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Abstract

We analyze how demographic change affected profits and returns across pharmaceutical industries over

the last twenty years. Fluctuations in different age group sizes influence the estimated demand changes for

age-sensitive drugs, such as antibacterials for young, antidepressants for middle-aged, and antithrombotics

for old people. These demand changes are predictable as soon as a specific age group is born. We use

consumption and demographic data to forecast future consumption demand growth for drugs caused by

demographic changes in the age structure. We find that long-term forecasted demand changes predict

abnormal annual pharmaceutical stock returns for more than 60 firms over the time period from 1986 to

2008. An increase by one percentage point of annual demand growth due to demographic changes predicts

an increase in abnormal yearly stock returns in the size of 3–5 percentage points. Short-term forecasted

demand changes does predict negative abnormal stock returns for a time horizon below 5 years. A trading

strategy taking advantage of the demographic information earns a significant abnormal return between 6 and

8 percentage points per year. Our results are consistent with the model by DellaVigna and Pollet (2007),

where investors are inattentive with extrapolation in the distant future and overreact to information in the

near future.
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1 Introduction

What is the impact of demographic change on stock returns and profits of pharmaceutical companies? While

there is plenty of literature about the impact of demographic changes on aggregate stock returns (e.g. Bakshi

and Chen (1994), Poterba (2001), Brooks (2002), Abel (2003), Davis and Li (2003), Geanakopolos, Magill,

and Quinzii (2004), Ang and Maddaloni (2005), Brunetti and Torricelli (2007)), there are only few studies on

the effect of demographic change on cross-sectional returns. A paper investigating this effect is DellaVigna

and Pollet (2007). Although they do not consider pharmaceutical companies as a cross-section, they examine

age-sensitive sectors such as toys, bicycles, beer, life insurance, and nursing homes. As pharmaceutical firms

are very sensitive to demographic changes given that every drug has its specific age-pattern, pharmaceutical

companies are ideal candidates to investigate the influence of demographic changes on stock returns and profits.

This paper analyzes the possible relationship between demographic shifts in age group (cohort) sizes (children

(0–19), young people (aged 20–29), younger middle-aged people (aged 30–49), older middle-aged people (aged

50–59), old people (aged 60+)) and the demand of different pharmaceutical drugs as well as its influence on

abnormal stock returns. Since different goods have different age profiles of consumption, forecastable changes

in the age distribution lead to forecastable shifts in demand for different goods. For example, anorexiants and

CNS stimulants are mainly used by young people whereas antidepressants and antifungals are mainly used by

middle-aged people and adrenal corticosteroids and blood glucose are mainly used by old people.

Shifts in demand for different medications have an influence on profitability and returns of pharmaceutical

industries. Consequently, the timing of the stock market reaction to these demand changes is important re-

garding the investor’s response to predictable changes in future profitability. For example we assume that a

large cohort is born in 1955. This large cohort will increase the demand for CNS stimulants ten years later, in

1965. Assuming that the CNS stimulants industry is not perfectly competitive, the pharmaceutical companies

that have their core businesses in the CNS stimulants industry will experience an increase in abnormal profits

in 1965. The timing of abnormally high returns depends on the foresight horizon of the investor. There are

three scenarios by Bergantino (1998) for different reactions of the investors and the consequences for abnormal

stock returns. The first scenario, the standard model, states that the marginal investor foresees the positive

demand shift induced by demographic changes and purchases CNS stimulants firms in 1955. Therefore, when

the price of CNS stimulants increases in 1965, the opportunity to receive abnormal returns no longer exists. In

the second scenario, investors could be inattentive to information about future changes in the demand shift that

is further away than five years (their reasonable foresight horizon). In this case, stock returns of firms selling

CNS stimulants will not respond in 1955, but will be abnormally high in 1960 when investors start paying at-

tention to the future shift. A third scenario is that investors overreact to demographic information and shifts in

demand of different drugs. In this case, abnormal stock returns would be high in 1955, and low in the following

years, as realized profits fail to meet inflated expectations. In the last two scenarios, but not in the standard

model, demographic information available in 1955 predicts industry abnormal returns between 1955 and 1965.
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Inattention leads to positive abnormal returns, while overreaction leads to negative abnormal returns given that

forecastable demand increases due to demographic changes. In the standard model, forecastable fluctuations in

cohort size do not generate predictability because stock prices react immediately to demographic information.

These different scenarios of investors’ reactions to demand changes due to demographics motivate a test

of return predictability among pharmaceutical companies that has – to the knowledge of the authors – not

been investigated in the literature before. We test whether demographic information predicts abnormal stock

returns across 61 pharmaceutical firms over the period from 1986 to 2008. We find evidence that population age

structure does affect stock market prices and real returns of different pharmaceutical companies over the last

twenty years. We divide firms in an effort to separate drugs with different age profiles in consumption. Several

drugs have an obvious association with a demographic age group. For example, in the life cycle of consumption,

CNS stimulants and anorexiants are followed by antidepressants and antifungals. Later in life, individuals

consume more androgens and anabolic steroids. The life cycle ends with the consumption of corticosteroids and

blood glucose by old people.

This article also contributes to the literature of investor attention. Using DellaVigna and Pollet’s (2007)

model, we distinguish between investors who are rational and have an infinite horizon, investors who are un-

conditionally inattentive (finite short-sighted horizon without extrapolation), and investors who are inattentive

with extrapolation (investors have a short-sight horizon and extrapolate into the future to some extent). Our

findings show that investors neglect long-term information and overreact to short-term information. Therefore,

our results are different from predictability tests based on performance information measured by past returns

(DeBondt and Thaler (1985), Jegadeesh and Titman (1993), Peng, Xiong, and Bollerslev (2007)), accounting

ratios (Fama and French (1992)), or earning announcements (Bernard and Thomas (1989), Croci (2007)). These

variables include information about future predictability that is not easily factorable into short- and long-term

components.

The analyses in this study are based on data from the U.S. Census Bureau (demographic data and forecasts

from 1900 to 2040), Medical Expenditure Panel Survey (drug age patterns), Evaluatepharma Database (sales

of 20 main drugs of each of the 61 pharmaceutical companies from 1986–2008), and Datastream (profits and

returns of every company from 1986–2008).

The three main contributions of our paper can be summarized as following:

1. The construction of demand growth rates of more than 60 pharmaceutical companies due to demographic

changes for 1986–2008.

2. The investigation of the relationship between changes in forecasted consumer demand for pharmaceutical

drugs due to demographic change and pharmaceutical companies’ profits and returns. We find abnormal

stock returns in the size of 3 to 5 percentage points due to long-term forecastable demand growth.

3. The analysis of a trading strategy taking advantage of the limited attention by investors related to demo-
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graphic information which earns an annualized abnormal return between 6 and 8 percentage points.

The outline of the article is as follows. In Section 2, we give an overview of the literature discussing the effect

of demographics on corporate decisions and stock returns. Section 3 describes the methodology used in the

paper. Section 4 discusses briefly the basic two-stage model used in DellaVigna and Pollet (2007), and illustrates

the three hypotheses derived from the model. Section 5 includes the construction of demographic-based forecasts

of demand growth by drug of different pharmaceutical companies. Section 6 analyzes whether forecasted demand

growth due to demographic changes predicts profitability and abnormal stock returns. Section 7 includes the

analysis of various trading strategies that take advantage of demographic change. The conclusion follows in

Section 8.

2 Demographic Change and Stock Market Returns

The paper is related to the literature on demographic change and its impact on aggregate stock market returns

due to demand shifts of financial assets.1 In this paper, the focus is on the cross-sectional predictability of

pharmaceutical companies’ returns induced by changes in consumer demand based on demographic fluctuations.

Mankiw and Weil (1989) find that the contemporaneous demographic situation explains to some extent the

time-series behavior of housing prices. DellaVigna and Pollet (2007) generalize their approach by analyzing

48 industries and examining stock market returns. They assume that arbitrage should reduce predictability,

in contrast to housing prices. They find evidence that stock market returns are predicted by forecasted long-

term demand growth, rather than by present demand growth. They introduce a trading strategy exploiting

demographic information that earns an annualized risk-adjusted return of 5 to 7 percent. They present a model

of inattention to information about the distant future that is consistent with these findings. We will use the

model of DellaVigna and Pollet (2007) and show that our results are consistent with the model in which investors

are inattentive (with extrapolation) about the distant future and overvalue short-term information in the near

future.

Acemoglu and Linn (2004) investigate the introduction of new drugs in pharmaceutical companies in response

to predictable demand increases due to demographics. Their main data source for drug use is the Medical

Expenditure Panel Survey (MEPS), which is a sample of U.S. households over the years 1996–1998. They

find economically significant and relatively robust effects of market size on entry of new drugs. Their results

indicate that a one percent increase in potential market size for a drug category leads approximately to a 4

percent growth in the entry of new nongeneric drugs and new molecular entities. This provides evidence that

R&D and technological change are directed toward more profitable areas. However, Acemoglu and Linn (2004)

do not examine the effects on the stock market returns of these firms.
1For example Bakshi and Chen (1994), Yoo (1994), Poterba (2001), Brooks (2002), Abel (2003), Davis and Li (2003), Ang and

Maddaloni (2005), Geanakoplos, Magill, and Quinzii (2004), Brunetti and Torricelli (2007).
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Our paper complements this literature since we focus on the pharmaceutical industry and the predictability

of returns induced by changes in consumer demand of different drugs. There are no other papers known to

the authors that examine the relationship between changes in forecasted consumer demand for drugs due to

demographic change and pharmaceutical companies’ returns.

There are a number of other studies related to Acemoglu and Linn’ s (2004) work. Schmookler (1966)

documents a statistical association between investment and sales on the one hand, patents and innovation on

the other, and argues that the causality ran largely from the former to the latter. The classical study by

Griliches (1957) on the spread of hybrid seed corn in the U.S. agriculture also provides evidence consistent

with the view that technological change and technology adoption are closely linked to profitability and market

size. Morton (1999) and Reiffen and Ward (2002) study the decision of firms to introduce a new generic drug

and find a positive relationship between entry into a new market and expected revenues in the target market.

However, none of these studies exploit a potentially exogenous source of variation in market size. Some recent

research has investigated the response of innovation to changes in energy prices. Newell, Jaffee and Stavins

(1999) show that a typical air-conditioner became significantly cheaper between 1960 and 1980, but not much

more energy-efficient. However, between 1980 and 1990, there was little change in costs, but air-conditioners

became much more energy-efficient, which was a response to higher energy prices. These findings are consistent

with the hypothesis that the type of innovation responds to profit incentives, though they do not establish

causality.

3 Methodology

The methodology used in this article is as follows. In Section 4, we summarize DellaVigna and Pollet (2007)

to establish hypotheses regarding the relation between abnormal stock returns and demographic changes which

we then test in Section 6 by using U.S. data on pharmaceutical companies’ returns. The first hypothesis

states that if investors are rational (i.e. that their foresight horizon goes to infinity), the expected abnormal

return is independent of expected future demand growth. The second hypothesis states that if investors are

inattentive (i.e. foresight horizon is finite), the expected abnormal return is positively related to expected future

demand growth one period after the horizon. The third hypothesis predicts that if investors are inattentive with

extrapolation using short-term expectations, the expected abnormal return is negatively related to expected

future demand growth less than one period ahead and positively related to expected future demand growth one

period after the horizon as stated in the second hypothesis.

In Section 5, we include the construction of demographic-based forecasts of demand growth of different

pharmaceutical firms in four steps:

(1) In the first step, we collect actual cohort sizes and demographic forecasts from the U.S. Census Bureau

for the years 1900–2040 by age group for every point in time. The main source of variation in age-specific cohort
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sizes is the size of birth cohorts. As can be seen in Figure 1, after a large cohort in the early 20th century, a

small cohort in the 1930s was followed by the large Baby Boom cohorts in the late 1950s. The small Baby Bust

cohorts of the 1960s and early 1970s led to larger birth cohorts in the 1980s. There is a continuous increase in

livebirths in the 1990s and 2000. For 2009 to 2040, we see the projections of the U.S. Census Bureau in the

future.

Figure 1: Livebirths in the U.S. from 1900-2040.

This figure displays the livebirths in the U.S. from 1900-2040. Actual livebirths from 1900 to 2008

and livebirth projections from 2009 to 2040 are derived from the U.S. Census Bureau.

(2) In the second step, we estimate age-consumption patterns for the 34 drugs in the sample. We construct

five age groups, 0–19, 20–29, 30–49, 50–59, and 60+. These divisions are motivated by drug age patterns of

these age groups. Our main data source for an indication of drug use by age group is the Medical Expenditure

Panel Survey (MEPS), which is a sample of U.S. households over the years 1996–1998. The survey includes

age and income data for each household member and covers about 25’000 individuals in each year. In all, there

are about 500’000 medications prescribed. MEPS indicates which drug class is predominantly used by which

age class. According to DellaVigna and Pollet (2007), we assume that age patterns are stable across time for a

given drug class. For example, the age class 60+ has predominantly used Cardiovascular in 1996–1998 and will

continue to do so in the following years and has done so in the former years. The demand growth of every drug

age class is dependent on the size of the corresponding age group in each year. This supports the use of cohort

size as a causal variable for demand.

(3) In the third step, we combine the different age patterns in consumption of drugs derived from MEPS

with demographic forecasts data provided by the U.S. Census Bureau and the World Factbook. The output

is the forecasted demand growth of each of the five drug age classes (drug class for people aged 0–19, 20–29,

6



30–49, 50–59, or 60+) caused by demographic changes.

(4) In the fourth step, we consider 61 international pharmaceutical firms which mainly provide the U.S.

market with drugs. Within these firms, we elicit the expenditures of the top twenty drugs from 1986–2008

with the aid of the Evaluatepharma database. The Evaluatepharma database includes detailed data of 95%

of the pharmaceutical companies of the world. Data are taken from annual company reports and are updated

every month. For every pharmaceutical company, we obtain the corresponding yearly expenditures from 1986–

2008 and the EphMRA (European Pharmaceutical Market Research Association) ATC Codes (The Anatomical

Therapeutic Chemical Classification System) of each of the top twenty drugs out of the database. We weight

the core businesses of each company according to the expenditures and ATC Codes of the top twenty drugs to

our five age cohorts (0–19, 20–29, 30–49, 50–59, 60+) for the time period from 1986 to 2008. We get yearly

demand growth rates for each of the 61 pharmaceutical firms over the last twenty years.

In Section 6, we analyze whether forecasted demand growth due to demographic changes predicts return on

equities (ROE) and abnormal stock returns. Short-term demand is defined as the forecasted annualized growth

rate of consumption due to demographics over the next j years (3 ≤ j ≤ 8) and long-term demand is defined as

the forecasted annualized growth rate of consumption during years j to 2j (3 ≤ j ≤ 8). In the panel regressions,

we find that long-term demand growth forecasts annual stock returns. An increase by one percentage point in

the annualized long-term demand growth rate due to demographics predicts a significant 3−5 percentage point

increase in abnormal returns of the pharmaceutical companies for a time horizon of 8 years. Short-term demand

growth predicts negative abnormal return for a time horizon shorter than 5 years. As an alternative approach

to control for year effects, we implement Fama-MacBeth regressions (Section 6.3). Using this methodology and

choosing short-term demand growth and long-term demand growth as the independent variables, we find that

forecasted long-term growth between year t+ j and t+ 2j has an economical effect on abnormal yearly returns

for 3 ≤ j ≤ 7. The effect is biggest for a time horizon h of 8 years.

Finally, in Section 7, we analyze various trading strategies that take advantage of the limited attention by

investors related to demographic changes. We build a zero-investment portfolio that is long in companies that

have higher than median forecasted long-term demand growth and short in companies that have lower than

median forecasted long-term demand growth at the beginning of every year. The portfolio constructed in this

way earns an annualized abnormal return between 6 and 8 percentage points and outperforms several factor

models.

4 The Model

In this section, we summarize DellaVigna and Pollet (2007) to establish hypotheses regarding the relation be-

tween abnormal stock returns and demographic changes. DellaVigna and Pollet (2007) use a similar methodology

as Campell and Shiller (1988), Campell (1991), and Vuolteenaho (2002). DellaVigna and Pollet (2007) consider
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a world where investors can be fully attentive (very long foresight horizon) or inattentive (finite short-sighted

horizon with/without extrapolation). Short-sighted investors form correct expectations about profitability in

the near future but incorrect expectations about profitability in the distant future. From the view of a fully

rational investor, DellaVigna and Pollet (2007) derive today’s (time t) expected abnormal return for time t+ 1,

Etart+1, as the sum of three terms: 2

Etart+1 = A+ ρhwθEt∆ct+1+h + ρh(1− w)θ
n∑
i=1

Et[∆ct+1+h −∆ct+1+h−i]/n

+
ρh+1

1− ρ
(1− w)

n
θEt[∆ct+1+h −∆ct+1+h−n], (1)

where A is a constant equal to ρhω(φ−roe), roe is a constant fixed forecast of the log of the accounting return

on equity, ρ < 1 is a constant (interpreted as a discount factor), h is the foresight horizon of the investor, ω is a

weighting factor between zero and one (can be seen as the weight of inattention: ω = 1 means that investors are

unconditionally inattentive, ω < 1 means investors are inattentive with n periods of extrapolation), ∆ct+1+h is

the future demand growth h+ 1 periods ahead, φ is the constant in the regression of the log of demand shift on

the log return of equity, and θ is the elasticity of accounting return on equity with respect to demand growth.

In Section 6 we test the three hypotheses derived by DellaVigna and Pollet (2007) and restated below:

Hypothesis 1: If investors are rational (foresight horizon h→∞), the expected abnormal return, Etart+1, is

independent of expected future demand growth, Et∆ct+1+j for any j ≥ 0.

Hypothesis 2: If investors are inattentive (h finite, ω = 1), the expected abnormal return Etart+1, is positively

related to expected future demand growth h+1 periods ahead, Et∆ct+1+h. Furthermore, ∂Etart+1/∂Et∆ct+1+h =

ρhθ[1 + (1− ω)ρ/((1− ρ)n)].

Hypothesis 3: If investors are inattentive with extrapolation (h finite and ω < 1), Hypothesis 2 holds and

additionally, the expected abnormal return Etart+1 is negatively related to expected future demand growth less

than h+ 1 periods ahead, Et∆ct+1+h−i for all 1 ≤ i ≤ n.

Hypothesis 1 states that under the null hypothesis of rational investors, forecastable demographic changes

do not have an impact on abnormal stock returns. Under the alternative Hypothesis 2, forecastable demand

growth h+ 1 periods ahead affects abnormal stock returns for inattentive investors (they have a finite horizon

h). Furthermore, Hypothesis 2 shows the connection between the degree of forecastability and the elasticity of

accounting return on equity with respect to demand growth (denoted by θ). The value of ∂Etart+1/∂Et∆ct+1+h

can be between ρhθ (for ω = 1) and θ[1 + ρ/(1− ρ)] (for ω = 0 and n = 1). Additionally to positive abnormal

2For more details concerning the model and the derivation of the hypotheses, readers are referred to the paper by DellaVigna

and Pollet (2007).
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returns due to expected future demand growth h+ 1 periods ahead (distant future) as stated in Hypothesis 2,

Hypothesis 3 makes a prediction about expected abnormal return due to expected future demand growth less

than h + 1 periods ahead (near future). Hypothesis 3 states that if investors are inattentive about long-term

information but extrapolate (ω < 1) to some extent using short-term information, demand growth less than

h+ 1 periods ahead (demand growth in the near future) forecasts abnormal returns negatively whereas demand

growth in the distant future still forecasts abnormal returns positively as stated in Hypothesis 2. This is the case

because investors overvalue information in the present and near future and neglect information in the distant

future.

In our analysis to test these hypotheses we form two demand growth forecasts, one for short-term growth

between t and t + j, and one for long-term growth between t + j and t + 2j, whereas 3 ≤ j ≤ 8, respectively

6 ≤ 2j = h ≤ 16. In Section 6, we show that our results are consistent with Hypothesis 3 where investors are

inattentive with extrapolation about the distant future and overreact to information in the near future.

5 Demographic Data and Forecasted Demand Growth

In this section, we present the data used in the paper. Table 1 provides an overview of the data used. De-

mographic data is shown in column 1, data of the age patterns of the different drugs in column 2, sales and

expenditure data in column 3, and the fourth and last column shows profit and return data.

Table 1: Overview of Data

This table provides an overview of the data used in the paper. The demographic data is shown in column

1, the data of the age patterns of the different drugs in column 2, sales and expenditure data in column 3,

and the fourth and last column shows profit and return data.

5.1 Demographic Data

In a first step, we derive U.S. demographic variables from 1900–2040, as for example, U.S. livebirth rates, U.S.

actual and forecasted population, from data of the U.S. Census Bureau as well as the World Factbook. We split

9



the entire population into five cohorts, the cohort aged 0–19, 20–29, 30–49, 50–59, and 60+. Figure 2 shows the

actual age profile of the different cohorts between 1900 and 2022, whereas the age profiles between 2009 and

2022 are estimated by the U.S. Census Bureau.

Figure 2: Age Profile of the Five Cohorts.

This figure displays the age profile of the five cohorts (age categories: 0–19, 20–29, 30–49, 50–59,

and 60+), in the U.S. from 1900–2022 whereas data from 2009–2022 are estimated by the U.S.

Census Bureau.

The time-series behavior of the cohort size aged 0–20 can be divided into four periods: (i) the cohort size

decreases between 1935 and 1945, reflecting the low fertility of the 1930s, (ii) the cohort size decreases between

1945 and 1975, reflecting the Baby Boom of the 1940s and particularly during the years 1947–1960, (iii) the

cohort decreases between 1970 and 1985, due to lower fertility rates during the following years (the Baby Bust),

and (iv) the cohort increases again after 1985, in response to the parental age of the Baby Boom cohort. The

cohort size aged 30–49 follows a similar time-series pattern as the cohort 0–20, however shifted forward by

approximately 20 years. The cohort sizes of the older cohorts vary less, the cohort aged 60+ grows steadily over

time. Therefore, there is most variation in demand for goods consumed by young people. For the construction

of demand growth rates we use forecasts of cohort sizes for every point in time between 1986 and 2008 provided

by the U.S. Census Bureau as well as the World Factbook. They combine data on actual cohort size, mortality,

and fertility rates to form forecasts of cohort sizes. We observe that the U.S. Census Bureau makes very precise

forecasts according to future population by age for a forecast horizon up to 16 years for every point in time for
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our period of interest (1986–2008).

5.2 Age Patterns in Consumption of Drugs

In the second step, we estimate age-consumption patterns for the 34 drugs in the sample. We construct five

age groups, 0–19, 20–29, 30–49, 50–59, and 60+. These divisions are motivated by drug age patterns of these

age groups. Our main data source for an indication in drug class use by age group is the Medical Expenditure

Panel Survey (MEPS), which is a sample of U.S. households over the years 1996–1998. The survey has age

and income data for each household member, and covers about 25’000 individuals in each year. In total, there

are about 500’000 medications prescribed. We use MEPS data as an indicator for age patterns in consumption

of drug categories, that means we get an indication of which drug class is predominantly used by which age

class. Table 7 in Appendix A.1 shows the summary of the disease classification and drug class use by age

group from 1996–1998 by Acemoglu and Linn (2004). The first number indicates the use per person, that is,

the mean number of drugs in the class used per person of the age group. The second number indicates the

share of use (expenditure share), that is, the fraction of drugs used in the category by the age group. With

the MEPS database we can assign every drug category proportionally to our five cohorts. For example, we

can say that drug class Hyperlipidemia are prescribed to the age group 0–19 to a portion of 1%, to the age

group 10–29 to a portion of 0%, to the age group 30–49 to a portion of 12%, to the age group 50–59 to a

portion of 21%, and to the age group 60+ to a portion of 66%. For further purposes (Section 5.4), we assign

this drug class (Hyperlipidemia) to the 60+ cohort (cohort with the highest proportion). Further, we make the

assumption that across pharmaceuticals, the age profile of consumption varies substantially.3 Some drugs are

mainly consumed by younger people (e.g. Penicillins), others by elderly people (e.g. Hyperlipidemia) (Appendix

A.1). Our assignments of each drug class to one age group are based on MEPS data from the years 1996–1998.

However, we assume that also in the years before 1996 as well as in the years after 1998, each drug class has

been consumed and will continue to be consumed mainly by the same age group. For example, the age class

60+ has predominantly used Hyperlipidemia in 1996–1998 and will continue to do so in the following years

(after 1998) and has done so in the former years (before 1996). Further, as discussed in the next section, the

demand growth of each drug class will be directly dependent on the size of the corresponding age group (in the

example of Hyperlipidemia of the 60+) in each year.

3The assumption is based on DellaVigna and Pollet (2007). They use historical surveys on consumer expenditure from 1935–36,

1960–61, 1972–73, and the 1983–84 Consumer Expenditure Survey to show that age profile of consumption varies substantially.

Although they consider other goods as for example toys, bicycles, beer, furniture, life insurance, and nursing homes, we think that

we can rely on their assumption for the consumption of drugs.
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5.3 Demand Forecasts of Drug Categories

In the third step, we combine the age patterns of consumption of every drug class from the section before with

demographic population forecasts from Section 5 in order to forecast demand changes (horizon up to 16 years)

for different drugs for the time period between 1986 and 2008. For example in 1990, forecasted population

growth of people older than 60 years for 1995 is 4%. Therefore, forecasted demand growth of Hyperlipidemia

will also be 4% from 1990 to 1995. We denote by ck,t the forecasted annual consumption of drug class k (k

either drug class for 0–19, 20–29, 30–49, 50–59, or 60+ agents) for time t. We compute forecasted demand

growth rates from time t to time t+ 1 by

lnck,t+1 − lnck,t (2)

for typical drugs of each age cohort.4 We show forecasted absolute demand of a typical drug for old

people (60+), e.g. Hyperlipidemia, demand forecasts of a typical drug for young people aged between 0–19,

e.g. Penicillins, and demand forecasts of a typical drug for middle-aged people between 30 and 49 years old,

e.g. Antipsychotics in Figure 4 in Appendix A.2.

5.4 Demand Growth Rates for Pharmaceutical Companies

In the fourth step, we first consider 61 international pharmaceutical companies that mainly provide the U.S.

market with drugs. We include all pharmaceutical companies where all data needed are available. There are

firms that disappear or merge during the sample period which are not included in the analysis. GlaxoSmithKline

is an example for a product of multiple mergers. However, survivorship bias of this nature is unlikely to affect

the predictability results in our context. Although the average return of companies in the sample is too high

compared to the true industry return, the covariance between demographic growth and survival is very small.

We did not find any correlation between disappearance of these firms and demographic change within this

period. Undoubtedly, there are many reasons other than demographic issues why a firm disappears from the

market or becomes the object of a merger. Further, within these companies, we collect the sales/expenditures

of the top twenty drugs of each company on an annual basis from 1986 to 2008 with the aid of the annual sales

data of the Evaluatepharma database. For every pharmaceutical company, we get the corresponding yearly

expenditures for each year from 1986 to 2008 and the EphMRA (European Pharmaceutical Market Research

Association) ATC Codes of each of the top twenty drugs per company out of the database. Each ATC Code

can be assigned to one of the 34 drug categories of the Medical Expenditure Panel Survey (MEPS) used in

Acemoglu and Linn (2004). The EphMRA ATC Codes and its assignment to the 34 drug categories of MEPS

are listed in Appendix A.3, Table 8. With this mapping we can evaluate the core businesses of each company

according to their top twenty drugs for each year between 1986 and 2008. We can see the development of the
4For the setting with monthly data, we extrapolate linearly the yearly weights for getting monthly weights.
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core businesses of each firm over the last twenty years. Secondly, we weight and assign the core businesses of

each company according to the expenditures of the respective top drug categories of each firm to our five age

cohorts for each year for the time period 1986–2008. For example for Johnson and Johnson, we see that in 1988

0% (1998: 6%, 2008: 23%) of the core drugs (different for every year) belong to the category of the age group

0–19, 39% (1998: 14%, 2008: 7%) belong to the age group 20–29, 60% (1998: 45%, 2008: 35%) belong to the

age group 30–49, 0% (1998: 0%, 2008: 0%) belong to the age group 50–59, and 1% (1998: 35%, 2008: 36%)

belong to the age group 60+. Combining these annual weights with the annual demand growth rates of each

age profile, we obtain annual demand growth rates for the last twenty years for each of the 61 pharmaceutical

companies.

6 Empirical Tests of the Model Hypotheses

In this section, we first investigate whether forecasted demand changes predict pharmaceutical ROE. Finally, we

examine absolute return predictability using the panel regression approach and also a Fama-MacBeth framework.

6.1 ROE Predictability: Panel Regression

As a measure of profitability, we use a measure of accounting return on equity (ROE). For each company, we

compute the ROE at time t + 1 as the ratio of earnings from the end of fiscal year t through the end of fiscal

year t + 1 to the book value of equity at the end of fiscal year t. Annual pharmaceutical return on equity

ROEk,t+1 for firm k for t between 1986 and 2008 are taken from Datastream. We construct the log return on

equity, roek,t+1 = log(1 + ROEk,t+1). Columns 1 through 3 of Table 2 present the summary statistics for the

log annual return on equity (mean and standard deviation), and the number of years for which data is available

for each of the 61 firms in the sample.

In Table 3 we test the predictability of the one-year pharmaceutical company log return on equity using the

forecasted contemporaneous growth rate in consumption due to demographics from year t to t+ 1. We describe

by lnck,t+1 − lnck,t the natural log of the forecasted consumption growth of firm k from year t to year t + 1.

The following regression is tested:

roek,t+1 = const+ a ∗ (lnck,t+1 − lnck,t) + εk,t. (3)

The coefficient a indicates the responsiveness of the log return on equity in year t + 1 to contemporaneous

forecasted changes in demand due to demographic changes. We run the panel regression (3) both with and

without industry and year fixed effects. We allow for heteroscedasticity and correlation across industries by

calculating standard errors clustered by year.
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Table 2: Summary Statistics

This table shows the summary statistics for the yearly log return on equity and yearly log stock return

for each firm k. Column 1 displays the mean of roek,t+1, column 2 reports the within-industry standard

deviation, and the number of years for which data is available for each of the 61 companies in the sample

is reported in column 3. Column 4 shows annual log stock returns of each firm k, column 5 describes the

standard deviation within firms, and column 6 reports the number of years for which data is available in

Datastream.
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Table 3: Panel Regression of Log Return on Forecasted Demand Changes

This table shows the results of the panel regression of log return on equity on forecasted demand changes due

to demographic changes. Annual pharmaceutical return on equity ROEk,t+1 for firm k for t between 1986

and 2008 are taken from Datastream. We construct the log return on equity, roek,t+1 = log(1+ROEk,t+1).

We test the regression roek,t+1 = const+a∗(lnck,t+1−lnck,t)+εk,t. Line (1) shows the results of the panel

regression without cross-sectional and year fixed effects. Line (2) shows the results with cross-sectional

fixed effects, and Line (3) with both cross-sectional and year fixed effects. The standard errors are indicated

in brackets. (*) indicates significance at the 10% level, (**) indicates significance at the 5% level, (***)

indicates significance at the 1% level.

Log Return on Equity (ROE) at t+1

const a R2 N Industry FE Year FE

(1) 0.528 (0.168)*** 2.208 (1.044)** 0.01 N=794

(2) 0.600 (0.192)*** 1.656 (0.780)** 0.02 N=794 x

(3) 0.512 (0.186)** 1.735 (0.928)* 0.02 N=794 x x

In Table 3, Line (1), we show the specification of the sample between 1986 and 2008 without industry or

year fixed effects. The impact of demographic changes on roe is identified by variation in demand growth.

The estimated coefficient, a = 2.208, is significant at the 5% level. That means that a one percent increase

in yearly consumption growth due to demographics increases log return on equity by a = 2.208 percentage

points. Introducing cross-sectional fixed effects, the estimate for a is still significant at the 5% level, though a

little bit smaller than in Line (1), a = 1.656 (Line (2)). Introducing time fixed effects as well in Line (3), the

coefficient a = 1.735 stays roughly the same and is significant at the 10% level. Summarizing, forecasted demand

growth due demographics has a statistically and economically significant effect on pharmaceutical companies’

profitability. Comparing our outcomes to the results by DellaVigna and Pollet (2007), we obtain slightly smaller

coefficients.

6.2 Abnormal Return Predictability: Panel Regression

Using the same panel framework, we investigate the relationship between forecasted demand growth and the

pharmaceutical companies’ yearly stock returns. Table 2, Column 4 to 6 show the summary statistics of the

yearly stock returns (mean, standard deviation, and the number of years data is available), analogously to ROE

in the section before. In the baseline specification we regress yearly5 returns on the yearly forecasted growth

rate of demand due to demographics from time t to j years later time t + j (short-term demand growth) and

t+ j to t+ 2j (long-term demand growth), where j is between 3 and 8 years (horizon h = 2j between 6 and 16

years). We use beta-adjusted returns to remove market-wide shocks. We choose CRSP value-weighted excess

5Appendix A.4 shows the robust results for monthly returns on the monthly forecasted demand growth rate.
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return6 for the abnormal market returns. We define rk,t,t+1 as the natural log of the stock return for firm k

between the end of year t and the end of year t + 1. The log of the market return and of the risk-free rate

over the same horizon are rm,t,t+1 and rf,t,t+1. Further, let βk,t be the coefficient of a regression of monthly

pharmaceutical companies’ excess returns on market excess returns over the 48 months previous to year t. We

define abnormal log return by

ark,t,t+1 = (rk,t,t+1 − rf,t,t+1)− βk,t(rm,t,t+1 − rf,t,t+1). (4)

The specification of the regression is

ark,t,t+1 = const+ d ∗ (lnck,t+j − lnck,t) + e ∗ (lnck,t+2j − lnck,t+j) + εk,t, for 3 ≤ j ≤ 8. (5)

Hypothesis 3 of the model by DellaVigna and Pollet (2007) in Section 4 suggests that, if the forecast horizon

h is shorter than 5 years (j ≤ 2), the coefficient d should be positive and e should be zero. If the forecast

horizon h is between 5 and 10 years, the coefficient d should be zero or negative and the coefficient e should

be positive. Finally, if the investors have a horizon greater than 10 years (including rational investors with

h → ∞), both coefficients should be zero. A significantly positive coefficient indicates that stock prices adjust

as the demographic information enters the forecast horizon. Table 4 presents the estimates in equation (5) of

the annual abnormal returns for the sample of the 61 pharmaceutical firms during the years 1986–2008 for time

horizons 6 ≤ h ≤ 16. Table 9 in Appendix A.4 shows the robust results for the regression of monthly abnormal

returns on monthly forecasted demand growth rates. In the specification without year and cross-sectional fixed

effects for the forecast horizon h = 6 (Line (1)), the coefficient on short-term demographics, d = −2.207 is

negative whereas the coefficient on long-term demographics, e = 2.875 is significantly larger than zero. An

annualized one percentage point increase in demand growth from year t+ 3 to year t+ 6 increases the average

abnormal annualized stock return by 2.875 percentage points. The coefficient on short-term demographics, d,

is negative because investors overreact to information in the near future. If we introduce fixed industry effects,

the coefficient is even higher, e = 3.215 (Line (2) in Table 4) and significantly different from zero at the 10 %

significance level. If we introduce both, year and industry fixed effects, the coefficient stays nearly the same,

e = 3.148, and is also significantly different from zero (Line (3)). The coefficient of the short-time demographic

changes, d, stays negative and insignificant for Lines (1) to (3). When we increase the horizon h (respectively

j), the coefficient d first decreases and then increases but stays negative for all j ≥ 3, and becomes significant

for 4 ≤ j ≤ 5. The coefficient e increases with h and has its peak value of e = 4.581 at a horizon of h = 8

(j = 4) years when considering cross-sectional fixed effects (Line (5) in Table 4). e is significantly positive for

all h ≤ 12 and decreases from j > 4 (peak at horizon of 8 years). For a horizon h ≥ 12, e becomes almost

zero. This is consistent with the model by DellaVigna and Pollet (2007) where information that is further

than 10 years into the future does hardly predict abnormal stock returns. According to DellaVigna and Pollet
6Results are robust with respect to the index used (S&P500, Nasdaq100, or Nasdaq Biotechnology).
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(2007), that information is still not incorporated in the investor information set at the end of year t. The

information that is just on the border of the foresight horizon, instead, is incorporated by investors during year

t, and therefore predicts returns. Summarizing, we have shown that the coefficient of long-term demand growth

increases with the horizon h and reaches the peak value of 4.581 at the horizon h of 8 years (j = 4, Line (5)).

The coefficient then decreases for larger h, becoming about half and almost insignificant for h ≥ 12. Abnormal

return predictability is highest for forecasted demand growth occurring 4 to 8 years in the future. The results

are consistent with the predictions of the model by DellaVigna and Pollet (2007) for a foresight horizon of 5–10

years. The information that is closer than 5 years into the future does predict negative stock returns because

investors overreact to short-term information. Long-term demand growth does predict significant abnormal

returns up to a horizon of 10 years because investors neglect information in the distant future. Information that

is further away than 10 years does hardly predict stock returns.

We further analyze at which forecast horizon h = 2j abnormal return predictability is the highest. We

estimate the univariate regression ark,t,t+1 = const+b∗ (lnck,t+h+1− lnck,t+h)+ εk,t over the time period 1986–

2008, and let the horizon h take values between 2 and 12. Figure 3 graphically shows the estimated coefficients

b and the corresponding 95% confidence interval. The coefficient b measures to which extent demand growth h

years ahead forecasts abnormal stock return in year t+ 1. For h ≤ 4, b is small and insignificant. For h ≥ 5, b

becomes significantly positive and reaches the peak value of 4.7 percentage points at the time horizon h = 8.

For h > 8, b decreases for larger h to half value of about 2.1 percent at h = 12 and becomes insignificant for

even larger h. This is consistent with the findings above where abnormal return predictability is highest for

forecasted demand growth occurring 4 to 8 years in the future (h = 8).

6.3 Abnormal Return Predictability: Fama-MacBeth Regression

To control for time-series patterns, we implement a Fama-MacBeth regression as an alternative estimation

approach according to DellaVigna and Pollet (2007). We estimate separate cross-sectional regressions of equation

(5) for each year t from 1986–2008. We then compute the time-series average of the estimated coefficients.

Year effects that may be correlated with absolute returns and with demographics do not contribute to the

identification of the coefficient d (short-term demand growth) and e (long-term demand growth), because the

regression is estimated separately for each year. The standard errors are based on time-series variation of the

OLS coefficients using a Newey-West estimator with three lags. We estimate the regression for yearly beta-

adjusted returns as the dependent variable and short- and long-term demand growth due demographic changes

as the independent variables. Table 5 presents the results of the Fama-MacBeth regressions. The short-term

forecasted demand growth coefficients d are negative and insignificant for all j = 3, 4, 5, 6, 7. The long-term

forecasted demand growth coefficient e lies between 1.640 (Column (5)) and 3.509 (Column (2)) but is also not

statistically significant, however has a p-value between 0.13 and 0.18. The maximum coefficient for long-term

demand growth (e = 3.509) can be found for demand growth between 4 and 8 years (j = 4, h = 2j = 8). This
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Table 4: Panel Regression of Annual Abnormal Pharmaceutical Stock Returns on Forecasted

Demand Changes for Different Foresight Horizons h

This table shows the results of the panel regression of pharmaceutical abnormal stock returns on forecasted demand

changes due to demographic changes for different foresight horizons 6 ≤ h ≤ 16 (3 ≤ j ≤ 8). We define abnormal log

return by ark,t,t+1 = (rk,t,t+1 − rf,t,t+1) − βk,t(rm,t,t+1 − rf,t,t+1). We test the regression ark,t,t+1 = const + d ∗

(lnck,t+j − lnck,t) + e ∗ (lnck,t+2j − lnck,t+j) + εk,t for 3 ≤ j ≤ 8. Lines (1) to (3) show the results of the panel

regression with a foresight horizon of 2j = 6 years. Lines (4) to (6) show the results of the panel regression with a

foresight horizon of 2j = 8 years. Lines (7) to (9) show the results of the panel regression with a foresight horizon of

2j = 10 years. Lines (10) to (12) show the results of the panel regression with a foresight horizon of 2j = 12 years.

Lines (13) to (15) show the results of the panel regression with a foresight horizon of 2j = 14 years. Lines (16) to

(18) show the results of the panel regression with a foresight horizon of 2j = 16 years. The first lines of each block

(Lines (1), (4), (7), (10), (13), (16)) show the results without cross-sectional and year fixed effects. The second lines of

each block (Lines (2), (5), (8), (11), (14), (17)) show the results with cross-sectional fixed effects, and the third lines

of each block (Line (3), (6), (9), (12), (15), (18)) show the result with both, cross-sectional and year fixed effects. The

doubled-clustered standard errors are indicated in brackets. (*) indicates significance at the 10% level, (**) indicates

significance at the 5% level, (***) indicates significance at the 1% level.

Yearly Beta-Adjusted Log Pharmaceutical Abnormal Stock Return t+1.

j const d e R2 N Industry FE Year FE

(1) j = 3 0.058 (0.064) -2.207 (1.754) 2.875 (1.678)* 0.01 N=892

(2) j = 3 0.044 (0.068) -2.315 (1.676) 3.215 (1.939)* 0.01 N=892 x

(3) j = 3 0.035 (0.076) -2.227 (1.773) 3.148 (1.823)* 0.02 N=892 x x

(4) j = 4 0.079 (0.065) -3.754 (1.379)*** 4.054 (1.506)*** 0.01 N=892

(5) j = 4 0.080 (0.066) -4.359 (1.504)*** 4.581 (1.573)*** 0.01 N=892 x

(6) j = 4 0.074 (0.078) -4.074 (1.579)*** 4.277 (1.513)*** 0.03 N=892 x x

(7) j = 5 0.087 (0.660) -2.104 (1.129)* 2.224 (1.250)* 0.01 N=892

(8) j = 5 0.092 (0.074) -2.706 (1.262)** 2.728 (1.325)** 0.01 N=892 x

(9) j = 5 0.085 (0.081) -2.622 (1.317)** 2.670 (1.371)** 0.02 N=892 x x

(10) j = 6 0.095 (0.068) -1.344 (0.932) 1.335 (1.031) 0.01 N=892

(11) j = 6 0.108 (0.081) -1.967 (1.230) 1.820 (1.058)* 0.01 N=892 x

(12) j = 6 0.104 (0.085) -2.022 (1.210) 1.876 (1.131) 0.02 N=892 x x

(13) j = 7 0.104 (0.070) -0.840 (0.794) 0.720 (0.864) 0.01 N=892

(14) j = 7 0.128 (0.078) -1.472 (0.939) 1.141 (0.938) 0.01 N=892 x

(15) j = 7 0.124 (0.090) -1.537 (0.966) 1.205 (0.961) 0.02 N=892 x x

(16) j = 8 0.107 (0.080) -0.474 (0.732) 0.403 (0.800) 0.01 N=837

(17) j = 8 0.135 (0.091) -1.068 (0.891) 0.773 (0.872) 0.01 N=837 x

(18) j = 8 0.129 (0.111) -1.134 (0.909) 0.831 (0.880) 0.02 N=837 x x
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Figure 3: Estimated Coefficients

This figure shows the estimated coefficients and the corresponding 95% confidence interval for

forecasted yearly demand growth at different time horizons. The estimated coefficients for each

horizon are derived from a univariate OLS regression of abnormal returns at time t on forecasted

consumption growth between t+h and t+h+1 for all 61 pharmaceutical companies between 1986

and 2008.

is consistent with the results of Table 4 and Figure 3 where the maximum coefficient for long-term demand

growth was also observed at horizon h of 8 years.

To summarize, the panel regressions above exhibits to two main findings. First, forecastable demand growth

due to demographic changes predicts abnormal stock returns. Second, forecastable demand changes in the

longer run (t + j to t + 2j when 3 ≤ j ≤ 8) forecast positive abnormal returns whereas forecastable demand

changes in the short run (t to t + j, 3 ≤ j ≤ 8) do not have significant forecasting power of abnormal returns

for j > 5 or does even forecast abnormal stock returns negatively for 4 ≤ j ≤ 5 (Table 4). These findings

are in contrast to the model of fully rational investors. Hypothesis 1 in Section 4 states that if investors are

fully rational, abnormal stock returns would not be forecastable using expected demand changes. Alternatively,

Hypothesis 3 in Section 4 offers an explanation for our results based on inattention with partial extrapolation.

If investors omit information under a particular time horizon h = 2j, the abnormal returns at t + 1 should be

positive using long-term demographic information that will happen between t+ h and t+ 1 + h. Furthermore,

if investors overreact to short-term information, the abnormal returns that will happen between t and t+ h are

even negative at t+ 1. The results in Table 4, Figure 3, and Table 5 show that the horizon h could be between

6 and 12 years, however, the abnormal returns are largest for h = 8 years.

Besides, the model in Section 4 makes a prediction regarding the coefficient on long-term forecasted demand

growth in the abnormal return panel regressions from Table 4. The estimates for the coefficients of the regressions

with cross-sectional fixed effects are at most δ̂1 := e = 4.581 (Table 4, Line (5)), respectively θ̂ := a = 1.656
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Table 5: Fama MacBeth Regression of Abnormal Pharmaceutical Stock Returns on Fore-

casted Demand Changes

This table shows the results of the Fama MacBeth regression of yearly pharmaceutical abnormal stock returns

on forecasted demand changes due to demographic changes. We estimate separate cross-sectional regressions

of ark,t,t+1 = const+ d ∗ (lnck,t+j − lnck,t) + e ∗ (lnck,t+2j − lnck,t+j) + εk,t for each year t from 1986-2008

and j=3,4,5,6,7 (h=6,8,10,12,14). Then we compute the time-series average of the estimated coefficients. The

standard errors are indicated in brackets. (*) indicates significance at the 10% level, (**) indicates significance

at the 5% level, (***) indicates significance at the 1% level.

Beta Adjusted Log Pharmaceutical Abnormal Stock Returns

j const d p-value of d e p-value of e # years

(1) j=3 0.042 (0.028) -1.882 (1.983) 0.35 2.682 (1.900) 0.17 N=23

(2) j=4 0.092 (0.086) -2.174 (1.843) 0.25 3.509 (2.253) 0.13 N=23

(3) j=5 0.109 (0.063) -1.554 (1.366) 0.27 2.355 (1.558) 0.15 N=23

(4) j=6 0.162 (0.101) -0.925 (1.233) 0.46 2.091 (1.414) 0.15 N=23

(5) j=7 0.267 (0.201) -0.346 (0.835) 0.68 1.640 (1.176) 0.18 N=23

(Table 3, Line (2)). This is not consistent with the model of unconditional inattention (ω = 1) which predicts

that δ1 should be smaller than θ because of δ1 = ρhθ < θ. The results of DellaVigna and Pollet (2007) are

also not consistent with a model of unconditional inattention, but with a model of inattention with partial

extrapolation (ω < 1). In our case, if we choose θ̂ = 1.656, the extrapolation weight factor ω = 0.5, h = 8,

the number of periods of extrapolation n = 4, and the annual discount factor ρ = 0.96, we would expect a

δ1 = ρhθ[1 + (1−ω)ρ
(1−ρ)n) ] = 4ρhθ = 4.78 which is slightly larger than our estimated 4.58. Therefore, we see that

our results are consistent with the model of inattention with extrapolation by DellaVigna and Pollet (2007)

(Hypothesis 3).

7 Analysis of Various Trading Strategies

In the previous section we show that investors have limited attention regarding to long-term demand growth

due to demographics. In this section we take advantage of the inattention of investors related to demographic

change and analyze if rational market participants could utilize the long-term demand growth information

with a trading strategy. We create the zero-investment portfolio for the time period between 1986 and 2008

by buying the companies that have higher-than-median forecasted long-term demand growth and selling the

companies that have lower-than-median forecasted long-term demand growth at the beginning of every year.

In the following analysis, we define long-term demand growth as the demand growth between time t = 4 and
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t = 8 (j = 4, h = 8)7. We compute monthly portfolio returns for 1986–2008 and regress them on different sets

of monthly benchmark factors. We use the 1-factor, 3-factor, and 4-factor models by Fama and French. VWRF

is the return on the CRSP value-weighted stock index minus the 1-month treasury rate. SMB and HML are

the returns on the Fama-French factor portfolios formed on size and book-to-market. UMD is the return on

the factor portfolio on momentum. All factors are taken from the Fama-French website. Heteroskedasticity

and autocorrelation consistent standard errors are calculated using the Newey-West estimator with 4 lags (in

parentheses). The constant is interpreted as the average monthly abnormal return for the investment strategy.

Table 6 presents the performance of the zero-investment portfolio trading strategies. We see in Column 2 (1-

Factor Model) that the portfolio earns a significant monthly abnormal return of 0.53 percent. This corresponds

to an annualized abnormal return of 6.36 percent which is bigger than the long-term coefficient from Table 4

(4.58 percent). The outperformance remains roughly the same when we include the size and the book-to-market

factors (Column 3 (3-Factor Model)), as well as the momentum factor (Column 4 (4-Factor Model)). We get

annualized abnormal return of 6.24 percentage points for the 3-Factor Model and even 7.92 percentage points

for the 4-Factor Model.

8 Conclusion

We analyze how demographic change affected profits and returns across 61 pharmaceutical companies over the

last twenty years. Different drugs have different age patterns of consumption. Forecastable shifts in cohort

size by age allows us to predict forecasts of demand growth due to demographic changes. Expenditures for

every pharmaceutical company from 1986 to 2008 are extracted from the annual sales figures as reported in the

pharmaceutical sales database (Evaluatepharma). We weight the core businesses of each company according to

the expenditures of the top twenty drugs to our five age groups (0–19, 20–29, 30–49, 50–59, 60+). Summarizing,

we obtain drug demand growth rates for each age group over the last twenty years for each of the 61 pharma-

ceutical firms. The forecasted yearly demand growths by company predict the return on equity of each of the 61

pharmaceutical firms. We further present evidence from panel regressions that long-term forecastable demand

growth (horizon of 6–12 years) predicts yearly abnormal stock returns in the size of 3 to 5 percentage points

whereas short-term forecastable demand growth does have a significantly negative influence on abnormal stock

returns for a horizon below 5 years. We also control for year effects using Fama MacBeth regressions. Although

not statistically significant, the coefficients of the Fama MacBeth regressions are consistent with the former

findings and we find economical evidence for the influence of demographic growth on annual abnormal stock

returns. According to the model of DellaVigna and Pollet (2007), the explanation of our results can be found

in the investor’s overreaction to short-term (below 5 years) information and investors’ inattention to long-term

information (between 5 and 10 years). A trading strategy taking advantage of this limited attention by investors

7Results are robust for long-term demand growth information between different time intervals, not shown in the paper though.
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Table 6: Performance of the Zero-Investment Portfolio Trading Strategies

This table shows the performance of the zero-investment portfolio trading strategies. We create the

zero-ivestment portfolio by buying the companies that have higher than median forecasted long-term

demand growth and selling the companies that have lower than median forecasted long-term demand

growth at the beginning of every year. We compute monthly portfolio returns r and regress them on

different sets of monthly benchmark factors. We use the 1-factor, 3-factor, and 4-factor models designed

by Fama-French. The formulae for the 1-, 2-, resp. 3-factor models are r = const + c(1) · VWRF,

r = const+ c(1) ·VWRF + c(2) ·SMB + c(3) ·HML, resp. r = const+ c(1) ·VWRF + c(2) ·SMB + c(3) ·

HML+c(4) ·UMD. The standard errors are indicated in brackets. (*) indicates significance at the 10%

level, (**) indicates significance at the 5% level, (***) indicates significance at the 1% level. VWRF is

the return on the CRSP valueweighted stock index minus the 1-month treasury rate. SMB and HML

are the returns on the Fama-French factor portfolios formed on size and book-to-market. UMD is the

return on the factor portfolio on momentum. All factors are taken from the Fama-French website.

Heteroskedasticity and autocorrelation consistent standard errors are calculated using the Newey-West

estimator with 4 lags (in parentheses). The constant is interpreted as the average monthly abnormal

return for the investment strategy.

Dependent Variable: Monthly Returns on the Zero-Investment Portfolios

1 - Factor Model 3 - Factor Model 4 - Factor Model

Constant 0.0053 (0.0028)** 0.0052 (0.0027)** 0.0066 (0.0026)***

VWRF 0.0474 (0.0728) 0.0544 (0.0806) 0.0216 (0.0817)

SMB -0.0288 (0.1917) -0.0557 (0.1999)

HML 0.0104 (0.1250) -0.0940 (0.1566)

UMD -0.1242 (0.0823)

R2 0.002 0.002 0.010

N 276 276 276

related to demographic information earns an annualized abnormal return between 6 and 8 percentage points.

Our results are consistent with the model by DellaVigna and Pollet (2007) in which investors are inattentive

with partial extrapolation in the distant future and overreact to information in the near future.

22



References

Abel, A. B. (2003): “The Effects of a Baby Boom on Stock Prices and Capital Accumulation in the Presence

of Social Security,” Econometrica, 71, 551-578.

Acemoglu, D. and J. Linn (2004): “Market Size in Innovation: Theory and Evidence from the Pharmaceutical

Industry,” The Quarterly Journal of Economics, 19(3), 1049–1090.

Ang, A. and A. Maddaloni (2005): “Do Demographic Changes Affect Risk Premiums? Evidence from

International Data,” Journal of Business, 78, 341–380.

Bakshi, G. S. and Z. Chen (1994): “Baby Boom, Population Ageing and Capital Markets,” Journal of

Business, 67, 165–202.

Bergantino, S. M. (1998): “Life Cycle Investment Behavior, Demographics, and Asset Prices,” PhD Disser-

tation, MIT.

Bernard, V. L. and J. K. Thomas (1989): “Post- Earnings-Announcement Drift: Delayed Price Response

or Risk Premium?,” Journal of Accounting Research, 27, 1–36.

Brooks, R. (2002): “Asset-Market Effects of the Baby Boom and Social-Security Reform,” The American

Economic Review, 92(2), 402–406.

Brunetti, M. and C. Torricelli (2007): “The role of demographic variables in explaining financial returns

in Italy,” Working Paper.

Campell, J. Y. (1991): “A Variance Decomposition for Stock Returns,” Economic Journal, 101, 157–179.

Campell, J. Y. and R. J. Shiller (1988): “The Dividend-Price Ratio and Expectations of Future Dividends

and Discount Factors,” Review of Financial Studies, 1, 195–228.

Croci, E. (2007): “Corporate Raiders, Performance and Governance in Europe,” European Financial Man-

agement, 13(5), 949–978.

Davis, E. P. and C. Li (2003): “Demographics and Financial Asset Prices in the Major Industrial Economies,”

mimeo, Brunel University, West London.

DeBondt, W. F. M and R. Thaler (1985): “Does The Stock Market Overreact?,” Journal of Finance, 40,

793–805.

DellaVigna, S. and J. M. Pollet (2007): “Demographics and Industry Returns,” American Economic

Review, 97(5), 1667–1702.

Fama, E. F. and K. R. French (1992): “The Cross-section of Expected Stock Returns,” Jounal of Finance,

47, 427–465.

Geanakoplos, J., Magill, M., and M. Quinzii (2004): “Demography and the Long-Run Predictability of

the Stock Market,” Brookings Papers on Economic Activity, Vol. 2004 (1), 241–307.

23



Griliches, Z. (1957): “Hybrid Corn: An Exploration in the Economics of technological change,” Econometrica,

25 (4), 501–522.

Jegadeesh, N. and S. Titman (1993): “Returns to Buying Winners and Selling Losers: Implications For

Stock Market Efficiency.” Journal of Finance, 48, 65–91.

Mankiw, N. G. and D. N. Weil (1989): “The Baby Boom, the Baby Bust, and the Housing Market,”

Regional Science and Urban Economics, 19, 235–258.

Newell, R. G., Jaffe, A. B., and R. N. Stavins (1999): “The Induced Innovation Hypothesis and Energy-

Saving Technological Change,” The Quarterly Journal of Economics, 114(3), 941–975.

Peng, L., Xiong, W., and T. Bollerslev (2007): “Investor Attention and Time-Varying Comovements,”

European Financial Management, 13(3), 394–422.

Poterba, J. M. (2001): “Demographic Structure and Asset Returns,” Review of Economics and Statistics,

83, 565-584.

Reiffen, D. and M. R. Ward (2002): “Recent Empirical Evidence on Discrimination by Regulated Firms,”

Review of Network Economics, 1(1), 39-53.

Schmookler, J. (1966): “Invention and Economic Growth,” Harvard University Press.

Vuolteenaho, T. (2002): “What Drives Firm-Level Stock Returns.” Journal of Finance, 57, 233–264.

Yoo, P. S. (1994): “Age Dependent Portfolio Selection,” Federal Reserve Bank of St. Louis, Working Paper,

94–003A.

24



A Appendix

A.1 Disease Classification and Drug Use by Age Group

Table 7: Summary of Disease Classification and Drug Use

This table shows the summary of disease classification and drug use by age group, 1996-1998. The first

number indicates the use per person, that is the mean number of drugs in the class used per person in

the age group. The second number indicates the share of use (expenditure share), that is the fraction

of drugs used in the category by the age group. Age group with largest expenditure is the broad age

group with the greatest expenditure on the corresponding category.
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A.2 Forecasted Absolute Demand of a Typical Drug for Young, Middle-Aged,

and Old People

Figure 4: Forecasted Absolute Demand

This figure shows the forecasted absolute demand of a typical drug for old people (e.g. Hyperlipidemia),

a typical drug for middle-aged people (e.g. Antipsychotics), and a typical drug for young people (e.g.

Penicillins) from 1900-2020. We denote by ck,t the forecasted annual consumption of drug class k (k either

drug class for 0–19, 20–29, 30–49, 50–59, or 60+ agents) for time t. We compute forecasted demand growth

rates from time t to time t+ 1 by lnck,t+1 − lnck,t.
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A.3 ATC Codes

Table 8: The EphMRA ATC Codes

This table shows the EphMRA (European Pharmaceutical Market Research Association) ATC Codes and

their assignments to the 34 drug categories of the Medical Expenditure Panel Survey (MEPS) used in

Acemoglu and Linn (2004).
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A.4 Annualized Monthly Abnormal Returns

Table 9: Panel Regression of Annualized Monthly Abnormal Pharmaceutical Stock Returns on

Forecasted Demand Changes for Different Foresight Horizons h

This table shows the results of the panel regression of pharmaceutical abnormal stock returns on forecasted demand

changes due to demographic changes for different foresight horizons 6 ≤ h ≤ 16 (3 ≤ j ≤ 8). We define abnormal log

return by ark,t,t+1 = (rk,t,t+1 − rf,t,t+1) − βk,t(rm,t,t+1 − rf,t,t+1). We test the regression ark,t,t+1 = const + d ∗

(lnck,t+j − lnck,t) + e ∗ (lnck,t+2j − lnck,t+j) + εk,t for 3 ≤ j ≤ 8. Lines (1) to (3) show the results of the panel

regression with a foresight horizon of 2j = 6 years. Lines (4) to (6) show the results of the panel regression with a

foresight horizon of 2j = 8 years. Lines (7) to (9) show the results of the panel regression with a foresight horizon of

2j = 10 years. Lines (10) to (12) show the results of the panel regression with a foresight horizon of 2j = 12 years.

Lines (13) to (15) show the results of the panel regression with a foresight horizon of 2j = 14 years. Lines (16) to

(18) show the results of the panel regression with a foresight horizon of 2j = 16 years. The first lines of each block

(Lines (1), (4), (7), (10), (13), (16)) show the results without cross-sectional and year fixed effects. The second lines of

each block (Lines (2), (5), (8), (11), (14), (17)) show the results with cross-sectional fixed effects, and the third lines

of each block (Line (3), (6), (9), (12), (15), (18)) show the result with both, cross-sectional and year fixed effects. The

doubled-clustered standard errors are indicated in brackets. (*) indicates significance at the 10% level, (**) indicates

significance at the 5% level, (***) indicates significance at the 1% level.

Annualized monthly Beta-Adjusted Log Pharmaceutical Abnormal Stock Return t+1.

j const d e R2 N Industry FE Year FE

(1) j = 3 -0.421 (0.031)*** -4.944 (1.156)*** 1.963 (0.959)** 0.01 N=9997

(2) j = 3 -0.449 (0.038)*** -5.128 (1.229)*** 2.677 (1.092)** 0.01 N=9997 x

(3) j = 3 -0.432 (0.040)*** -4.924 (1.195)*** 2.560 (1.003)** 0.02 N=9997 x x

(4) j = 4 -0.431 (0.031)*** -2.750 (0.901)*** 3.126 (0.796)*** 0.01 N=9997

(5) j = 4 -0.468 (0.040)*** -3.071 (0.995)*** 4.078 (0.972)*** 0.01 N=9997 x

(6) j = 4 -0.466 (0.039)*** -3.017 (0.997)*** 3.998 (0.973)*** 0.02 N=9997 x x

(7) j = 5 -0.445 (0.031)*** -1.555 (0.723)** 2.043 (0.622)*** 0.01 N=9997

(8) j = 5 -0.495 (0.042)*** -1.913 (0.833)** 3.049 (0.813)*** 0.01 N=9997 x

(9) j = 5 -0.493 (0.041)*** -1.932 (0.844)** 2.807 (0.985)*** 0.02 N=9997 x x

(10) j = 6 -0.451 (0.032)*** -0.730 (0.583) 1.227 (0.493)*** 0.01 N=9997

(11) j = 6 -0.504 (0.044)*** -0.944 (0.693) 2.004 (0.685)*** 0.01 N=9997 x

(12) j = 6 -0.505 (0.044)*** -1.021 (0.710) 1.932 (0.844)*** 0.02 N=9997 x x

(13) j = 7 -0.454 (0.033)*** -0.404 (0.478) 0.870 (0.404)** 0.01 N=9997

(14) j = 7 -0.516 (0.048)*** -0.539 (0.575) 1.543 (0.590)*** 0.01 N=9997 x

(15) j = 7 -0.446 (0.038)*** -0.659 (0.591) 1.681 (0.616)*** 0.02 N=9997 x x

(16) j = 8 -0.452 (0.036)*** -0.145 (0.446) 0.468 (0.349) 0.01 N=8736

(17) j = 8 -0.551 (0.056)*** -0.026 (0.545) 1.340 (0.790) 0.01 N=8736 x

(18) j = 8 -0.552 (0.057)*** -0.031 (0.667) 1.392 (0.668) 0.02 N=8736 x x
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