes
Observations 27195 27195 27195

Standard errors are in parentheses and are clustered at the agency level.
Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World
Health Organization.
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Table 3.8: Strategic funding decision after controlling the number of existing treatments.
Government funders only.

Instrumental Variables

OLS First Stage Second Stage
Lag log annual US outlays 0.089 -0.369
(0.012) (0.142)
Log local disease burden 0.013 0.081 0.050
(0.039) (0.007) (0.040)
Log burden in poor countries 0.111 0.147 0.177
(0.019) (0.001) (0.029)
Infectious except HIV indicator 0.125 -0.417 -0.071
(0.048) (0.003) (0.074)
HIV indicator -1.268 0.227 -1.162
(0.358) (0.009) (0.357)
Log number of publications to date 0.209 1.012 0.678
(0.033) (0.003) (0.146)
Lag log GDP per capita -0.571 0.986 -0.175
(0.166) (0.045) (0.210)
Number of treatments launched since 1987 0.085 0.128 0.108
(0.021) (0.001) (0.025)
Lag research universities per Congressional appropriations member 2.568
(0.028)
Agency fixed effect Yes Yes Yes
Observations 27195 27195 27195

Standard errors in parentheses and are clustered at the agency level.
Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World
Health Organization.
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Table 3.9: Strategic funding decision using the NIH budget as IV. Government funders

only.

Instrumental Variables

OLS First Stage  Second Stage
Lag log annual US outlays 0.095 -0.179
(0.013) (0.064)
Log local disease burden 0.038 0.110 0.067
(0.037) (0.008) (0.038)
Log burden in poor countries 0.116 0.155 0.158
(0.019) (0.001) (0.021)
Infectious except HIV indicator 0.002 -0.559 -0.153
(0.052) (0.003) (0.062)
HIV indicator -0.076 1.590 0.358
(0.198) (0.011) (0.222)
Log number of publications to date 0.281 1.098 0.584
(0.037) (0.004) (0.081)
Lag log GDP per capita -0.549 0.530 -0.304
(0.166) (0.031) (0.167)
Lag log NIH budget 12.666
(0.085)
Agency fixed effect Yes Yes Yes
Observations 27195 27195 27195

Standard errors are in parentheses and are clustered at the agency level.

Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World

Health Organization.
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Table 3.10: Strategic funding decision without number scientific publications. Govern-

ment funders only.

Instrumental Variables

OLS First Stage Second Stage
Lag log annual US outlays 0.149 -0.182
(0.017) (0.070)
Log local burden 0.076 0.333 0.187
(0.037) (0.028) (0.044)
Log burden in poor countries 0.153 0.378 0.277
(0.021) (0.006) (0.032)
Infectious except HIV indicator 0.212 0.332 0.321
(0.053) (0.011) (0.058)
HIV indicator -0.057 2.118 0.644
(0.197) (0.048) (0.241)
Lag log GDP per capita -0.504 1.504 -0.051
(0.166) (0.061) (0.159)
Lag research universities per Congressional appropriations member 2.955
(0.043)
Agency fixed effect Yes Yes Yes
Observations 27195 27195 27195

Standard errors are in parentheses and are clustered at the agency level.
Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World

Health Organization.
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Table 3.11: Strategic funding decision with alternative disease burden measure. Govern-

ment funders only.

Instrumental Variables

OLS First Stage Second Stage
Lag log annual US outlays 0.049 -0.237
(0.009) (0.074)
Log local disease burden, deaths 0.095 -0.067 0.076
(0.036) (0.005) (0.036)
Log burden in poor countries, deaths 0.036 0.248 0.106
(0.015) (0.001) (0.022)
Infectious except HIV indicator -0.240 -0.447 -0.370
(0.076) (0.008) (0.083)
HIV indicator 0.060 1.916 0.604
(0.220) (0.012) (0.250)
Log number of publications to date 0.278 0.606 0.454
(0.036) (0.001) (0.056)
Lag log GDP per capita -0.483 1.262 -0.160
(0.163) (0.052) (0.156)
Lag research universities per Congressional appropriations member 2.749
(0.035)
Agency fixed effect Yes Yes Yes
Observations 27195 27195 27195

Standard errors are in parentheses and are clustered at the agency level.
Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World

Health Organization.
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Table 3.12: Strategic funding decision with 2-year lagged US government outlay. Gov-

ernment funders only.

Instrumental Variables

OLS First Stage Second Stage
2-year-lag log annual US outlays 0.094 -0.062
(0.013) (0.077)
Log local burden 0.027 0.109 0.044
(0.036) (0.009) (0.037)
Log burden in poor countries 0.109 0.129 0.129
(0.019) (0.002) (0.023)
Infectious except HIV indicator -0.011 -0.639 -0.112
(0.053) (0.003) (0.067)
HIV indicator -0.072 1.669 0.188
(0.197) (0.012) (0.231)
Log number of publications to date 0.295 1.143 0.475
(0.038) (0.005) (0.092)
Lag log GDP per capita -0.870 -0.056 -0.723
(0.207) (0.110) (0.224)
Lag research universities per Congressional appropriations member 2.553
(0.057)
Agency fixed effect Yes Yes Yes
Observations 23310 23310 23310

Standard errors are in parentheses and are clustered at the agency level.
Source: Authors’ analysis using data from Policy Cures, PubMed, the World Bank, and the World

Health Organization.
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FIGURE 3.2: The magnitude of US outlays appears to depend in part on representation
of research-intensive universities on US Congressional appropriations committees.

Source: Authors’ analysis using US Congressional data, Carnegie university classifications, and Policy
Cures data.
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4

Who Cares? Corporate Social Responsibility in Drug
Development

4.1 Introduction

Companies are increasingly engaging in corporate social initiatives, but we know little
about why one company in a given industry engages and another would not. We examine
connectedness to the customers, as well as related experience which affects capabilities.
Understanding these differences can help us identify drivers of corporate strategy and
how policy can influence them.

We measure corporate social initiatives as drug development for infectious and par-
asitic diseases endemic in developing countries. These neglected diseases cause suffering
in more than one hundred countries and affect more than one billion people. Developing
a new treatment for dengue, a disease known as “breakbone fever” which currently has

no specific treatment, could relieve the suffering of millions of people.! Unlike “green-

! Information on the burden of neglected diseases such as dengue is available from the World Health
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washing” in which companies make symbolic gestures (Chatterji et al., 2009), drug de-
velopment for neglected diseases is costly (DiMasi et al., 2016), unlikely to be directly
profitable (Trouiller et al., 2002), and socially impactful (Kremer, 2002).

We find that a company conducts more trials for a given neglected disease if its
headquarters is in a country with former colonies in which the disease is endemic. In
Belgium, Britain, and France, for example, scientists and other employees have family
and friends living in former colonies or who immigrated from former colonies. Also,
employees hear news stories about former colonies and travel to former colonies for
business and pleasure. For them, the neglected diseases are not abstract but real.

The chief scientific officer of Janssen, a company founded in Belgium, began his
career as a physician focusing on infectious disease research in Congo, a former colony of
Belgium. He later championed the development of bedaquiline, a drug for tuberculosis
— a disease endemic in Congo. Bedaquiline is the first drug for pulmonary multi-drug
resistant tuberculosis with a novel mechanism of action in more than 40 years.

Likewise, Andrew Witty, the chief executive officer of Britain’s GlaxoSmithKline
(GSK) is a British citizen from 2008 to 2017 started his career as managing director in
South Africa, a former British colony. He later championed development of drugs and
vaccines for neglected diseases. “If you're in South Africa,” he said, “you have to address
the challenges the society tries to address” (Dentzer, 2009). He added, “I want GSK to be
a very successful company, but not by leaving the population of Africa behind” (McNeil,
2010).

People working for drug companies need reasons to be proud of their companies,

Organization neglected tropical disease fact sheets at http://www.who.int/neglected_diseases/
mediacentre/factsheet/en/.
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given public scrutiny of drug company prices and profit. Employees need a story to
tell their family members and themselves about the good deeds done by the company.
Because employees value purpose and meaningfulness at work (Burbano, 2016), social
investment can help companies reduce costs or boost employee productivity (Flammer,
2015a; Flammer and Luo, 2017; Shan et al., 2016). Scientists appear to be motivated
in part by non-pecuniary rewards (Stern, 2004). According to GSK executive Witty,
efforts to help people in developing countries “will be very positively received by our
employees... because they want to be part of trying to solve these issues” (Dentzer,
2009).

Executives can also boast to shareholders and regulators of their efforts to treat
neglected diseases. In its 2016 annual report, GSK executives boasted that phase III
clinical trials of its malaria vaccine had been successful and that the vaccine would
be available in sub-Saharan Africa in 2018. Often shareholders want to encourage social
investment and thus structure executive compensation to encourage it (Hong et al., 2016).
Social investments can boost company performance (Freeman, 1984; Jones, 1995; Surroca
et al., 2010; Cheng et al., 2014; loannou and Serafeim, 2015; Madsen and Rodgers, 2015),
including giving companies easier access to financial markets (Cheng et al., 2014) and
can cushion share price drops from bad news (Shiu and Yang, 2017). Companies also
make social investments to alleviate regulatory pressure (Werner, 2015). The extent to
which regulators and other external constituents influence social investments depends on
with whom they interact at the company (Delmas and Toffel, 2008). However, we cannot
rule out the possibility that social investments driven by the executive are inefficient or
unfair to shareholders (Friedman, 1970; Baron, 2007).

We do not believe that consumer demand is an important factor in drug industry

112



social investment. In other settings, corporate social investment affects profit through
consumer preferences (Siegel and Vitaliano, 2007; Baron, 2008; Flammer, 2015b). How-
ever, few consumers of GSK’s asthma drugs are aware that GSK is developing a malaria
vaccine for sub-Saharan Africa.

This is the first study to show the influence of historic colonial ties on modern corpo-
rate social initiatives. The study contributes to a literature on the importance of business
location. For example, Fabrizio and Thomas (2012) showed that even though the drug
market is global, demand in the country of headquarters drives drug development. For
example, between 1980 and 2001, British and U.S. firms developed five of the six new
antimigraine products. Migraines are disproportionately suffered by women, and doctors
and patients take the disease more seriously than those in other countries, such as Japan.

Also, studies show that colonial ties leave a lasting mark. For example, countries
that were inhospitable to settlement tended to have colonizers that extracted resources
rather than building up institutions, and those countries have lower GDP per capita
today (Acemoglu et al., 2001).

Other studies also highlighted the importance of location matters for business strat-
egy. Companies are more willing to invest in countries with greater policy risk if the
company headquarters is located in a country with greater policy risk (Holburn and
Zelner, 2010). Furthermore, companies are more likely to commercialize their prod-
ucts in countries with which they share a border or language (Kyle, 2006). The local
environment affects the focus of innovative companies (Fabrizio and Thomas, 2012),
their organizational structure (Furman, 2003), their internal linkages for knowledge flow
(Alcacer and Zhao, 2012), and their success (Porter and Stern, 2001).

Only recently have studies demonstrated the importance of location for corporate

113



social responsibility. Husted et al. (2016) showed that headquarters location matters
because of what other firms are doing near the corporate headquarters. However, we
show that it is not only the geographic proximity of other companies, but the cultural
ties of other countries that matter.

We also find that companies invest more in social initiatives if they have related
expertise. For example, GSK and Merck developed drugs for commercially profitable
infectious diseases, and extended their work to infectious diseases endemic in developing
countries. Both GSK and Merck had previously developed drugs for HIV, and Merck
had developed a drug for Hepatitis C, and later both companies conducted clinical trials
for another infectious disease: dengue. Hence, companies focus on the societal problems
that they are best equipped to help solve, as advocated by Porter and Kramer (2006).
These results are consistent with previous studies showing that firms need the capability
to do the work (Cohen and Levinthal, 1990; Fabrizio, 2009) and that managers tend
to identify new opportunities adjacent to existing opportunities (Rosenkopf and Nerkar,
2001).

We do not find that companies unengaged in drug development for diseases of poverty
compensate by lowering prices in poor countries for drugs for other diseases, such as
diabetes and heart disease. Indeed, we find a positive relationship between companies
engaged in corporate social initiatives through drug development and companies applying
equitable pricing to drugs across their portfolio. For example, Britain’s GSK is second-
highest in clinical trials for neglected diseases, with nearly one trial started per year,
and rated highest on equitable pricing. GSK’s equitable pricing covered “a broad range
of diseases, including HIV/AIDS, lower respiratory infections, asthma, pertussis and

hypertensive heart disease” (Access to Medicine Foundation, 2016).
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4.1.1  Background on neglected diseases

We measure corporate social responsibility as drug development for diseases of poverty,
also known as neglected diseases. Neglected diseases are either infectious or parasitic,
cause enormous loss measured in disability-adjusted life years lost, have few available
treatments, and have little profit potential. There is little incentive to develop drugs
for neglected diseases, even with the expansion of intellectual property protection in
developing countries (Kyle and McGahan, 2012), because most of the people suffering
from the diseases are poor. A commitment of more than $3 billion would be needed
to create the same incentive for developing a treatment for a neglected disease as for a
commercial disease, according to Berndt et al. (2007).

We define neglected diseases based on the seminal paper by Trouiller et al. (2002)
who wrote, “We examined specifically registration of new chemical entities for tropi-
cal diseases (defined here as parasitic diseases [malaria, African trypanosomiasis, Cha-
gas’ disease, schistosomiasis, leishmaniasis, lymphatic filariasis, onchocerciasis, intestinal
nematode infections|, leprosy, dengue, Japanese encephalitis, trachoma, and infectious
diarrhoeal diseases) and tuberculosis. These infectious diseases represent a substantial
burden among developing countries, and together account for 11.4% of the global disease
burden. We find that only 1% of the 1393 new chemical entities marketed between 1975
and 1999 were registered for these diseases.”

Developing drugs and charging low prices in order to eradicate a disease is surely not
directly profitable. In its 2015 Corporate Social Responsibility Report, the Sanofi CEO
wrote of his goal to eradicate African trypanosomiasis, also known as “sleeping sickness.”

“The expertise we have developed along the way has had a profound effect, particularly
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in the developing world... over the last decade, sleeping sickness treatments have saved

more than 180,000 lives, and we are on the way to eliminating the disease by 2020.”2
4.1.2  Background on pharmaceutical RED

Pharmaceutical R&D consists of drug discovery and development. In drug discovery, a
targeted chemical or biological molecule is identified and isolated. In drug development,
the targeted molecule is first tested in preclinical trials in animals. If the results suggest
that the product is safe and effective, then it will be tested in humans in clinical trials.
A phase I clinical trial involves testing the product in multiple dosage forms on a small
number of healthy volunteers in order to generate preliminary therapeutic evidence of
efficacy and toxicity. A phase II clinical trial involves more patients and further evidence
of efficacy. If the results are still promising, then the product enters phase III clinical
testing. A phase III clinical trial can include tens of thousands of patients in a double-
blind experimental design. If the trial results are positive, the drug sponsor applies for
regulatory approval. Our analysis includes clinical trials in phases I through III.
Pharmaceutical R&D is risky and costly, unlike “greenwashing” in which companies
make merely symbolic efforts (Chatterji et al., 2009). For major drug manufacturers, the
average economic cost of successfully bringing a new commercial drug to market is $2.6
billion (DiMasi et al., 2016) which includes both the opportunity cost of capital and the
low success rate of only about 12% of molecules tested in humans reaching the market

(DiMasi et al., 2016).

2 The 2015 Corporate Social Responsibility Report for Sanofi is available at http://en.sanofi.com/
Images/47679_CSR_Report_2015_EN.pdf.
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4.2 Theory

A model highlights our assumptions and predictions. Consider a corporate executive who
chooses investment in product development and then price. Higher levels of investment

are costly, but increase revenue and consumer surplus.

u(p,z) = R(p,x) + aS(p,z) — C(x, x4, k)

where R is the revenue which depends on the price p and the investment z. The second
term S is the consumer surplus which the executive cares about, though perhaps less
than the consumer, so 0 < a < 1. We can think of « as being the connectedness of the
corporate decision maker to the consumer. In the empirical model, we will estimate «
based on the ties of the country of headquarters to the people in developing countries
who benefit from the product. The third term is cost C' which depends on the investment
in the product and the investment in other products ¢ with spillovers, as well as public
knowledge of product development .3

We assume that revenue, consumer surplus, and cost are increasing in the investment.
The cost of the investment is decreasing in the investment in other products (due to
spillovers) and in the public knowledge. The firm’s manager maximizes utility by first
choosing investment x and then price p.

In the appendix (section C), we solve for a simple version in which demand is linear

and investment cost is quadratic. We work backward, solving price p and then solving

3 The model includes only one product, taking investment in the firm’s other product as given. In a
model with multiple products, the level of investment would be higher to account for positive spillovers.
Also, a model with multiple products would show multiple prices which is consistent with our estimation
results in which companies are lowering prices across their portfolio of products, not just the products
for neglected diseases. However, the simple one-product model is sufficient for providing intuition and
four testable hypotheses.
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z*. We can show:

5o o > 0 (4.1)
5a* 5 >0 (4.2)
Sx*/ok >0 (4.3)
5p*fsa <0 (4.4)

The theory informs four hypotheses. Hypothesis 8 follows from equation 4.1. A
company with a connection to the suffering from the disease will have decision makers
who care more about alleviating the suffering (a higher o) and thus will invest more in

development.

Hypothesis 8. A company will invest more in social initiatives if the need is high in

the former colonies of its country of headquarters.

Whereas Hypothesis 8 concerns connections on the demand side, Hypothesis 9 con-
cerns connections on the supply side. From equation 4.2, if a company is engaged in drug
development for related diseases, then the development cost will tend to be lower. For
example, if the company has experience with one infectious diseases, such as Hepatitis
C, then it will be more aware of and have lower cost of developing drugs for another

infectious disease, such as dengue.

Hypothesis 9. A company will invest more in social initiatives if it has experience with

related products (both profitable and unprofitable).

Whereas Hypothesis 9 concerns the company’s own experience with a class of diseases,
Hypothesis 10 concerns society’s shared knowledge of a disease. Investment will depend
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not only on the company’s own experience, but also general knowledge of the product in
society. If general knowledge of the basic science of the product is more advanced, then

a company conducts more product development.

Hypothesis 10. A company will invest more in a social initiative if the potential for

impact 1s greater due to the state of science.

Finally, connectedness will not only affect investment (Hypothesis 8) but also price.
Hypothesis 11 (based on equation 4.4) concerns the price of the product as a function of

the connectedness of the firm to the people in need.

Hypothesis 11. A company will choose a lower price if it has connections to the need

for the drug in developing countries.

We test the hypotheses using the data described below.
4.3 Data

We use six data sources. First, we use pharmaceutical clinical trial data from the IMS
LifeCycle R&D Focus data base. Second, we use country-level burden of disease data
from the World Health Organization (WHO) global burden of disease data base. Third,
we use data on former colonies from the GeoDist data base from CEPII. Fourth, we
use disease-specific scientific publication data from PubMed. Fifth, we use firm financial
data from Compustat. Sixth, we use company rankings from the Access to Medicine

Foundation. We provide greater detail about each of these data sets below.
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4.3.1  Clinical trials

We measure corporate social initiatives as clinical trials for neglected diseases using data
from IMS Health. An observation in the IMS LifeCycle R&D Focus database includes
the product name, therapeutic class, developer, and timing of each phase of clinical
development from 1989 to the present. We use the number of clinical trials for each
infectious and parasitic disease for a given firm in a given year. For a clinical trial with
multiple companies in an alliance, we count the observation for each of the firms in the

alliance.
4.3.2  Burden of disease

We use burden of disease which we measure as disability adjusted life years (DALYs)
lost for each disease in each country as they appear in the WHO global burden of disease

data base.*

To measure the potential for social good, we use the burden of disease in
low-income countries, i.e., former colonies of rich countries. To measure the commercial

potential, we use the burden of disease in high-income countries.
4.8.8  Colony-colonizer relationship

We use data on former colonies in order to examine whether social initiatives depend
on the burden of disease in former colonies of the country of headquarters. We match
the colonial relationship between countries based on the Geodist database from CEPII.
The Geodist database incorporates country-specific colonial links for 225 countries in the
world, for which it identifies up to 4 long-term and up to 3 short-term colonizers in the

history of the country. For each colonizer, we construct the burden of disease in its past

4 http://www.who.int/healthinfo/global_burden_disease/estimates/en/index2.html
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colonies for each disease by aggregating the burden of that disease over past colonies.
4.3.4  State of science

We use data on the state of science to investigate how it affects clinical trials. We measure
the state of science as the cumulative basic scientific articles indexed in the PubMed
database. Each article in PubMed includes keywords (or medical subject headings) in
its listing, which we use to assign to diseases. We include only publications that were
coded in PubMed as journal articles, excluding letters, editorials, and reviews. We focus
on basic science by excluding publications that mention a clinical trial in the medical
subject header. We exclude articles about clinical trials because we already measure

clinical trials in the IMS R&D Focus data.
4.3.5  Company financial data

We use firm financial information from the Compustat Capital IQQ data base. We use

data on profit, revenue, assets, and company headquarters location.
4.3.6  Company ratings

We measure company engagement in global health beyond clinical trials using the 2016
Access to Medicine Foundation report. The report includes an assessment of the eq-
uitable pricing policies and practices of 20 of the world’s largest research-based (non-
generic) pharmaceutical companies. The report assesses equitable pricing of medicines
for people living in low- and middle-income countries. Companies receive a higher score if
they use differential pricing based on socioeconomic factors between countries and within
countries. According to the report, the diseases with the most equitably-priced products

are: heart disease, lower respiratory infections (such as pneumonia), HIV/AIDS, dia-
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betes, liver cirrhosis, asthma, and epilepsy (Access to Medicine Foundation, 2016), none
of which are neglected diseases (Trouiller et al., 2002). Hence, the equitable pricing in-
dex is not directly driven by whether the company is also developing drugs for neglected

diseases.
4.4 Methods

The firms in the data sample are those meeting two criteria: (1) appearing in the IMS
R&D Focus data base as having at least one clinical trial for an infectious or parasitic
disease between 1989 and 2013 and (2) appearing in the Compustat database which
allows us to identify headquarters location and incorporate financial data. We fill in
zeros for disease-years for which we do not observe clinical trials for a firm and disease
after previously observing a clinical trial. We do not assign zeros for years after which
the firm exited the Compustat data.

The diseases in the data sample are those for which we have disease data from the
WHO global burden of disease database. In our analysis, we include all infectious and
parasitic diseases in the WHO data, regardless of whether they are neglected. We define
a disease as “neglected” according to the list in the seminal paper by Trouiller et al.
(2002). Examples of neglected diseases include African trypanosomiasis and Chagas’
disease, while examples of non-neglected diseases include Hepatitis B and HIV. We use
an indicator variable to distinguish diseases that are neglected from those that are not.

We consider two measures of corporate social responsibility. First, we use clinical
trials, because the trials are clearly-defined, costly, unlikely to be directly profitable, and
impactful for society. Second, we use measures of equitable prices from the Access to

Medicine Index.
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An observation in the analysis is a firm-disease-year. The dependent variable is the
count of clinical trials for a given disease d from firm f in year ¢. Because the dependent
variable is a non-negative integer with high standard deviation, we use a general negative
binomial model.

We estimate the following relationship:

Clinical Trialsg ;¢ = exp(co + a1 Neglected Disease; + axColonial Disease Burden,
+ azNeglected Disease x Colonial Disease Burden, ;
+ ayRich Country Disease Burdend7 7
+ asExperience with Related Diseases; ;;

+ agCumulative Basic Science Publicationsg: + ¢ + ¢¢ + €)
(4.5)

We included a firm fixed effect ¢; and a year fixed effect ¢;. In another specification, we
added profit and profit interacted with the neglected indicator.

Recall that we hypothesize that companies invest more if the need is high in the
former colonies of their country of headquarters (Hypothesis 8). We included in the
regression an indicator for neglected diseases, and we interacted the indicator with the
measure of the burden of that disease in former colonies of the headquarters company.

We also hypothesized that companies would invest more if they had experience with
related products (both profitable and unprofitable) (Hypothesis 9). We measured experi-
ence as lagged cumulative clinical trials in the disease area (either infectious or parasitic)
subtracting the disease in question. For example, for dengue (a neglected infectious dis-

ease), we included experience with other infectious diseases (such as HIV) but excluded
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experience with dengue (the disease in question) and excluded experience with parasitic
diseases.

Furthermore, we hypothesize that companies invest more if the potential for impact
is greater due to the state of science (Hypothesis 10). We measured the state of science
as cumulative basic science publications in PubMed for that disease.

Drug development is only one way in which drug manufacturers can help the global
poor. Using data from the Access to Medicine Foundation, we also examined which com-
panies helped the global poor through low drug prices (Hypothesis 11). Even companies
that did not develop drugs for infectious and parasitic diseases could charge low prices
for drugs for other diseases, such as heart disease and diabetes. We plot the data on
equitable pricing to compare to drug development. We did not run regressions using
the index because it is only available for 20 companies and 2 years. Instead, we ran
regressions using only clinical trials as the dependent variable.

As a robustness check, we included profit in the regression analysis, though this
reduced the sample, because we did not have profit data for all of the firms in the main
regression. We added the profit rate of firm f in year ¢ and its interaction with disease
burden in its home country’s past colonies as control variables in the regression. We
obtained firm-year level revenue and net income/loss data from the Compustat database.

We constructed the profit margin by dividing net income/loss into revenue.
4.4.1 Identification

The timing helped us avoid reverse causality. The colonial history and the headquarters
location were determined before the clinical trials in our data sample. For example, Sanofi

has been a French company for decades and the colonial history of France is even older.
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Furthermore, we use the disease burden from the year 2000 so that clinical trials did
not affect the disease burden. Clinical trials initiated at the start of our sample in 1989
were unlikely to diminish the disease burden because there is an average of an 8-year lag
between clinical trial initiation and an approval (DiMasi et al., 2016) plus an additional
lag between approval, access, and reduction in burden. Furthermore, if the relationship
were endogenous, it would be a negative relationship (trials reducing burden) and bias
against our hypothesis of a positive relationship (burden inducing trials). Finally, we
included firm and year fixed effects to account for unobserved characteristics that were

constant within a firm and in a given year.
4.5 Results

First we provide summary statistics on companies (Table 4.1), diseases (Table 4.2), and
countries (Table 4.3). Second, we provide the results from our tests of the hypotheses
(Section 4.5.2). Finally, we compare our results to another measure of corporate social

responsibility (Section 4.5.3).
4.5.1 Summary statistics

There were 168 pharmaceutical companies that conducted at least 1 clinical trial for the
23 infectious and parasitic diseases included in our sample between 1989 and 2013. 41
of the companies initiated at least one clinical trial for one of the 12 neglected diseases.

The company conducting the most clinical trials for neglected diseases is Sanofi, based
in France, followed by GSK, based in Britain. In a typical year, Sanofi starts more than
one clinical trial for a neglected disease. GSK is second for neglected diseases and first for

broad experience with all infectious and parasitic diseases (not just neglected diseases).
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At the other end of the distribution, 127 companies conducted no trials for neglected
diseases, despite conducting at least one trial for a commercial infectious or parasitic
disease (Table 4.1).

Firms with more experience in the same class as the neglected disease tended to do
more clinical trials for that disease (Table 4.1). For instance, both GSK and Pfizer,
which were among top 10 firms in clinical trials for neglected diseases, had extensive
research experience in infectious and parasitic diseases.

The data in our analysis include 23 diseases (15 infectious and 8 parasitic) for which
we had data on the burden of the disease. Twelve (8 parasitic and 4 infectious) of the
diseases were classified as neglected in the seminal paper by Trouiller et al. (2002) due
to enormous burden of disease but little financial incentive to develop new treatments
because most of the burden is in poor countries. Diseases with greater burden and greater
cumulative knowledge of the basic science tended to have more clinical trials (Table 4.2).

Pharmaceutical companies in our sample had headquarters in 20 countries. In gen-
eral, we saw a positive correlation between colonial neglected disease burden and total
clinical trials for neglected diseases by companies with headquarters in the country. For
example, Belgium, France, and Britain had more burden of diseases in past colonies than
other countries, and firms in these two countries conducted more clinical trials for ne-
glected diseases than firms headquartered in other countries (Figure 4.1 and Table 4.3).
In Figure 4.1 we added 1 to all of the values to avoid the problem of taking the log of 0.

Our data sample consisted of 168 firms, 23 diseases, and 25 years (Table 4.4). If
we had one observation for each, then our sample would have been 96,600, but we had
firm-years with no observations, so we had 58,374 observations. The average firm started

0.014 clinical trials (standard deviation of 0.17) for a given disease in a year (Table 4.4).
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Hence, during a decade, the average firm started 3 trials for an infectious or parasitic

disease (commercial and/or neglected).
4.5.2  Results from hypotheses tests

Consistent with Hypothesis 8, companies conducted more clinical trials for a neglected
disease if there is a larger burden from that disease in the former colonies of its head-
quarters country. We saw evidence of this effect when we plotted colonial disease burden
versus clinical trials (Figure 4.1). We also saw evidence in the regression results, as in-
dicated by the negative and statistically significant sign on the interaction between the
neglected disease indication and the colonial disease burden (Table 4.5). The sign of the
coefficient for the neglected indicator is negative which indicated that the diseases were
properly classified as neglected.

A company would conduct 80% more clinical trials for a neglected disease if in the
former colonies of its headquarters country, the disease burden (DALY's lost) is 10 million

> While global burden of disease is positively correlated with

rather than 5 million.
number of clinical trials for all infectious and parasitic diseases, burden of disease in
headquarters country’s past colonies had no effect on clinical trials for non-neglected
diseases.

As a robustness check, we also considered whether the results would change if we in-
cluded the effect of company-level (rather than product-level) profit on social initiatives.

Our sample size shrunk from 58,374 to 34,982, because not all companies reported their

financial data across the sample period. The results were largely unchanged. The main

5 We calculated the value using the coefficients from Table 4.5 and assuming the neglected disease had
mean value of global burden, cumulated scientific publication and the sponsored firm had mean value
of experience in that class.
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coefficient of interest — the interaction term on neglected disease and colonial disease
burden — is 0.11 without the profit control, and 0.10 with it (Table 4.5). The coeffi-
cients on profit were positive, indicating that firms with positive profits conducted more
trials for neglected diseases. However, firms with positive profits tended to be larger.
When accounting for firm assets, profitable firms and less profitable firms conducted
approximately the same share of trials for neglected diseases.®

Consistent with Hypothesis 9, past experience in the same class of disease (either
infectious or parasitic) is positively related to the number of clinical trial for that disease.
Based on the regression results, a company would conduct 300% more clinical trials for a
neglected disease if it had conducted 50 trials for related diseases than if it had conducted
only 10 such trials for related diseases. For example, GSK, Merck, and Pfizer all had
more than 50 trials for profitable and unprofitable infectious and parasitic diseases dating
back to 1989 and all conducted research on neglected diseases.”

Figure 4.1 also illustrates the importance of experience. Countries with little or no
colonial disease burden conducted trials for neglected diseases in part because they were
already working on commercial infectious diseases. The U.S., Japan, and Switzerland
all had companies based there with extensive commercial infectious disease experience.
Conversely, companies based in the Netherlands had no experience in drug development
for commercial infectious diseases.

Consistent with Hypothesis 10, companies tended to do more clinical trials for par-

asitic and infectious diseases with higher state of science. A pharmaceutical company

6 Firms tended to remain profitable or unprofitable during the sample period. Of 1474 firm-year
observations with profit status, 175 changed from non-positive to positive, or vice versa.

7 We calculated the value using the coefficients from Table 4.5 and assuming the neglected disease has
mean values for global burden and cumulative scientific publications.
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would conduct 17% more clinical trials for a neglected disease if it has 5 million cumulated
scientific publications instead of 1 million.

Consistent with Hypothesis 11, companies connected to developing countries not only
did more drug development, but also charged lower prices. Companies with headquarters
in Belgium, Britain, and France conduct more trials for neglected diseases (the horizon-
tal axis of Figure 4.2) and charge lower prices across their entire portfolio of products
(the vertical axis of Figure 4.2). For example, Britain’s GSK is second highest in clinical
trials for neglected diseases, with nearly one trial started per year, and rated highest
on equitable pricing. The authors of the Access to Medicine Index reported that GSK’s
equitable pricing covered “a broad range of diseases, including HIV/AIDS, lower respi-
ratory infections, asthma, pertussis and hypertensive heart disease” (Access to Medicine
Foundation, 2016). Companies with British and French headquarters (AstraZeneca,
GSK and Sanofi) scored high on equitable pricing, whereas companies with German
headquarters (Boehringer and Bayer) and Japanese headquarters (Astellas, Daiichi, and
Eisai) scored low (Figure 4.2). Switzerland had one high-scoring company (Novartis)
and one low-scoring company (Roche).

Switzerland is an interesting case. It has no former colonies, but in the French-
speaking part of Switzerland is the headquarters for the World Health Organization,
the International Committee of the Red Cross, and the Global Fund to Fight AIDS,
Tuberculosis and Malaria. Hence, even without former colonies, people in the French-
speaking portion of Switzerland are likely to be connected to the need for drugs for
neglected diseases. Consistent with this theory, Switzerland had one high-scoring com-
pany (Novartis) in the French-speaking region and one low-scoring company (Roche) in

the German-speaking region (Figure 4.2). We can also see in Figure 4.1 that Swiss firms
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conduct many trials for neglected diseases, perhaps because of proximity to the global
health community, as well as due to the extensive experience in commercial infectious

diseases, as indicated by the area of the circle in Figure 4.1.
4.5.8  Comparison to another CSR measure

Another measure of CSR is the Global 100 which is produced by Corporate Knights,
a media, research and financial information products company. Corporate Knights sur-
veyed companies with market capitalization of at least US$ 2 billion. Companies were
rated on four measures of energy efficiency (including the ratio of revenue to energy use),
four measures of financial performance (including the ratio of unfunded liabilities to total
assets), and four measures of employee management (including the ratio of departing em-
ployees to total employees). In 2016, 7 drug companies were in the Global 100: Astellas,
Johnson & Johnson, Novartis, Novo Nordisk, Sanofi, Shire, and Takeda.® The ratings
were largely orthogonal to the measures we use. Whereas Novartis and Sanofi were two
of the highest performers in both drug development and equitable pricing, Astellas and
Takeda were two of the lowest performers (Figure 4.2). Whereas the CSR measures
which Corporate Knights uses are based largely on efficiency and profitability, our CSR
measures include inefficient and unprofitable behaviors: developing unprofitable drugs

and charging prices below what the market will bear.
4.6 Conclusions

We find that a company conducts more trials for a disease if its headquarters is in a

country with former colonies in which the disease is endemic. Connection to disease

8 TFor complete Global 100 ratings see http://www.corporateknights.com/reports/
2016-global-100/2016-global-100-results-14533333/.
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motivates scientists, and executives know that they could better attract and retain top
scientists that are doing fulfilling work.

Pharmaceutical executives and employees face public scrutiny about drug prices in
the media, and perhaps even at family meals. It is surely helpful for executives and
employees to tell their families about the good work they are doing. They can talk about
drug development for neglected diseases that are familiar to their family members. For
people in Belgium, Britain, and France, neglected diseases are not an abstract notion,
because of the ties that the people have to countries in which the diseases are endemic.
Recall the Belgian scientist who worked in the former Belgian colony Congo and later
championed tuberculosis drug development at his company which has its headquarters
in Belgium.

Executives can rationalize this form of corporate social responsibility to investors by
saying that they it will be low cost, because of related research. We find that a com-
pany with experience developing commercially-viable drugs for infectious diseases (such
as Hepatitis C) conducts more trials for neglected infectious diseases such as tuberculo-
sis. Consistent with this result, Michael Porter and Mark Kramer (2006) argue that a
company should work on “the particular set of societal problems that it is best equipped
to help resolve.”

Also, executives can rationalize social initiatives to investors by saying the company
benefits from developing drugs for diseases of poverty, because poorer countries become
richer over time. Indeed, emerging markets have been growing in commercial importance.
While this effect is surely positive, it is also surely small. It cannot be an especially prof-
itable strategy to lose money in sub Saharan Africa today in the hope that in the future

the countries will be richer and loyal to products sold by the manufacturer. Nevertheless,
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the rationale might help persuade investors to not object to investments that executives
and scientists want to make.

We define corporate social responsibility as development of drugs for neglected dis-
eases. We believe this is appropriate because the medical community identifies the
neglected diseases as those with enormous burden but little profit potential (Trouiller
et al., 2002). Other drugs certainly benefit patients, but have profit potential.

Our study extends beyond drug development to include low prices for drugs for other
diseases, such as diabetes and heart disease. We find a positive relationship between
companies engaging in corporate social responsibility through drug development and
companies charging equitable prices (Figure 4.2). Hence, we do not find that drug
companies compensate for lack of drug development in other ways that help the global
poor.

Our results suggest that companies ignore some social initiatives due to lack of con-
cern. For example, companies with headquarters in Canada, Ireland, and Norway con-
duct no work on neglected diseases, though companies there work on commercial infec-
tious and parasitic diseases. Perhaps with greater connection to the suffering caused by
these diseases, the companies would invest more in neglected diseases.

Our results also suggest that governments and foundations are important for encour-
aging development of drugs for neglected diseases. One mechanism for encouraging drug
development is to fund basic science, for example through the U.S. National Institutes
of Health. Our results suggest that if scientific publications doubled, clinical trials for a

disease would increase 12%.?

9 Our estimate of the increase in clinical trials assumes mean values of 1.48 million for disease burden
in rich countries, 0.65 million of disease burden in the home country’s past colonies, and that the firm
previously conducted 2 clinical trials for other infectious or parasitic diseases.
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One government mechanism for encouraging drug development is the priority review
voucher. The voucher is a prize worth more than $100 million which the U.S. Food
and Drug Administration (FDA) awards for successful drug development for neglected
diseases (Ridley and Régnier, 2016). For prizes like the voucher, the government must
determine eligibility. If the policy objective is to encourage drug development for ne-
glected diseases at low cost, then the prize should be awarded for drugs for diseases
with high burden in former colonies, because companies are predisposed to working on
these diseases. However, if the policy objective is to promote equity, that is, distributing
resources across diseases, then the prize should be awarded for drugs for diseases with

little burden in former colonies.
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Table 4.1: Descriptive statistics for companies conducting clinical trials for infectious
and parasitic diseases (1989-2013)

Company Name HQ country Neglected clinical trials  Experience Profit rate

Mean Std Dev Mean Std Dev  Mean Std Dev
Sanofi FRA 1.36 1.22 4.29 4.96 0.13 0.11
GlaxoSmithKline GBR 0.79 0.83 34.48 33.53 0.19 0.04
Otsuka JPN 0.67 0.82 0.00 0.00 n/a n/a
Immtech USA 0.58 0.67 0.37 0.66 —-0.01 0.00
Pfizer USA 0.54 0.88 24.83 26.77 0.19 0.09
Emergent USA 0.50 0.71 0.00 0.00 0.03 0.03
Onxeo FRA 0.50 0.71 1.20 1.25 n/a n/a
Scynexis USA 0.50 0.71 0.00 0.00 —-1.07 0.83
Endo USA 0.47 0.64 0.72 0.92 0.00 0.12
Karolinska SWE 0.43 0.53 0.00 0.00 n/a n/a
Janssen BEL 0.33 0.70 14.32 15.39 0.16 0.04
Novartis CHE 0.33 0.59 10.88 12.29 0.18 0.04
Ranbaxy IND 0.25 0.45 0.57 0.88 n/a n/a
Pharmstandard RUS 0.20 0.42 0.00 0.00 n/a n/a
Alcon USA 0.18 0.40 0.00 0.00 0.23 0.07
AstraZeneca GBR 0.18 0.50 4.21 2.94 0.15 0.06
Jado DEU 0.17 0.41 0.00 000  n/a n/a
Sakai JPN 0.16 0.47 0.00 0.00 n/a n/a
Bayer DEU 0.14 0.36 1.96 1.59 0.05 0.03
Eisai JPN 0.14 0.36 0.86 0.66 0.07 0.03
Roche CHE 0.14 0.48 9.24 9.51 0.16 0.09
Agenus USA 0.13 0.34 0.00 0.00 —0.78 2.22
Anacor USA 0.13 0.35 0.00 0.00 —0.82 2.84
Genvec USA 0.13 0.50 1.28 1.35 —0.23 0.64
Merck & Co USA 0.13 0.34 20.65 23.01 0.19 0.08
Daiichi Sankyo JPN 0.12 0.33 0.00 0.00 n/a n/a
Takada JPN 0.12 0.44 2.42 2.69 n/a n/a
Chong Kun Dang KOR 0.11 0.32 0.00 0.00 n/a n/a
Silence Therapeutics GBR 0.11 0.32 0.00 0.00 n/a n/a
Valneva FRA 0.11 0.33 0.00 0.00 n/a n/a
Genentech USA 0.11 0.32 4.11 3.99 0.05 0.15
Progenics USA 0.11 0.32 0.95 0.97 —0.43 1.33
Affitech DNK 0.10 0.32 0.54 0.92 n/a n/a
BTG GBR 0.10 0.44 0.63 0.92 n/a n/a
Shin Poong KOR 0.09 0.30 0.00 0.00 n/a n/a
Teva ISR 0.08 0.41 0.48 0.50 0.08 0.05
Suda AUS 0.08 0.28 0.18 0.39 n/a n/a
Actelion CHE 0.07 0.26 0.03 016  n/a n/a
Actelion CHE 0.07 0.26 0.07 0.26 n/a n/a
Mymetics CHE 0.05 0.22 0.62 0.86 —7.92 23.08
Sciclone USA 0.04 0.21 0.22 0.42 —1.60 5.17
Mean for 127 other firms 0.000 0.00 0.91 4.81 —5.34 63.52

Source: Authors’ analysis of data from IMS Health and Compustat.
n/a indicates missing profit data in Compustat.
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Table 4.2: Descriptive statistics for the diseases included in in the analysis

Discase Type Neglected Disease Burden (MM, DALY, 2000) Basic Science Pubs Clinical Trials
Disease Rich Country Poor Country (MM, 1989-2013) (1989-2013)
African Trypanosomiasis Parasitic Yes 0.01 3.74 0.42 9
Chagas’ disease Parasitic Yes 0.23 0.57 0.67 2
Chlamydia Infectious No 0.55 1.28 0.68 0
Dengue Infectious Yes 0.07 1.01 0.5 12
Diphtheria Infectious No 0.04 0.49 0.2 14
Filariasis Parasitic Yes 0.04 2.53 0.25 0
Gonococcal Infectious No 0.33 0.47 0.23 3
Hepatitis B Infectious No 0.67 6.01 4.56 54
Hepatitis C Infectious No 0.04 0.85 4.56 253
HIV Infectious No 17.51 101.63 11.63 304
Intestinal Nematode Infections Parasitic Yes 2.35 6.26 0.24 0
Leishmaniasis Parasitic Yes 0.07 4.99 0.97 6
Leprosy Infectious Yes 0.09 0.22 0.23 0
Malaria Parasitic Yes 1.39 78.24 2.27 80
Measles Infectious No 0.17 55.24 0.42 6
Meningococcal Infectious No 2.25 41.69 0.3 30
Onchocerciasis Parasitic Yes 0.01 0.59 0.09 0
Rabies Infectious No 0.14 3.83 0.28 6
Schistosomiasis Parasitic Yes 0.29 3.14 0.75 1
Syphilis Infectious No 1.2 11.12 0.23 0
Tetanus Infectious No 0.29 14.94 0.29 14
Trachoma Infectious Yes 0.04 0.43 0.07 0
Tuberculosis Infectious Yes 6.33 60.29 2.73 45

DALY = Disability Adjusted Life Years. We use the definition of neglected diseases
from Trouiller et al. (2002). Source: Authors’ analysis of data from IMS Health,
WHO, and PubMed.

Table 4.3: Descriptive statistics for countries with drug manufacturer headquarters

Former Colony with

Total Colonial

For companies with headquarters in the country

No. of

No. of Clinical

Country Largest Neglected Disease Burden Company Clinical Trials Trials for Non-Neglected
Disease Burden (MM, DALYSs) HQ Counts for Neglected Diseases Infectious & Parasitic Diseases
Great Britain (GBR) Nigeria 215 8 27 72
France (FRA) Cote d’Ivoire 48.69 6 25 37
Belgium (BEL) DR Congo 24.39 1 8 39
Netherland (NLD) South Africa 19.52 1 0 3
Germany (DEU) Rwanda 6.43 6 4 12
Italy (ITA) Somalia 2.83 3 0 0
United States (USA) Philippines 2.62 80 49 353
Russia (RUS) Ukraine 2.4 1 2 0
Australia (AUS) Papua New Guinea 0.72 6 1 12
Japan (JPN) North Korea 0.56 18 14 66
China (CHN) Mongolia 0.04 1 0 0
Sweden (SWE) Estonia 0.01 5 3 6
Denmark (DNK) Iceland 0 3 1 9
Canada (CAN) n/a 0 5 0 9
India (IND) n/a 0 4 3 7
Ireland (IRL) n/a 0 4 0 1
Israel (ISR) n/a 0 4 2 6
Korea (KOR) n/a 0 7 3 9
Norway (NOR) n/a 0 1 0 4
Switzerland (CHE) n/a 0 4 11 41

DALY = Disability Adjusted Life Years. n/a indicates no former colonies. Source:
Authors’ analysis of data from IMS Health, WHO, and GeoDist.
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Table 4.4: Summary statistics

Unit (observations) Variable Mean  Std Dev
Disease, Firm, Year (58,374) Clinical Trialsq, s 0.01 0.17
Experience with Related Diseasesg, r,;—1 2.00 7.94
Disease, Firm (3864) Colonial Disease Burdeng ; (DALY, MM) 0.65 4.31
Disease, Year (575) Cumulative Basic Science Publicationsy; (MM) 1.41 9.98
Firm, Year (1474) Profit Ratey —12.79 107.98
Disease (23) Neglected Diseaseqy 0.50 0.50
Rich Country Disease Burden 4 (DALY, MM) 1.48 3.76

Disease burden measured in millions of Disability Adjusted Life Years (DALY) lost. Source:
Authors’ analysis of data from IMS Health, WHO, and Compustat.

Table 4.5: CSR: Regression result.

Variable Coef. Std Dev Coef. Std Dev
Neglected Diseaseq x Colonial Disease Burdeng, ¢ (MM) 0.11%%* 0.02 0.10%** 0.02
Neglected Diseasey —1.09%%* 0.188 —1.21%%* 0.23
Colonial Disease Burdeng, ¢ (MM) 0.01 0.004 0.01%%* 0.004
Rich Country Disease Burdeny(MM) 0.13%** 0.01 0.12%%* 0.01
Experience with Related Diseasesq, r+—1 0.03* 0.01 0.02 0.01
Cumulative Basic Science Publicationsg ¢ (MM) 0.047%%% 0.01 0.04% %% 0.01
Constant —8.64%F* 0.8 —8.63%** 1
Neglected Diseaseq x Profit Ratey ;1 0.003 0.002
Profit Ratey ;1 0.002 0.001
Year Fixed Effects Included

Firm Fixed Effects Included

Observations 58374 34982

Standard errors are clustered at the firm level;

# % xp < 0.001 % %p < 0.01 % p < 0.05.

Disease burden measured in millions of Disability Adjusted Life Years (DALY) lost. Source: Authors’ analysis of
data from IMS Health, WHO, GeoDist, and PubMed.
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5

Conclusion

The dissertation consists of three chapters relating to drug development and marketing
strategies. Chapter 1 studies strategic direct-to-consumer and direct-to-physician adver-
tising in the pharmaceutical industry. Using data from the anticholesterol market, I find
pharmaceutical companies make strategic DTCA and DTP advertising by using the bor-
der strategy. Specifically, a 10% increase in DTCA expenditure per capita is associated
with 0.3%-0.4% more detailing visits or 1% more detailing time for a given product in a
given market. The identified positive relationship between DTP advertising and DTCA
is consistent with a documented synergistic effect between these two marketing tools
(Narayanan et al., 2004). To further understand the source of the synergistic effect,
I construct and estimate a demand model that explicitly models patients’ and physi-
cians’ decisions about requesting and prescribing brand-name medications considering
the impacts from pharmaceutical advertising. I find DTCA encourages patients to visit

their physicians and encourages patients with private healthcare insurance to request
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the advertised brand; physicians value patients’ request and are more likely to prescribe
the requested brand; and DTP advertising boosts the number of prescriptions for the
advertised brand, whether the brand is requested by the patient or not. Simulation re-
sults show that comparing to patient visit, patient request for a brand-name medication
is the primary channel through which DTCA affects patients and is the source of the
synergistic effect between DTCA and DTP advertising. These findings have both adver-
tising strategy and healthcare policy implications. Pharmaceutical firms might be able
to realize more gains by coordinating DTCA and DTP advertising than if they fail to
coordinate these efforts. Moreover, regulators should consider the connection between
DTCA and DTP advertising when making policies, otherwise regulatory policies might
lead to unintended or even opposing consequences.

Chapter 2 examines the strategic interaction between government agencies in funding
support for medical research. In this chapter we document how governments respond
to other funders in supporting medical research. First, we show a negative correlation
between outlays for a disease by the US government and outlays by other governments,
NGOs, and foundations in the following year, while accounting for the endogeneity of US
outlays. We also find that in Latin America and the Caribbean, HIV/AIDS imposed the
greatest disease burden, but received less in total funding outlays than diseases like Cha-
gas and dengue. Indeed, the government of Brazil spent less on HIV /AIDS research than
on Chagas and dengue research, even though Brazil’s disease burden from HIV /AIDS was
100 times greater than the burden from Chagas and dengue. Documenting government
responses to changes in medical research funding outlays is relevant to both research and
policy sectors. Scholars should be aware that estimates of the impact of one additional

dollar of NIH funding could underestimate the effect, because the net increase in fund-
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ing for that disease will be smaller. Policy makers should be aware of how governments
adjust funding and consider enhancing international coordination, regardless of whether
the negative relationship across funders is socially optimal. The evidence in this paper
suggests that governments should increase efforts to coordinate on medical R&D funding
through organizations such as the World Health Organization as they do in other areas,
including military defense and environmental regulation.

Chapter 3 investigates how pharmaceutical companies make R&D decisions for ne-
glected diseases. We find that a company conducts more trials for a disease if its head-
quarters is in a country with former colonies in which the disease is endemic. Connection
to disease motivates scientists, and executives know that they could better attract and
retain top scientists that are doing fulfilling work. Our results suggest that companies
ignore some social initiatives due to lack of concern. For example, companies with head-
quarters in Canada, Ireland, and Norway conduct no work on neglected diseases, though
companies there work on commercial infectious and parasitic diseases. Perhaps with
greater connection to the suffering caused by these diseases, the companies would invest
more in neglected diseases. Our results also suggest that governments and foundations
are important for encouraging development of drugs for neglected diseases. One mech-
anism for encouraging drug development is to fund basic science, for example through
the U.S. National Institutes of Health. Our results suggest that if scientific publications

doubled, clinical trials for a disease would increase 12%.
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Appendix A

Strategic DT'CA and DTP advertising

In this section I formally derive the four hypotheses listed in section 2.4.4. Taking
derivative of the first order derivative of market share with respect to DTP advertising

with respect to DTCA | we have

(1—s",)s" 2 S:nk/tsz%kw,t(l - an,k\k’,t)
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Let F' = 575 Z?E%CA —. It is straight forward to show that F' < 0 if " < 0

(Hypothesis 1).
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In addition, because —*Z~ DT oDTE <0, F <0if v» < 0 (Hypoth-

esis 2).

Next, take derivative of F' with respect to v¥ > 0, we have
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Thus, the synergy effects between DTCA and DTP advertising is non-decreasing with

Finally, take derivative of F with respect to 6,, we have
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Thus, the synergy effects between DTCA and DTP advertising is non-decreasing with
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Appendix B

A theoretical model of strategic funding decision

Consider a simple version of the model with two funders, ¢ and j, two diseases, a and b,
and an outside option of, which is specific to a funder. Assume two stages. In stage one,
funder ¢ distributes funding across diseases based on the burden of disease that can be
alleviated B and scientific knowledge S, while ignoring outlays from the fringe funder ;.
In stage two, funder j distributes funding according to its local disease burden, scientific
knowledge, and the funding from funder .

The dominant funder chooses outlays without regard to outlays by the fringe funder.
The dominant funder model seems appropriate in our context for two reasons. First, the
US government accounts for the majority of global funding for 15 infectious and parasitic
diseases in our analysis, while the median funder in our sample accounts for less than 1
percent of overall funding (Table 3.2). The combination of NIH and Gates Foundation

accounts for 70 percent of funding. Second, we could find no evidence that the NIH
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or other government agencies factor in the behavior of non-US funders. Consistent
with our model, NTH leaders quoted in the text described funding priorities based on
disease burden and scientific knowledge without mention of other funders (Rockey and
Wolinetz, 2015). In contrast, other funders often mention that they are filling perceived
gaps. Recall the quote from a program officer of the Burroughs Wellcome Fund who
described avoiding funding of areas that the US government funds.

Following the innovation economics literature, we assume the production function
s “Fe :
of treatment, ¢g(> z;,Sq4) = Sa(1 —e 7 ) (Loury, 1979; Reinganum, 1982). Also, we
f
assume h(of) =1 — e, but our results are robust to other functional forms of h(o’).

Under these assumptions, we can rewrite the objective function of funder i (Equation

3.1) as

max B, S,(1 — %) + BySy(1 — e %) + (1 — ™)
t (B.1)
st xl+ap+o =Y

The optimal funding distribution for funder ¢ is summarized by three equations:

B Yi4 2 log(BaSa) — log(BbSb)

ik B.2
at . (B.2)
b — 3 ’

3
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It is straightforward to show that

ozl 2 -0
0B, 3B,
(B.5)
oxt
25, 35 "

which suggests that the dominant funder ¢ provides greater outlays for diseases with

higher burdens and/or diseases with higher scientific knowledge.

Now we solve for the optimal outlays by the fringe funder j. The objective function

for the fringe funder j, when funder j considers local disease burden only, is:

max BIS,(1— e_mé*_zi) + BISy(1 — e_g”é*_wi) +(1—e)

“a (B.6)
st.iad +a]+ o =YY,
The optimal outlays by funder j, given the funding from funder i, are:
i VI — 227 + 2% + 21og(BIS,) — log(BISy) (B.7)
“ 3
It Y7 — 258 + 2 —log(BJS,) + 2log(BlSh) (B.8)
b 3
o — Y7 4 2 + 2 4 log(BIS,) + log(B].S,) (B.9)
3

Now we consider how the fringe funder j responds to changes in outlays by the

dominant funder .
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o b __Z <0 (B.10)

and

oxI* &xi* 1
a_ — > = — >0 B.11
oxy*  ox 3 ( )

Thus, greater outlays for a disease by the dominant funder will reduce outlays for the
disease by the fringe funder (Hypothesis 6) and increase outlays for a different disease
by the fringe funder (Hypothesis 7).

In addition, we have

Oxl* + al*  Owl* + ) 1
oxi* T o 37 0. (B.12)

In other words, increased outlays by the dominant funder would induce the fringe
funder to invest less in global diseases overall (Hypothesis 7).

Finally, we briefly discuss how exogenous shocks to disease burden, scientific knowl-
edge, and the budget of funders affect the funding decision of funder f, and explain the
importance of using instrumental variables for identification with a simple example. We

start with disease burden and scientific foundation. As in equation B.12, we have

oxl* 2 5 -
0B} 3B] 9B,

e (B.13)
xa‘ 1 -
oS} 95,




which suggests that like the dominant funder ¢, the fringe funder j provides more funding
for disease with a greater burden and/or scientific knowledge (Hypothesis 5).
Next we examine how the funding support from funder j responds to a positive shock

to the budget of funder i. From equation B.7 and B.8 we have:

oxI* or™  oxt 1
& _ 9@ b -~ <0
Y ovi Tayi 37
| (B.14)
o]’ dxy* ol 1
__ 9l «_ __ .
oY ovi Tayi . 3°

In other words, a positive shock to the budget of funder ¢ would induce lower funding
support for both disease a and b from funder j through increasing funding support from
funder ¢ itself.

Finally, we show why we need an instrumental variable for identification. Consider
a global economic shock that increases the budget of both funder ¢ and funder j. For
simplicity, we assume that the budget of funder 7 increases one unit, and the budget of

funder j increases two units. In this case, the overall changes in z%* and z}* are

ozl 1 -
oYi 3
(B.15)
o1
_->9
i 3

Accordingly, the overall changes in 7* and 27" are
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Thus, the shock increases funding support for disease a and b globally. As a result,
2 and x7* (zi* and x]*) would be positively correlated in the data, contrary to the
theoretical prediction, as displayed in equation B.10. Hence, we need an instrumental

variable that affects the outlays of only one funder.
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Appendix C

A theoretical model of corporate social responsibility

Recall from section 4.2 that the executive’s utility function includes three terms. The
first term is revenue and the second term is consumer surplus multiplied by 0 < o < 1
which is the amount that the firm cares about consumer surplus. The third term is
the investment cost. The investment x appears in each of the three terms: greater
investment increases revenue, consumer surplus, and cost. We assume quadratic costs

and we assume linear demand: @ = (1 — p).

u(p,z) = xp(1 —p) + az(1/2)(1 — p)* — (2*) /K

First, the firm chooses its investment x and then its price p to maximize utility. We
solve backward, beginning with the price and then solving investment conditional on

price. The solutions are as follows:
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= kx;/(412 — )

pr= (1-0a)/2-aq)

We can now differentiate the utility-maximizing values with respect to the parameters

to consider some comparative statics.

5z /0 = kzi/(4(2—a)?) >0 (C.1)
5z* [0z = K/(4(2—a)) >0 (C.2)
5z )0k = 3:/(4(2 — @) > 0 (C.3)
§p*/da = —1/(2—a)* <0 (C.4)

These results are consistent with our hypotheses. We can see that x is increasing in

a, z;, and k. (Recall that 0 < a < 1). We can also see that p is decreasing in «a.
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