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Introduction

Understanding the effect of advertising (and other marketing variables) on firm performance
is an important question for managers, investors and researchers. Recognizing the importance of this question, a literature at the intersection of marketing and finance has emerged.
This literature documents strong correlations between firm advertising expenditures, firm
value and stock returns.1 The strength of these correlations is an interesting and important
finding on its own. However, endogeneity problems make these relationships difficult to
interpret in the absence of theoretical models that explicitly link advertising expenditures
with both firm value and stock returns (and risk).
In this paper, I propose a dynamic structural investment-based model to understand
and quantitatively evaluate the impact of advertising expenditures on firm value, stock
returns and risk in a setup in which these variables are jointly determined. I interpret firm
advertising expenditures as an investment to create brand capital, an intangible asset that
summarizes consumers’ awareness of the goods and services produced by the firm. This
brand capital stock may help firms increase sales through, for example, increased customer
loyalty, visibility, or perceived quality. Thus, brand capital stock is potentially an important
component of firm market value. In addition, as an investment in capital stock, optimal
advertising expenditures are related to a firm’s cost of capital (risk), and thus advertising
expenditures are potentially informative about a firm’s expected stock returns.
The approach used in this paper brings structural modeling to the literature on financial
research in marketing. Structural approaches have been used in the marketing literature
with most applications in areas related to industrial organization economics.2 To the best
of my knowledge, the link between advertising and firm value has been studied separately
from the relationship between advertising and risk and only through the use of reduced form
approaches. Such studies, while able to show the patterns in the data, cannot use the data to
test theories regarding what drives the observed empirical links. The model I propose here
1

I review the empirical findings in Section 2 below.
For an excellent review and discussion of the advantages and disadvantages of structural work in marketing see Chintagunta et al. 2006.
2
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can be used to understand the observed correlations in the data. In addition, the estimation
of the model provides a new economics-based paradigm for measuring brand equity, thus
contributing to the marketing literature on brand valuation.
I consider the neoclassical model of investment as the starting point for my analysis, following Belo, Lin, and Vitorino (2013).3 The model is augmented with brand capital, which
is introduced as an additional input in the firm’s production technology. The model features
a cross-section of firms. Firm managers make physical capital investment and advertising
decisions to maximize the market value of the firm. As standard in the neoclassical theory
of investment, the only frictions in the model are the existence of adjustment costs in the
two capital inputs, and the importance of these costs is estimated in the data. In particular,
building brand capital can be costly because, in addition to the direct advertising expenditure costs, planning and executing advertising activities (even if outsourced) take away
resources (e.g. workers) from other productive activities and are typically associated with
promotional activities.
Building on Liu, Whited, and Zhang (2009), and using the Euler equations from the
firm’s maximization problem, the model expresses the firm’s equilibrium stock returns and
market value as a function of firm characteristics (e.g. advertising expenditures, physical
capital investment and sales). These functional forms depend on the parameters of the firm’s
technology. For stock returns, the model predicts that firms with high marginal product of
physical and brand capital, high growth rates of physical capital and advertising investment
rates, and high market leverage ratios have higher average stock returns. For firm value,
the model predicts that firms with high physical capital and advertising investment rates,
as well as high brand capital to physical capital ratios have higher average scaled market
values (Tobin’s Q).
I test the model’s predictions using the Generalized Method of Moments (GMM) on
3
The neoclassical model of investment provides a natural starting point for my analysis since this approach has been successfully used to understand several asset pricing facts. Important applications of the
neoclassical theory of investment to asset pricing include Cochrane (1991), Zhang (2005) , Liu, Whited, and
Zhang (2009) and Li, Livdan, and Zhang (2009). Additional studies incorporating intangible capital into
this framework include Hansen, Heaton, and Li (2005), Li and Liu (2010), Gourio and Rudanko (2010) and
Belo, Lin, and Vitorino (2013).
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data from a large cross-section of publicly traded firms. As moment conditions, I use the
model’s implied stock returns and market value to investigate if these values are, on average,
equal to the corresponding averages observed in the data. To construct the model’s implied
stock returns and market values, I need data on several firm characteristics, including the
intangible (and hence unobserved) brand capital stock of each firm. Following Belo, Lin,
and Vitorino (2013), I construct a firm-level brand capital stock measure from advertising
expenditures accounting data using the perpetual inventory method. Finally, the GMM
estimation of the model is performed on portfolios sorted on advertising growth because one
of the goals of this paper is to understand the link between advertising expenditures with
both firm value and stock returns, previously documented in the literature.
The empirical results can be summarized as follows. The investment-based model with
brand capital captures well both the cross-sectional variation in average stock returns across
the advertising growth portfolios, as well as the observed cross-sectional variation in firm
values with reasonable parameter values for the firm’s technology. The model generates very
low pricing errors and is not rejected in the data by the χ2 Hansen (1982) test. Importantly,
the investment-based model with brand capital significantly outperforms standard asset
pricing models such as the CAPM, the Fama and French (1993) three-factor model, and the
Carhart (1997) four-factor model in matching the average returns of the advertising-growth
portfolios. When the model is used to match average returns, the mean absolute pricing error
generated by the model is only 0.21% per annum. This average pricing error is considerably
smaller than the pricing error of the CAPM (4.94% per annum), of the Fama-French model
(3.16%), and of the Carhart model (5.49%).
The parameter estimates show that the value of brand capital (brand equity) accounts
for a substantial fraction of firm market value. The value of firms’ brand capital stock is
estimated to represent on average about 23% of firms’ total market value. In addition, this
value ranges from close to zero for commodities (e.g. Steel, Oil) to about 30 − 60% for
consumer goods. The importance of brand capital in firm value across industries seems
to vary in a predictable way, thus suggesting the measure of brand capital used here has

3

reasonable properties. The importance of brand capital tends to be stronger in industries
with more consumer product orientation than in industries with low consumer product
orientation. The findings highlight the importance of brand capital in firm valuation.
The empirical findings also show the relevance of brand capital adjustment costs for
understanding brand value. In addition to the explicit cost of advertising, augmenting the
brand capital stock (i.e. creating a brand name) is estimated to be costly: the estimated
parameter values imply that brand capital adjustment costs represent, on average, around
8% of firms’ annual sales. Because firms need to spend substantial resources to increase the
brand capital stock, this helps to explain why brand names (i.e. installed brand capital) are
an important component of firm market value.
The good empirical fit of the investment-based model with rational and profit maximizing
firms suggests that the correlations between advertising expenditures, firm value and stock
returns documented by previous literature are consistent with a risk-based interpretation.
Advertising is a form of investment which creates brand capital. As a form of investment,
standard reasoning from the Q-theory of investment suggests that advertising expenditures
are determined by the firm’s cost of capital (expected stock returns), which is determined by
the firm’s risk. Therefore, firms with high advertising growth invest more in brand capital
and have lower cost of capital, implying lower expected returns going forward, than firms
with low advertising growth.
The model and estimation results also have practical implications. The model provides
a simple straightforward formula to compute the firm-level value of brand capital (brand
equity). To compute this value, only two inputs are required: readily available (current and
past) firm-level advertising expenditure data and the parameter estimates of brand capital
adjustment costs obtained here. The new measure complements other research techniques
and approaches that have been proposed in the brand valuation literature, thus helping
researchers and practitioners better capture the complexity of brand equity.
The paper proceeds as follows. Section 2 discusses the related literature and highlights
the contribution of the paper to the literature at the intersection of marketing and finance.
4

Section 3 describes the dynamic investment-based model with brand capital, derives the
testable implications for the cross-section of stock returns and firm values, and discusses
the predicted links between firm characteristics and stock returns and market value in the
model. Section 4 presents the estimation methodology, the data used, and a summary
of the facts linking advertising expenditures to stock returns and firm value in the data.
Section 5 presents the empirical results and contrasts the fit of the investment-based model
with that from standard asset pricing models. Section 6 presents the value of brand equity
at the industry-level as well as at the firm-level, implied by the estimation of the model.
Finally, Section 7 discusses the implications of the findings for research at the intersection
of marketing and finance.

2

Related Literature

The work in this paper is related to several strands of literature at the intersection of
marketing and finance.
First, this paper contributes to research at the intersection of marketing and finance
which studies the effect of advertising (and other marketing variables) on firm performance.4
As I discuss in Section 4.4, this literature documents correlations between advertising expenditures, firm value, and stock returns. The findings in this literature include the observations
that: (i) firms’ current advertising expenditures are positively contemporaneously correlated
with firms’ market value and stock returns and (ii) firms’ current advertising expenditures
and future stock returns are negatively correlated. This empirical evidence is difficult to interpret due to endogeneity problems in these correlations. By explicitly linking advertising
expenditures with firm value and stock returns (and risk), the structural model proposed
here provides an economic framework for interpreting the empirical evidence.
In addition to the previous findings, this strand of the literature also finds that, either
4

Srivastava, Reibstein, and Joshi (2006), Srinivasan and Hanssens (2008), Conchar, Crask, and Zinkhan
(2005) and Mizik and Jacobson (2009) provide excellent reviews of the literature in marketing studying the
link between marketing activities (including advertising expenditures), firm value and stock returns. Recent
applications include Rego, Billett, and Morgan (2009) and Joshi and Hanssens (2010). Schmalensee (1972)
and Bagwell (2007) survey the literature on the economic analysis of advertising.
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through event studies or by testing standard asset pricing models such as the capital asset
pricing model (CAPM) or the Fama-French (1993) three-factor model, there are statistically
significant abnormal returns associated with advertising expenditures (I confirm this finding
in Section 5.1.2). This fact is typically interpreted as evidence against the efficient market
hypothesis (EMH), and several behavioral explanations for the findings have been proposed.
For example, Lou (2010) interprets the positive abnormal returns associated with advertising expenditures as consistent with the hypothesis that firm managers use advertising
expenditures to attract investors’ attention and, thus, maximize short-term stock market
prices to their (or existing shareholders) benefit. Other explanations, summarized in Joshi
and Hanssens 2010, include spillover and signaling effects.5
An alternative explanation, however, for why the standard asset pricing models generate
abnormal returns is that these models are misspecified in the sense that they may not
be capturing all sources of systematic risk. In particular, these models may not capture
the systematic risk associated with intangible assets such as brand equity. The model
proposed here allows me to formally investigate this hypothesis in the data. By linking the
firm’s equilibrium stock returns and firm value directly to firm characteristics, I can test
the predictions of the model without having to explicitly specify the sources of systematic
risk in the economy. That is, in this investment-based approach, firm characteristics are
sufficient statistics to characterize firm risk. In turn, this helps making this approach robust
to misspecifications of the sources of systematic risk in the economy.6
This paper also relates to the literature on brand valuation because it develops a new
methodology to estimate brand value (typically referred to as brand equity) which is based
on readily available accounting and asset price data. This methodology complements existing measures and encompasses many of (if not all) the characteristics listed by Ailawadi,
Lehmann, and Neslin (2003) as being important for any measure of brand equity.
5
The spillover effect indicates that advertising increases the stock market’s familiarity with the firm,
thereby increasing stock ownership, liquidity, and firm value (Frieder and Subrahmanyam 2005; Huberman
2001; Joshi and Hanssens 2010). The signaling effect indicates that advertising spending can be a signal of
financial well-being or competitive viability (e.g., Joshi and Hanssens 2010).
6
See Lin and Zhang (2011) for a detailed discussion of the advantages of using firm characteristics in
empirical research on asset pricing.
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The importance of brand value to understand firm value is well established in the marketing literature. The intangible nature of a brand represents a challenge in this literature
because of the need to translate a firm’s brand value/equity into a quantitative measure.
Since Aaker (1991), several researchers and practitioners have proposed alternative methods for assessing the value of a brand. Generally, it is agreed that no single measure tells
a complete story. Existing measures of brand equity typically fall into one of three categories.7,8 First, customer mindset-related measures are based on consumer surveys seeking
to assess customers’ awareness, attitudes, associations, attachments, and loyalties towards a
brand. Much of the academic research (e.g. Aaker 1996, Keller 2003) and work by consulting firms (e.g., Millward Brown’s BrandZ and Young and Rubicam’s BrandAsset Valuator)
has focused on this type of metrics. The second category of measurement focuses on the
measures related to product-market outcomes. The most commonly measured unit is the
price premium that the brand commands over a base product (e.g. Park and Srinivasan
1994, Sethuraman 1996, Goldfarb, Lu, and Moorthy 20099 ). Other measures of this type
include the constant term in sales response models (e.g. Srinivasan 1979 and Kamakura and
Russell 1993). Measures in this category rely on data collected through surveys or on actual
purchase data (usually for a single product category). The final category of measurement
is based on financial market performance. Specifically, these assess the value of a brand in
terms of financial assets. Purchase price, when a brand is sold or acquired (Mahajan, Rao,
and Srivastava 1994), and discounted cash flow dimensions of licensing fees and royalties are
measurements of this type.
Simon and Sullivan (1993) were the first to propose a technique for estimating a firm’s
brand equity based on the financial market value of a firm. The model proposed in this
paper is in the spirit of Simon and Sullivan’s in the sense that it also constitutes a financial
7

Some metrics, such as the Interbrand measure, are an hybrid of different approaches.
For a more detailed description of these categories, including the advantages and disadvantages of each
approach see Ailawadi, Lehmann, and Neslin (2003), Keller and Lehmann (2006)) and Srinivasan, Hsu, and
Fournier (2011).
9
It should be noted that Goldfarb, Lu, and Moorthy (2009) distinguishes itself from the other papers
here listed due to the fact that it uses an equilibrium methodology that produces brand value estimates
in profit terms. The authors illustrate their proposed method using market-share data on the ready-to-eat
breakfast cereals product category.
8
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market-based approach to brand valuation. The key distinction between my work and theirs
is that I examine the links in the data using a structural model whereas Simon and Sullivan’s
analysis is based on a reduced-form approach, which limits the economic interpretation of
their findings. In addition, I provide a comprehensive empirical analysis by combining both
time series and cross sectional data, whereas Simon and Sullivan focus on cross-sectional
data in a single year.
By modeling firms’ optimal investment and advertising behavior, the structural investmentbased model proposed here provides an alternative, yet complementary, economics-based
paradigm to link equity valuation to brand capital and other accounting information. This
methodology takes into account that both advertising expenditures and firm value are jointly
determined in equilibrium, thus accounting for endogeneity problems that affect reducedform approaches.10 In addition, the estimates in the investment-based model can be directly
linked to deep structural parameters, in particular, to the characteristics of the firm’s production technology. This is useful because it allows me to investigate if the model fits the
data with reasonable parameter values, an important criteria in the evaluation of any model.
Finally, the focus on brand capital is closely related to the asset pricing literature on
intangible capital and firm risk in particular to the work by Belo, Lin, and Vitorino (2013)
and by Li and Liu (2010).11 The theoretical investment-based model used here is based
on Belo, Lin, and Vitorino (2013). The key distinction between my analysis and theirs
is that I evaluate the model mechanism by estimating the model using real data, whereas
10

The endogeneity (or joint determination) that exists between advertising and stock returns is a well
recognized issue in the marketing-finance literature which few researchers have tried to address. For example,
Joshi and Hanssens (2010) have used VAR models to mitigate the endogeneity concerns. But, as recognized
in the literature (see Srinivasan and Hanssens 2008), persistence models (of which VAR models are part of)
are inherently reduced-form models thus failing to provide a rational interpretation for the obtained effects.
11
Related papers include: Gourio and Rudanko (2010) who study the implications of customer capital
for firm level and aggregate dynamics; Hansen, Heaton, and Li (2005) who study the risk characteristics
of intangible capital; Hsu (2009) who shows that technological innovations forecast stock excess returns at
the aggregate level using R&D data, a form of investment in intangible capital; Chan, Lakonishok, and
Sougiannis (2001) who document a positive relation between R&D intensity and firms’ future stock returns
and Li (2011) who shows that this positive relation is only present in R&D intensive firms; Lin (2011)
who explains the link between R&D expenditures and asset prices in a theoretical model; and Eisfeldt and
Papanikolaou (2013) who study the link between organizational capital and firm risk. My work differs for
these papers because I focus on a distinctive measure of intangible capital, brand capital, and I perform a
structural estimation of the model in the data.
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they evaluate the model by calibration and simulation. The estimation approach allows
me to talk about model errors in real data, and thus quantitatively evaluate how well the
model fits the empirical facts. Also, in contrast to Belo, Lin, and Vitorino (2013), I do not
study the relationship between advertising expenditures and the firm’s external financing
policies. Similar to the approach in this paper, Li and Liu (2010) quantify the importance of
R&D capital (a form of intangible capital) for understanding stock returns in a neoclassical
investment-based model and using structural estimation. The key difference between my
work and Li and Liu (2010) is that I focus on a different measure of intangible capital (brand
capital) thus relating the analysis to the marketing literature. In addition, I investigate the
ability of the model to explain the cross-section of firms’ scaled market values (Tobin’s Q)
jointly with stock returns. My findings complement those in Li and Liu (2010) by showing
the importance of alternative measures of intangible capital for understanding firm risk, as
well as by confirming the large economic magnitude of intangible capital adjustment costs
first documented in Li and Liu (2010).

3

A Structural Investment-Based Model of Advertising

I propose a dynamic investment-based model to study the link between advertising, firm
value, and stock returns, and to estimate the value of brand capital in the data. The model
builds on the neoclassical investment-based model in Liu, Whited, and Zhang (2009), and
is augmented with brand capital, following the approach in Belo, Lin, and Vitorino (2013).
In the model, brand capital is a productive input because it helps firms increase sales
through, for example, increased customer loyalty, visibility, or perceived quality.12 Firms
accumulate brand capital through advertising expenditures, and make optimal production
decisions to maximize firm value. Optimal investment and advertising establish an endogenous link between advertising expenditures and firm stock returns and market value.
I first describe the firm’s value-maximization problem and then derive testable implica12

See, for example, Aaker (1991), Simon and Sullivan (1993) and Bagwell (2007) for a detailed discussion
of alternative economic explanations for why and how consumers respond to advertising.

9

tions for the cross-section of stock returns and firm value.

3.1

Technology

Time is discrete and the horizon infinite. Firm i uses capital, Kit , brand capital, Bit , and
a vector of costlessly adjustable inputs to produce an homogeneous output. The operating
profit function Y is an increasing function of the inputs, Yit ≡ Y (Kit , Bit , Xit ), in which Xit
is a vector of exogenous aggregate and firm-specific productivity shocks (higher values of
Xit increase profits). Yit displays constant returns to scale such that Yit = Kit ∂Yit /∂Kit +
Bit ∂Yit /∂Bit , in which ∂ denotes partial derivative. The marginal operating profits from
physical capital and brand capital are parameterized as (see also Love 2003):
∂Y (Kit , Bit , Xit )
∂Kit
∂Y (Kit , Bit , Xit )
∂BKit

Yit
,
Kit
Yit
= αB
.
Bit
= αK

(1)
(2)

in which Yit is measured as sales, αK > 0 is physical capital’s share, and αB > 0 is brand
capital share.
Physical capital stock evolves as:

K
Kit+1 = Iit + (1 − δit
)Kit ,

(3)

K is the depreciation rate of capital. Similarly, the
in which Iit is capital investment and δit

brand capital stock evolves as:

Bit+1 = Ait + (1 − δ B )Bit ,

(4)

in which Ait are the firm’s advertising expenditures and δ B is the depreciation rate of brand
capital.
Firms incur adjustment costs when investing. The adjustment cost function, denoted
Φ(Iit , Kit , Ait , Bit ), is increasing and convex in Iit and Ait , decreasing in Kit and Bit , and
10

linearly homogeneous in Iit , Kit , Ait , and Bit . I consider a simple quadratic adjustment-cost
function:
1
Φt ≡ Φ(Iit , Kit , Ait , Bit ) =
2





Iit 2
1
Ait 2
ηK
Kit +
ηB
Bit ,
Kit
2
Bit

(5)

in which ηK > 0 and ηB > 0 are the adjustment cost parameters for physical capital and
brand capital, respectively.
In this specification, as standard in the neoclassical theory of investment, the capital
adjustment costs include planning and installation, learning the use of new equipment, or
the fact that production is temporarily interrupted. Similarly to physical capital, in this
specification, firms also incur adjustment costs when expanding the stock of brand capital.13
These costs capture the notion that planning of advertising campaigns is costly and takes
away resources (e.g., workers) from other productive activities. In addition, advertising
expenditures may be associated with an increase in customer support, promotional activities,
etc. Further, small scale local advertising campaigns usually done in-house are less expensive
than large scale national campaigns often done by professional advertising agencies. As such,
adjustment costs are likely to increase with advertising expenditures.

3.2

Taxable Profits and Firm Payout

Following Hennessy and Whited (2007), at the beginning of time t, firm i can issue oneperiod debt, denoted bit+1 , which must be repaid at the beginning of t + 1. The gross
b , can vary across firms and over time. Taxable
corporate bond return on bit , denoted Rit

corporate profits equal operating profits less advertising expenditures, capital depreciation,
adjustment costs, and interest expenses:

K
b
Y (Kit , Bit , Xit ) − Ait − δit
Kit − Φt − (Rit
− 1)bit .

Here, adjustment costs are expensed, consistent with treating them as foregone operating
13
See Gourio and Rudanko (2010) for a similar assumption in the context of customer capital, which is
similar in spirit to brand capital (i.e. both stock variables capture customer loyalty).
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profits.
Let τt denote the corporate tax rate at time t. The payout of firm i is then given by:
K
b
K
b
Dit ≡ (1−τt )[Y (Kit , Bit , Xit )−Ait −δit
Kit −Φt ]−Iit +bit+1 −Rit
bit +δit
Kit τt +τt (Rit
−1)bit ,

K K τ is the depreciation tax shield and τ (Rb − 1)b is the interest tax shield.
in which δit
it t
t
it
it

3.3

The Firm’s Maximization Problem

Let Mt+1 be the stochastic discount factor from t to t+1, which is correlated with the aggregate component of the productivity shock Xit . The firm makes physical capital investment,
advertising and debt decisions to maximize the cum-dividend market value of equity. The
maximization problem can be formulated as follows:
"
Vit ≡

max

{Iit+s ,Kit+s+1 ,Ait+s ,Bit+s+1 ,bit+s+1 }∞
s=0

Et

∞
X

#
Mt+s Dit+s ,

(6)

s=0

subject to the physical capital and brand capital accumulation equations (3) and (4) and
to a transversality condition that prevents firms from borrowing an infinite amount of debt:
limT →∞ Et [Mt+T bit+T +1 ] = 0.

3.4

Equilibrium Stock Returns and Firm Value

Proposition 1 states the key results from the theoretical model. This proposition expresses
the firm’s equilibrium market value and stock returns as a function of the firm’s observable
characteristics.
Proposition 1 (Firm Value and Stock Returns) Define Pit ≡ Vit − Dit as the exdividend market value of equity. Also, let
associated with equations (3) and (4).

K Qit

K Qit

and

and
B Qit

B Qit

be the present value multipliers

are the marginal benefits of an addi-

tional unit of physical capital and brand capital, respectively. The firm’s value-maximization

12

implies that
Pit + bit+1 =

K Qit Kit+1

|

{z

}

Value of Physical Capital

in which

2 Iit
K Qit ≡ 1 + (1 − τt )ηK Kit and

+

B Qit Bit+1

|

{z

,

(7)

}

Value of Brand Capital



2 Ait .
Q
≡
(1
−
τ
)
1
+
η
t
B it
B Bit

I
In addition, the firm’s value-maximization implies that Et [Mt+1 Rit+1
] = 1, in which
I
Rit+1
is the physical capital investment return, defined as:


(1 − τt+1 )
I
Rit+1
≡

Yit+1
αK K
it+1

+

1
2



Iit+1
ηK K
t+1

2 



K τ
K
2 Iit+1
+ δit+1
t+1 + (1 − δit+1 ) 1 + (1 − τt+1 )ηK Kit+1
.

2 Iit
1 + (1 − τt )ηK
Kit

(8)
A ] = 1, in which RA
Similarly, Et [Mt+1 Rit+1
it+1 is the advertising return, defined as

A
Rit+1


 



Ait+1 2
Yit+1
1
B )(1 − τ
2 Ait+1
+
(1
−
δ
)
1
+
η
+
η
(1 − τt+1 ) αB B
t+1
B Bit+1
B Bit+1
2
it+1


≡
.
2 Ait
(1 − τt ) 1 + ηB
Bit

(9)

ba
b
b
Now, if we denote the after-tax corporate bond return as Rit+1
= Rit+1
− (Rit+1
− 1)τt+1 ,


ba
S
then Et Mt+1 Rit+1
= 1. Also, define Rit+1
≡ (Pit+1 + Dit+1 )/Pit as the stock return,

νit ≡ bit+1 /(P it +bit+1 ) as market leverage, and µit ≡K Qit Kit+1 /(K Qit Kit+1 +B Qit Bit+1 )
as the value-weight of physical capital in the firm value. The weighted-average of physical
capital investment returns and advertising returns is then equal to the weighted average of
stock and bond returns:

I
A
ba
S
Rit+1
µit + Rit+1
(1 − µit ) = Rit+1
νit + Rit+1
(1 − νit ).

(10)

Proof. See Appendix A.
Equation (10) establishes a link between firm stock returns and characteristics, including
physical capital investment, advertising expenditures, leverage ratio and after-tax corporate
bond returns. Rearranging terms, equation (10) implies that the firm’s predicted stock
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S
return, Rit+1
, in the model is given by:

S
Rit+1
≡

I
A (1 − µ ) − Rba ν
Rit+1
µit + Rit+1
it
it+1 it
.
(1 − νit )

(11)

Proposition 1 also has implications for predicted equilibrium market values. Using equation (7) and defining the firm’s sum of scaled market and debt-to-physical capital ratio as
the standard Tobin’s Q, Qit ≡ (Pit + bit+1 ) /Kit+1 , and rearranging terms, we have:

Qit = 1 + (1 −

2
τt )ηK



Bit+1
Iit
2 Ait
+ (1 − τt ) 1 + ηB
Kit
Bit Kit+1

(12)

Equations (11) and (12) express the firm’s stock returns and market value as a function
of firm characteristics. These two equations provide the key testable predictions from the
model that I explore in the empirical part. Naturally, stock returns and firm value are
related. To a first approximation, stock returns can be interpreted as a first difference of
firm value (see Mizik and Jacobson 2009 for an interesting discussion on this issue). By
examining both stock returns and firm value, the analysis here allows me to examine the fit
of the model both in first differences and in levels. Belo, Xue, and Zhang (2011) argue that
the two sets of moments also helps the identification of the structural parameters.
An important feature of the approach in this paper relative to standard asset pricing
models is that to test the model’s predictions defined in equations (11) and (12), it is not
necessary to specify a stochastic discount factor. In other words, it is not necessary to
specify a model for risk. This is a desirable feature of the model given the inability of
standard asset pricing models to explain the observed links between advertising growth
and stock returns.14 This feature, however, does not mean that risk is not taken into
account in the investment-based model. Because firms maximize firm value discounting
future cash-flows using an appropriate stochastic discount factor (Mt ), risk is indeed a
first-order determinant of firms’ optimal investment and advertising decisions. Once these
variables are determined, however, they become sufficient statistics to characterize the stock
14

See references in the Related Literature section (Section 2) and the empirical results in Section 6.
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returns of the firm without explicitly measuring the stochastic discount factor that gives rise
to the firm’s optimal production decisions.

3.5

The Link between Advertising Expenditures, Stock Returns and Firm
Value in the Model

Equations (11) and (12), together with the physical capital investment return equation (8)
and the advertising return equation (9) in the main text, link the firm’s equilibrium stock
return and firm value directly to the firm’s characteristics. In this section, I discuss the most
relevant components of stock returns and firm value, which should guide the interpretation
of the empirical findings.
The first two components in the stock returns equation are the marginal product of physical capital, measured by the sales to capital ratio (Yt+1 /Kt+1 ), and the marginal product
of brand capital, measured by the sales to brand capital ratio (Yt+1 /Bt+1 ) (I drop the firmor portfolio-specific subscript i). Higher marginal products of physical capital and brand
capital are associated with higher realized stock returns. The third and fourth components,
which are the second element in the numerator of the investment return equation equation
(8) and in the advertising return equation (9) divided by the corresponding denominator,
are roughly proportional to the growth rate of physical capital and advertising investment
rates (respectively ∆(I/K) and ∆(A/B)15 ). These components correspond to the “capital
gain” of the investment and advertising returns. Here, higher growth rates on investment
and advertising are associated with higher returns. In addition, all else equal, lower current
advertising expenditures (and physical investment rates) are associated with higher growth
rates of advertising investment and hence higher future returns. For advertising, this link
is consistent with the well documented positive contemporaneous correlation between stock
returns and advertising expenditures growth, and with the negative correlation of current
advertising expenditures with future stock returns (see Srinivasan and Hanssens 2008 for a
survey of the literature). Finally, the fifth relevant component of stock returns is market
15

∆(I/K) ≡ (It /Kt ) / (It−1 /Kt−1 ) and ∆(A/B) ≡ (At /Bt ) / (At−1 /Bt−1 )
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leverage (vit ). Taking the first-order derivative of (11) with respect to market leverage shows
that stock returns should increase with market leverage.
Turning to the analysis of the components of the equilibrium scaled firm value (Tobin’s
Q) in equation (12), the first and second components of firm value are the physical capital
investment rate and the advertising investment rate, which define the shadow prices of
the two capital inputs (K Qt and

B Qt ).

All else equal, firms with higher investment and

advertising rates have higher Tobin’s Q. The third component of firm value is the brand
capital to physical capital ratio. All else equal, because the advertising investment rate is,
on average, positive, firms that are more brand capital intensive have higher Tobin’s Q than
firms that are more physical capital intensive.

4

Empirical Methodology

In this section, I derive the moment conditions that are used to test the theoretical model
using Generalized Methods of Moments (GMM) estimation. In addition, I describe the data
used and report the set of basic facts linking advertising expenditures to both stock returns
and firm value that the investment-based model attempts to match.

4.1

Moment Conditions

From equation (11), define:

S
R̂it+1
≡

I
A (1 − µ ) − Rba ν
R̂it+1
µit + R̂it+1
it
it+1 it
(1 − νit )

(13)

as the model’s equilibrium predicted stock returns .
Similarly, from equation (12), define:

2
Q̂it = 1 + (1 − τt )ηK



Iit
Bit+1
2 Ait
+ (1 − τt ) 1 + ηB
Kit
Bit Kit+1

as the model’s predicted equilibrium Tobin’s Q.
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Equations (11) and (12) hold ex-post state-by-state. Thus, they also hold ex-ante in
expectation. For estimation and testing, I follow Liu, Whited, and Zhang (2009) (for stock
returns) and Belo, Xue, and Zhang (2011) (for Tobin’s Q) and study the ex-ante restrictions
implied by these equations. Formally, I test if the average stock returns in the data equal
the model’s predicted average stock returns:
h
i
S
S
E Rit+1
− R̂it+1
= 0.

(15)

In addition, I test if the average Tobin’s Q observed in the data equals the average
predicted Tobin’s Q in the model:
h
i
E Qit − Q̂it = 0.

(16)

To construct a formal test of the model, define the model errors from the empirical
moments as:
h
i
S
S
eSi ≡ ET Rit+1
− R̂it+1
h
i
eQ
≡ ET Qit − Q̂it ,
i

(17)
(18)

in which ET [.] is the sample mean of the series in brackets. Following Liu, Whited, and
Zhang (2009), the key identification assumption for estimation and testing is that both model
errors have a mean of zero, a standard assumption that underlies most Euler equation tests
(see discussion in Cochrane 1991). Because the capital and brand capital share parameters
αK and αB cannot be separately identified using the equations (15) and (16), I estimate
the sum of these parameters (αK + αB ). This sum then measures the total of the shares of
physical capital and brand capital in the production function.16
16

The parameters αK and αB are not separately identified because they enter additively in the stock
returns equation and thus only the sum of the two shares is identified. Specifically, we can rearrange terms
S
B )Yt +other
to express the stock returns equation as: Rit+1
= (αK +αother
, in which “other” are terms that do not
depend on αK or αB . In addition, the parameters αK , and αB do not enter the Tobin’s Q equation (12).
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4.2

Estimation Method

The estimation procedure follows closely the approach in Liu, Whited, and Zhang (2009)
and Belo, Xue, and Zhang (2011). I estimate the technological parameters α ≡ (αK + αB ),
ηK and ηB using GMM by minimizing a weighted average of the stock return moments in
equation (17) and the Tobin’s Q moments in equation (18), both separately and jointly.
When the stock return and Tobin’s Q moments are estimated separately, I use an identity
weighting matrix in the GMM estimation to preserve the economic structure of the testing
portfolios, following Cochrane (1996). However, the Tobin’s Q errors eQ
i can be larger than
the stock return errors eSi by an order of magnitude. As such, and following Belo, Xue,
and Zhang (2011), when I estimate the stock return and Tobin’s Q moments simultaneously
I adjust the weighting matrix such that the weights for different sets of moments make
their errors comparable in magnitude. Specifically, I multiply the Q moments by a factor
P S P c
c
Q
Q
of i ec
i ei , in which ei is portfolio i’s Q error from estimating only the Q moi /
S is portfolio i’s expected return error from estimating only the expected return
ments, and ec
i
P S P c
Q
moments. In most of the cases, i ec
i ei is about 0.10. To conduct inference, I comi /

pute the optimal weighting matrix using a standard Bartlett kernel with a window length
of five. To test whether all model errors are jointly zero, I use the χ2 test from Lemma 4.1
in Hansen (1982).
Importantly, the GMM estimation is conducted at the portfolio level. That is, I match a
firm in the model with a portfolio. This approach has several advantages. First, the use of
portfolio-level data significantly reduces the large measurement errors in firm-level data (firm
level accounting data is noisy). Second, portfolio-level advertising and physical investment
data is smoother than firm-level data, consistent with the smooth adjustment cost function
considered here (investment in firm-level data is usually characterized by lumpiness, although
much less than plant-level data). Finally, portfolio-level returns significantly reduce most of
the firm-level idiosyncratic risk, thus allowing me to focus on the systematic component of
risk that drives stock returns.
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4.3

Data

For each portfolio, I construct the model’s predicted stock returns to match the average of
the realized portfolio annual stock returns, and construct the model’s predicted Tobin’s Q
to match the average of the realized portfolio annual Tobin’s Q.
The sample used for the estimation of the model consists of all common stocks in
NYSE/AMEX/NASDAQ from July 1980 to June 2008. Firm-level data is from the Center
for Research in Security Prices (CRSP) monthly stock file and the annual Standard and
Poor’s Compustat industrial files. I select the sample by first deleting any firm-year observations with missing data or for which total assets, gross capital stock, debt, or sales are
either zero or negative. I drop from the sample firms with missing observations of advertising expenditures because the theory in this paper does not apply to these firms. In the
estimation, I only include firms with fiscal year ending in the second half of the year to
make sure the accounting data is aligned across firms. Following the standard conventions, I
exclude firms with primary SIC classifications between 4900 and 4999 and between 6000 and
6999 because the neoclassical theory of investment is unlikely to be applicable to regulated
or financial firms. The data requirements leaves me with a large sample of 16, 571 firm-year
observations, and between 650 and 750 firms each year.
4.3.1

Variable Definitions

The definition and timing of the variables that are used in the GMM estimation follow
closely Liu, Whited, and Zhang (2009) and Belo, Xue, and Zhang (2011). The construction
of the firm-level brand capital stock follows Belo, Lin, and Vitorino (2013).
Brand capital stock and investment: investment in brand capital is given by advertising expenditures (At ), Compustat data item XAD (advertising expenses). This variable is defined
as the cost of advertising media (radio, television, periodicals, etc.) and promotional expenses. As discussed in Simon and Sullivan (1993), advertising affects a firm’s brand name
through brand associations, perceived quality, and use experience. For example, advertising
that provides information about verifiable attributes influences brand associations. Also,
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heavy advertising can enhance perceived quality of experience goods, that is goods whose
quality cannot be determined prior to purchase.
Naturally, advertising expenditure data does not fully capture all the investments made
by firms to build and enhance their brands. For example, this measure ignores consistent
product experience which is an important determinant of brand value. Therefore, advertising
expenditures are an imperfect proxy for investment in brand capital. I am trading off this
cost with the benefit that advertising expenditures accounting data is readily available for
a large sample of firms and over a long period of time, thus allowing me to provide a
comprehensive analysis of the effects in the data.
To measure the brand capital stock (Bt ), I follow Belo, Lin, and Vitorino (2013) and construct the brand capital stock from past advertising expenditures data using the perpetual
inventory method:17

Bt+1 = 1 − δ B Bt + At .

(19)

To implement the law of motion in Equation (19), it is necessary to specify an initial
stock and a depreciation rate. According to the perpetual inventory method, I choose the
initial stock as:
B0 =

A0
,
g + δB

where A0 is a firm’s advertising expenditure in the first year in the sample. I use a depreciation rate of δ B = 20% and an average growth rate of advertising expenditures of g = 10%,
which corresponds to the average growth rate in our sample. Thus, according to this specification, more recent advertising expenditures have a substantially higher impact on brand
capital, consistent with the analysis in Dubé, Hitsch, and Manchanda (2005). The brand
capital depreciation rate used here is roughly consistent with the empirical evidence surveyed
in Bagwell (2007) and is a value typically used in the literature on intangible capital (e.g.
Li and Liu 2010). Because ultimately the brand capital depreciation rate is not observable
17

This approach is standard in the intangible capital literature. See Hirschey and Weygandt (1985), Lev
(2001), Lev and Radhakrishnan (2004), Eisfeldt and Papanikolaou (2013), and Li and Liu (2010) for similar
approaches. The Bureau of Economic Analysis uses a similar methodology to construct a stock of Research
and Development capital (see Sliker 2007).
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(it can only be estimated in some particular applications), this simple measure does not
allow for possible differences in the brand capital depreciation rate across industries. The
brand capital investment rate at time t is then given by the ratio of advertising expenditures
during period t to brand capital stock at the beginning of time t (At /Bt ).
Physical capital stock and investment: firm level capital investment (It ) is given by Compustat data item CAPEX (capital expenditures) minus data item SPPE (sales of property
plant and equipment), if available. The capital stock (Kt ) is given by the data item PPEGT
(gross property, plant and equipment). The physical capital investment rate at time t is
then given by the ratio of physical investment during period t to physical capital stock at
K , is the amount
the beginning of time t (It /Kt ). The physical capital depreciation rate, δit+1

of depreciation (item DP ) divided by capital stock.
Additional variables: output, Yit+1 , is sales (item SALE) and total debt, bit+1 , is long-term
debt (item DLTT ) plus short-term debt (item DLC ). Market leverage, νit , is the ratio of
total debt to the sum of total debt with the market value of equity Pit , which is the closing
price per share (item PRCC_F ) times the number of common shares outstanding (item
CSHO). The number of employees is given by item EMP. The tax rate, τt , is given by the
statutory corporate income tax (from the Commerce Clearing House, annual publications).
b
For corporate bond return, Rit+1
, I first follow Blume, Lim, and MacKinlay (1998) to impute

the credit ratings for firms with no rating data from Compustat (item SPLTICRM ), then
assign the corporate bond return for a given credit rating (from Ibbotson Associates) to all
firms with the same rating, and finally compute the equal-weighted corporate bond returns
from July of year t to June of year t+1 for each testing portfolio. The after-tax bond return,
ba , is computed from Rb
Rit+1
it+1 using the average of tax rates in years t and t + 1 to deal with

timing mismatch. Stock variables subscripted t (t + 1 for debt) are measured and recorded
at the end of year t, while flow variables subscripted t are measured over the course of year
t and recorded at the end of year t + 1. Following Fama and French (1995), the firm-specific
characteristics are aggregated to portfolio-level characteristics. For example, portfolio i’s

21

advertising expenditures and brand capital stock in year t are given, respectively, by:

Ait =

X

Ajt and Bit =

j

X

Bjt , with j ∈ Portfolio i at time t.

(20)

j

The corresponding advertising investment rate of portfolio i is then given by Ait /Bit . A
similar aggregation procedure is used for the other portfolio-level characteristics.

4.3.2

Testing Portfolios

I use five advertising growth portfolios to estimate the model. Focusing on portfolios sorted
on advertising growth allows me to investigate if the structural model proposed here can
capture the strong negative correlations between firms’ current advertising expenditures and
future stock returns previously documented in the marketing literature (see the discussion in
Section 2). I follow Belo, Lin, and Vitorino (2013) in constructing the five advertising growth
(ADV) portfolios. Specifically, in June of each year t, I sort all stocks into five equal-sized
groups based on the firm’s growth rate of advertising expenditures (ADV portfolios) for the
fiscal year ending in t − 1. The firm’s growth rate of advertising expenditures is computed
as (XADt − XADt−1 )/XADt−1 . Equal-weighted annual returns from July of year t to June
of year t + 1 are calculated and the portfolios are rebalanced at the end of each June.

4.4

The Link between Advertising Expenditures, Stock Returns and Firm
Value in the Data

The portfolio-level approach allows me to characterize the links between advertising expenditures and stock returns and firm value in a clear manner, by simply reporting the summary
statistics of the different characteristics of each of the advertising-growth portfolios. Table
1 reports the average realized future (i.e. after portfolio formation) excess stock returns
S ), the average of the stock returns one year before and during the portfolio formation
(r̄t+1
S
year (r̄t−1→t
), the average Tobin’s Q (Q̄t ), and other characteristics of each one of the five

advertising growth portfolios as well as for the H-L (high-minus low) portfolio, which is the
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difference between the characteristics of the high advertising growth and the low advertising
growth portfolios.
=========================
Insert Table 1 about here
=========================
The link between advertising growth and stock returns and firm value is clear. According
to Table 1, firms with current high advertising growth rates (column “high”) tend to have:
S
(i) high contemporaneous stock returns (difference of r̄t−1→t
for H-L of 13.32% per annum,
S )
and this value is more than 4.5 standard errors from zero); low future stock returns (r̄t+1
S
(difference of r̄t+1
for H-L of −6.22% per annum, which is more than 2.96 standard errors

from zero); and high Tobin’s Q (difference of Tobin’s Q for H-L of 0.38 per annum, although
this difference is not statistically significant). These results are consistent with the facts
previously documented in the marketing and asset pricing literatures discussed in Section 2.
As discussed in Section 3.5 the stock return equation (11) and the Tobin’s Q equation (12)
link the firm’s equilibrium stock returns and Tobin’s Q to several firm characteristics. Table
1 reports the average of the main components (as defined in Section 3.5) of stock returns
and Tobin’s Q across the five advertising-growth portfolios, thus providing an informal
qualitative analysis of the consistency between the model’s predictions and the data.
Consistent with the analysis in Section 3.5 firms in the low advertising growth portfolio
tend to have higher realized growth rates of advertising investment (∆(A/B)) than firms in
the high advertising growth portfolio, consistent with their higher realized returns. Similarly,
firms in the low advertising growth portfolio tend to have higher realized growth rates in
physical capital investment (∆(I/K)) than firms in the high advertising growth portfolio.
These two components (∆(A/B) and ∆(I/K)) must be sufficiently strong in the data to
overcome the opposite pattern of the marginal product of physical capital (Yt+1 /Kt+1 ) and
brand capital (Yt+1 /Bt+1 ). Here, firms in the low advertising growth portfolio tend to
have lower realized marginal products of physical and brand capital than firms in the high
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advertising growth portfolio, consistent with their lower realized returns. Finally, the pattern
of firm leverage and stock returns is consistent with the analysis in Section 3.5: firms in the
advertising growth portfolio have higher leverage ratios than firms in the high advertising
growth portfolio, consistent with their higher average stock returns.
Turning to the analysis of the components of Tobin’s Q, Table 1 shows that firms in the
low advertising growth portfolio tend to have lower physical capital (It /Kt ) and brand capital
(At /Bt ) investment rates than firms in the high advertising growth portfolio, consistent with
their lower average Tobin’s Q. However, firms in the low advertising growth portfolio have
higher realized brand capital to physical capital ratios (Bt+1 /Kt+1 ) than firms in the high
advertising growth portfolio, despite the lower realized Tobin’s Q. Naturally, which of these
components is more important to capture the patterns of stock returns and firm value in
the data is ultimately an empirical question which I address in the next section.
Finally, for completeness, Table 1 also reports the portfolios’ average advertising intensities, as measured by the advertising-to-sales ratio and the advertising growth rate (the
sorting variable). Not surprisingly, firms in the portfolio of firms with low advertising growth
rates also have lower past advertising intensity levels. In addition, the sorting procedure
generates a large spread in past advertising growth rate across the portfolios: firms in the
low advertising growth portfolio have, on average, a growth rate of advertising expenditures
of about −30%, whereas firms in the high advertising growth portfolio have, on average, a
growth rate of advertising expenditures of about 68%, a large difference of 98%.

5

The Investment-Based Model in Practice

This section reports the main empirical findings. I examine if the investment-based model
proposed here can capture the empirical links between advertising growth and stock-returns
of the advertising-growth portfolios. To that end, I evaluate if the model can simultaneously
match the cross-section of average realized stock returns and Tobin’s Q of the advertising-
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growth portfolios.18
To provide a metric against which we can evaluate the performance of the investmentbased model, I also report the asset pricing test results across the advertising-growth portfolios for standard asset pricing models such as the capital asset pricing model (CAPM),
the Fama and French (1993) three-factor model, and the Carhart (1997) four-factor model
(which includes the Fama-French three-factors plus the momentum factor).

5.1
5.1.1

Advertising, Stock Returns and Firm Value in the Cross-Section
Point Estimates and Model Performance

Table 2 reports the point estimates and overall performance of the investment-based model
using three different sets of moments conditions in the estimation. In column ER, I only
match average stock returns using moment condition (15). In column EQ, I only match
average Tobin’s Q using moment condition (16). Finally, in column ER+EQ, I combine the
previous two sets of moment conditions.
=========================
Insert Table 2 about here
=========================
Table 2 (Point Estimates) shows that the sum of the physical capital and brand capital
parameter estimates (αK + αB ) ranges from 0.39 (only ER used) to 0.46 (both ER and EQ
used), which are economically reasonable values (both lower than one as required by a well
specified production function).
The estimate of the brand capital adjustment cost parameter ηB ranges from 3.90 to
4.15 and is statistically significant across all sets of moment conditions. The estimate of the
capital adjustment cost parameter ηK ranges from 1.75 to 2.79, and is statistically significant
provided that the Tobin’s Q moments (EQ) are included in the estimation.
18
To establish the robustness of the findings, I also tested the model across alternative sets of portfolio
sorts (see Web Appendix).
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To interpret the magnitude of the estimated adjustment cost parameters, Table 2 (Implied Adjustment Costs) reports the average implied proportion of firm sales that is lost due
to physical capital and to brand capital adjustment costs. These values are computed as
CK /Y ≡ 1/2 (ηK Iit /Kij )2 /Yit for physical capital and CB /Y ≡ 1/2 (ηB Ait /Bit )2 /Yit for
brand capital. I evaluate these statistics by first computing the portfolio-level time-series of
the realized incurred adjustment costs to sales ratio, and then computing the mean of this
ratio over time and across all the portfolios.
The estimated magnitude of the physical capital and brand capital adjustment costs is
reasonable across all sets of moments. Physical capital adjustment costs range from 1.31%
(ER only) to 3.34% (EQ only). These values are well within the lower bound of the empirical
estimates surveyed in Hamermesh and Pfann (1996). For brand capital, the adjustment costs
are larger. The fraction of sales due to brand capital adjustment costs ranges from 7.36%
(EQ only) to 8.34% (ER and EQ). These results highlight the importance of brand capital
and brand capital adjustment costs for understanding firm value and stock returns.
Table 2 (Tests and Goodness of Fit) reports three measures of overall performance: the
mean absolute return errors in percent per annum (m.a.r.e.), the mean absolute Q errors
per annum (m.a.q.e.), and the χ2 test. The m.a.r.e and the m.a.q.e. are computed as the
means of the absolute errors across portfolios given by equations (17) and (18), respectively.
According to the three metrics considered here, the investment-based model performs very
well. The m.a.r.e. ranges from 0.21% (ER only) to 0.32% (ER and EQ). These numbers
are small, especially when compared with the large magnitude of the average returns (and
spread) of the advertising growth portfolios reported in Table 1: the spread in the returns
of advertising growth portfolios is 6.2% per annum, and the average stock returns of the
portfolios is 16.9%. The m.a.q.e. are also small, 0.04 across all sets of moments. This
pricing error represents less than 2% of the average Tobin’s Q ratio across the portfolios (2.3
as reported in Table 1) and less than 11% of the spread in Tobin’s Q across the portfolios
(0.38 as reported in Table 1). Finally, the investment-based model is not rejected by the χ2
test across any of the set of moments considered here, with p-values all above 66%.
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5.1.2

Pricing Errors

The m.a.r.e., m.a.q.e., and χ2 tests only indicate overall model performance. To provide a
more complete picture, Table 3 reports the stock return pricing error for each portfolio, eSi ,
as defined in equation (17), as well as the valuation moment pricing error for each portfolio,
eQ
i , as defined in equation (18). In addition, I report the t-statistic for each individual pricing
error, following Liu, Whited, and Zhang (2009). To put the results into perspective, Table
3 also reports the asset pricing test results for traditional asset pricing models such as the
CAPM, the Fama and French (1993) three-factor model, and the Carhart (1997) four-factor
model on the advertising-growth portfolios. To test the CAPM, I regress monthly portfolio
returns in excess of the risk-free rate on market excess returns. The risk-free rate used is
the one-month Treasury bill from Ibbotson Associates. The regression intercept (αCAP M )
measures the model error for the CAPM. To test the Fama-French model, I regress the
portfolio excess stock returns on the monthly returns of the market factor, a size factor, and
a book-to-market factor. The regression intercept (αF F 3F ) measures the error of the FamaFrench model. Finally, to test the Carhart model, I extend the Fama-French model with
a momentum factor. The regression intercept (αCAR ) measures the error of the Carhart
model. The factor-returns data for the three models is from Kenneth French’s webpage.
Finally, to facilitate the comparison across models, I also report the mean absolute error
(m.a.e.) for each model, computed as the mean of the absolute alphas across portfolios for
each asset pricing model (which I then compare with the m.a.r.e. for the investment-based
model).
=========================
Insert Table 3 about here
=========================
The basic message from Table 3 is clear: the fit of the investment-based model compares
favorably with the fit from the CAPM, the Fama-French model, and the Carhart model.
When I use the investment-based model to match expected returns, the m.a.e. of the model is
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only 0.21% per annum which is considerably smaller than the m.a.e. of the CAPM (4.94%
per annum), of the Fama-French model (3.16%), and of the Carhart model (5.49%). In
addition, in contrast with the standard models, none of the pricing errors of each individual
portfolio is statistically significant. In particular, the high-minus-low portfolio has a pricing
error of only −0.29% (t-stat = −0.36) in the model, which is considerably smaller than the
pricing error of −10.06% (t-stat = −4.5) in the CAPM, −8.38% (t-stat = −3.42) in the
Fama-French model, and −6.61% (t-stat = −2.70) in the Carhart model.
Figure 1 provides a visual description of the good fit of the investment-based model especially when comparing the performance of the model with that from standard asset pricing
models. For each model, this figure shows the plot of the average stock returns predicted by
the model against the average stock returns of the advertising-growth portfolios in the data.
If a model’s performance is perfect, the observations should lie exactly on the 45-degree line.
In the top-left panel, the scatter plot of the average predicted returns against the average
realized returns of the advertising-growth portfolios is largely aligned with the 45-degree
line. The investment-based model’s errors for the individual portfolios (difference from the
45-degree line) are thus small. In contrast, the CAPM, the Fama-French model, and the
Carhart model systematically underpredict the expected returns of the advertising-growth
portfolios, thus generating large pricing errors. This evidence suggests that, consistent with
Liu, Whited, and Zhang (2009), Q-theory outperforms traditional asset pricing models in
capturing the cross-section of expected returns.
=========================
Insert Figure 1 about here
=========================
Importantly, the fit of the investment-based model compares favorably with the fit of
the standard asset pricing models even when the model is estimated to match both expected
returns and average Tobin’s Q (standard asset pricing models are not designed to match
levels, as captured by Tobin’s Q). Here, the m.a.e. for stock returns is only 0.32% per annum
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in the investment-based model, which is still substantially smaller than the pricing errors of
the three alternative asset pricing models. In addition, the m.a.e. for Tobin’s Q moments
is only 0.04 (or again, less than 2% of the average Tobin’s Q across portfolios), and none of
the individual portfolio-level Tobin’s Q errors is statistically significant. Figure 2 provides a
visual description of the good fit of the investment-based model when matching both average
returns and firm value. Clearly, most observations remain well aligned with the 45-degree
line across the two set of moments, and thus the model continues to generate low pricing
errors.
=========================
Insert Figure 2 about here
=========================

6

The Value of Brand Capital

In this section, I use the results from the estimation of the investment-based model to
quantify the importance of brand capital for firm value, and relate the findings to the large
literature in marketing on brand valuation. As discussed in Section 2, the importance of
brand for firm value is well established in the marketing literature. The methodology used in
this paper provides a novel way of measuring brand equity grounded in economic theory, thus
providing an alternative, yet complementary, approach to the existing methods of measuring
brand equity.

6.1

Industry-Level Analysis

Using the model parameters estimated in the previous section, I compute the importance of
brand capital for firm value across different industries in the economy. This procedure allows
me to quantify not only the importance of brand capital for firm value in the overall economy,
but also the extent to which the importance of brand capital varies across industries.
Even though I do not explicitly consider heterogeneity in the production technologies
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across industries (i.e. the technology parameters are not industry-specific), the value of
brand capital may vary across industries due to different physical investment and advertising
rates. In turn, this implies that firms in different industries have different physical capital
and brand capital stocks (both in absolute terms and in relative terms), and thus that the
relative importance of brand capital and physical capital for firm value may vary across
industries. For this analysis, I consider the highly disaggregated 48 Fama-French industry
classification (see Kenneth French’s webpage for a detailed description of each industry).19
I compute the importance of brand capital for firm value in each industry as follows.
Using the firm-value decomposition in Proposition 1, the fraction of firm value that is attributed to brand capital (WitB ) in each industry i and in each year t is given by:
WitB ≡ B Qit Bit+1 /(K Qit Kit+1 + B Qit Bit+1 ),

in which

K Qit

2 I /K and
≡ 1 + (1 − τt )η̂K
it
it

B Qit


2 A /B
≡ (1 − τt ) 1 + η̂B
it
it . The charac-

teristics Iit , Kit , Ait , and Bit in each industry i are computed by aggregating each firm’s
characteristics to the industry-level, using the portfolio-level aggregation specified in equation (20). The average importance of brand capital for firm value (WiB ) in each industry
is then obtained as the time-series average of the industry-specific realized WitB . To compute this value, I use the point estimates η̂K and η̂B obtained from the estimation of the
investment-based model on the five advertising growth portfolios reported in Table 2. The
results from this analysis are reported in Table 4. In addition, this table reports the average
advertising intensity in each industry as measured by the advertising-to-sales ratio and the
industry average Tobin’s Q. Advertising intensity is naturally correlated with WiB and helps
to understand the extent to which industries differ in their advertising efforts.
=========================
Insert Table 4 about here
19

I only report results for 44 industries because 4 industries are eliminated due to missing observations.
In addition, I expand the sample size in this analysis by including firms in the Finance and Utilities sectors,
and by not excluding firms based on the fiscal-year end.
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=========================
The results reported in Table 4 show that brand capital accounts for a substantial fraction
of firm market value in most industries, and that this fraction varies significantly across
industries. Across all the 44 industries considered here, the mean fraction of firm value
attributed to brand capital is about 23%.
The brand value (brand equity) ranges from close to zero for commodities (e.g. Steel,
Oil) to about 30 − 60% of firm market value for consumer goods. Note that the industries
that produce and sell consumer brand products have much higher-than-average estimated
brand equity. In general, the stronger the consumer product orientations, the higher the
share of brand capital.
The values reported here are roughly consistent with the values estimated in Simon and
Sullivan (1993) using a reduced-form approach, and are in line with the values typically
reported in the literature on brand valuation surveyed in Srinivasan, Hsu, and Fournier
(2011). This finding suggests that the measure of brand capital that I use has reasonable
properties and that the estimation procedure produces reasonable estimates.

6.2

Firm-Level Analysis

In this section, I expand the previous analysis and compute the value of brand capital at
the firm-level for the subset of U.S. large firms that report advertising expenditures. This
analysis is interesting given the existence of several firm-level rankings published in the academic literature and computed by several consulting firms (e.g. Interbrand, BrandFinance,
CoreBrand, among others) which specialize on brand valuation (see the related literature
Section 2 for additional references). In turn, this allows me to illustrate the usefulness of
the methodology proposed here for practical applications.
The estimated value of brand capital for firm i implied by the estimation results of the
investment-based model is obtained directly from equation (7). It is computed as:

Value of Brand Capitalt,i



2 Ait
Bit+1 .
= (1 − τt ) 1 + η̂B
Bit
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(21)

To obtain this value, as in the industry-level analysis, I use the point estimates η̂K and η̂B
obtained from the estimation of the investment-based model on the five advertising growth
portfolios reported in Table 2. For tractability, I focus the analysis on the results for the
last year in the sample, 2007.
=========================
Insert Table 5 about here
=========================
Table 5 reports the top 25 firms by value of brand capital, as implied by the estimation
of the model. Interestingly a large overlap exists between the brands in this ranking and the
brands in well-know rankings such as the ones by Interbrand, BrandFinance and CoreBrand.
According to my estimates, Procter and Gamble and Coca Cola are, among the set of firms
considered here, the corporate brands with the highest brand value.
The previous analysis illustrates the usefulness of the methodology and show that the
results reported here have practical implications. Given that the accounting data necessary
to compute the implied value of brand capital is readily available for a large number of
publicly traded firms and at a regular frequency (annual data), the estimation of brand
equity for different firms is a trivial task. Given the parameter estimates (η̂B ) reported
here and accounting data, computing the value of brand capital follows immediately from
equation (21). In turn, this measure can be compared with existing alternative measures of
brand equity, thus obtaining more accurate measures of brand value.

7

Concluding Remarks

In this paper I propose a dynamic structural investment-based model to understand the
empirical links between advertising expenditures and stock returns and firm value identified
in previous studies. This paper brings structural modeling to the literature on financial
markets research in marketing and opens up several areas for further research.
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First, the results suggest that the link between average stock returns and advertising
expenditures previously documented in the literature is consistent with a risk-based interpretation. In the model, firm managers maximize firm value taking risk properly into
account when discounting future cash-flows. I show that the predicted stock returns generated by the model are consistent with those in the data. This result is important given the
evidence that standard asset pricing models cannot explain the link between average returns
and advertising growth, suggesting that the returns associated with advertising observed in
financial markets are not necessarily abnormal. In turn, this result calls for additional research on asset pricing, in particular for the identification of pricing factors able to capture
the risk properties of intangible capital assets (see Eisfeldt and Papanikolaou 2013, for an
interesting recent attempt to construct an intangible capital risk factor).
Second, the theoretical analysis reported here highlights the importance of interpreting with caution the previously documented correlations between measures of marketing
activities (such as advertising expenditures) and firm value and stock returns. For example, the observed correlations do not imply that firms can increase stock returns and firm
value by arbitrarily increasing advertising expenditures. According to the investment-based
model, the empirical links are consistent with firms’ optimal investment and advertising
decisions. That is, along the firms’ optimal investment and advertising expenditure paths,
firms with higher increases in advertising expenditures have higher Tobin’s Q. However,
because firms in the model are maximizing firm value, any deviation (increase or decrease)
from these optimal values inevitably decreases overall firm value. The consistency between
the investment-based model and the data suggests that, on average, this is the empirically
relevant case.
Third, the methodology used provides a novel way of measuring brand equity. To better
capture the complexity of brand equity, the new measure can complement other research
techniques and approaches. Consistent with previous studies, the estimates reported here
confirm that brand capital is an important component of firm value (brand value represents,
on average, about 23% of firm value) and that its importance varies significantly across in-
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dustries. The estimation results have practical applications. The accounting data necessary
to compute the implied value of brand capital in the model is readily available for a large
number of publicly traded firms. Given that, the parameter estimates obtained here can
be used to estimate brand equity for different firms in a straightforward manner by simply
applying the brand capital value formula in equation (21).
Finally, the results reported here highlight the importance of adjustment costs in brand
capital. In addition to the explicit cost of advertising, augmenting the brand capital stock
(i.e. creating a brand name) is costly: the parameter estimates obtained imply that brand
capital adjustment costs represent, on average, around 8% of firms’ annual sales. This helps
to explain why brand names (i.e. installed brand capital) are an important component of
firm value. Thus, understanding the nature of these brand capital adjustment costs is an
important question for future research. The estimates of the brand capital adjustment cost
parameters reported here provide the key inputs for future research to quantify the impact
of sub-optimal advertising policies on firm value, a question of fundamental importance for
firm managers and investors.20
In conclusion, this paper’s approach shows that the standard neoclassical theory of investment provides a useful starting point for understanding the dynamics of advertising
expenditures by corporations and their link to stock returns and firm value. I believe that
this work will encourage others working on research at the intersection of marketing and
finance to build subsequent models grounded in theory allowing one to understand the
mechanisms behind many of the important patterns found in the data to date.

20

As discussed in Lilien, Kotler, and Moorthy (1992), it is well known that some firms follow simple rules
when choosing how much to advertise (e.g. choose advertising expenditures as a fixed proportion of firm
sales) and these rules are not necessarily the first-best. Naturally, the impact of these sub-optimal advertising
policies depends, among other things, on the characteristics of the firm’s technology, in particular of the cost
of adjusting the brand capital stock. Using the parameter estimates reported here, the cost of sub-optimal
advertising policies can be computed in fully specified simulated economies, by comparing the firm value
under the sub-optimal and the first-best advertising policies.
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Tables and Figures
Table 1: Descriptive Statistics of Advertising Portfolios
The table reports the descriptive statistics of five advertising growth portfolios. Qt is the average portfolio’s
S
S
Tobin’s Q. r̄t+1
is the average realized (future) portfolio stock return in annual percent. r̄t−1→t
is the average

of the current (at the time of portfolio formation) and previous period portfolio stock return. Yt+1 /Kt+1
is the average realized marginal product of physical capital. Yt+1 /Bt+1 is the average realized marginal
product of brand capital. ∆(I/K) ≡ (It /Kt ) / (It−1 /Kt−1 )is the average (gross) growth rate of investment
in physical capital, ∆(A/B) ≡ (At /Bt ) / (At−1 /Bt−1 ) is the average (gross) growth rate of investment in
brand capital, Levt is the average portfolio leverage ratio. It /Kt and At /Bt are the portfolio level average
realized physical capital and brand capital investment rates, respectively. Bt+1 /Kt+1 is the average realized
brand capital-to-physical capital ratio (measured at the end of the year), At /Salest is the average advertising
to sales ratio (a.k.a. advertising intensity) and ∆A ≡ (At−1 − At−2 )/At−2 is the average growth rate of
past advertising expenditures. The H-L portfolio is long in the high and short in the low portfolio. The
t-statistic for the characteristic of the high minus low portfolio, denoted t(H-L), test that the difference in
the corresponding characteristic of the high and low portfolio equals zero.

Low
2
Tobin’s Q and Stock Returns
Qt
2.01
2.26
S
r̄t+1
19.21 19.28
S
r̄t−1→t
16.99 16.64

3

4

High

H-L

t(H-L)

Avg

2.39
17.35
19.99

2.36
15.95
22.86

2.40
12.99
30.31

0.38
−6.22
13.32

1.49
−2.96
−4.51

2.28
16.96
21.36

Portfolio Characteristics
Yt+1 /Kt+1
1.59
1.75
Yt+1 /Bt+1
11.10
8.78
∆I/K
0.99
0.99
∆A/B
1.03
1.02
Levt
0.25
0.23
It /Kt
0.10
0.11
At /Bt
0.23
0.26
Bt+1 /Kt+1
0.18
0.22
At /Salest (%)
2.41
3.10
∆A (%)
−30.74 −3.41

1.85
7.83
0.98
0.97
0.26
0.12
0.28
0.25
3.79
8.85

1.77
9.66
0.96
0.95
0.22
0.12
0.32
0.19
3.46
23.16

1.76
13.21
0.96
0.85
0.22
0.14
0.39
0.14
3.25
67.91

0.18
2.11
−0.03
−0.18
−0.03
0.05
0.16
−0.04
0.84
98.65

1.26
1.77
−0.58
−7.19
−1.39
4.09
10.29
−1.58
3.54
8.11

1.74
10.11
0.98
0.96
0.24
0.12
0.30
0.19
3.20
13.15
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Table 2: Parameter Estimates and Tests of Overidentification
The table reports the estimation results using GMM on the stock return given by equation (15) (ER), or
on valuation moments given by equation (16) (EQ), or both set of moment conditions (ER+EQ). The test
assets for the estimation are five advertising growth portfolios. α is the share sum of the shares of brand
capital and physical capital in the production function. ηK is the physical capital slope adjustment cost
parameter, and ηB is the brand capital slope adjustment cost parameter. The t-statistics, denoted [t], test
that a given estimate equals zero. CK /Y and CB /Y are the ratio (in percent) of the implied physical capital
(CK ) and brand capital (CB ) adjustment costs-to-sales ratio. χ2 , d.f., and p-val are the statistic, the degrees
of freedom, and the p-value testing that all the errors are jointly zero. m.a.r.e. is the mean absolute return
error (across return moments), and m.a.q.e. is the mean absolute Q error (across Q moments).

ER

EQ

ER+EQ

Point Estimates
α
0.39
[t]
2.19
ηK
1.75
[t]
0.72
ηB
3.97
[t]
3.07

−
−
2.79
5.33
3.90
3.67

0.46
5.19
2.58
4.03
4.15
2.99

Implied Adjustment Costs
CK /Y
1.31
3.34
B
C /Y
7.62
7.36

2.85
8.34

Tests and
χ2
d.f.
p-val
m.a.r.e.
m.a.q.e.

Goodness of Fit
0.13
1.59
2
3
93.79
66.26
0.21
0.04
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1.88
7
96.62
0.32
0.04

Table 3: Pricing Errors of Advertising Portfolios
This table reports the errors of the moments conditions as well as the time-series average of the portfolios’s
S
Tobin Q (Q̄t ) and stock return (r̄t+1
) which are the target values in the estimation. Estimation of the model

is by GMM on the return and valuation moments given by equations (15) and (16) using five advertising
growth portfolios. The return equation error eS is defined in equation (17). The Tobin’s Q equation error eQ
is defined in equation (18). αCAPM is the intercept from the monthly CAPM regression in annual percent.
αFF3F is the intercept from the monthly Fama-French (1993) three-factor regression in annual percent. αCAR
is the intercept from the Carhart (1997) four-factor model augmented with momentum factor. The data for
the risk-free rate and the factor returns are from Kenneth French’s Web site. The t-statistics, denoted [t],
test that a given estimate equals zero. H-L is the portfolio that is long in the high and short in the low
advertising growth portfolio.

Low

2

Mid

4

High

H-L

m.a.e.

19.21
2.01

Average Returns and Tobin’s Q (in the data)
19.28 17.35 15.95 12.99
−6.22
2.26
2.39
2.36
2.40
0.38

[t]
αCAPM
[t]
αFF3F
[t]
αCAR
[t]

0.21
−0.17
7.31
2.05
5.68
2.24
9.57
3.00

Errors: Matching Average Returns
−0.33
0.30 −0.12 −0.08
−0.29
0.29 −0.28
0.06
0.09
−0.36
7.44
4.96
2.22 −2.75 −10.06
3.03
2.44
0.97 −0.89
−4.50
4.39
2.44
0.58 −2.70
−8.38
3.22
2.14
0.36 −1.13
−3.42
6.43
4.58
3.89
2.96
−6.61
3.82
3.78
1.88
1.11
−2.70

eS
[t]
eQ
[t]

Errors: Matching Average Returns and Tobin’s Q
0.30 −0.76 −0.02
0.17
0.36
0.07
0.32
−0.21
0.38
0.02 −0.08 −0.22
0.06
0.06
0.1 −0.03
0 −0.04
−0.09
0.04
−0.49 −1.19
0.30
0.03
0.56
−0.81

S
r̄t+1
Q̄t

eS
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0.21
4.94
3.16
5.49
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Rank
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

Industry
Toys
Clothes
Beer
Food
Smoke
Household
Drugs
Books
Retail
Fun
Building Materials
Banks
Finance
Wholesale
Rubber
Soda
Construction
Meals
Computers
Business Services
Autos
Medical Equipment

Q̄t
3.62
3.76
3.72
2.72
4.16
2.82
5.86
3.24
2.34
2.06
1.95
18.98
20.54
3.06
2.00
1.94
7.61
1.47
4.52
6.20
1.58
4.99

Advertising
Intensity
At /Salest (%)
7.15
3.89
7.84
4.63
4.79
5.48
5.12
3.30
1.77
5.71
2.86
1.25
1.39
0.83
1.77
2.63
0.44
3.22
1.14
1.09
1.41
1.47
WB
0.63
0.61
0.54
0.54
0.53
0.51
0.44
0.39
0.37
0.31
0.31
0.31
0.30
0.27
0.26
0.25
0.24
0.23
0.23
0.21
0.20
0.19
Rank
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44

Industry
Textiles
Real Estate
Personal Services
Machinery
Chips
Laboratory Equipment
Telecommunications
Insurance
Paper
Electronic Equipment
Agriculture
Fabricated Paper
Transportation
Chemicals
Health
Guns
Oil
Steel
Aero
Mines
Utilities
Other

Q̄t
1.44
1.70
1.52
2.23
2.70
4.08
1.27
6.19
1.53
3.57
2.82
2.33
0.75
1.21
1.55
2.04
0.76
1.20
2.24
1.23
0.75
1.42

Advertising
Intensity
At /Salest (%)
1.02
2.33
1.98
0.84
1.19
0.75
2.25
0.36
1.16
0.63
0.74
0.55
1.44
0.78
0.46
0.32
0.33
0.19
0.08
0.05
0.06
0.02

realized weights WtB in each year, and then computing the mean over time for each industry separately. Industries are ranked by W B .

WB
0.17
0.17
0.16
0.16
0.14
0.14
0.14
0.13
0.12
0.12
0.11
0.11
0.11
0.08
0.06
0.05
0.03
0.02
0.02
0.00
0.00
0.00

(ER and EQ), as defined in equations (17) and (18), respectively. The average WB
t in each industry is obtained by first computing the industry-level

estimation of the brand capital model on the five advertising growth portfolios (Table 2) and using both stock return and Tobin’s Q moment conditions

average fraction of brand capitalin each industry
is computed as WB
t ≡B Qit Bit+1 /(K Qit Kit+1 +B Qit Bit+1 ), in which the brand capital and physical

Iit
2 Ait
Q’s are given by B Qit ≡ (1 − τt ) 1 + ηB Bit and K Qit ≡ 1 + (1 − τt )ηK 2 K
, and computed using the point estimates (η̂B and η̂K ) obtained from the
it

across the 44 Fama-French industries and the time-series average of advertising intensity in each industry (At /Salest ). Following Proposition 1, the

This table reports the time-series average of the industry portfolios’s Tobin Q (Q̄t ), the estimated time-series average fraction of brand capital (WB )

Table 4: The Value of Brand Capital Across Industries

Table 5: The Value of Brand Capital for the Top 25 Firms
This table reports the estimated value of brand capital for the top 25 firms by value of brand capital implied
by the estimation of the model and their estimated time-series average fraction of brand capital (WB ). The
value of brand capital from firm i implied by the model is obtained directly from equation (7) as: Value
2 Ait
of Brand Capitalt,i = (1 − τt ) 1 + η̂B
Bit+1 . The industry classification is in accordance with the
Bit
48-Fama-French industry classification. The results reported here are for the year 2007, the last year in the
sample.

Ranking
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Company Name
PROCTER & GAMBLE
COCA COLA
FORD MOTOR
GENERAL MOTORS
AT&T
TIME WARNER
JOHNSON & JOHNSON
PFIZER
WALT DISNEY
VERIZON
WAL MART STORES
SPRINT
NIKE
PEPSI COLA
INTEL
ESTEE LAUDER
COLGATE–PALMOLIVE
KRAFT FOODS
ANHEUSER BUSCH
BRISTOL MYERS
MICROSOFT
JCPENNEY
IBM
MACYS
TARGET

Industry

Value of
Brand Capital (2007)
(Millions of dollars)

WB

Household
Soda
Autos
Autos
Telecommunications
Telecommunications
Drugs
Drugs
Telecommunications
Telecommunications
Retail
Telecommunications
Clothes
Beer
Chips
Household
Household
Food
Beer
Drugs
Business Services
Retail
Business Services
Retail
Retail

118, 067
98, 607
79, 514
79, 461
68, 244
61, 386
40, 160
38, 965
37, 982
36, 701
29, 860
29, 719
28, 185
27, 440
27, 435
26, 730
23, 308
22, 658
21, 315
21, 180
19, 552
19, 190
17, 978
17, 147
16, 986

0.71
0.70
0.36
0.41
0.19
0.52
0.50
0.52
0.46
0.11
0.14
0.27
0.85
0.45
0.29
0.88
0.72
0.47
0.48
0.60
0.47
0.66
0.24
0.48
0.26
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Figure 1: Average Predicted versus Realized Stock Returns Across Asset Pricing
Models
This figure plots the predicted versus realized average stock returns for the brand capital model (top left
panel), the CAPM (top right panel), the Fama-French (1993) three-factor model, and the Carhart (1997)
four-factor model. The results for the brand capital model are obtained from the estimation of the model
by GMM using the return moment condition given by equation (15). The test assets are five advertising
growth portfolios.
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Figure 2: Average Predicted versus Realized Stock Returns and Tobin’s Q for
Advertising Portfolios
This figure plots the predicted versus realized average stock returns (left panel) and Tobin’s Q (right panel)
for the brand capital model. The results are obtained from the estimation of the model by GMM using the
return and valuation moments given by equations (15) and (16). The test assets are five advertising growth
portfolios.
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Appendix
A

Proof of Proposition 1

Let Φit ≡ Φ(Iit , Kit , Ait , Bit ) be the adjustment cost function defined in equation (5). The
first-order conditions with respect to Iit , Kit+1 , Ait , Bt+1 ,and bit+1 from maximizing equation
(6) are, respectively,
∂Φit
= 1 + (1 − τt )
∂I
 it




∂Yit+1
∂Φit+1
K
K
−
+ δit+1 τt+1 + (1 − δit+1 )K Qit+1
K Qit = Et Mt+1 (1 − τt+1 )
∂Kit+1 ∂Kit+1


∂Φit
B Qit = (1 − τt ) 1 +
∂Ait





∂Φit+1
∂Yit+1
B
−
+ (1 − δ )B Qit+1
B Qit = Et Mt+1 (1 − τt+1 )
∂Bit+1 ∂Bit+1
h
h
ii
b
b
1 = Et Mt+1 Rit+1
− (Rit+1
− 1)τt+1 .

K Qit

(1)
(2)
(3)
(4)
(5)

Using the linear homogeneity of Yt and Φt , and the previous first-order conditions, we
can show that:
+B Qit Bt+1 − bit+1


∂Yit+1
∂Yit+1
Kit+1 +
Bit+1 − Ait+1
Mt+1 (1 − τt+1 )
∂Kit+1
∂Bit+1

∂Φit+1
∂Φit+1
∂Φit+1
∂Φit+1
Kit+1 −
Bit+1 −
Iit+1 −
Ait+1
−
∂Kit+1
∂Bit+1
∂Iit+1
∂Ait+1

K Qit Kit+1


= Et

K
b
b
+δit+1
τt+1 Kit+1 − Iit+1 + bit+2 − Rit+1
bit+1 + τt+1 (Rit+1
− 1)bit+1

∂Φit+1
K
+(Iit+1 + (1 − δit+1
)K Qit+1 Kit+1 + (1 − τt+1 )
Iit+1 )
∂Iit+1



∂Φit+1
B
+ (1 − τt+1 )Ait+1 + (1 − δ )B Qit+1 Bit+1 + (1 − τt+1 )
Ait+1 − bit+2
∂Ait+1
h
h
ii
b
b
+ Et Mt+1 Rit+1
bt+1 − τt+1 (Rit+1
− 1)bit+1 − bit+1
= Et [Mt+1 [Dit+1 +K Qit+1 Kit+2 +B Qit+1 Bit+2 − bit+2 ]] .
Similarly, substituting the term
sively, we get
K Qit Kit+1

K Qit+1 Kit+2

+B Qit Bit+1 − bit+1 =

(6)

+B Qit+1 Bit+2 − bit+2 in equation (6) recur-

∞
X
s=1
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Et [Mt+s Dit+s ] = Vit − Dit = Pit

(7)

Therefore, we prove the stock valuation equation in Proposition 1: K Qit Kit+1 +B Qit Bit+1 =
Pit + bit+1 .
I
Equations (1) and (2) imply that Et [Mt+1 Rit+1
] = 1. Equations (3) and (4) imply


A
ba ] = 1. The investment
that Et Mt+1 Rit+1 = 1, and equation 5 implies that Et [Mt+1 Rit+1
I
A , and the after-tax corporate bond return, Rba ,
return, Rit+1
, the adverting return, Rit+1
it+1
are as defined in Proposition 1. Using similar arguments as in equation (6), we can prove
the stock return decomposition in Proposition 1:
I
A
Rit+1
µit + Rit+1
(1 − µit )

=

ba b
Dit+1 + Pit+1 + Rit+1
it+1
Pit + bit+1

ba
S
= rit+1
νit + Rit+1
(1 − νit ).
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(8)
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–Web Appendix–

Understanding the Effect of Advertising on Stock Returns and Firm
Value: Theory and Evidence from a Structural Model

WEB APPENDIX A
Robustness Checks: Other Portfolios
The empirical results in Section 5 assign an important economic role to brand capital
in understanding firm value and stock returns, as implied by the economically large brand
capital adjustment costs, the significant brand capital parameter ηB , and the low pricing
errors generated by the model. In this section, I investigate the robustness of the findings by
estimating the brand capital investment-based model on alternative portfolios sorts, namely,
five portfolios sorted on book-to-market ratio (BM), investment-to-assets (IAT), investment
in brand capital (IBK), and brand capital intensity (BKN). Sorting on book-to-market
ratios (value) produces a large dispersion in average returns (value premium) and Tobin’s
Q (value spread), thus allowing me to investigate if the brand capital investment-based
model is consistent with the value premium observed in the data.1 The remaining portfolios
sorted on physical capital investment rate or other brand capital/advertising investment
measures produce a large dispersion along either the stock return or Tobin’s Q dimension,
thus providing an additional challenging set of moments which I use to investigate the
importance of brand capital for firm value. I show that the main quantitative and qualitative
results are not sensitive to the set of testing portfolios used.
A.1 Construction of the Alternative Portfolios
The alternative testing portfolios are constructed as follows:
Five Investment in Brand Capital (IBK) and Brand Capital intensity (BKN) Portfolios:
I follow Belo, Lin, and Vitorino (2013) in constructing these portfolios. Specifically, in June
of each year t, I sort all stocks into five equal-sized groups based on either the firm’s investment in brand capital investment rate (IBK portfolios), or the brand capital to employee
ratio (BKN portfolios), for the fiscal year ending in t − 1. The brand capital investment rate
is computed as XADt /Bt and the brand capital to employee ratio as Bt /EM Pt . Equalweighted annual returns from July of year t to June of year t + 1 are calculated and the
portfolios are rebalanced at the end of each June.
Five Investment-to-Assets Portfolios (IAT): I follow Chen, Novy-Marx, and Zhang (2011)
in constructing the five investment-to-assets portfolios.2 Specifically, I sort all stocks in June
of each year t into five groups based on investment-to-assets for the fiscal year ending in
t − 1. Investment-to-assets is defined as the annual change in gross property, plant and
1

Liu, Whited, and Zhang (2009) and Belo, Xue, and Zhang (2011) show that the one-capital-good
investment-based model can match both the value premium and value spread in the data well. Here I
investigate if, by augmenting the one-capital-good model with brand capital, the ability of the investmentbased model to capture the variation in the returns of the book-to-market portfolios is preserved.
2
I focus on five instead of ten portfolios (as in Chen, Novy-Marx, and Zhang 2011)) given the small size
of my sample.

2

equipment (Compustat annual item PPEGT ) plus the annual change in inventories (item
INVT ) divided by the lagged book value of assets (item AT ). Equal-weighted annual returns
from July of year t to June of year t+1 are calculated for the portfolios, which are rebalanced
at the end of each June.
Five Book-to-Market Equity Portfolios (BM): I follow Fama and French (1993) in constructing the five book-to-market portfolios. Specifically, I sort all stocks in June of each
year t into five groups based on the book-to-market ratio for the fiscal year ending in t − 1.3
Firm-year observations with negative book equity are excluded. I then calculate equalweighted annual returns from July of year t to June of year t + 1 for the portfolios, which
are rebalanced at the end of each June.
A.2 Descriptive Statistics of the Alternative Portfolios
Table 1 reports the average stock returns (r̄S ) and Tobin’s Q (Q̄) for each alternative
portfolio sort. In addition, the table reports the average stock returns and Tobin’s Q for
S
each high-minus-low portfolio (r̄H−L
and Q̄H−L ) and the corresponding t-statistic, which
tests the hypothesis that the corresponding average is zero.
I first examine two portfolios sorts that are unrelated with advertising expenditures and
brand capital. The sorting on book-to-market (BM) ratio produces a large spread in average
returns of 8.1% per annum and a large spread in the Tobin’s Q ratio of 1.4. Both spreads
are more than 2.5 standard errors from zero. Thus, using the BM portfolios as test assets
provides a challenging set of moment conditions for the investment-based model. The sorting
on investment-to-asset (IAT) ratio also generates a large spread in average returns of 5.9%
per annum, which is more than 1.9 standard errors from zero, but only a modest spread in
Tobin’s Q of 0.2.
In addition to the previous two portfolios, I also investigate the fit of the model using
the alternative advertising portfolios proposed in Belo, Lin, and Vitorino (2013). The sort
on investment in brand capital (IBK) investment rate is closely related to the advertising
growth portfolios, except that here the growth in investment takes into account the scale of
the brand capital stock. This portfolio sort generates a significant spread in returns of 5.8%
per annum, and this value is more than 2 standard errors from zero. Similar to the IAT
3
Book-to-market equity is book equity for the fiscal year ending in t − 1, divided by the market value
of common equity for December of year t − 1. Book equity is stockholder equity plus balance sheet deferred
taxes (Compustat annual item TXDB if available) and investment tax credit (item ITCB if available)
plus post-retirement benefit liabilities (item PRBA if available) minus the book value of preferred stock.
Depending on data availability, I use redemption (item PSTKRV ), liquidation (item PSTKL), or par value
(item PSTK ) to represent the book value of preferred stock. Stockholder equity is equal to Moody’s book
equity (from Kenneth French’s website) or to the book value of common equity (item CEQ) plus the par
value of preferred stock or to the book value of assets (item AT ) minus total liabilities (item LT ). The
market value of common equity is the closing price per share (item PRCC_F ) times the number of common
shares outstanding (item CSHO).
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portfolios, this portfolio sort generates a modest spread in Tobin’s Q ratio of only 0.34. The
second sort on brand capital intensity portfolios (BKN) generates a relatively smaller spread
in returns of about 4% per annum, and this value is more than 1.6 standard errors from
zero. The spread in Tobin’s Q across the portfolios is very large, about 1.7 per annum, which
is more than 8 standard errors from zero. Thus the brand capital intensity portfolios are
especially interesting because, among all the alternative sets of portfolios considered here,
these provide the most challenging set of moment conditions along the valuation dimension.
A.3 Point Estimates and Model Performance
Table 2 reports the point estimates and overall model performance of the model estimated
separately across each of the alternative portfolio sorts, and use both the stock returns
moment condition (15 in the main text) and the Tobin’s Q moment condition (16 in the
main text) as the target moments.
Overall, the main substantive conclusions from the Section 5 remain valid here. The
sum of the physical capital and brand capital parameter estimates (αK + αB ) is similar
across test assets. This estimate ranges from 0.38 (BM portfolios) to 0.47 (IBK portfolios)
which, again, are all economically reasonable values (all lower than one). The estimate
of the brand capital adjustment cost parameter ηB ranges from 2.68 (BM portfolios) to
4.95 (IBK portfolios). Importantly, this value is statistically significant across all portfolios
sorts, although only marginally significant across the BM portfolios (t-statistic of 1.73). The
estimate of the capital adjustment cost parameter ηK ranges from 1.90 (IBK portfolios) to
3.07 (BM portfolios) and is also statistically significant across all portfolio sorts except the
IBK portfolios (t-statistic of 1.43).
Transforming the parameter estimates into interpretable quantities, Table 2 (Implied
Adjustment Costs) shows that the fraction of firm sales lost due to physical capital adjustment costs ranges from 1.8% (IBK portfolios) to 4.4% (IAT portfolios). For brand capital,
the fraction of output lost to adjustment costs ranges from 3.2% (BM portfolios) to 12.9%
(IBK portfolios).
Table 2 (Tests and Goodness of Fit) shows that the model performs well across all
portfolio sorts according to the m.a.r.e., m.a.q.e., and χ2 tests. The m.a.r.e. across portfolios
ranges from 0.8% per annum (BM portfolios) to 3.5% per annum (BKN portfolios). These
pricing errors are small, representing less than 22% of the average returns of these portfolios
(or less than 9% if we exclude the BKN portfolios). The m.a.q.e. across portfolios ranges
from 0.13 (IAT and IBK portfolios) to 0.39 (BM portfolios), which represents less than
19% of the average Tobin’s Q of these portfolios (or less than 12% if we exclude the BM
portfolios). Finally, the model is not rejected by the χ2 test in any of the portfolios sorts
considered here, with p-values all above 66%.
A.4 Pricing Errors
4

Table 3 reports the stock returns and Tobin’s Q pricing errors for each portfolio across
all the alternative testing portfolios.
Again, the basic message from Table 3 is clear: across all portfolios sorts, the investmentbased model generates, in general, low average pricing errors for each portfolio. Across the
BM, IAT, and IBK portfolios, none of the individual portfolio’s stock returns or Tobin’s
Q errors is statistically significant, except for the Tobin’s Q error of the high-minus-low
book-to-market portfolio (t-statistic of −2.04). The fit across the BKN portfolios is more
modest, but the model generates a pricing error for the Tobin’s Q of the high-minus-low
BKN portfolio of 0.51, which is less than 30% of the large Tobin’s Q of this portfolio, as
reported in Table 1. Taken together, the estimation of the investment-based model on an
alternative set of testing portfolios confirms that brand capital is an important input in the
firm’s production process and is subject to economically large adjustment costs.

5

Table 1: Descriptive Statistics of Alternative Portfolios
The table reports the descriptive statistics of four alternative set of portfolios: five book-to-market portfolios
(BM), five investment-to-assets portfolios (IAT), five investment in brand capital portfolios (IBK) and five
S
brand capital intensity portfolios (BKN). r̄H−L
is the average stock return of the high-minus-low portfolio,

and r̄S is the average realized portfolio stock return in annual percent. Q̄H−L is the difference of the average
Tobin’s Q of the high and low portfolio, and Q̄ is the average portfolio’s Tobin’s Q. The t-statistics, denoted
[t], test that a given estimate equals zero.

BM

IAT

IBK

BKN

Stock Returns
S
r̄H−L
8.07
[t]
2.55
r̄S
16.28

−5.85
−1.96
16.28

−5.75
−2.00
16.4

4.01
1.61
16.00

Tobin’s Q
Q̄H−L
−1.41
[t]
−11.41
Q̄
2.07

0.20
0.90
2.28

0.34
1.53
2.36

1.74
8.49
2.27
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Table 2: Estimation on Alternative Portfolios
The table reports the results from the estimation of the brand capital model on the following four alternative
set of portfolios used as test assets: five book-to-market portfolios (BM), five investment-to-assets portfolios
(IAT), five investment in brand capital portfolios (IBK) and five brand capital intensity portfolios (BKN).
Estimation of the model is by GMM using the stock return moments and valuation moments given by
equations (15) and (16). α is the sum of the shares of brand capital and physical capital in the production
function. ηK is the physical capital slope adjustment cost parameter, and ηB is the brand capital slope
adjustment cost parameter. The t-statistics, denoted [t], test that a given estimate equals zero. CK /Y and
CB /Y are the ratio (in percent) of the implied physical capital (CK ) and brand capital (CB ) adjustment
costs-to-sales ratio. χ2 , d.f., and p-val are the statistic, the degrees of freedom, and the p-value testing
that all the errors are jointly zero. m.a.r.e. is the mean absolute return error (across return moments), and
m.a.q.e. is the mean absolute Q error (across Q moments). m.a.r.e/ r̄S is the average return error as a
fraction of average portfolio-level stock return and m.a.q.e. is the average Tobin’s Q error as a fraction of
the average portfolio-level Tobin’s Q.

BM

IAT

IBK

BKN

0.38
5.62
3.07
3.95
2.68
1.73

0.43
6.58
2.97
4.60
3.40
2.49

0.47
6.11
1.90
1.43
4.95
3.07

0.41
5.66
3.04
11.04
3.57
4.72

4.35
5.68

1.78
12.89

3.77
5.84

Tests and Goodness of Fit
χ2
4.83
4.24
d.f.
7
7
p-val
68.01
75.23
m.a.r.e.
0.75
1.05
m.a.r.e/r̄S (%)
4.61
6.46
m.a.q.e.
0.39
0.13
m.a.q.e./Q̄ (%) 19.03
5.83

4.22
7
75.38
1.39
8.47
0.13
5.58

4.93
7
66.84
3.46
21.63
0.26
11.53

Point Estimates
α
[t]
ηK
[t]
ηB
[t]

Implied Adjustment Costs
CK /Y (%)
3.90
CB /Y (%)
3.24
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Table 3: Pricing Errors Across Alternative Portfolios
This table reports the stock return (eS ), defined in equation (17) in the main text, and the Tobin’s Q (eQ )
errors, defined in equation (18) in the main text, from the estimation of the brand capital model on the
following four alternative portfolio sorts: 5 book-to-market portfolios (BM) in Panel A, 5 investment-toassets portfolios (IAT) in Panel B, 5 investment in brand capital portfolios (IBK) in Panel C, and brand
capital intensity portfolios (BKN) in Panel D. Estimation is by GMM on the return and valuation moments
given by equations (15) and (16) in the main text. The t-statistics, denoted [t], test that a given estimate
equals zero. m.a.e. is the mean (across the corresponding row) absolute stock return error eS or Tobin’s
Q error eQ .

Low

2

Mid

4

High

H-L

eS
[t]
eQ
[t]

−0.86
0.39
0.67
−1.63

Panel A: Book-to-Market Porfolios (BM)
0.57 −1.19
0.94
0.19
1.05
−0.18
0.53 −0.37 −0.09
0.25
−0.39
0.13 −0.35 −0.44 −1.11
1.37 −0.66
1.51
1.47 −2.04

eS
[t]
eQ
[t]

−1.54
1.07
0.26
−0.96

Panel B: Investment-Assets Portfolios (IAT)
1.90
0.86 −0.24 −0.72
0.82
−0.72 −0.35
0.08
0.52
0.47
−0.22 −0.14
0.02
0.02 −0.24
0.97
1.44 −0.20 −0.11 −0.53

m.a.e.

0.75
0.39

1.05
0.13

[t]
eQ
[t]

Panel C: Investment Rate in Brand Capital Porfolios (IBK)
−1.89
2.34
1.32 −0.94 −0.46
1.43
1.39
1.04 −1.00 −0.67
0.45
0.39
0.63
0.1
−0.2 −0.11 −0.06
0.17 −0.07
0.13
−0.80
0.97
0.74
1.10 −0.76
0.22

eS
[t]
eQ
[t]

Panel D: Brand Capital Intensity Portfolios (BKN)
−2.98 −3.89 −0.52
1.25
8.66 11.64
3.46
1.30
1.13
0.18 −0.66 −2.11
2.00
−0.04 −0.29 −0.39 −0.12
0.46
0.51
0.26
0.37
2.01
1.78
0.87 −2.33
2.27

eS
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