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Abstract

This paper explores the relationship between investment-specific shocks (i.e., tech-

nological innovations in equipment and software), firm investment, and momentum

profits. Empirically, momentum profits comove positively with investment-specific

shocks with a correlation coefficient of 0.32. An unconditional two-factor model, with

investment-specific shocks and market excess returns as the risk factors, explains 90%

of the average returns of momentum portfolios. Consistent with investment dynam-

ics, I propose a rational explanation for momentum profits: Past winners are those

who had good idiosyncratic productivity in the recent past; they initiate more invest-

ment, make greater investment commitments, and hence have a higher risk exposure

to investment-specific shocks than past losers. A simple investment-based asset pric-

ing model is developed to elaborate this story, with the key ingredients of investment

commitment and investment-specific shocks. The model generates reasonably large

momentum profits and investment dynamics of momentum portfolios as in the data.
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1 Introduction

The profitability of momentum-based investment strategies is one of the most enduring

anomalies identified in the asset pricing literature. From 1930 to 2009, the difference in

average returns between past winners and past losers in the U.S. stock market is about 13%

per year, and more than 90% of the momentum profits in a five-year window are positive.

Further, momentum profits have persisted long after being documented in Jegadeesh and

Titman (1993).1 Most of the literature on momentum profits focus on behavioral rather than

rational explanations. One major reason for this focus is the failure of standard risk factor

models, such as the capital asset pricing model (CAPM) and the Fama and French (1993)

three-factor model, in capturing momentum portfolio returns, and no one has yet been able

to identify an underlying risk factor that strongly covaries with momentum to support a

rational explanation. As such, momentum is one of the biggest challenges for the efficient

market hypothesis.

In this paper, I try to fill this gap by proposing investment-specific shocks (i.e., the

aggregate technological innovations on new investment such as equipment and software) as

a potential candidate for the underlying risk factor that justifies momentum profits. In

particular, I provide a link for momentum profits to investment-specific shocks through the

channel of firms’ real investment dynamics. Intuitively, past winners are firms with high

recent profitability; they initiate more investment, make greater investment commitments,

and have a higher sensitivity to technological progress in equipment. In contrast, loser

firms are those with low recent profitability; they initiate more disinvestment, make greater

disinvestment commitments, and have a lower (or negative) exposure to investment-specific

shocks. The investment-specific shock is an aggregate risk factor bearing a positive price of

risk. Therefore, winner firms have a higher expected return than loser firms.

Introduced in macroeconomic literature, investment-specific shocks measure the tech-

nological innovations in investment goods, such as equipment and software. Greenwood,

Hercowitz, and Krusell (1997) and subsequent papers show that investment-specific shocks

can explain a substantial fraction of growth and variation in output and hours over the

business cycle. One key feature of these innovations is that, unlike neutral technological

changes, firms have to invest in equipment that embodies the latest technology in order to

reap the benefits. This implies that firms with a higher investment commitment are more

sensitive to technological innovations in investment goods, and hence have a higher exposure

to investment-specific shocks.

1These values are calculated using the momentum portfolios from Kenneth French’s Web site. Different
portfolio formation strategies will generate different moments. See Jegadeesh and Titman (2005) for an
excellent review on momentum.
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I start by exploring the empirical relationship between investment-specific shocks and

momentum profits. The main findings can be summarized as follows. First, momentum

profits comove strongly and positively with investment-specific shocks. For the annual sam-

ple from 1930 to 2009, the correlation between the momentum factor and investment-specific

shocks is 0.32, which is significant at a 5% level. Second, an unconditional two-factor model,

with investment-specific shocks and market excess returns as the risk factors, can capture

well the relative movements of 10 portfolios sorted by momentum. The factor loadings on

investment-specific shocks from the time series regression are monotonically increasing from

the loser portfolio (-4.05 with a t-statistic of -1.93) to the winner portfolio (1.61 with a

t-statistic of 2.31). Third, in a cross-sectional regression of average momentum portfolio re-

turns on unconditional factor loadings, the model explains 90% of the portfolio returns. The

mean absolute pricing error is only 0.9% per year, and the χ2 test fails to reject the model.

In addition, this model does not suffer from the critique of Lewellen, Nagel, and Shanken

(2010) on the cross-sectional asset pricing tests on portfolios with a strong factor structure.

The high GLS-R2 of more than 60% indicates that these two factors are mean-variance effi-

cient in pricing momentum portfolios. Fourth, the main results hold in a quarterly sample,

with the control for firm characteristics such as value premium and size, and for industry

momentum portfolios as well.

The above empirical findings naturally raise another question: Why do past winners

have a high risk exposure to investment-specific shocks, whereas past losers have a low or

even negative exposure? To answer this question, I look into the dynamics of momentum

portfolios by focusing on the profitability and investment rate of momentum portfolios in an

11-year window around the portfolio formation year. Winner firms have higher profitability

than loser firms, which is consistent with the existing literature such as Liu and Zhang

(2011). More interestingly, the investment spread between winner and loser portfolios is not

at peak in the event year as one might expect. Instead, it peaks one year after the portfolio

formation, when the investment spread is five times greater.

It is worth noting that standard Q-theory models with convex adjustment costs cannot

generate such hump-shaped investment responses. When a positive idiosyncratic produc-

tivity shock arrives, standard Q-theory models predict that capital expenditure shoots up

immediately and then gradually decays because of the convex adjustment cost. The hump-

shaped investment dynamics observed in momentum portfolios suggest that another type of

friction — namely, investment commitment — may play an important role.

Based on this analysis, I propose a rational explanation for momentum profits: Winner

firms are those that experienced high profitability in the recent past. They initiate more

investment and make a greater commitment to future investment. Investment commitment
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is risky because it is in terms of future capital expenditure. In a world in which the price

of investment goods is stochastic, winner firms will therefore have a higher risk exposure to

investment-specific shocks. On the other hand, loser firms suffer from past low profitability.

They initiate more disinvestment and commit to greater disinvestment in the future. The

commitment to disinvest serves as a hedge to loser firms, as a higher price of investment

goods in the future implies that fewer units of existing capital need to be resold, which to

some extent relieves the pain originating from low profitability. Therefore, loser firms have

a low (or even a negative) exposure to investment-specific shocks.

I then develop a simple investment-based asset pricing model in a rational framework to

elaborate this story. In this model, firms optimally choose capital expenditure to maximize

their value. Two ingredients are key to the model: First, the investment-specific shock,

or the per unit price of investment goods, is a risk factor that is stochastic and priced by

investors. The total capital stock in the following period therefore depends not only on the

capital expenditure, but also on the price of the investment goods. In addition, firms with

different exposures to investment-specific shocks are priced differently.

The second key ingredient is investment commitment. Departing from the standard busi-

ness cycle literature, I assume a two-period investment structure: Firms make investment

decisions today, but can complete only a small fraction of these investments. A commit-

ment is made at the same time to complete the remaining larger fraction in the next period.

Together with investment-specific shocks, this implies that firms with more investment com-

mitments will have higher levels of risk exposure to investment-specific shocks.

With the interaction of these two key ingredients, this model generates large momentum

profits in the cross section. Using simulated data from the model, I repeat the tests that

are performed in the empirical part and find good performance overall. The model captures

the success of the two-factor model in explaining momentum portfolios. In particular, a

large fraction of the momentum spread can be explained by the difference in risk exposures

to investment-specific shocks between winners and losers. In addition to asset prices, the

model also generates realistic dynamics of profitability and investment.

To explore in detail the mechanism in generating the risk premium for the momentum

spread, I sort firms into 10 portfolios by committed investment rate using simulated data

from the benchmark calibration. Firms with a high committed investment rate have a higher

average return than those with low commitments, which confirms the intuition that invest-

ment commitment serves as a good proxy for risk exposure to investment-specific shocks.

In a separate exercise, I turn off the investment-specific shocks and resimulate the model.

Without exposure to investment-specific shocks, the momentum spread is much smaller

than in the benchmark calibration. Taken together, these tests show that both investment
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commitment and investment-specific shocks are important in generating sizable momentum

profits.

The paper proceeds as follows: Section 2 reviews the literature. Section 3 documents the

empirical findings about the relationship between momentum profits, investment-specific

shocks and firm investment. Motivated by the empirical results, I propose an investment-

based equilibrium model to rationalize these findings in Section 4. Section 5 concludes with

some remarks. Details about data construction and numerical solutions are found in the

Appendix.

2 Related literature

This paper is closely related to the current finance literature along several dimensions. First,

my paper enriches the growing body of literature that strives to rationalize momentum

profits. Johnson (2002) is one of the first papers to argue that momentum can be generated

in a rational expectations framework. In his model, the growth rate of dividends is stochastic.

The convex nature of the price of risk with respect to the growth rate predicts a positive

relationship between the expected return and the growth rate, and hence predicts a positive

autocorrelation of stock returns. Sagi and Seasholes (2007) extend the idea of Johnson (2002)

and find that a firm’s revenues, costs, and growth options combine to determine the stock

return autocorrelation. These papers start from a theoretical perspective to analyze possible

channels through which momentum profits can be generated or enhanced. In contrast, my

paper starts from empirical findings and shows a direct link between momentum return

spreads, real investment, and risk exposure to investment-specific shocks.

One particular line of research in this literature is searching for the underlying macroe-

conomic risk factors that capture momentum profits. For example, Liu and Zhang (2008)

find that the growth rate of industrial production can explain more than half of momentum

profits, as recent winners have temporarily higher loadings than recent losers on the growth

rate of industrial production. They argue that if the industry production factor summarizes

the firm-level changes in expected growth, then the factor loading should be high among

stocks with high expected growth. Consistent with their argument, they do find that winner

firms tend to have higher expected growth than loser firms.

Another example is Bansal, Dittmar, and Lundblad (2005), who document that the

aggregate consumption risks embodied in cash flows can account for the large spread in

momentum portfolios. They model dynamics of aggregate consumption and cash flow growth

rates in a vector autoregression and find that differences in cash flow betas account for

more than 60% of the cross-sectional variation. In contrast to the consumption side, my
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paper focuses on the production side of the economy and explores the relationship between

momentum profits and investment-specific shocks, a type of exogenous shock that is shown

to be very important in the macroeconomic literature.

Liu and Zhang (2011) also study momentum profits in a rational framework. They use

structural estimation of Q-theory of investment on momentum portfolios and find that the

investment-based model can capture well the cross-sectional return variations of momen-

tum portfolios. In particular, they document that the higher expected growth rate of the

investment-to-capital ratio and the high expected sales-to-capital ratio are the two most

important sources of momentum profits. My paper goes one step further and explores how

interactions between investment commitment and investment specific-shocks can simultane-

ously generate a high (low) expected investment and expected return for winners (losers).

Second, this paper is related to the literature on time-to-build and the investment commit-

ment (or investment plan). Lamont (2000) documents that in the United States, investment

and stock returns have a significant negative contemporaneous covariation, contrary to the

basic intuition that investment should rise as the discount rate falls. He then argues that

investment-based models can capture this negative correlation, once they allow for the fact

that the lags in investment prevent firms from immediately adjusting investment when the

discount rate changes. More recently, Kuehn (2007) studies the effect of long-term investment

commitment on asset prices in a general equilibrium model. The combination of investment

commitment with Epstein-Zin preference in his model contributes to the countercyclical first

and second moments of the aggregate market risk premium. My model extends the idea of

investment commitment to momentum profits, and explores its distinctive implications for

asset pricing, especially for stock returns in the cross section, even though the time-to-build

or investment commitment feature may not be crucial for a theory of fluctuations. (See, for

example, Rouwenhorst (1991).)

A large macroeconomic literature studies the impact of investment-specific shocks on eco-

nomic growth and business cycles. For example, Greenwood, Hercowitz, and Krusell (1997),

Greenwood, Hercowitz, and Krusell (2000), and Fisher (2006) show that investment-specific

shocks can explain a large fraction of the growth and variations in output. Papanikolaou

(2011) introduces investment-specific shocks into a two-sector general equilibrium model and

explores the asset pricing implications of this type of shock. Kogan and Papanikolaou (2010)

study the differential impact of investment-specific shocks on assets-in-place and growth op-

tions and provide a potential explanation for the value premium. Yang (2011) investigates

the relationship between investment-specific shocks and the basis spread in the commodity

market.

My paper also extends a fast-growing literature that studies the cross section of asset
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returns in an investment-based framework. (See, for example, Berk, Green, and Naik (1999),

Zhang (2005), Carlson, Fisher, and Giammarino (2004), Cooper (2006), and Bazdrech, Belo,

and Lin (2009).) This strand of models usually specifies the pricing kernel exogenously and

solves a firm’s problem by optimally choosing investment/labor hiring to maximize the firm’s

value. This framework is proven to be effective in studying asset pricing anomalies in the

cross section.

3 Empirical findings

In this section, I explore the empirical relationship between investment-specific shocks, firm-

level investment, and momentum profits. Section 3.1 describes the data sources, variable

definitions, and summary statistics. Further detail about variable construction is provided

in the Appendix A-1. In Section 3.2, I propose an unconditional two-factor model and test

it on momentum portfolios. The main finding is that winners and losers have different risk

exposures to investment-specific shocks, and these differences in exposures can explain the

majority of momentum profits. To understand the sources of risk exposure, I study in Section

3.3 the dynamics of momentum portfolios by looking into profitability and investment in an

11-year window around the portfolio formation year. The salient features of these dynamics

motivate an investment-based story.

3.1 Benchmark sample and summary statistics

Following Greenwood, Hercowitz, and Krusell (1997), the investment-specific shock (Ishock)

is defined as the negative change in the price deflator of investment goods relative to that of

non-durable consumption goods from National Income and Product Accounts (NIPA):

Ishockt = −∆log

(
PEqpmt,t

PNonDur,t

)
. (1)

By definition, a positive investment-specific shock implies technological progress in the in-

vestment sector that induces a lower price for investment goods.

Strictly speaking, two consequences for investment goods are usually associated with

technological progress: lower price and better quality. The Bureau of Economic Analysis

(BEA) has incorporated quality adjustment when constructing NIPA data. However, some

economists contend that a significant amount of quality change goes unmeasured in the

official statistics. 2 Nevertheless, much of the debate is about the growth rate of the tech-

2See, for example, Gordon (1990).
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nological progress, instead of its fluctuations. For this reason, I adopt the above simpler

definition, by which the sample can be easily extended as far back as the early 1930s. 3

The 10 standard momentum portfolio returns and risk factors are from Kenneth French’s

Web site. These factors include the market factor (MKT), value premium factor (HML),

and size factor (SMB) used in the Fama and French (1993) three-factor model, and the

momentum factor (MOM) in the Carhart (1997) four-factor model. I choose the 10 standard

momentum portfolios in the benchmark factor model analysis (in Section 3.2.1) because of

their popularity in the literature. In the following sections, I also form portfolios and calculate

firm-level characteristics using monthly firm-level stock returns from the Center for Research

in Security Prices (CRSP) and annual accounting variables from COMPUSTAT.

The benchmark sample is annual from 1930 to 2009, where the starting year is constrained

by the availability of price deflators from NIPA. Table 1 summarizes the aggregate variables

by reporting the mean, standard deviation, maximum, median, minimum, and correlations.

As can be seen in the left side of the table, the annual mean and volatility of Ishock are

0.43% and 1.55%, an indication of positive stable technological progress during the past 80

years. The average market excess return is about 7% per year, with a Sharpe ratio of around

0.35. The momentum strategy, proxied by the factor MOM, is more profitable than the value

and size strategies, but it also generates higher return volatility.

[Insert Table 1 Here]

The right side of Table 1 displays the correlation matrix for these variables. In the sample

period, Ishock has an almost zero correlation with market excess returns (MKT), but it is

highly correlated with the momentum factor (MOM). The annual correlation coefficient

between MOM and Ishock is 0.32, with a t-statistic of 2.5. This positive and significant

correlation indicates that investment-specific shocks have the potential to be an underlying

risk factor capturing momentum profits. In the next section, I will formally test this idea in

a two-factor model.

It is worth noting that the momentum factor comoves negatively with HML and SMB.

This serves as a warning flag for asset pricing tests in the following sections. In particular, it

is important and necessary to control for the value premium and size effect when interpreting

the relationship between investment-specific shocks and momentum profits.

3In an unreported analysis, I use the alternative measure of investment-specific shocks from Israelsen
(2010) and Papanikolaou (2011), who make additional quality adjustment. This alternative measure gener-
ates very similar results as my definition in the overlapped sample period.
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3.2 Investment-specific shocks and momentum profits

This section provides the main empirical tests on the relationship between investment-specific

shocks and momentum profits.

3.2.1 A two-factor model

If momentum profits can be rationally captured by investment-specific shocks, portfolios

sorted by recent past performance should display a monotonic trend in risk exposure. In

this section, I propose an unconditional two-factor model. The first risk factor is the market

excess return (MKT), as used in CAPM, and the second factor is the investment-specific

shocks (Ishock). The-two factor model is tested on the 10 standard momentum portfolios in

two steps. In step one, the excess returns of each portfolio are regressed on the time series of

the two factors, generating factor loadings βi
j, which measure the risk exposure of portfolio

j to factor i. Factor loadings are constant since the two-factor model is assumed to be an

unconditional factor model:

Re
jt = Ctej + βMKT

j ×MKTt + βIshock
j × Ishockt + εjt. (2)

In step two, the factor loadings are used as independent variables in the cross-sectional

regression

ET (Re
jt) = βMKT

j × λMKT + βIshock
j × λIshock + ηj, (3)

where ET is the unconditional expectation over the sample and λi is the estimated price of

risk i. With risk prices and factor loadings, the model-predicted average return for portfolio

j is then equal to

RPred
j = βMKT

j × λMKT + βIshock
j × λIshock. (4)

Table 2 reports the two-stage test results. Panel A provides the regression coefficients

and their t-statistics for the 10 momentum portfolios and the spread portfolio with a long

position in the past winner stocks and a short position the past loser stocks, from time series

regressions. The market beta βMKT for the loser portfolio is 1.55, compared with 1.05 for the

winner portfolio (see top left panel of Figure 1). This pattern in market betas of momentum

portfolios provides direct evidence for the failure of CAPM, since if CAPM holds, winners

are expected to have lower average return than losers.

On the other hand, the betas for investment-specific shocks display a strong monotonic

trend across these portfolios, as shown in the top right panel of Figure 1. In particular,

the loser portfolio has a negative exposure to investment-specific shocks of -4.05, while the
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winner portfolio has a positive and significant exposure of 1.61. The large difference in

risk exposures implies the potential explanatory power of investment-specific shocks in the

momentum spread, but this also depends on the risk prices from the second stage test. The

last row in Panel A of Table 2 presents the ordinary least squares (OLS) R2 of the time series

regression for momentum portfolios. Individual portfolio R2 ranges from 76.91% to 93.20%,

and the two-factor model explains 24% of the time series variations of the spread portfolio.

[Insert Table 2 Here]

[Insert Figure 1 Here]

Panel B of Table 2 provides the results from the second-stage cross-sectional regression.

The first two columns report the implied prices of risk for the two factors. The risk price of the

market factor is about 8% per year, close to the sample average of market excess returns.

For investment-specific shocks, the estimated risk price is approximately 2.67% per year

(with a t-stat of 2.90). The positive sign is consistent with the procyclical (countercyclical)

movement of winners (losers) with investment-specific shocks. This risk price, together with

the corresponding large beta spread between the winners and losers, contributes 15% to

annual momentum profits, a percentage even larger than the average return of 13.3% for the

spread portfolio.

This two-factor model fits the data exceptionally well. The mean absolute error (MAE)

is only less than 1%, a significant improvement upon CAPM. In addition, the χ2 test,

which tests if the pricing errors are sufficiently significant, fails to reject the model at the

conventional significance level. The high OLS-R2 from the cross-sectional regression indicates

that 90% of the variations in momentum portfolio returns can be explained by this two-factor

model.

To get a better sense of the improvement, I graphically compare performances of CAPM

and the two-factor model in matching the average returns of the momentum portfolios. In

the bottom left panel of Figure 1, I plot the CAPM-predicted portfolio returns against the

average realized portfolio returns for the 10 portfolios. Not surprisingly, CAPM does a poor

job: the circles are sitting on a curve that is almost perpendicular to the 45-degree line.

When Ishock is added, as the bottom right panel of Figure 1 shows, all 10 circles are well

in line with the 45-degree line, indicating the significant role played by investment-specific

shocks in capturing momentum profits.

Lewellen, Nagel, and Shanken (2010) critique the empirical methods in cross-sectional

asset pricing literature that report only a high OLS-R2 and low pricing errors, particularly

for size and boom-to-market (BM) portfolios that have a strong factor structure. They argue

that for testing portfolios with a strong factor structure, the power of the test is fairly low.
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Lewellen, Nagel, and Shanken (2010) then propose several prescriptions to improve the test

power for such portfolios.

One prescription is to impose restrictions on factor prices. If one risk factor is a traded

asset, the risk premium on the factor should be close to its average excess return. In the

two-factor model of this paper, the only traded risk factor is market excess return MKT,

and I already show that the implied risk price is fairly close to its sample mean. Therefore,

imposing this restriction should not have a significant impact on the test results reported

above.

Another useful prescription is to report GLS cross-sectional R2. The rationale, as empha-

sized in Kandel and Stambaugh (1995), is that when expected returns are regressed on betas

with respect to a factor portfolio, the GLS-R2 has the economic interpretation in terms of

the relative mean-variance efficiency of the factor-mimicking portfolios. In fact, most factor

models revisited in Lewellen, Nagel, and Shanken (2010) suffer from this GLS-R2 test, even

though many of them are able to successfully produce a high OLS-R2.

Following this prescription, I report the GLS cross-sectional R2 in the last column of

Panel B in Table 2. Even though it is not as impressive as OLS-R2, the GLS-R2 is still

66.5%. This indicates that the space spanned by the two factor-mimicking portfolios are not

far away from the mean-variance frontier of the 10 momentum portfolios, and therefore, it

is able to price momentum profits efficiently.

3.2.2 Quarterly samples

The analysis in the previous section was done at an annual frequency. An obvious disad-

vantage is that there are too few observations in the sample, and one may wonder if the

results still hold at a higher frequency. Fortunately, NIPA collects the price deflator data

both annually and quarterly, which allows me to examine the robustness of previous findings

with more observations and at a higher frequency. In this section, I repeat the above analysis

for the sample 1948Q1-2009Q4.

One concern with quarterly data is its seasonality. It is therefore inappropriate to use

negative changes to the relative price of investment goods from the previous quarter as a

proxy for investment-specific shocks. To overcome this problem, I take the Hodrick-Prescott

(HP) filter on the time series of the relative price deflator at a quarterly frequency and define

investment-specific shocks as the residuals. 4

4An alternative definition of quarterly investment-specific shocks is negative changes to the relative price
from the same quarter in the previous year. This is essentially similar to the earning announcement in
quarterly financial statements, where current earnings are compared with the same-quarter earnings from
the previous year. The results are very similar with this alternative definition.
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[Insert Table 3 Here]

Table 3 reports the test results. Consistent with annual sample, the beta for investment-

specific shocks increases from -5.60 for the loser portfolio to 0.91 for the winner portfolio,

as reported in Panel A. The risk exposures for the spread portfolio in the last column

confirm that the difference in betas of investment-specific shocks between winners and losers

is positive and significant.

Panel B presents the results for the cross-sectional regression. Even though prices and

quantities at a quarterly frequency are known to be a lot noisier than annual data, the

two-factor model is still capable of pricing momentum portfolios very well. Specifically, the

annualized price of risk for the market factor is 8.34%, and for investment-specific shocks

is 2.54%. Both values are very close to the estimates from the benchmark annual sample.

The p-value for the χ2 test is 0.90, suggesting that the pricing errors from the cross-sectional

regression are fairly small. The proposed two factors have both high explanatory power and

mean-variance efficiency, as manifested in a high OLS-R2 of 86.44% and a GLS-R2 of 61.52%,

respectively.

In summary, the two-factor model tested on a quarterly sample strongly supports the

findings from the previous section. In the next section, I show that the main results still

hold after controlling for firm-level characteristics such as size and book-to-market.

3.2.3 Controlling for size and book-to-market

One feature of the momentum factor from summary statistics of Table 1 is its significant

correlations with the value premium factor HML and the size factor SMB. It can be the

case, for example, that investment-specific shocks correlate with momentum profits through

the channel of book-to-market or market capitalization. In this section, I take this effect

into account and explore the relationship between investment-specific shocks and momentum

profits after controlling for size and book-to-market effects.

Following Hou and Robinson (2006), I generate the time series of after-control momentum

profits in a Fama and MacBeth (1973) regression. In the first stage, the cross-sectional stock

returns for all firms at year t are regressed onto their characteristics, including size, book-

to-market (BM), and momentum (MOM):

Re
jt = at + λSIZE

t × SIZEjt + λBM
t ×BMjt + λMOM

t ×MOMjt + εjt (5)

The after-control momentum profits at year t are then given by the coefficient λMOM
t . Sim-

ilarly, λBM and λSIZE are the after-control size and book-to-market, respectively. It should

be noted that λMOM
t is not the expected risk premium for the momentum strategy at time
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t. Instead, it is similar to the momentum factor MOMt and should be interpreted as real-

ized momentum profits at t, but after controlling for firm characteristics including size and

book-to-market.

Panel A of Table 4 reports the Fama and MacBeth (1973) regression for the full sam-

ple 1930-2009 and the short subsample 1963-2009. 5 In line with existing literature, size

negatively predicts stock returns, whereas book-to-market and momentum have a positive

prediction for stock returns. These patterns are strongly significant in both a statistical and

an economic sense and hold in both samples.

[Insert Table 4 Here]

In the second stage, I regress the risk premium λMOM
t on MKTt and Ishockt in the

two-factor model:

λMOM
t = Cte0 + bMKT

0 ×MKTt + bIshock
0 × Ishockt + ε0t. (6)

If the investment-specific shock is indeed the risk factor that drives momentum profits, bIshock
0

is expected to be consistent with findings from previous sections and remains positive and

significant.

The results displayed in Panel B of Table 4 confirm this. The correlation between the

after-control momentum profits and MKT is negative, whereas the coefficient for investment-

specific shocks bIshock
0 is 0.39 (with a t-stat of 1.75) for the full sample and 0.69 (with a t-stat

of 2.48) for the short sample. One possible explanation for the relatively lower significance in

the full sample is that during the period before year 1963, both momentum profits and the

value premium are positively correlated with Ishock. Controlling the book-to-market effect

might weaken the comovement between momentum profits and Ishock as well.

Overall, this section excludes the possibility that size and book-to-market effects are

the driving force behind the relationship between investment-specific shocks and momentum

profits. This reinforces the role of investment-specific shocks as the potential risk factor.

3.2.4 Industry momentum

Moskowitz and Grinblatt (1999) document a strong and prevalent momentum effect in in-

dustries. In particular, they find that once the industry momentum effect is controlled,

momentum profits from individual stocks are significantly weaker and are statistically in-

significant for the most part. However, other papers such as Grundy and Martin (2001)

5I explore the shorter sample starting from 1963 because it is conventional for many empirical studies on
the stock market. In addition, the correlation between the value premium and momentum profits is much
higher before 1963 than in the periods after 1963. This could affect the results, as will be discussed soon.
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and Lewellen (2002) suggest that neither industry momentum nor individual stock momen-

tum subsume one another, but they are both important. It is therefore interesting to see

if investment-specific shocks can capture the industry momentum effect as well, and that is

the focus of this section.

Following Moskowitz and Grinblatt (1999), I use two-digit Standard Industrial Classifi-

cation (SIC) codes from CRSP to form industry portfolios in order to maximize coverage of

individual stocks while maintaining a manageable number of industries and ensuring that

each industry contains a large number of stocks for diversification. The stock return of an

industry is then calculated as the value-weighted average of stock returns for all firms in

that industry. Table 5 reports the industry definitions and stock return summary statistics.

Across industries, the average annual excess return ranges from 5.81% for the utilities in-

dustry to 9.47% in the petroleum industry, consistent with the findings in existing literature

that there is no significant spread in industry portfolio returns.

[Insert Table 5 Here]

The last two columns of Table 5 also report industry exposures to investment-specific

shocks when industry returns are regressed onto market excess returns and investment-

specific shocks. Unlike stock returns, there is a relatively large variation of exposures to

investment-specific shocks across industries. The industry with the highest exposure is rail-

roads, with a βIshock of 2.94, whereas the industry with the lowest exposure is transportation

equipment, with a βIshock of -1.89.

The industries are then sorted into 10 momentum portfolios by their past performance in

each month. One feature of industry momentum, as documented in Moskowitz and Grinblatt

(1999), is that industry momentum is strongest in the short term (at a one-month horizon).

Therefore, I define industry momentum at month t as its past cumulative returns from t−12

to t− 2, sort industries by their momentum into 10 momentum portfolios, and hold for only

one month. These monthly portfolio returns are then aggregated into an annual frequency.

[Insert Table 6 Here]

Table 6 reports the test results. Panel A provides the means and standard deviations

of the 10 industry momentum portfolio returns. The large annual spread of 5.78% between

the winner and loser portfolios confirms the finding of Moskowitz and Grinblatt (1999) that

industry portfolios exhibit significant momentum profits. When the 10 portfolios are tested

on the same two-factor model, as reported in Panels B and C, similar patterns are found as

in the individual stock momentum portfolios. In particular, there is an upward pattern in

betas of investment-specific shocks from loser to winner portfolios. The implied risk prices
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are quantitatively close to what are found in Section 3.2.1. In addition, the model generates

small mean absolute errors and explains more than 67% of the industry momentum profits.

To conclude this section, even though industry momentum and individual stock momen-

tum may be different from each other in many aspects, they are both captured well by

investment-specific shocks.

3.3 Dynamics of profitability and investment

In previous sections, I proposed a two-factor model and showed that the winner (loser)

portfolio has a high (low) exposure to investment-specific shocks, and this difference in risk

exposures explains a large fraction of the momentum spread. However, the mechanism

through which investment-specific shocks affect momentum portfolios differently is still not

clear. In particular, investment-specific shocks measure technological innovations in invest-

ment goods, including equipment and software. As such, the underlying mechanism has to

be closely related to the firm’s capital expenditure. In this section, I explore the dynamics

of the momentum portfolios in an 11-year window — five years before and five years after

— around the portfolio formation year. I focus on the profitability and investment rate for

momentum portfolios.

It is well known that momentum strategies are profitable from 3 to 12 months, so in

order to accurately match with the annual frequency of COMPUSTAT accounting data, I

make the following modifications to the standard momentum strategy:

1. I form portfolios based on the past one-year cumulative return and hold them for the

following one year;

2. Instead of rebalancing every month, I form portfolios only once per year at the end

of December. This treatment may have some quantitative effect on the momentum

spread, but not qualitatively.

3. I exclude firms that do not have fiscal-year-end (FYR) in December. In this way, the

fiscal years exactly match the calendar years, and one-year cumulative return from

CRSP in a specific year is well aligned with accounting variables from COMPUSTAT.

To be specific, at the end of year t, I form 10 portfolios based on the past one-year stock

performance and keep track of the profitability (EK) and investment-to-capital ratio (IK) of

these portfolios over the 11 years around t. Then I take the average over the time series of

11 windows for the whole sample period, which gives the average dynamics of these portfolio

characteristics over the 11-year window. This type of “event study” procedure is used in
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Lakonishok, Shleifer, and Vishny (1994) and Fama and French (1995), followed by many

others.

Accounting data are from COMPUSTAT Annual: Profitability (EK) is defined as the

earnings over the lagged capital. The investment-capital ratio is the ratio of capital expendi-

ture to the lagged capital. Stock returns are from CRSP monthly. Annual portfolio returns

are calculated first by taking the value-weighted average across all firms in each portfolio

every month and then aggregating over 12 months in that calendar year. The sample is from

1950 to 2009.

[Insert Figure 2 Here]

The top two panels of Figure 2 plot the dynamics of profitability (top left) and the

investment-capital ratio (top right). Winner firms are persistently more profitable than

loser firms, and the profitability spread gradually converges after the portfolio formation.

This result looks similar to the existing explanations for the value premium that value firms

(firms with high book-to-market) have higher average returns than growth firms (firms with

low book-to-market). For example, Zhang (2005) explains the differences between growth

firms and value firms in a dynamic equilibrium model, where value firms are risky because

they had bad idiosyncratic shocks in the past and are burdened by their extra capital stock

during bad times when the price of risk is high. 6 The explanation is supported by the

evidence from Fama and French (1995), who empirically demonstrate that the difference in

profitability is associated with book-to-market. 7 Here I add another source of risk, i.e., the

investment-specific shocks. Firms with sudden positive profitability shocks (past winners)

will have higher exposure to this risk, so their expected return is higher than past losers.

I will further discuss the difference between momentum and the value premium in Section

4.3.4.

In top right panel of Figure 2, I plot the dynamics of the investment-capital ratio (IK) for

winner and loser portfolios. One interesting feature is that the winner firms invest more than

the loser firms in the year during which the portfolios are formed. However, the difference

is even greater the following year. Indeed, the investment spread is more than five times

larger in the following year. It is worth noting that these investment dynamics cannot be

6Besides Zhang (2005), several other papers have explored mechanisms of generating the value premium
in theoretical models. Among others, Carlson, Fisher, and Giammarino (2004) emphasize the importance of
operating leverage, Cooper (2006) studies the effect of investment irreversibility and fixed adjustment cost,
and Lettau and Wachter (2007) adopt a duration-based explanation for the difference between value and
growth stocks.

7However, Wang and Yu (2011) challenge this explanation by separating data into groups using measures
of limits to arbitrage. They find that the groups with high limits to arbitrage have a more pronounced value
premium, but there is no significant negative correlation between book-to-market and profitability.
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generated from the standard Q-theory model of investment with convex adjustment costs.

In the standard Q-theory model, investment takes one period before it becomes productive.

As such, firms that had good idiosyncratic productivity shocks in the past would optimally

choose to invest more in that period. With frictions like convex adjustment costs for capital

expenditure, this would imply an immediate spike in the investment rate, followed by gradual

decay.

This finding motivates a different type of friction in capital accumulation: investment

commitment. 8 Intuitively, firms with very positive idiosyncratic shocks (winners) initiate

more investment, but investment takes more than one period to finish. Investment commit-

ment is risky because it is in terms of total expenditure. In an economy where the price of

investment goods in the following period is stochastic, firms with greater investment com-

mitment will have a higher exposure to fluctuations in the price of investment goods, or

investment-specific shocks. On the other hand, firms with very negative idiosyncratic shocks

(losers) initiate more disinvestment commitment. This disinvestment commitment serves as

a hedge to loser firms, since a higher price of investment goods in the future implies that

fewer units of existing capital need to be resold, which to some extent relieves the pain

originating from recent low profitability. Therefore, loser firms have a low exposure (or even

negative exposure) to investment-specific shocks.

This proposed mechanism provides a plausible explanation for the empirical findings

from the two-factor model. In the next section, I elaborate on this explanation and develop

a simple investment-based equilibrium model to rationalize the empirical findings.

4 An investment-based asset pricing model

Previous sections document the empirical links for momentum profits, investment-specific

shocks, and real investment. In particular, i) past winners have a higher exposure to

investment-specific shocks than do past losers, and this translates to higher expected re-

turns; ii) past winners are more profitable than past losers; and iii) winners have a higher

investment rate than losers in the event year, but the investment spread between them is

even greater the following year. In this section, I follow the intuition proposed from the pre-

vious sections and develop a simple investment-based asset pricing model to capture these

salient features.

8An alternative type of friction is adjustment cost on investment growth. However, Lucca (2007) shows
that to the first-order linearization, the investment growth friction models are equivalent to models with
time-to-build, and they generate similar hump-shaped impulse responses.
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4.1 The model

I develop a dynamic partial equilibrium model with heterogenous production units (or

firms),9 where the pricing kernel is exogenously specified. This framework was first devel-

oped in Berk, Green, and Naik (1999) and was later adopted by many others to study asset

prices in the cross section. The two key components of the model are: (1) investment-specific

shocks; and (2) two-period investment commitment.

4.1.1 Production

The economy has a large number of firms, and the decision of each firm is independent

of each other. Firms use physical capital to produce outputs and make a choice between

dividend payout and investment expenditure to maximize the firm’s value. The output Yit

of firm i at time t is given by production function

Yit = XtZitK
α
it, (7)

where Xt is the level of aggregate productivity, and Zit is the level of firm-specific productiv-

ity. The coefficient α < 1 features the decreasing returns to scale of the production function,

capturing the fact that the investment opportunity is less for larger firms.

In each period, firms decide on the amount of output to pay out as dividends (negative

dividends are considered as equity issuance), and the remaining is used as capital expen-

diture. Departing from standard real business cycle models, investment has a two-period

structure: Firms that initiate new investment at time t can complete only a small fraction in

that period; they also make a commitment to complete the remaining large fraction in the

following period t+1. 10 One may impose the restriction that the newly installed capital can

be productive only after both fractions are completed, but this adds one more state variable,

making the numerical solution even more computationally demanding. Therefore, I make

the simplifying assumption, as Kuehn (2007) does, that the fraction of capital is productive

immediately after it is installed.

Denote the small fraction of the first period by w, the newly initiated investment expendi-

ture at time t by Lit, the depreciation rate of physical capital by δ, and the investment-specific

9One can also think of the production units as industries to address industry momentum effects. Accord-
ingly, the idiosyncratic productivity shocks below can be considered as industry-specific shocks.

10My investment commitment structure is similar to Kuehn (2007). In his dynamic general equilibrium
model, Kuehn (2007) considers an infinite horizon investment commitment, with the committed amount
geometrically decaying over time. This structure greatly simplifies the solution of his model, as all previous
committed investments can be captured by a single state variable. My commitment structure is slightly
different in that the committed investment is only one period ahead.
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technological level by Qt. The capital accumulation follows:

Kit+1 = (1− δ)Kit + IitQt (8)

Iit = wLit + (1− w)Lit−1. (9)

There are two ways to interpret Qt. First, as discussed above, 1/Qt can be thought of as

representing the cost of producing a new unit of equipment in terms of final output. Equation

(8) can be read as follows. The next period capital stock is the sum of non-depreciated capital

and the new investment, which equals the ratio of total capital expenditure to the price of

equipment. Alternatively, Qt can also be interpreted as the efficiency of transforming outputs

to physical capital, while keeping the cost of producing one new unit of equipment constant

over time. An increase in efficiency implies that one unit of output can be transformed to

more units of physical capital. Throughout the rest of this paper, I will stick to the first

interpretation, as it corresponds to the definition of investment-specific shocks from empirical

analysis.

Equation (9) indicates that the total capital expenditure of a firm at time t has two

components: one from the large fraction of investment committed in the previous period

(1−w)Lit−1, and the second from the small fraction of newly initiated investment wLit. This

structure of capital accumulation implies that when firms make an investment commitment,

they will have to take into account the stochastic feature of investment goods prices. The

more capital expenditure a firm commits to, the higher exposure it has to investment-specific

shocks. Put another way, the investment commitment rate is a proxy for the risk exposure

to investment-specific shocks in this model.

An adjustment cost is incurred when firms initiate investment, and it takes the following

quadratic form:

G(Lit, Kit) =
c

2
(
Lit

Kit

)2Kit, (10)

where the adjustment cost coefficient c controls the curvature and takes different values when

firms make investment and disinvestment decisions. In particular,

c =

{
c+ if Lit > 0

c− otherwise
(11)

and c− > c+ ≥ 0, capturing the effect that it is more costly to disinvest than invest. Zhang

(2005) shows that this asymmetry is crucial in generating the value premium in his dynamic

equilibrium model.

A firm’s output Yit equals the sum of its investment Iit, capital adjustment cost G(Lit, Kit),
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operating costs fKit, and dividend payout Dit:

Yit = Iit + Dit + G(Lit, Kit) + fKit, (12)

where the operating cost is assumed to be proportional to firm-level capital, and f controls

for the operating leverage.

4.1.2 Equilibrium

Given the pricing kernel {mt} and shock processes for {Xt}, {Qt}, {Zit}, which I will specify

in the next subsection, the firm’s problem can be described in the following recursive form:

V (Kit, Lit−1, Xt, Qt, Zit) = max
Lit

Dit + Et[Mt+1V (Kit+1, Lt, Xt+1, Qt+1, Zit+1)]

s.t. (7) – (12)

Given {mt}, {Xt}, {Qt}, {Zit}.

(13)

Intuitively, a firm’s cum-dividend market value is the sum of the dividend (the first term

in the right hand side) and the present value of the firm’s continuation value (the second

term in the right-hand side), when the firm optimally chooses an investment commitment

to maximize the firm’s value. The optimal investment commitment is determined by the

first-order condition in the right-hand side of (13) and depends on the economy-wide and

firm-specific states. When a firm experiences a high level of productivity, it may choose to

make a greater investment commitment, since the benefit from continuation value dominates

the cost from the dividend payout, especially when the productivity process is persistent. On

the other hand, when a firm has excess capital and experiences a low level of productivity,

it may choose to initiate less investment or even greater disinvestment.

When numerically solving this model, it is more convenient to scale the second state

variable Lit−1 by firm-level capital. As such, the firm’s problem can be translated to

V (Kit, LKit−1, Xt, Qt, Zit) = max
LKit

Dit + Et[Mt+1V (Kit+1, LKit, Xt+1, Qt+1, Zit+1)]

s.t. (7) – (12)

LKit =
Lit

Kit+1

Given {mt}, {Xt}, {Qt}, {Zit},

(14)

and the gross return for firm i is calculated as

RU
it+1 = Vit+1/(Vit −Dit). (15)
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Up to this point, firms are assumed to be all equity financed, and the stock return in

(15) is interpreted as an unleveled return. In practice, most firms have a certain amount of

outstanding debt, which affects both the mean and standard deviation of stock returns. To

address this issue, I follow Boldrin, Christiano, and Fisher (2001), Kuehn (2007), and Croce

(2010) and assume the same constant leverage ratio Φ for all firms. Therefore, the levered

excess return for stock i is

Rit+1 −Rf = (RU
it+1 −Rf )(1 + Φ), (16)

where Rf is the gross risk-free rate.

4.1.3 Exogenous shocks and pricing kernel

The three exogenous state variables in the model — aggregate productivity Xt, idiosyncratic

productivity Zit, and investment-specific technological level Qt — are assumed to follow

AR(1) processes, which represent a detrended economy:

log(Xt+1) = ρxlog(Xt) + (1− ρx)log(X̄) + εx
t+1, εx

t+1 ∼ N(0, σx) (17)

log(Qt+1) = ρqlog(Qt) + (1− ρq)log(Q̄) + εq
t+1, εq

t+1 ∼ N(0, σq) (18)

log(Zit+1) = ρzlog(Zit) + εz
it+1, εz

t+1 ∼ N(0, σz). (19)

The bars above X and Q stand for their means, ρx, ρq, and ρz measure the persistence,

and the innovations εx
t+1, εq

t+1, εz
t+1 are assumed to be normally distributed and independent

from each other.

The pricing kernel is specified as a function of the aggregate productivity shock and the

investment-specific shock:

Mt+1 = exp(−rf )×
exp{−γxε

x
t+1 − γqε

q
t+1}

Et[exp{−γxεx
t+1 − γqε

q
t+1}]

, (20)

where γx > 0, γq > 0 measures the constant risk prices. Et denotes the time-t conditional

expectation. This specification of the pricing kernel, following Yang (2011), guarantees the

interpretation of rf as the risk-free rate. To see this, one can simply take the conditional

expectation on both sides of equation (20) and get

Et(Mt+1) = exp(−rf ). (21)

In words, the market price of a one-period risk-free bond (the right-hand side) equals the
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sum of one-period state prices across all states (the left-hand side).

4.2 Calibration

To align with the investment commitment feature in the empirical data, I calibrate the model

at an annual frequency. Therefore, it takes two years to complete an initiated investment,

which is consistent with the empirical findings by Koeva (2001), who documents that the

average length of time-to-build is approximately two years in most industries.

The key parameter values in the model are summarized in Table 7. I break down all

the parameters into two groups. The first group includes parameters that can be restricted

by empirical or quantitative studies, whereas the second group has limited guidance from

previous literature or requires special discussion. The key moments from simulation of the

model are reported in Table 8.

[Insert Table 7 Here]

[Insert Table 8 Here]

The top panel of Table 7 reports the parameters in the first group. The elasticity of

output with respect to capital α in the production function equals 0.5, well between 0.30

used in Zhang (2005) and 0.75 from Lin (2011). The annual depreciation rate is set to 0.13,

close to the empirical estimate of 0.12 by Cooper and Haltiwanger (2006). The adjustment

cost coefficient θ+ is set to 1.0, close to the midpoint of the range between 0.5 and 2 reported

by Whited (1992). θ− is set to 20, capturing the effect that it is very costly to disinvest. These

two adjustment cost parameters combined generate an average ratio of adjustment cost to

output of around 2.8% per year, well within the range between 1% and 20% estimated from

Hamermesh and Pfann (1996). They also imply an average disinvestment rate of 2% reported

by Abel and Eberly (2002). The operating cost coefficient f is set to 0.19, generating an

average fixed cost-output ratio of 0.17, very close to 0.18 from Eberly, Rebelo, and Vincent

(2009).

The persistence of aggregate productivity process ρx is set to 0.92, following King and

Rebelo (1999). The persistence of investment-specific shocks equals 0.6, roughly the same

magnitude as the empirical estimate of 0.62. The conditional volatility of investment-specific

shocks relative to aggregate productivity shocks is set to 1.0 from the real data. The average

level of aggregate productivity, X̄, is a scaling variable. It is set to 0.32 to make the average

long-run capital stock at 1/4. The average level of investment-specific technological state Q̄

set to 0.84, matching an average investment rate of 15% reported by Abel and Eberly (2002).

To calibrate the persistence ρz and the conditional volatility σz of idiosyncratic productivity
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shocks, I impose restrictions on the volatilities of firm-level stock returns and the investment

rate. As such, I set ρz = 0.85 and σz = 0.50. This implies an average firm-level stock return

volatility of 30.1% per year, well within the range of 25% reported by Campbell, Lettau,

Malkiel, and Xu (2001) and 32% from Vuolteenaho (2002). The implied investment rate

volatility is around 0.21, close to 0.22 estimated from real data. The real risk-free rate is

constant and equals the historical average of 1.8% per year. Following Boldrin, Christiano,

and Fisher (2001), I set the leverage ratio parameter Φ to 1.667.

The second group of parameters has only limited guidance from prior studies or requires

special discussion. The fraction of investment expenditure in the first period w is set to 0.2,

consistent with the finding of Lamont (2000) that more than three-quarters of the annual

variations in aggregate investment growth are explained by investment plans.

The risk price γx and volatility σx of aggregate productivity shocks are used to match

the market excess return and Sharpe ratio. Therefore, I set γx = 2.5 and σx = 0.2, which

generates an average excess return of 6.79% and Sharpe ratio of 0.47, very close to 6.69% and

0.43 from Campbell and Cochrane (1999). The annual volatility of aggregate productivity

shocks is 20% and is significantly higher than the empirical estimate of about 1.4% per

year from the data. The reason is that in standard investment-based asset pricing models,

exogenous shocks tend to be well absorbed by quantities such as investment or labor hiring,

leaving asset prices that are too smooth. The purpose of this paper is to try to understand

momentum returns in the cross section, given the properties in the time series. Therefore, I

choose this parameter to match a reasonably large equity premium. Finally, the risk price

γq for investment-specific shocks is set to 20.

It is interesting to note that even though this paper is aimed at capturing the individual

stock momentum in the cross section, it does not generate an aggregate market momentum,

as the autocorrelation in the time series of the market excess return is 7%, slightly higher

than the 5% reported by Campbell and Cochrane (1999).

4.3 Model results

The model has no analytical solution, so I resort to value function iterations to solve it

numerically. The details of the numerical solution can be found in Appendix A-2.

4.3.1 Value function and investment policy function

The value function for the case X = X̄, Q = Q̄, and Z = 1 is plotted in the top graph

of Figure 3 against capital (Kt) and the committed investment rate (LKt−1). The firm’s

value is increasing in capital when the committed investment rate is low, consistent with
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the implication from standard investment-based models. However, when the committed

investment rate is high, the relationship between capital and value becomes non-monotonic.

In particular, at a smaller capital region, the firm’s value increases with capital, since capital

is below steady state and extra committed investment is valuable for the firm. When capital

is large enough, the firm’s value actually drops with additional units of capital. This is

intuitive because when the committed investment rate is high, it is extremely costly to

reduce the redundant capital due to the asymmetric specification of the capital adjustment

cost. Along the direction of the committed investment rate, the value function decreases

with committed investment, again, because of the high cost of disinvestment.

[Insert Figure 3 Here]

The bottom panel of Figure 3 plots the policy function for the newly committed invest-

ment rate. A higher stock of capital is associated with a lower initiated investment rate, and

the optimal committed investment decreases the committed investment rate.

4.3.2 Momentum portfolio returns and dynamics

In this section, I explore the benchmark model implications for momentum profits and the

dynamics of profitability and the investment rate for momentum portfolios. I simulate the

model 100 times, with each sample 80 years and 2,000 firms. The empirical procedure is

implemented on each simulated sample, and cross simulation results are reported. As a

comparison, I report in the top panel of Table 9 the momentum portfolio returns and asset

pricing test results from the same procedure as in the data.

[Insert Table 9 Here]

In each year, 10 momentum portfolios are formed by sorting past one-year stock return

performance. The first two rows of Table 9 report the means and standard deviations of

portfolio excess returns from the data and the model. In line with the data, the investment-

based model generates a large momentum profit: The average excess return for the simulated

loser portfolio is 3.91% (with a standard deviation of 11.14%), compared with the winner

portfolio of 9.91% (with a standard deviation of 17.19%). The average momentum profit of

5.99% per annum is slightly lower than 7.56% in the data.

The middle five rows of Table 9 report the time series regression coefficients from CAPM.

Departing from the empirical findings, CAPM works much better in simulated data: The

market beta increases from the loser portfolio to the winner portfolio, which captures a large

fraction of momentum profits (see also top panel of Figure 4). The abnormal return for the
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spread portfolio W-L is only 1.91% per year from the simulated data, in contrast to 9.84%

in the empirical data. However, the α(CAPM) is still more than three standard deviations

from zero. 11 This counterfactual success of CAPM in the model indicates that a large

fraction of investment-specific shocks is captured by market excess return, so that they are

not as orthogonal to each other as in the real data.

[Insert Figure 4 Here]

When the investment-specific shocks are included in the asset pricing test, there is a

substantial improvement in the model fit (see the bottom panel of Figure 4). The bottom

seven rows of Table 9 show that the risk exposure of momentum portfolios to investment-

specific shocks using simulated data increases from -1.90 for the loser portfolio to 2.55 for

the winner portfolio, a pattern that is very consistent with the empirical counterpart.

To compare the dynamics of profitability and the investment rate for momentum portfo-

lios with the data, I repeat the same procedure as in Section 3.3. The bottom left panel of

Figure 2 presents profitability dynamics in an 11-year window. As in the data, the winner

portfolio’s profitability is higher in the event year than the loser portfolio, and their difference

gradually decays in the following years.

The bottom right panel of Figure 2 plots the dynamics of the investment rate for winner

and loser portfolios. With high-level idiosyncratic productivity, winner firms initiate more

investment. However, the investment initiation cannot immediately translate into productive

capital, due to the two-period investment commitment structure. When winners initiate

high investment, they also make a greater commitment to invest in the following period,

generating a hump-shaped investment profile that is consistent with the data.

In summary, this simple investment-based model can generate a reasonably large mo-

mentum profit and realistic investment dynamics. This profit can be well explained by the

exposures to investment-specific shocks in a two-factor model, consistent with empirical data.

In the following sections, I inspect the mechanism in generating the momentum profits in

more detail. In particular, I explore the contributions of the investment commitment and

investment-specific shocks to momentum profits separately.

4.3.3 Inspecting mechanism

The risk premium in rational models can be expressed as the product of quantities of risks

(i.e., betas) and risk prices. As discussed previously, the committed investment rate LKit−1

11It is worth noting that CAPM could fail substantially in a separate (unreported) calibration, where I
decrease the volatility of aggregate productivity shocks relative to the investment-specific shocks. The cost
with that calibration is that the simulated value premium is significantly negative. I will explore the value
premium and its mechanism in Section 4.3.4.
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serves as a natural proxy for the risk exposure to investment-specific shocks, since firms with

a higher committed investment rate will be more exposed to the variation in the relative

prices of investment goods. This is clear from capital accumulation equation (9). To check

on this point, I use the same simulated data from the benchmark calibration and form 10

portfolios based on LKit−1. If the above argument is true, we should expect to see that these

investment commitment portfolios are closely related to the momentum portfolios.

Panel A of Table 10 reports the descriptive statistics of these LK portfolios. Consistent

with the previous hypothesis, firms with a higher committed investment rate have higher

average stock returns. The return spread between high and low investment commitment

portfolios is about 6.32% per year, even higher than the 5.99% of momentum spread from

Table 9. Intuitively, the committed investment rate LK is a better proxy for exposure to

investment-specific shocks than past performance. As such, portfolios sorted by LK will

generate a larger return spread than momentum portfolios. This confirms the key role

of investment commitment in capturing the risk exposure to investment-specific shocks.

Unfortunately, it would be difficult to test this empirically, because well-documented data

on disaggregate investment commitment are rare.

[Insert Table 10 Here]

Another question is: How important are investment-specific shocks in the model? The

two-factor model test on simulated data implies that market beta contribute to the mo-

mentum profits. Is it possible to generate a similar momentum spread while keeping only

the aggregate and idiosyncratic productivity shocks? The answer is no. To see this, I shut

down investment-specific shocks and keep the rest of the benchmark model unchanged. I

recalibrate the risk price and volatility of aggregate productivity shocks to match the first

and second moments of aggregate market returns, and I form 10 new momentum portfolios

based on the one-year performance from the simulated data. The mean and standard de-

viation of the momentum portfolio returns are reported in Panel B of Table 10. Without

investment-specific shocks, the momentum spread is only 2.88%, less than half of the spread

from the benchmark model. However, it is very interesting that momentum profits remain

positive in the absence of investment-specific shocks. The reason is the following. The cap-

ital accumulation equation (8) explicitly describes the exposure of investment commitment

on investment-specific shocks, but indirectly, investment commitment is also related to ag-

gregate productivity shocks. With time-varying levels of aggregate productivity, the value

of installed capital is changing over time, as is the value of the committed capital that is yet

to be installed. The more commitment to invest, the higher the risk exposure to aggregate

productivity shocks. This explains why we could still observe momentum profits from the
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calibration without investment-specific shocks.

4.3.4 Value premium

The investment-based framework was initially introduced by Berk, Green, and Naik (1999),

Zhang (2005), Carlson, Fisher, and Giammarino (2004) among others to explain the value

premium. In Zhang (2005), value firms are those with low idiosyncratic productivity shocks,

like loser firms in momentum portfolios. In contrast, growth firms are those with high

idiosyncratic productivity shocks, similar to winner firms. Not surprisingly, while his model

can successfully generate a positive value premium, it also implies a counterfactual negative

momentum profit.

Similarly, one might ask: what are the implications of this model for the value premium?

To address this question, the first two rows of Table 11 report the stock returns for 10 book-

to-market portfolios using empirical and simulated data. The return spread between firms

with high book-to-market and firms with low book-to-market is about 0.35% per year from

simulated data, even though it is smaller than the empirical counterpart of 5.59%. This is

impressive, given the negative signs of the value premium and momentum profits from the

Zhang (2005) model. In addition, ignoring the extremely high book-to-market portfolio, the

spread between portfolio 9 and Lo is as high as 2.89% per year.

[Insert Table 11 Here]

To understand these results, it is worth emphasizing two important differences between

my model and the model of Zhang (2005). First, Zhang (2005) has only one type of aggregate

shock — aggregate productivity shocks — so CAPM holds conditionally in his model. In

contrast, my model has two types of aggregate shocks — aggregate productivity shocks and

investment-specific shocks — therefore, my model implies a two-factor model. 12

Second, in terms of mechanisms, Zhang (2005) emphasizes the role of the time-varying

price of risk, asymmetric adjustment cost, and operating leverage in generating the value

premium. The intuition, as discussed before, is that value firms are burdened with excess

capital, since they are unable to disinvest without incurring a large adjustment cost, and

hence they are very sensitive to aggregate productivity shocks. In my model, winners and

losers have different exposures to investment-specific shocks, capturing the momentum prof-

its. In addition, the channel of asymmetric adjustment cost and operating leverage from

Zhang (2005) also plays an important role, generating a positive value premium. Therefore,

12More precisely, my model implies a conditional two-factor model. However, in both the empirical and
simulated data, the unconditional two-factor model is already a very good approximation of the conditional
two-factor model.
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even though winners (losers) look similar to growth (value) firms in terms of past produc-

tivity shocks, the two opposing channels help to create both positive momentum profits and

a positive value premium.

One implication of the second channel is that value and growth firms are exposed to

aggregate productivity shocks (or TFP shocks in the data) differently. The bottom five

rows of Table 11 report the results of a one-factor model where 10 book-to-market portfolio

returns are regressed onto aggregate productivity shocks. Both the data and the model imply

an upward trend in βTFP from growth firms to value firms, consistent with Gourio (2007),

who tries to capture the value premium in a two-factor framework where the aggregate

productivity shock is one of the factors.

5 Conclusion

Motivated by the strong comovement between momentum profits and investment-specific

shocks, and the dynamics of profitability and investment for momentum portfolios, I pro-

pose a rational explanation for momentum profits that is consistent with firm investment

dynamics. Intuitively, past winners had high idiosyncratic profitability in the recent past;

they initiate more investment, make greater investment commitments, and have a higher

exposure to investment-specific shocks. In contrast, past losers had low idiosyncratic prof-

itability; they make fewer investment commitments (or more disinvestment commitments),

and therefore have a lower or even negative exposure to investment-specific shocks. The

investment-specific shock is a priced risk factor; this translates to higher expected returns for

past winners and lower expected returns for past losers. I then develop a simple investment-

based asset pricing model to elaborate this explanation. Calibrated to match the first and

second moments of aggregate market returns and firm-level investment, this model generates

a large momentum profit and realistic investment dynamics.

It should be emphasized that I do not intend to rule out existing behavioral explana-

tions. Instead, the purpose of this paper is to propose a potential rational explanation for

momentum profits that is consistent with salient features of the data. It can be the case

that the observed comovement between investment-specific shocks and momentum profits

is due to some unobservable behaviorial force from investors’ psychology. In particular, the

measure of investment-specific shocks is a relative price, which is susceptible to psychological

influence.

On the other hand, the findings also raise the bar for behavioral explanations of mo-

mentum. Many behavioral stories focus on firms’ underreaction or overreaction to firm-level

information, ignoring the interaction between momentum profits and the macroeconomy.
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The empirical findings in this paper indicate that behavioral explanations should generate

not only an unconditional momentum spread, but also its correlation with macroeconomic

variables, such as investment-specific technological innovations. For example, it would be in-

teresting to understand why a positive investment-specific shock is associated with a higher

degree of overreaction or overreaction of investors to firm-level information. It is beyond

the scope of this paper to carefully distinguish the roles of rational and behavioral forces

in generating momentum profits, but this is a very interesting topic that is left for future

research.

Another direction of future research is to connect with existing literature on conditional

momentum profits. Jegadeesh and Titman (1993) find that there is greater momentum

for smaller firms. Hong, Lim, and Stein (2000) document that even after controlling for

size, firms that are followed by fewer stock analysts exhibit greater momentum. Daniel

and Titman (1999) find that momentum profits are significantly larger when the strategy is

implemented with growth stocks rather than value stocks. More recently, Avramov, Chordia,

Jostova, and Philipov (2007) and Cooper, Gutierrez, and Hameed (2004) document that

momentum profits are related to credit ratings and market states, respectively. It would be

interesting to see how these conditional momentum phenomena are linked to investment-

specific technological progress. From a theoretical perspective, a model with endogenous

technological innovations, explicit debt issuance decisions, and bankruptcy options may be

promising in capturing many of these aspects.
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APPENDIX

A-1 Variable definitions

A-1.1 Investment-specific shocks

The data used to construct time series of investment-specific shocks are from the National

Income and Product Accounts (NIPA) at the Bureau of Economic Analysis (BEA). Follow-

ing Greenwood, Hercowitz, and Krusell (1997), the relative price of investment goods to

nondurable consumption goods is defined as the ratio between the price deflator for non-

durable goods of personal consumption expenditures (row 5 of NIPA table 1.1.9) and the

price deflator for equipment and software of gross private domestic investment (row 11 of

NIPA table 1.1.9). For the benchmark annual sample, the investment-specific shock is the

negative percentage change of this relative price from the previous year in an annual sam-

ple. For the quarterly sample, I take the HP filter to detrend the time series of the price of

investment goods relative to nondurable consumption goods and define investment-specific

shocks as the negative residual.

A-1.2 Standard risk factors, momentum portfolios and book-to-

market portfolios

The data for the three Fama-French factors, the momentum factor, and the standard mo-

mentum and book-to-market portfolios are from Kenneth French’s Web site.

The three factors are: (i) the market excess return on a value-weighted portfolio of NYSE,

Amex, and Nasdaq stocks minus the T-bill rate; (ii) SMB, which is the return on the small-

minus-big portfolio; and (iii) HML, which is the return on the high-minus-low portfolio. The

SMB and HML portfolios are based on the six Fama-French benchmark portfolios sorted

by size (breakpoint at the median) and book-to-market equity (breakpoints at the 30th and

70th percentiles). The SMB return is the difference in average returns between three small

and three big stock portfolios. The HML return is the difference in average returns between

two high and two low book-to-market portfolios. The momentum factor is formed using six

value-weighted portfolios based on size and prior (2-12) returns. These portfolios, which

are formed monthly, are the intersections of 2 portfolios formed on size (market equity,

ME) and 3 portfolios formed on prior (2-12) return. The monthly size breakpoint is the

median NYSE market equity. The monthly prior (2-12) return breakpoints are the 30th

and 70th NYSE percentiles. The momentum factor is the average return on the two high

prior return portfolios minus the average return on the two low prior return portfolios. The
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10 momentum portfolios are constructed monthly using NYSE prior (2-12) return decile

breakpoints. Value-weighted average returns of momentum portfolios are used throughout

the paper.

The 10 momentum portfolios are constructed monthly using NYSE prior (2-12) return

decile breakpoints. The portfolios constructed each month include NYSE, Amex, and NAS-

DAQ stocks with prior return data. To be included in a portfolio for month t (formed at

the end of month t− 1), a stock must have a price for the end of month t− 13 and a good

return for t− 2. In addition, any missing returns from t− 12 to t− 3 must be -99.0, CRSP’s

code for a missing price. Each included stock also must have ME for the end of t− 1.

The 10 book-to-market portfolios are formed on BE/ME at the end of each June using

NYSE breakpoints. The BE used in June of year t is the book equity for the last fiscal year

end in t − 1. ME is price times shares outstanding at the end of December of t − 1. All

NYSE, Amex, and NASDAQ stocks with available ME for December of t− 1 and June of t,

and BE for t− 1 are included.

A-2 Numerical solution

The investment-based asset pricing model is solved via the value function iteration. The state

space is discretized on 5-dimensional grids. In particular, the AR(1) processes for aggregate

productivity log(X), investment-specific technology log(Q), and idiosyncratic productivity

log(Z) are each modeled as a Markov chain. The discretization approach follows Rouwen-

horst (1995), and I use 5 grid points for log(X) and log(Q) processes, and 3 grids for log(Z)

process. Since the curvature of the value function is higher when capital stock is low, I

choose the capital grid points following a geometric series, so that more grid points are

concentrated in the small capital region. For the grid of the committed investment rate, I

use the equal space. I specify 21 grid points for capital stocks and 11 grid points for the

committed investment rate.

With the grids set up, I iterate the value functions by searching the optimal policy com-

mitted investment rate continuously. In calculating the next period firm value against capital

and the committed investment rate, I extensively use quadratic polynomial interpolations.

All results are robust to finer grids for the state space.
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Table 1: Summary statistics

This table reports the summary statistics for the benchmark annual sample. The left part
of the table presents the mean, standard deviation, maximum, median, and minimum of
investment-specific shocks (Ishock) and standard risk factors. The investment-specific shock
is defined as the negative change in the price deflator of investment goods relative to that
of non-durable consumption goods. MKT is the market return in excess of the risk-free
rate, MOM is the momentum factor, HML is the high-minus-low book-to-market factor,
and SMB is the small-minus-big size factor. The right part of the table calculates the
contemporaneous correlation coefficients of these variables. The symbols ∗∗∗, ∗∗, ∗ stand for
statistical significance at 1%, 5%, and 10%, respectively. The sample is annual from 1930 to
2009.

Correlation coefficients
(%) Mean Std Max Median Min Ishock MKT MOM HML SMB
Ishock 0.43 1.55 4.65 0.64 -4.47 1.00
MKT 7.08 20.03 57.77 10.19 -49.21 0.01 1.00
MOM 7.83 16.04 37.81 9.94 -64.58 0.32∗∗ −0.28∗∗∗ 1.00
HML 4.89 12.81 35.85 4.78 -29.40 0.14 0.15 −0.30∗ 1.00
SMB 3.49 12.23 42.09 3.26 -28.07 0.01 0.38∗∗∗ −0.21∗∗ 0.10 1.00

37



T
a
b
le

2
:

T
w

o
-f
a
ct

o
r

m
o
d
e
l
o
n

st
a
n
d
a
rd

m
o
m

e
n
tu

m
p
o
rt

fo
li
o
s:

B
e
n
ch

m
a
rk

a
n
n
u
a
l
sa

m
p
le

T
h
is

ta
b
le

re
p
or

ts
th

e
te

st
re

su
lt

s
of

a
tw

o-
fa

ct
or

m
o
d
el

on
th

e
st

an
d
ar

d
10

m
om

en
tu

m
p
or

tf
ol

io
s

fr
om

K
en

n
et

h
F
re

n
ch

’s
W

eb
si

te
.

T
h
e

fi
rs

t
fa

ct
or

is
m

ar
ke

t
ex

ce
ss

re
tu

rn
s

(M
K

T
),

an
d

th
e

se
co

n
d

fa
ct

or
is

in
ve

st
m

en
t-

sp
ec

ifi
c

sh
o
ck

s
(I

sh
o
ck

).
In

th
e

fi
rs

t-
st

ag
e

ti
m

e
se

ri
es

re
gr

es
si

on
s,

th
e

10
p
or

tf
ol

io
ex

ce
ss

re
tu

rn
s

ar
e

re
gr

es
se

d
on

th
e

tw
o

fa
ct

or
s,

ge
n
er

at
in

g
fa

ct
or

lo
ad

in
gs

(o
r

b
et

as
),

as
re

p
or

te
d

in
P
an

el
A

.
T

h
e

se
co

n
d

st
ag

e
re

gr
es

se
s

th
e

av
er

ag
e

p
or

tf
ol

io
re

tu
rn

s
on

th
e

fa
ct

or
lo

ad
in

gs
es

ti
m

at
ed

fr
om

th
e

fi
rs

t
st

ag
e,

ge
n
er

at
in

g
p
ri

ce
s

of
ri

sk
s,

as
re

p
or

te
d

in
P
an

el
B

.
P
an

el
B

al
so

re
p
or

ts
th

e
m

ea
n

ab
so

lu
te

er
ro

r
(M

A
E

),
p-

va
lu

e
fo

r
th

e
χ

2
te

st
,
O

L
S
-R

2
,
an

d
G

L
S
-R

2
fr

om
th

e
cr

os
s-

se
ct

io
n
al

re
gr

es
si

on
.

N
ew

ey
-W

es
t

t-
st

at
s

gi
ve

n
in

p
ar

en
th

es
es

co
n
tr

ol
fo

r
h
et

er
os

ce
d
as

ti
ci

ty
an

d
au

to
co

rr
el

at
io

n
.

T
o

ad
d
re

ss
th

e
p
ro

b
le

m
th

at
th

e
ri

sk
ex

p
os

u
re

s
ar

e
es

ti
m

at
ed

fr
om

th
e

fi
rs

t
st

ag
e,

I
ad

ju
st

th
e

st
an

d
ar

d
er

ro
rs

fr
om

th
e

se
co

n
d
-s

ta
ge

re
gr

es
si

on
as

p
ro

p
os

ed
in

S
h
an

ke
n

(1
99

2)
.T

h
e

sa
m

p
le

is
an

n
u
al

fr
om

19
30

to
20

09
.

P
an

el
A

:
T

im
e

se
ri
es

re
gr

es
si

on
:

R
e jt

=
C

te
j
+

β
M

K
T

j
×

M
K

T
t
+

β
I
sh

o
ck

j
×

I
sh

oc
k

t
+

ε j
t

L
os

er
2

3
4

5
6

7
8

9
W

in
n
er

W
-L

C
te

j
-8

.3
6

-2
.3

8
-2

.1
6

-0
.8

7
0.

22
0.

41
1.

14
2.

50
2.

66
6.

00
14

.3
5

(-
3.

66
)

(-
1.

49
)

(-
1.

57
)

(-
0.

81
)

(0
.2

7)
(0

.8
2)

(1
.2

2)
(4

.3
9)

(2
.7

4)
(4

.1
8)

(5
.3

4)
β

M
K

T
j

1.
55

1.
22

1.
12

1.
06

0.
94

1.
01

0.
94

0.
94

1.
01

1.
05

-0
.4

9
(1

5.
45

)
(1

7.
16

)
(1

4.
94

)
(1

2.
21

)
(1

6.
83

)
(2

4.
07

)
(1

9.
25

)
(2

5.
78

)
(2

1.
82

)
(1

2.
18

)
-3

.2
3

β
I
sh

o
ck

j
-4

.0
5

-2
.0

2
-1

.2
4

-0
.0

5
-1

.1
6

-0
.4

8
0.

19
0.

95
1.

08
1.

61
5.

66
(-

1.
93

)
(-

1.
80

)
(-

1.
89

)
(-

0.
11

)
(-

2.
26

)
(-

1.
53

)
(0

.2
7)

(2
.7

0)
(2

.0
1)

(2
.3

1)
(2

.4
1)

R
2
(%

)
76

.9
1

79
.8

1
86

.1
4

84
.2

7
87

.1
6

93
.2

0
90

.8
6

90
.7

0
88

.9
7

79
.1

8
23

.8
4

P
an

el
B

:
C

ro
ss

-s
ec

ti
on

al
re

gr
es

si
on

:
E

T
(R

e jt
)

=
β

M
K

T
j

×
λ

M
K

T
+

β
I
sh

o
ck

j
×

λ
I
sh

o
ck

+
η j

λ
M

K
T

λ
I
sh

o
ck

M
A

E
(%

)
p-

(χ
2

te
st

)
O

L
S
-R

2
(%

)
G

L
S
-R

2
(%

)
E

st
.

8.
04

2.
67

0.
92

0.
71

89
.7

0
66

.5
3

(3
.4

7)
(2

.9
0)

38



T
a
b
le

3
:

T
w

o
-f
a
ct

o
r

m
o
d
e
l
o
n

st
a
n
d
a
rd

m
o
m

e
n
tu

m
p
o
rt

fo
li
o
s:

Q
u
a
rt

e
rl

y
sa

m
p
le

s

T
h
is

ta
b
le

re
p
or

ts
th

e
te

st
re

su
lt

s
of

a
tw

o-
fa

ct
or

m
o
d
el

on
th

e
st

an
d
ar

d
10

m
om

en
tu

m
p
or

tf
ol

io
s

fr
om

K
en

n
et

h
F
re

n
ch

’s
W

eb
si

te
.

T
h
e

fi
rs

t
fa

ct
or

is
m

ar
ke

t
ex

ce
ss

re
tu

rn
s

(M
K

T
),

an
d

th
e

se
co

n
d

fa
ct

or
is

in
ve

st
m

en
t-

sp
ec

ifi
c

sh
o
ck

s
(I

sh
o
ck

).
T

h
e

q
u
ar

te
rl

y
in

ve
st

m
en

t-
sp

ec
ifi

c
sh

o
ck

s
ar

e
d
efi

n
ed

as
th

e
re

si
d
u
al

s
of

th
e

ti
m

e
se

ri
es

of
th

e
q
u
ar

te
rl
y

re
la

ti
ve

p
ri

ce
d
efl

at
or

af
te

r
ta

k
in

g
th

e
H

P
fi
lt
er

.
In

th
e

fi
rs

t-
st

ag
e

ti
m

e
se

ri
es

re
gr

es
si

on
s,

th
e

10
p
or

tf
ol

io
ex

ce
ss

re
tu

rn
s

ar
e

re
gr

es
se

d
on

th
e

tw
o

fa
ct

or
s,

ge
n
er

at
in

g
fa

ct
or

lo
ad

in
gs

(o
r

b
et

as
),

as
re

p
or

te
d

in
P
an

el
A

.
T

h
e

se
co

n
d

st
ag

e
re

gr
es

se
s

th
e

av
er

ag
e

p
or

tf
ol

io
re

tu
rn

s
on

th
e

fa
ct

or
lo

ad
in

gs
es

ti
m

at
ed

fr
om

th
e

fi
rs

t
st

ag
e,

ge
n
er

at
in

g
p
ri
ce

s
of

ri
sk

s,
as

re
p
or

te
d

in
P
an

el
B

.
P
an

el
B

al
so

re
p
or

ts
th

e
m

ea
n

ab
so

lu
te

er
ro

r
(M

A
E

),
p-

va
lu

e
fo

r
th

e
χ

2
te

st
,

O
L
S
-R

2
,

an
d

G
L
S
-R

2
fr

om
th

e
cr

os
s-

se
ct

io
n
al

re
gr

es
si

on
.

N
ew

ey
-W

es
t

t-
st

at
s

gi
ve

n
in

p
ar

en
th

es
es

co
n
tr

ol
fo

r
h
et

er
os

ce
d
as

ti
ci

ty
an

d
au

to
co

rr
el

at
io

n
.

T
o

ad
d
re

ss
th

e
p
ro

b
le

m
th

at
th

e
ri
sk

ex
p
os

u
re

s
ar

e
es

ti
m

at
ed

fr
om

th
e

fi
rs

t
st

ag
e,

I
ad

ju
st

th
e

st
an

d
ar

d
er

ro
rs

fr
om

th
e

se
co

n
d
-s

ta
ge

re
gr

es
si

on
as

p
ro

p
os

ed
in

S
h
an

ke
n

(1
99

2)
.

T
h
e

sa
m

p
le

is
q
u
ar

te
rl

y
fr

om
19

48
Q

1
to

20
09

Q
4.

P
an

el
A

:
T

im
e

se
ri
es

re
gr

es
si

on
:

R
e jt

=
C

te
j
+

β
M

K
T

j
×

M
K

T
t
+

β
I
sh

o
ck

j
×

I
sh

oc
k

t
+

ε j
t

L
os

er
2

3
4

5
6

7
8

9
W

in
n
er

W
-L

C
te

j
-1

1.
49

-4
.6

9
-1

.8
4

-0
.5

3
-0

.3
2

0.
27

1.
23

3.
25

3.
41

6.
61

18
.1

1
(-

5.
86

)
(-

3.
19

)
(-

1.
68

)
(-

0.
46

)
(-

0.
36

)
(0

.4
2)

(1
.4

9)
(4

.6
5)

(3
.6

9)
(4

.8
8)

(1
0.

74
)

β
M

K
T

j
1.

44
1.

21
1.

02
0.

95
0.

92
0.

96
0.

87
0.

89
0.

95
1.

14
-0

.3
0

(1
9.

10
)

(1
8.

11
)

(1
8.

61
)

(1
9.

86
)

(2
4.

34
)

(2
8.

94
)

(2
2.

52
)

(2
9.

89
)

(2
8.

84
)

(2
1.

17
)

(2
.0

8)
β

I
sh

o
ck

j
-5

.6
0

-1
.5

7
-1

.6
2

-0
.1

0
-0

.1
4

-0
.0

3
-0

.5
3

0.
97

0.
68

0.
91

6.
51

(-
1.

85
)

(-
1.

10
)

(-
1.

19
)

(-
0.

11
)

(-
0.

16
)

(-
0.

04
)

(-
0.

86
)

(1
.7

5)
(0

.7
6)

(0
.7

1)
(2

.5
5)

R
2
(%

)
71

.1
3

76
.9

6
76

.8
8

80
.8

3
85

.3
7

88
.7

2
86

.5
0

86
.7

3
85

.1
8

75
.2

3
4.

10

P
an

el
B

:
C

ro
ss

-s
ec

ti
on

al
re

gr
es

si
on

:
E

T
(R

e jt
)

=
β

M
K

T
j

×
λ

M
K

T
+

β
I
sh

o
ck

j
×

λ
I
sh

o
ck

+
η j

λ
M

K
T

λ
I
sh

o
ck

M
A

E
(%

)
p-

(χ
2

te
st

)
O

L
S
-R

2
(%

)
G

L
S
-R

2
(%

)
E

st
.

8.
34

2.
54

1.
27

0.
90

86
.4

4
61

.5
2

(3
.7

3)
(2

.6
1)

39



Table 4: Two-factor model with control for size and book-to-market

This table reports the relationship between momentum profits and investment-specific shocks
after controlling for the effects of size and book-to-market. Following Fama and French
(1993), the book value of equity is defined as the COMPUSTAT book value of common equity
(CEQ) plus balance-sheet deferred taxes (TXDB) and investment tax credits (ITCB), minus
book value of preferred stock. Depending on availability, I use the redemption (PSTKRV),
liquidation (PSTKL), or carrying value of preferred stock (PSTK). When CEQ is unavailable,
the liquidation value of common equity (CEQL) is used. When the book value of equity is
not available from COMPUSTAT, it is supplemented by the book equity data for NYSE
stocks in Davis, Fama, and French (2000). Size is defined as the stock price times shares
outstanding at the end of June of year t from CRSP. Book-to-market is the ratio of the book
value of equity to the market value of equity, which is price times shares outstanding at the
end of December of year t from CRSP. The momentum is the prior (2-12) return. I match
the CRSP monthly stock from July of year t to June of year t + 1 with the accounting data
of fiscal year t−1 from CRSP/COMPUSTAT Merged database. In the first-stage Fama and
MacBeth (1973) regression, firm-level stock returns are regressed on firm-level natural log of
size, natural log of book-to-market, and momentum, and the estimates are reported in Panel
A.

Re
jt = at + λSIZE

t × SIZEjt + λBM
t ×BMjt + λMOM

t ×MOMjt + εjt

In the second stage, the time series coefficients on firm-level momentum estimated from the
first stage (i.e. the after-control momentum risk premium) is then tested onto the two-factor
model, with market excess returns (MKT) and investment-specific shocks (Ishock) as risk
factors.

λMOM
t = Cte0 + bMKT

0 ×MKTt + bIshock
0 × Ishockt + ε0t

The estimates are reported in Panel B. Two annual sample periods are tested: the full sample
1930-2009, and the short sample 1963-2009. Newey-West t-stats given in parentheses control
for heteroscedasticity and autocorrelation.

Panel A: Fama and MacBeth (1973) regression

Sample Intercept Size BM MOM OLS-R2(%)
1930-2009 1.34 -0.12 0.21 0.72 4.85

(4.95) (-3.35) (4.29) (3.23)
1963-2009 1.37 -0.08 0.19 0.84 3.86

(4.11) (-2.13) (4.04) (3.95)

Panel B: Two-factor model

Sample Cte0 bMKT
0 bIshock

0 OLS-R2(%)
1930-2009 0.79 -0.03 0.39 18.60

(2.85) (-4.13) (1.75)
1963-2009 0.32 -0.02 0.69 27.73

(0.72) (-2.40) (2.48)
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Table 5: Industry definition

This table reports the definitions of 20 industries used in Moskowitz and Grinblatt (1999)
and their stock return summary statistics. Two-digit Standard Industrial Classification
(SIC) codes from CRSP are used to form industry portfolios, and the return of an industry
is calculated as the value-weighted average of stock returns for all firms in that industry.
Columns 4 and 5 report the sample mean and standard deviation of industry portfolio
returns. Columns 6 and 7 report the exposures of industry portfolios to investment-specific
shocks and the corresponding t-stats, when industry portfolio returns are regressed on a two-
factor model, with market excess returns and investment-specific shocks as the risk factors.
Newey-West t-stats given in parentheses control for heteroscedasticity and autocorrelation.
The sample is annual from 1930 to 2009.

Industry Description SIC Codes E(R)-Rf (%) Std(%) βIshock t(βIshock)
1 Mining 10-14 7.60 24.70 2.67 (2.79)
2 Food 20 8.12 17.32 -0.10 (-0.13)
3 Apparel 22-23 7.39 31.34 -1.68 (-1.31)
4 Paper 26 9.13 27.84 0.59 (0.43)
5 Chemical 28 8.17 19.53 -0.02 (-0.03)
6 Petroleum 29 9.47 20.33 1.57 (1.87)
7 Construction 32 7.95 28.11 -0.74 (-1.29)
8 Prim. Metals 33 7.77 30.54 0.96 (0.70)
9 Fab. Metals 34 7.53 22.92 0.47 (0.79)

10 Machinery 35 8.06 25.60 0.50 (0.63)
11 Electrical Eq. 36 7.78 26.23 -0.54 (-0.81)
12 Transport Eq. 37 9.22 28.97 -1.89 (-2.39)
13 Manufacturing 38-39 8.76 22.32 -0.23 (-0.20)
14 Railroads 40 8.63 24.75 2.94 (2.99)
15 Other Transport. 41-47 6.51 27.95 0.01 (0.01)
16 Utilities 49 5.81 19.97 -0.29 (-0.28)
17 Dept. Stores 53 8.18 23.50 -0.10 (-0.08)
18 Retail 50-52, 54-59 8.47 22.28 -1.39 (-1.59)
19 Financial 60-69 7.91 23.74 0.02 (0.02)
20 Other other 6.13 17.65 -0.24 (-0.54)
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Table 7: Parameter values under benchmark calibration

This table lists the parameters values for the benchmark calibration. Group I reports the
parameters that can be restricted by empirical or quantitative studies. Group II reports the
parameters with limited guidance from prior studies or that require special discussion.

Parameter Symbol Value
Group I
Elasticity of output w.r.t. capital α 0.5
Depreciation rate of capital δ 0.13
Capital adjustment coefficient when invests c+ 1
Capital adjustment coefficient when disinvests c− 20
Operating cost coefficient f 0.19
Persistence of aggregate productivity ρx 0.92
Long-run average of aggregate productivity X̄ 0.32
Persistence of investment-specific technological state ρq 0.6
Long-run average of investment-specific technological state Q̄ 0.84
Volatility of investment-specific shocks relative to aggregate productivity shocks σq

σx 1.0
Persistence of idiosyncratic productivity ρz 0.85
Volatility of idiosyncratic productivity shocks σz 0.5
Constant risk-free rate rf 1.8%
Leverage ratio Φ 1.667
Group II
Proportion of investment completed when initiated w 0.2
Volatility of aggregate productivity shocks σx 0.2
Risk price for aggregate productivity shocks γx 2.5
Risk price for investment-specific shocks γq 20
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Table 8: Key moments

This table reports unconditional moments generated from the simulated data and real data.
100 samples are simulated, with each sample spanning 80 years and for 2,000 firms, and
the cross-simulation average annual moments are reported. The mean, Sharpe ratio, and
AR(1) coefficient of market excess returns are from Campbell and Cochrane (1999), and
the volatility of firm-level stock returns is reported by Campbell, Lettau, Malkiel, and Xu
(2001) and Vuolteenaho (2002). The average investment rate and disinvestment rate are
from Abel and Eberly (2002). I estimate the standard deviation of firm-level investment
rates using pooled sample from 1950-2009, where the investment rate is the ratio between
capital expenditure (CAPX) and lagged capital (PPENT) from COMPUSTAT. The range
for average adjustment cost-output ratio is reported by Hamermesh and Pfann (1996), and
the average fixed cost-output ratio is from Eberly, Rebelo, and Vincent (2009).

Moments Data Model
Average annual market excess return (%) 6.69 6.79
Average annual Sharpe ratio 0.43 0.47
AR(1) coefficient of annual market excess return 0.05 0.07
Volatility of annual firm-level stock return (%) 25.0–32.0 30.1
Annual average investment rate 0.15 0.15
Annual average disinvestment rate 0.02 0.02
Standard deviation of firm-level investment rate 0.22 0.21
Average adjustment cost-output ratio (%) 1–20 2.8
Average fixed cost-output ratio (%) 0.18 0.17
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Table 9: Momentum profits

This table shows the momentum portfolio returns and asset pricing test results. The top
panel presents the results with empirical data, where I rebalance momentum portfolios in
December of each year and hold for one year. Momentum at year t is defined as the cumula-
tive returns from January to November of year t− 1 to avoid microstructure concerns. The
sample is annual from 1930 to 2009. The bottom panel shows the results from simulated
data, where 100 samples are simulated, with each sample spanning 80 years and for 2,000
firms. The first two rows of each panel report the annual mean and standard deviation of the
excess returns of momentum portfolios and the spread portfolio with a long position in the
past winners and a short position in the past losers. The middle five rows report the CAPM
tests results, including abnormal returns α(CAPM), market exposure βMKT (CAPM). The
bottom seven rows report the two-factor model (TF) test results, with market excess returns
and investment-specific shocks as risk factors, including the intercept Cte(TF ), market ex-
posure βMKT (TF ), and exposure to investment-specific shocks βIshock(TF ). Newey-West
t-stats given in parentheses control for heteroscedasticity and autocorrelation.

Data
Los. 2 3 4 5 6 7 8 9 Win. W-L

E(R)-Rf (%) 3.03 7.22 7.21 7.96 7.34 6.77 7.18 8.70 9.70 10.58 7.56
std(%) 32.91 26.92 23.35 21.88 20.22 19.95 19.06 19.75 21.41 24.52 21.89
α(CAPM) -7.05 -1.35 -0.34 0.69 0.71 0.09 1.00 2.12 2.60 2.78 9.84

(-3.45) (-0.94) (-0.32) (0.71) (0.62) (0.12) (1.14) (2.86) (3.25) (1.93) (4.27)
βMKT (CAPM) 1.43 1.21 1.07 1.03 0.94 0.94 0.87 0.93 1.00 1.10 -0.32

(11.03) (13.52) (13.66) (17.85) (13.65) (20.82) (15.92) (21.67) (22.23) (17.50) (-2.27)
R2(CAPM)(%) 75.24 81.25 83.77 88.36 86.18 89.81 84.39 89.13 88.40 81.14 8.72
Cte(TF )(%) -5.80 -0.68 0.41 1.26 0.78 0.19 0.80 1.69 2.18 2.12 7.92

(-3.17) (-0.50) (0.46) (1.32) (0.62) (0.23) (0.97) (2.89) (2.41) (1.28) (3.65)
βMKT (TF ) 1.43 1.21 1.07 1.03 0.94 0.94 0.87 0.93 1.00 1.10 -0.32

(12.55) (12.98) (13.77) (16.53) (13.43) (20.58) (16.21) (26.01) (22.27) (15.47) (-2.44)
βIshock(TF ) -2.97 -1.60 -1.77 -1.34 -0.17 -0.23 0.47 1.01 0.97 1.58 4.54

(-2.12) (-2.03) (-2.55) (-2.19) (-0.24) (-0.52) (0.98) (3.40) (1.63) (1.70) (3.13)
R2(TF )(%) 77.20 82.10 85.16 89.28 86.19 89.84 84.54 89.76 88.90 82.13 19.13

Model
Los. 2 3 4 5 6 7 8 9 Win. W-L

E(R)-Rf(%) 3.91 3.35 3.68 5.12 5.52 5.68 5.84 8.57 9.17 9.91 5.99
std(%) 11.14 7.99 8.61 12.69 12.30 12.28 12.34 18.39 19.19 17.19 7.39
α(CAPM) -0.77 -0.15 -0.13 -0.49 -0.16 -0.04 0.04 0.00 0.18 1.14 1.91

(-2.98) (-0.65) (-0.58) (-2.30) (-0.90) (-0.22) (0.16) (0.02) (0.70) (3.32) (3.42)
βMKT (CAPM) 0.76 0.53 0.57 0.88 0.85 0.85 0.85 1.28 1.33 1.19 0.43

(26.17) (11.91) (11.61) (32.28) (37.58) (33.70) (24.53) (26.14) (17.06) (27.21) (6.39)
R2(CAPM)(%) 95.39 90.38 90.43 96.79 97.36 97.02 96.42 97.19 96.60 97.24 67.45
Cte(TF )(%) -1.12 -0.33 -0.25 -0.70 -0.22 -0.07 0.09 0.00 0.29 1.60 2.72

(-3.64) (-1.22) (-0.98) (-2.72) (-0.95) (-0.29) (0.37) (-0.01) (0.97) (4.00) (4.21)
βMKT (TF ) 0.76 0.53 0.57 0.88 0.85 0.85 0.85 1.28 1.33 1.19 0.43

(26.94) (11.89) (11.62) (32.82) (37.81) (33.44) (24.48) (25.95) (16.94) (28.81) (6.68)
βIshock(TF ) -1.90 -0.96 -0.65 -1.17 -0.35 -0.12 0.30 -0.10 0.58 2.55 4.45

(-2.67) (-1.24) (-0.77) (-1.94) (-0.59) (-0.21) (0.53) (-0.10) (0.64) (2.82) (3.16)
R2(TF )(%) 95.94 90.77 90.68 96.97 97.41 97.06 96.46 97.24 96.65 97.66 73.97
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Table 11: Value premium

This table shows the book-to-market portfolio returns and asset pricing test results. The top
panel presents the results with empirical data, where book-to-market portfolio returns are
from Kenneth French’s Web site, and the sample is annual from 1930 to 2009. The bottom
panel shows the results from simulated data, where 100 samples are simulated, with each
sample spanning 80 years and for 2000 firms. Book-to-market for firm i at time t in the model
is defined as the ratio of capital Kit at the beginning of year t to the ex-dividend firm value
Vit−1−Dit−1 at the end of year t−1. The first two rows of each panel report the annual mean
and standard deviation of the excess returns of the book-to-market portfolios and the spread
portfolio with a long position in the value firms and a short position in the growth firms.
The bottom five rows in each panel report the one-factor model (OF) test results, with the
aggregate productivity shocks (or TFP growth in the data) as the risk factor, including the
intercept Cte(OF ) and exposure to aggregate productivity shocks βTFP (OF ). Newey-West
t-stats given in parentheses control for heteroscedasticity and autocorrelation.

Data
Lo 2 3 4 5 6 7 8 9 Hi Hi-Lo

E(R)-Rf (%) 6.09 6.98 7.28 6.96 8.28 8.30 7.97 9.99 10.42 11.68 5.59
std(%) 20.20 16.36 16.32 17.10 17.37 17.20 18.60 19.32 18.83 23.93 18.27
Cte(OF ) 4.83 6.12 6.71 5.33 6.70 5.83 6.12 7.06 7.74 8.22 3.39

(1.44) (2.14) (2.66) (1.78) (2.19) (1.97) (2.11) (2.76) (2.99) (2.77) (1.36)
βTFP (OF ) 0.96 0.66 0.43 1.25 1.21 1.89 1.42 2.25 2.05 2.64 1.68

(0.74) (0.56) (0.43) (0.98) (1.01) (1.57) (1.13) (2.06) (1.70) (1.93) (1.64)
R2(OF )(%) 0.78 0.56 0.24 1.84 1.67 4.16 2.01 4.66 4.09 4.21 2.93

Model
Lo 2 3 4 5 6 7 8 9 Hi Hi-Lo

E(R)-Rf (%) 4.89 6.64 6.96 6.39 6.04 6.69 7.34 7.86 7.78 5.23 0.35
std 8.76 11.50 12.77 12.84 12.54 13.67 15.46 17.47 18.36 14.86 7.62
Cte(OF ) 10.94 14.24 15.37 14.99 14.37 15.49 17.19 19.11 19.69 14.66 3.73

(5.22) (5.93) (6.67) (6.33) (6.28) (6.25) (6.51) (6.00) (5.27) (5.11) (1.22)
βTFP (OF ) 7.45 9.43 10.20 10.16 9.74 10.42 11.59 12.99 13.42 10.26 2.81

(3.16) (3.53) (3.80) (3.63) (3.83) (3.74) (3.87) (3.82) (3.74) (4.01) (1.44)
R2(OF )(%) 35.29 32.79 30.94 30.27 29.10 28.14 27.25 26.57 25.49 22.98 7.79
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Figure 1: Risk exposures and performance of the two-factor model

This figure plots the asset pricing test results on 10 standard momentum portfolios from Kenneth French’s
Web site. The top left(right) panel plots the average momentum portfolio returns against exposure to market
excess returns (investment-specific shocks), where the risk exposures are estimated from a two-factor model,
with market excess returns and investment-specific shocks as the risk factors. The bottom left plot compares
the CAPM predicted momentum portfolio returns with average realized returns. The bottom right plot
compares the two-factor model-predicted momentum portfolio returns with average realized returns. The
sample is annual from 1930 to 2009.
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Figure 2: 11-year event windows of momentum portfolios

The figure plots the dynamics of profitability and the investment rate of momentum portfolios in an 11-year
event window around the portfolio-forming year. The top two panels show the results for the empirical
data. Profitability is proxied by return on equity, defined as the ratio between income before extraordinary
items (IB) and lagged capital (PPENT) from COMPUSTAT. The investment rate is the ratio between capital
expenditure (CAPX) and lagged capital (PPENT) from COMPUSTAT. At the end of December of each year,
10 momentum portfolios are rebalanced based on the cumulative stock returns in that year. The profitability
and investment rate of the same firms in a portfolio are tracked for five years before and five years after
the portfolio formation year, and the averages over calendar years are plotted in the 11-year window. The
sample keeps only firms that have a fiscal year end (FYR) of December, and is annual from 1950 to 2009.
The bottom two panels show the results for the simulated data, where 100 samples are simulated, with each
sample spanning 80 years and for 2,000 firms.
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Figure 3: Value function and policy function

The figure presents the value function (top panel) and policy committed investment rate
(bottom panel) against two state variables: capital and committed investment rate, when
the other state variables are set to their steady states, i.e., X = X̄, Q = Q̄, and Z = 1. The
value function and policy function are generated through value function iterations.
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Figure 4: Predicted return and actual return of 10 momentum portfolios: Sim-
ulated data

This figure plots the performance of CAPM and the two-factor model on 10 simulated momentum portfolios.
The top panel compares CAPM predicted momentum portfolio returns with realized returns. The bottom
panel compares the two-factor model predicted momentum portfolio returns with realized returns. 1000
samples are simulated, with each sample 80 years and 2000 firms.
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