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1 Introduction

While all previous assessments of risk, return, the cost of equity capital and valuation ratios
have focused on public firms, the importance of private firms in the economy should not be
underestimated. For instance, Asker, Farre-Mensa and Ljungkvist (2014) estimate that in
2007 private U.S. firms accounted for 54.5% of aggregate non-residential fixed investment,
67.1% of private sector employment, 57.6% of sales, and 20.6% of aggregate pre-tax profits.
The vast majority of firms in the U.S. are closely-held corporations. The latest Census
indicates seven million corporate tax filers, of which only about 8,000 are public firms. Thus,
private firms are an important, but often neglected, part of the economy.

In this paper, we examine the determinants of the cross section of industry investment
returns, derived from the g-theory of investment (Cochrane, 1991, Liu, Whited and Zhang,
2009) within ten groups of industries differing by the fraction of private and public firms in
the industry. We use the NBER industry productivity database that aggregates both public
and private firms and the Compustat database to sort industries into deciles according to
the fraction of the sales (employees) of public firms in the industry to total industry sales
(employees). We identify private industries as those industries in the two bottom deciles,

and the industries in the top decile as public industries.!

Examining investment returns
of industries which consist of mainly private firms allows us to address three important
questions.

First, it has been established that investment returns are equal to the weighted average
cost of capital.? Therefore, if the role of characteristics in investment returns in a sample
that includes primarily private firms is similar to their role in investment returns of a sample
of mostly public firms, this evidence casts doubt on mispricing as an explanation for the role
of these characteristics. The reasons for this is that, first, private firms have no stock prices
to over- or under-react on, and second, their managers are less susceptible to misvaluation

as we argue below. Instead, the role of characteristics is likely to stem from their presence in

the first order conditions of firms’ optimal investment decisions.

!The two bottom deciles consist of industries with only private firms.

2Cochrane (1991) demonstrates this theoretically for equity only firms. Liu, Whited, and Zhang (2009)
show that expected investment returns are equal to the expected weighted average cost of capital for portfolios
sorted on charcteristics that give large spreads in average stock returns.



Our identification scheme of private firms, and the likelihood that these firms do not
overreact or underreact to market prices, enables us to interpret characteristic-based factors.
Specifically, if a factor is a true aggregate risk factor it should price all equity, whether
it belongs to public or private firms, assuming equity holders of both public and private
firms require a premium for bearing the factor’s systematic risk. To date the literature has
only examined the risk-return relation of public firms and therefore it has not been possible
to establish whether common risk factors are actually sources of aggregate uncertainty or
are relevant only for firms that are publicly listed on the stock exchange. Notably, many
investment-based studies refrain from claiming that characteristics-based factors are risk
factors. In contrast, given our identification of private firms, we are able to interpret the role
of these factors.

Second, the investment approach renders it feasible for us to obtain estimates for the
cost of capital and valuations of private firms. Cost of capital estimates for private firms
are notoriously difficult to obtain because of the lack of stock prices. However, by using
investment returns, we can obtain the first estimates of the cost of capital of private firms
from asset pricing models. Most firms in the economy are private, and being able to obtain a
risk-based measure of the cost of capital is crucial to optimal decision making for these firms.
Our paper assesses the only means, to the best of our knowledge, of achieving this goal.

Third, following Belo, Xue and Zhang (2013), we also obtain valuation ratios (that is,
Tobin’s ¢) implied by firms’ first-order conditions with respect to investment. Subsequently,
we compare the valuation ratios as well as the cross-section of valuation ratios of private
and public industries. To the best of our knowledge, ours is the first paper to examine the
valuation of private firms and to compare them to those of public firms.

Our main findings can be summarized as follows. First, we show that characteristics that
have been shown to describe the cross section of stock returns, namely the investment to
capital ratio (I/K), the return on assets (ROA) (see Hou, Xue and Zhang, 2014), size (which
we measure as the stock of capital) and idiosyncratic volatility of returns can summarize the
cross section of investment returns of both industry portfolios with a relatively large fraction
of private firms as well as of industry portfolios with a relatively small fraction of private

firms. Therefore, because characteristics share a similar role in describing average investment



returns for both private and public firms, their role is unlikely to stem from stock mispricing
simply because private firms have no stock price. Rather the role of characteristics appears
to stem from their fundamental part in the first order conditions for investment decisions
(Lin and Zhang, 2013).

Second, a four factor model derived from the ¢-theory of investment, similar to that in
Hou, Xue and Zhang (2014), composed of the "market" investment return, an /K factor,
an ROA factor and a size factor performs well in describing the cross-section of investment
returns of twenty characteristic-based industry portfolios. The portfolios are composed of
five I/K portfolios, five ROA portfolios, five portfolios sorted by idiosyncratic volatility of
returns and five portfolios sorted by the size of the capital stock.

The model performs well in terms of small pricing errors and a large cross-sectional
R’ This is the case irrespective of the fraction of private firms in each portfolio. Therefore,
because the risk factors affect both public and private firms they are likely to be true aggregate
risk factors in that they are aggregate sources of uncertainty in the economy.

Third, based on the estimates from the four factor model, we calculate the cost of capital
(expected return) for all industries and industries with varying degrees of private firms in
them.? The differences in these estimates across private and public firms are generally small,
suggesting that private and public firms have similar costs of equity. There is certainly no
systematic difference in the cost of capital in the sense that private firms always have a
higher (lower) cost of capital than public firms. Our findings of a similar cost of capital for
public and public firms are consistent with Moskowitz and Vissing-Jgrgensen (2002) who use
estimates of private firm value and profits at the aggregate level and study the returns to
aggregate entrepreneurial investment. Our fourth finding focuses on the valuation ratios of
private industries and of public industries. We find that private industries have valuation
ratios and a cross sectional variation of valuation ratios that are similar to those of public
industries.

The rest of the paper is organized as follows. In Section 2, we illustrate the equivalent role
of characteristics and covariances in returns and elaborate on the advantages of our identifica-

tion scheme of private firms. Section 3 describes the data and variable construction. Section

3Due to lack of data on industries’ capital structure in our database we can provide evidence on the
weighted average cost of capital (WACC) but not on the cost of equity and the cost of debt separately.



4 describes the econometric methodology of estimating the adjustment cost parameters and

Section 5 presents the empirical findings. The paper concludes in Section 6.

2 Identification

2.1 The Equivalent Role of Characteristics and Covariances

The role of firm characteristics in describing the cross section of average stock returns has
led to the claim that mispricing is prevalent in the economy. Daniel and Titman (1997) show
that characteristics dominate covariances in summarizing the cross section of average stock
returns.? These findings are part of the backbone of the evidence suggesting investors exhibit
behavioral biases (see the discussion in Barberis and Thaler, 2003).

However, Lin and Zhang (2013) show that in general equilibrium, just like covariances,
firm characteristics are sufficient statistics for expected stock returns, and expected stock
returns are determined endogenously jointly with covariances (as in the consumption ap-
proach of Lucas, 1978) and firm characteristics (as in the investment approach of Cochrane,
1991). Therefore, the search for mispricing through running horse races of covariances against
characteristics is pointless. Moreover, characteristics will dominate covariances in return re-
gressions since, as Lin and Zhang (2013) show, the former are measured more precisely.
However, this says nothing about mispricing; finding evidence that characteristics dominate

covariances provides evidence that is consistent with both rational and irrational pricing.

We follow Lin and Zhang (2013) and show the equivalence between the role of character-
istics and covariances. In the typical consumption economy with no production the agent’s
first order consumption problem results in the following well known expression for expected

returns:

E; [Mt-l-lris,tJrJ =1, (1)

where M, is the stochastic discount factor and 7, ; is the gross return on stock 7. Cochrane

4More recent examples are Daniel, Hirshleifer, and Teoh (2002), Barberis and Thaler (2003), Richardson,
Tuna, and Wysocki (2010), Dechow, Khimich, and Sloan (2011) and Hirshleifer, Hou, and Teoh (2011).



(2005) shows how to use the definition of covariance to write expression (1) in terms of a

beta pricing model:
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where 7 = 7 is the risk free rate, B = —cov(rf, 1, Myy1) /var(Myi4) is the loading of
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Now turning to a production economy with adjustment costs, Cochrane (1991) shows that

stock returns can be written in terms of characteristics:
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where 7;,41 is firm ¢'s productivity given a set of random aggregate shocks, I;; is firm

investment, K, is firm capital stock, and a is an adjustment cost parameter. Lin and Zhang

(2013) focus on the equivalence between these two approaches:
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where the first term presents the expression for expected returns in terms of covariances

and the final term in terms of characteristics. Rearranging makes the relationship between

covariances and characteristics clearer:

E, [Wi,t+1]
Lt s

In a general equilibrium framework with positive adjustment costs, expected stock re-

[An- (5)

turns, covariances and characteristics all become endogenous. There is no causal relation
among these variables. Specifically, no causality runs from covariances to expected returns,
from characteristics to expected returns, or vice versa. Therefore, showing that risk factors
(covariances) or characteristics are important in stock return regressions does not mean that
they describe expected returns. We can say nothing about the rationality of prices from

these approaches. However, we can say nothing about irrationality either. The point is that



characteristics can show up in the cross section of returns because of their role in the firm’s

first order investment decision or because of mispricing.

2.2 Identification

Our approach of examining industries that are composed mostly of private firms can be of
help in identifying the driving forces behind the role of characteristics in describing the cross
section of average stock returns. The reason is that private firms do not have stock prices to
over- or under-react on. Therefore, private firms will be less dependent on investor sentiment
and less subject to investor misvaluations. Thus, we are able to shed more light on the
ongoing debate on the role of characteristics in the cross section of average returns.

Now consider Cochrane (1991) who shows that investment returns are equal to stock re-
turns of an unlevered firm. The equivalence between stock returns and investment returns
allows us to use investment returns for private firms. This enables us to address two central
and important issues. First, if characteristics and loadings on risk factors are important in
determining expected returns in a similar manner for private and public firms’ investment
returns, then the role of characteristics in general is likely to be due to the first order pro-
duction decisions of firms and not due to mispricing. That is, to the extent that managers
of private firms are less affected by investor sentiment or valuation mistakes regarding their
firms than investors in the stock market and than managers of public companies, finding
that characteristics drive the cross section of investment returns among private firms would
lend some support to the idea that it is the fundamental first order investment decision that
describes the role of characteristics in the cross-section of stock returns.

Second, what is the cost of capital for private firms and does it differ from that of public
firms? This issue has not been addressed before in a risk-return framework. There is a further
advantage with asset pricing tests that use private firms as part of the sample. If a factor
that is related to returns is a "true" risk factor then it is a necessary condition that it is a
source of aggregate uncertainty which affects all firms in the economy. To our knowledge, the
extant literature has focussed asset pricing tests entirely on returns of public firms because
of the availability of stock returns. Consequently, there is no possibility to assess whether

these factors are an aggregate source of uncertainty. By including private firms, we are able



to assess whether risk factors are an aggregate source of uncertainty:.

At first blush though, it might be thought that the findings we present regarding the role
of characteristics and mispricing should be considered cautiously. The reason for this is that
the lack of stock prices does not necessarily imply that investment returns are not affected by
overvaluation or undervaluation of the firm. For example, if a certain characteristic indicates
that a public firm’s stock is overpriced and subsequent stock returns are abnormally negative,
then the same characteristic could be associated with abnormally high real investment due
to managers’ overvaluation of investment projects followed by negative abnormal investment
returns for private firms. However, to the extent that managers of firms, and especially of
private firms, are less affected by investors’ misvaluation concerning the firm than investors
in the stock market, our results are consistent with a rational-based explanation for the role
of characteristics in summarizing expected stock returns.

Our claim that the results are most consistent with a rational based explanation are based
on a number of factors that lead us to believe that the investment returns of private firms are
less likely to be affected by investors’ misvaluations. First, when managers possess private
information on which they base their expectations and rational decisions they are likely
to ignore investors’ misvaluations. Given that private firms are likely to be characterized
by more asymmetric information, the influence of investor sentiment is further diminished
for these firms. This is collaborated in Hribar and Quinn (2013) who examine the trading
patterns of managers and find evidence that they can see through market sentiment.

Second, as noted by Polk and Sapienza (2009), if the market misprices firms according
to their level of investment, managers may try to boost short-run share prices by catering
to current sentiment. Managers with shorter shareholder horizons should cater more. Stein
(1996) argues that managers with short horizons should be aggressively investing when in-
vestors are overly optimistic. However, this mechanism is unlikely to exist within private
firms; Asker, Farre-Mensa and Ljungkvist (2014) present evidence consistent with managers
of public firms being short-termist and managers of private firms not being short-termist.

Third, while managers of private firms could still raise capital through private placements
when their firms are overvalued, being non short-termist implies they will use the proceeds

for investment in T-bills rather than undertake negative NPV projects (Stein, 1996). Fourth,



Cooper and Priestley (2011) find that the investment-future stock return relation can be
explained without recourse to arguments based on overinvestment or investor overreaction.
In particular, they find that differences in systematic risk between high and low investment
firms can describe the differences in average stock returns between high and low investment
firms.

Overall, while we can not fully rule out that investment returns of private firms are
affected by sentiment or other behavioral biases, it is certainly the case that they are less
likely to be. Therefore, our findings that the same characteristics and risk factors are relevant
for both private and public firms points to the conclusion that the role of characteristics in
both private and public firms’ investment returns and the previous reported role of them in

stock returns, is unlikely to be related solely to mispricing.

3 Data and Variable Construction

We use the Bartelsman, Becker and Gray NBER-CES Manufacturing Industry Productivity
Database (which we hereafter refer to as the NBER database), available on the NBER web-
site, as well as the Compustat database. The NBER database contains annual 4-digit SIC
industry-level data on output, investment, capital stock and other industry-related variables
for all 4-digit manufacturing industries in the US for the period 1958-2009. The data covers
459 manufacturing industries and are collected from various government sources, with many
of the variables taken directly from the Census Bureau’s Annual Survey of Manufacturers
(ASM) and Census of Manufacturers. The ASM is a survey of approximately 60,000 estab-
lishments, carried out by the Census Bureau. Bartelsman and Gray (1996) provide a detailed
description of the database.

Our primary variable of interest is the rate of return on investment. We follow Liu,
Whited and Zhang (2009) and assume a quadratic adjustment cost function and derive the

investment return as follows:
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where M PK is the derivative of the firm’s profit function with respect to capital, K is
the stock of capital, I is investment, ¢ is capital depreciation and a is an adjustment cost
parameter. A larger value of a implies that the industry is facing higher adjustment costs of
investment. See Appendix A.

As Liu, Whited and Zhang (2009) note, the investment return given in equation (6)
is the ratio of the marginal benefit of an additional unit of installed capital (marginal ¢)
to the marginal cost of installing an extra unit of capital. The term (1 — 7,,1) [M PK; 1]
is the marginal after-tax profit produced by an extra installed unit of capital. The term
(1 —7¢41) l% (ét—t’:Y} is the marginal after-tax reduction in adjustment costs caused by
having an extra unit of installed capital. The term 7,10;+41 is the marginal depreciation
tax shield, and the last term in the numerator of (6) is the marginal continuation value of an
extra unit of capital net of depreciation.’

We follow Gilchrist and Himmelberg (1995) and assume that the profit function is ho-
mogenous of degree one, implying that marginal profit, M PK, is the ratio of realized earnings
to the firm’s stock of capital.

To calculate industry investment returns we need several data items and estimates. We
use the real capital stock series from the NBER database for the capital stock K. Investment,
1, is given by total capital expenditures, deflated by a deflator for that series in order to obtain
investment in real terms, where both capital expenditure per industry and the investment
deflator are from the NBER database. To calculate M PK and ROA we also need earnings.
We define earnings by subtracting total payroll from value added, and deflating this difference
by the value of shipment deflator.

We are also interested in the valuation ratio, namely Tobin’s ¢, derived from the ¢-theory

®Note that the price of an installed unit of capital is equal to its marginal value (marginal ¢), which under

optimality equals the marginal cost of investment given by a (ﬁ) . Thus, the last term in the numerator

of (6) reflects the value of the undepreciated extra unit of capital.



of investment. We follow Belo, Xue and Zhang (2013) and derive Tobin’s ¢ from the first
order condition with respect to investment of the firm’s optimization problem. See Appendix

A. Under our quadratic adjustment cost specification Tobin’s ¢ is as follows:

qit:1+(1—rt)a([15). 1)

Both stock and flow variables at the NBER database are recorded at the end of year ¢.
However, the model requires flow variables subscripted ¢ to be measured over the course of
year t. Therefore, for the numerators of the ratios M PK, I /K and ROA of year t, which are
all flow variables, we use the end of year ¢ values, and for the denominators of these ratios,
which all are stock variables, we use values at the end of year t — 1. M PK as well as ROA
in year ¢ are defined as the end of year ¢ earnings of the industry divided by the end of year
t — 1 stock of capital of the industry. The investment to capital ratio, I/K, in year ¢ is
defined as the ratio of the industry’s investment in year ¢ to its capital stock in the end of
year t — 1.

We follow Liu, Whited and Zhang and measure 7, the corporate tax rate, as the statutory
corporate tax rate. The source for the tax data is the Commerce Clearing House annual
publications.

We use Compustat data on depreciation and amortization (item DP) to compute industry-
level rates of depreciation as follows. For each 2-digit SIC industry in each year, we sum the
depreciation of all firms in that industry and divide by the sum of capital stocks of all
firms on Compustat in the industry. In each year, each four digit SIC industry is assigned
the depreciation rate of the 2-digit industry for that year. We use the item DP from the
Compustat database due to the lack of depreciation data at the NBER database.

For the industry-specific adjustment cost parameter a we apply a generalized method of
moments (GMM) estimation and estimate the valuation equation, described in detail in the
next section. We winsorize industry characteristics, namely the size of the capital stock, the
investment to capital ratio and the return on assets, at the 1% level in order to reduce the

impact of outliers and potential estimation errors.®,”

6Not winsorizing yields very similar results for all of the empirical tests conducted in the paper.
"A potential problem when using the NBER database to calculate industry investment returns is the fact

10



3.1 Identifying Private and Public Industries

We identify industries with mostly private firms and industries consisting mostly of public
firms as follows. In each year we sort industries into deciles by the ratio of the sum of the
sales of the public firms in the industry to total industry sales. Industries with mostly private
firms are identified as the industries in the lower decile groups. For the lowest two deciles in
each year no firms appear in the Compustat database. Hence these deciles consist of purely
private industries and we term these industries as private industries. We term the highest
decile group as public industries. As a robustness check, we later also sort industries into
deciles by the ratio of the number of employees of public firms in the industry to total number
of employees in the industry.

We use sales data from Compustat, aggregated over all firms in each 4-digit SIC industry
for the sales of public firms in each industry and we use the non-deflated value of shipment

series from the NBER database for total industry sales.®

3.2 Descriptive Statistics

We now turn to examining some simple summary statistics of the data. Our sample period
is 1960-2009 for all of our empirical tests for the following reasons. The sample starts in 1960
because the denominator of the investment return includes the lagged investment to capital
ratio. For example, I/K of 1959 appears in the denominator of the investment return for
1960. /K of 1959 is defined as the investment of 1959 divided by the capital stock of 1958.
Since the data for all items in the NBER database start in 1958, we can construct investment

returns from 1960 and onward. Our sample ends in 2009 because the most recent year for

that the data are only for US-based variables. That is, there is no information in this database on the stock
of capital of US industries held abroad, as opposed to the Compustat data which includes data on total firm
capital held domestically and abroad. Note, however, that the required return on investment in the stock
of capital held in the US should not be affected by the exclusion of capital held in other countries for the
following reason. If a firm undertakes an investment project in the US it will require a rate of return on
that investment that either corresponds to the risk of the project, or is related to some behavioral biases the
firms’ managers have. Thus, it is possible to study the risk-return relation for such projects independently of
capital held in foreign countries. This is similar to examining the cross section of average stock returns in a
sub-sample of the CRSP database, for example in a sub-sample that contains NYSE stocks only. Any asset
pricing model would contend that average returns of firms in that sub-sample of firms are related to their
riskiness or to some characteristics.

8There are many more matches of the SIC codes in the NBER database with the SIC codes from CRSP
than with SIC the codes from Compustat. Moreover, all the SIC codes in Compustat that appear in the
NBER database also appear in CRSP. Therefore we first match the SIC codes of the NBER database with
CRSP, and then we extract Compustat data of those industries using the CRSP/Compustat merged database.

11



which data is available at the NBER database is 2009.

Panel A of Table 1 reports the descriptive statistics of the 459 industries. The average
of the investment to capital ratio over all 22839 industry years in the sample is 7.72% with
a standard deviation of 4.32%. The investment to capital ratio is positively skewed as the
median is somewhat smaller than the mean (6.98% vs. 7.72%). ROA exhibits a high skewness
of 46.66, where the median of 0.69 is smaller than the mean of 0.86. The standard deviation
of ROA is 1.55.

The following row of Table 1 reports the descriptive statistics for the capital stock, K.
The capital stock is measured in 1987 dollars and is the real capital stock calculated in
the NBER database using the perpetual inventory method. The mean capital stock in our
sample is $2.45 billion. The standard deviation of the capital stock is high (5.80) and it is
positively skewed with skewness of 7.36. The last row of the table reports summary statistics
for investment returns, which we discuss in Section 4.1.

The results for the decile groups sorted by the fraction of sales of publicly listed firms in
the industry to total industry sales are presented in Panel B. The first row shows that /K
is higher for private industries than for public industries (7.54% for the bottom two decile
industries vs. 7.33% for the top decile industries and the difference is statistically significant).
However, there is no monotonic pattern as we move from the lowest deciles to the highest
deciles. The volatility and skewness of I/K decline in general with the fraction of sales of
public firms in the industry.

The second row of Panel B of Table 1 shows that ROA is smaller for private industries
than for public industries. The ROA of decile 1 is 0.79 and it increases as the fraction of sales
of public firms in the industry rises. The ROA of the top decile is 1.10, and the difference
between public and private industries is highly statistically significant.

The size of the stock of capital of industries rises substantially as the fraction of public
firms in the industry rises, from 0.94 billion dollars for decile 1 to 5.25 for decile 10, and the
difference is highly statistically significant with a p-value of 0.00. This pattern indicates that
industries with a higher fraction of publicly listed firms are larger than those consisting of
mostly private firms. The volatility is in general larger for public industries than for private

industries. Finally, the last row of Panel B of Table 1 shows the average annual investment

12



returns of private and public industries, which we discuss in Section 4.1.
In summary, the //K ratio and investment returns are rather similar across private and
public firms, ROA is higher for pubic industries, and public firms are larger in terms of the

capital stock, which is perhaps to be expected.

4 Econometric Methodology

To obtain investment returns, we estimate the industry-specific adjustment cost parameter
a using GMM to fit the valuation equation moment. We use the investment model specified
in Belo, Xue, and Zhang (2013) and consider quadratic adjustment costs. When estimating
the parameters at the industry level, specifying convex adjustment costs adds one more
parameter to be estimated, the curvature, leading to an unidentified equation (we only have
one moment condition but two parameters: the slope and the curvature of the adjustment
costs). However, because we specify quadratic adjustment costs, we have only one parameter
to estimate. With one moment condition and one parameter for each four-digit industry, the
estimation is exactly identified and the moment fits perfectly. Specifically, we test whether

average Tobin’s ¢ in the data equals the average ¢ predicted by the model:

The valuation moment condition is:

Iiy Kig1]
E [%,t (1 +(1—7y)a <Ki,t)) A, } =0, (8)

and the valuation error from the empirical moment is defined as

I; K;
¢! = Er {qi,t — (1 +(1-7)a (Kﬁ) A—tﬂ =0. (9)

Following Belo, Xue, and Zhang (2013), we estimate the adjustment cost parameter, b = (a),

by minimizing a weighted combination of the sample moment (8), denoted by gr. The GMM
objective function is a weighted sum of squares of the model errors, that is, ¢7-W gr, where
W is the identity matrix. Let D = %LbT and S be a consistent estimator of the variance-

covariance matrix of the sample errors gr. We estimate S using a standard Bartlett kernel

with a window length of three. The estimate of b, denoted g, is asymptotically normal
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with variance-covariance matrix var(b) = L(D'D'WSWD(D'™Y)). To construct standard
errors for the model errors on each four-digit industry or a group of industries, we use
var(gr) = %I — D(D'"'D'W)]S[I — D(D'"*D'W)] which is the variance-covariance matrix
for the model errors, gr. We use a x? test to assess whether the model errors are jointly zero.
In particular, the x? test is given by ¢/[var(gr)|Tgr ~ x* (#moments - #parameters) where
the superscript + denotes the pseudo-inversion.

We conduct the GMM estimation at the 4-digit industry level. To assess the overall per-
formance of the model, we estimate the adjustment costs using the group of 4-digit industries

with non-missing items for the sample period 1963 to 2009.

4.1 Data for the GMM Estimation and summary statistics for the

investment returns

For the purpose of estimating the adjustment cost parameter, we use only the industries
which on average over the sample period had the largest (in the top 25% of the 4-digit SIC
code industries for which data is available in both the NBER database and the Compustat
database) fraction of sales of listed firms to total industry sales. Thus, these industries consist
mostly of public firms on average. We thereby minimize the measurement error due to using
Tobin’s ¢ when some of the firms in the industry are unlisted because of the items required
to compute Tobin’s ¢ is the market value of equity which we take from Compustat.

For the investment to capital ratio, we use the NBER data rather than Compustat data
for the following reasons. First, these two datasets are quite different. For example the
average firm investment to capital ratio in Compustat for manufacturing firms in the period
1963-2009 is 0.29 whereas the average industry investment to capital ratio in the NBER
database is 0.08. The difference between the two could stem, for example, from different
depreciation methods. By far the most common depreciation method applied by firms (and
hence appears in the Compustat database) is the straight-line method. On the other hand,
the NBER bases its depreciation patterns on empirical evidence of used asset prices in resale
markets wherever possible. For most asset types, geometric patterns are used because the
available data suggest that they more closely approximate actual profiles of price declines

than straight-line patterns (See Fraumeni (1997)).
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Second, an advantage of using the NBER data is that the variables are given in real
terms. Hence these variables might be less susceptible to measurement errors as opposed to
Compustat data which is given in historical cost terms.

The group that consists of the top 25% fraction of sales of listed firms includes 100
industries. We exclude industries with fewer than two firms on average per year. In doing
this, we follow Belo, Xue and Zhang (2013) who exclude portfolios with fewer than two firms
on average per year. This reduces our sample to 76 industries.

Subsequent to estimating the valuation equation, we assign the estimated parameters of
the industries we use in the GMM estimation to the other industries as follows. For each
SIC code, we assign the estimated parameter of the public industry with 4-digits which is
closest to that 4-digit industry. For example, the 4-digit SIC code industry 3412, which is
not among the 76 industries for which we estimate the parameters, is assigned the a estimate
of the industry with SIC 3411, which is among the 76 industries for which we conduct the
GMM estimation. This procedure ensures that industries are assigned the parameter values
estimated for industries in the same industry group. Continuing the example above, the SIC
code 3412 industry is Metal Shipping Barrels, Drums, Kegs and Pails, whereas the SIC code
3411 industry is Metal Cans. Both industry 3411 and industry 3412 belong to the same
industry group, namely Metal Cans and Shipping Containers.

In order to estimate the valuation equation (8) we also need the ratio of capital to total
assets. Since total assets are not given in the NBER database, we use for this ratio the
net capital stock (Compustat item PPENT) and total assets (Compustat item AT) from the
Compustat database.

We follow Belo, Xue, and Zhang (2013) in matching the timing of the variables. We
include all firms with fiscal year ending in the second half of the calendar year. Tobin’s
q used in the valuation equation is market value of equity plus debt to total assets (item
AT). Total debt, B, ;41, is long-term debt (item DLTT in Compustat) plus short-term debt
(Compustat item DLC) for the fiscal year ending in the calendar year t — 1.

We aggregate the firm-level variables constructed from Compustat data, specifically To-
bin’s ¢ and the capital to assets ratio, at the two digit SIC level and assign the 4-digit

industries’ variables with the 2-digit variables of the industries they belong to. For example,
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for each 2-digit industry in each year, we sum the market value of equity plus debt of all
the firms in that industry and divide by the sum of total assets of all firms in that industry.
Subsequently, we assign to each 4-digit industry the Tobin’s ¢ of the 2-digit industry that
they belong to.

The reason we resort to using the 2 digit level variables is that many of the accounting
Compustat data items needed have missing values at the 4-digit level for many of the 4-digit
industries. Aggregating at the 2-digit level enables us to estimate the parameters for more
industries. Moreover, using the NBER database, we find that the cross sectional variation in
the investment to capital ratio of 4-digit industries within the 2-digit industries they belong
to is very small relative to the mean investment to capital ratio. Hence using 2-digit level
accounting variables is plausible.

After estimating the adjustment cost parameter we are able to construct the investment
returns for each of the 459 industries. Summary statistics for the investment returns are
reported in Table 1. The last row of Panel A shows that for the entire NBER database
the mean investment return is 8.56% and the volatility of investment returns is 49.78%.
The investment return varies between -32.43% for the 5th percentile to 54.33% for the 95th
percentile.

The last row of Panel B of Table 1 shows that the average annual investment returns
of public firms (12.60%) is higher than that of private industries (8.93%). However, the
difference is not statistically significant at conventional significance levels. Moreover, the
pattern of average investment returns is non-monotonic as the fraction of sales of pubic firms

in the industry to total industry sales rises.

5 Empirical Results

The empirical results are arranged as follows. Section 5.1 reports the GMM estimation
results for the 76 industries for which we estimate the adjustment cost parameters. Section
5.2 presents results on the determinants of the cross section of investment returns at the
four-digit manufacturing industry level. In the cross sectional regressions, we focus on the

following characteristics. The investment to capital ratio (//K) and the return on assets
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(ROA), both of which summarize the cross section of average stock returns (Hou, Xue and
Zhang, 2014). We also examine whether size, which we measure as the size of the real capital
stock, and idiosyncratic volatility describe the cross section of average investment returns.
Idiosyncratic volatility is measured as the standard deviation of the residuals from regressions
of industry returns on four factors. We describe the factors in detail below.

Following the factor model in Hou, Xue and Zhang (2014), in Section 5.3 we conduct asset
pricing tests by examining the cross sectional patterns of investment returns when using four
investment return based risk factors. These factors are a "market" investment return factor
which we define as the equal-weighted investment return of all industries in our sample, an
I/K factor, an ROA factor and a size factor. Next, in Section 5.4 we investigate whether
the cost of capital calculated from the asset pricing model varies between public and private
firms within the manufacturing sector. Section 5.5 reports estimates of Tobin’s ¢ in order for

us to consider differences in valuation ratios across private and public firms.

5.1 GMM Estimation Results

Table 2 reports the estimates of the adjustment cost parameter, a, along with the correspond-
ing t-statistics. Across all 76 4-digit industries, we notice that the estimates are positive and
significant. The mean of the estimates of a across the industries is 81.55. To interpret the
magnitude of the adjustment costs, we follow Belo, Xue, and Zhang (2013) and report in Ta-
ble 2 the fraction of lost sales due to adjustment costs %, where C (I, Ky) = a ( I[(_,t )2 K,
is the adjustment cost function, a > 0 is the adjustment cost parameter, and Y is sales. We
computer the fraction of sales lost as follows. First, for each of the selected 4-digit industries
we compute the time-series of adjustment costs. Second, for each year we divide the ad-
justment costs by sales (value of shipment from the NBER database) to obtain the ratios of
adjustment costs-to-sales and take the average of these ratios in the time series. This average
is reported in Table 2.

We also report the average ratio of adjustment costs-to-sales across all industries. On
average, the implied adjustment costs represents 12.21% of sales. The cross sectional stan-

dard deviation of the average fraction of lost sales is 9.94%. The magnitude of the implied

adjustment costs varies largely across the industries. Belo, Xue and Zhang (2013) report an
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average of sales lost due to adjustment costs of 5.94% on average across the Fama and French
30 industries, which is within one standard deviation of our average estimate. Bloom (2009)
surveys the estimates of convex adjustment costs to be between zero and 20% of revenue.

Thus, our estimates are in line with those reported in previous studies.

5.2 Characteristics and the cross section of private and public

firms’ investment returns

In Table 3, for each of the groups of industries sorted by the fraction of sales of public firms
in the industry to total industry sales, we run year-by-year cross sectional Fama MacBeth
regressions of industry investment returns on industry characteristics.

Panel A of Table 3 reports the results for univariate cross sectional regressions of in-
vestment returns on the one year lagged investment to capital ratio. That is, we regress
investment returns in year ¢ on the ratio of investment in year t — 1 to capital in year t — 2.
The first column presents the results for deciles 1 and 2, which consist of only private firms.
Consistent with the result for stock returns (Xing, 2008), the coefficient on the investment to
capital ratio is negative for private industries. The coefficient on lagged I /K is-2.21 and it is
statistically significant with a t-statistic of -7.22. The R in this regression is 6.75%. Moving
to the other columns, the size of the coefficient (in absolute value) in general declines as the
fraction of sales of public firms in the industry rises. However, all the coefficients across the
ten groups of industries are negative and statistically significant, with t-ratios ranging from
-2.45 t0 -9.85. The coefficient on lagged /K for public industries (decile 10) is -1.01 (with a
t-statistic of -2.45) and it is statistically significantly different from the coefficient of -2.21 for
private industries. The size of the coefficient in Xing (2008, Table 3) is considerably larger
(-4.75) in absolute value relative to our estimates (-1.01 to -2.19). This could be because we
use investment returns and industry portfolios whereas Xing uses individual stock returns.
The R's range from 3.94% to 8.13%, versus 1% in Xing (2008). Overall, Panel A shows that
the lagged investment to capital ratio effect is important for all firms and in particular for
private firms.

The finding regarding the role of I /K in describing the cross sectional variation in invest-
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ment returns among private industries is interesting since one of the behavioral explanations
for the investment effect in stock return is a slow reaction of the market to overinvestment
by empire building managers (Titman, Wei and Xie, 2004). This explanation is less likely to
hold for private firms, for which agency conflicts between managers and shareholders are less
likely to be prevalent. The other behavioral explanation for the investment effect in stock
returns is market overreaction to firm growth (Cooper, Gulen and Schill, 2008). As there is
no market price for private firms this explanation might also be less likely to hold for the
investment effect within private firms. Our results, and in particular those that show the
size of the coefficient is greater for the sample with a higher fraction of private firms, where
mispricing might be thought to be less prevalent, lend support to the rational-based explana-
tion of the investment effect. This is consistent with recent findings by Cooper and Priestley
(2011) that the spread in stock returns between low investment firms and high investment
firms can be largely summarized by loadings on macroeconomic risk factors.

Panel B of Table 3 reports the results for ROA. Hou, Xue and Zhang (2014) show that
the g-theory of investment implies a positive relation between return on equity (ROFE) and
future stock returns. Given a certain level of investment, a firm’s riskiness must increase
with ROFE to justify the level of investment. The intuition is as follows. Consider two firms
with a given investment to capital ratio. As investment is determined by expected future
cash flows and by risk, the firm with higher ROF, that is higher expected cash flows, must
also have higher risk to explain that its investment to capital ratio is not higher. The same
intuition applies to RO A which we use in our tests because we lack data on industries’ capital
structure. Hou, Xue and Zhang (2015) show that the g-factor model’s performance is robust
to the use of ROA in place of ROE.

Indeed Hou, Xue and Zhang (2014) show that the risk premium on a stock return factor
defined as the excess return of high ROFE stocks over low ROFE stocks is 0.58% per month
and is statistically significant. Looking at Panel B of Table 3, the coefficients on RO A range
from 0.04 to 0.16 and are all statistically significant, with t-ratios between 3.15 and 8.69. The
difference between the coefficients of private and public firms is not statistically significant,
with a p-value of 0.22. The adjusted Rs range from 0.26% to as high as 27.17%.

The results for size, namely the size of the capital stock, are presented in Panel C. The
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coefficients on size are multiplied by 10° as the size of the capital stock is very large relative
to returns (the mean industry capital stock is 2.45 billion dollars in our sample). With
the exception of decile 10, the size coefficients are all negative and most are statistically
significant. The size of the coefficient on size, in absolute value, in general declines as the
fraction of public firms in the industry rises, indicating that the effect is stronger for private
industries. The adjusted R’s are very low and suggest that size is the least important
characteristic of the cross section of investment returns.

In Panel D of Table 3, we present the results where we regress the current year’s investment
returns on idiosyncratic volatility (IVOL). IVOL is defined as the standard deviation of
the residuals from time series regressions of industry returns on the four factors, namely the
market, /K, ROA and size factors using the full sample of annual observations from 1960
to 2009. We describe the factors in details in Section 5.3. Across all of the ten deciles, the
coefficient on IV OL is positive. IVOL seems to play a larger role within public industries,
where the coefficient is 0.70 (with a t-ratio of 2.12), than within private industries where the
coefficient is only 0.18 and is not statistically significant, but the difference is statistically
insignificant with a p-value of 0.14. Moreover, the pattern of the coefficient on IVOL is
non-monotonic, as the coefficients on deciles 5 and 6 are relatively low. The adjusted R’s
range from 1.78% to 8.90%. Overall, managers seem to require higher expected investment
returns as idiosyncratic risk rises.

Panel E of Table 3 presents multiple regression results, where the regressors are the
variables used in the univariate regressions in the previous Panels. The signs of the coefficients
on [/K and ROA remain unchanged, and their statistical significance and magnitude are
high. Moreover, the magnitude rises as the average coefficients on I /K and ROA across the
ten groups in Panel E are -2.64 and 0.16, respectively, whereas the corresponding averages
in the univariate regressions are -1.80 and 0.10, respectively. As opposed to the univariate
regressions, most the signs of the coefficients on size are positive and some of the signs of the
coefficients on IV OL are negative. IV OL positively describes the cross section of investment
returns for private industries and is unrelated to returns for pubic industries but the difference
between the coefficients on private and public firms are statistically indistinguishable from

zero and the coefficients themselves are not statistically significant. The adjusted R’s are
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quite large, ranging from 14.57% to 34.18% indicating that the characteristics, jointly, have
reasonable explanatory power.

As a robustness check, we repeat the cross sectional Fama MacBeth regressions for deciles
of industries formed by the fraction of the number of employees of public firms in the industry
to the total number of employees in the industry.” Table 4 presents the findings. The
coefficients on I /K are all negative, ranging from -1.42 and -2.21 and statistically significant,
with t-ratios ranging from -5.97 and -10.66 . In contrast to the results in Table 3, the effect
of I /K does not vary considerably across the deciles. The coefficients on RO A are all positive
and highly statistically significant.

As in Panel C of Table 3, with the exception of the size coefficient for decile 10, the
coefficients are negative and some are statistically significant. With the exception of decile
8, the coefficients on IV OL is positive. The effect of IV OL for public industries is stronger
than for private industries (the coefficients on IVOL for public and private industries are
0.45 and 0.26, respectively). However the difference is statistically indistinguishable from
zero, with a p-value of 0.47.

The multiple regression results presented in Panel E of Table 4 are largely similar to those
when industries are sorted according to the fraction of sales of listed firms to total industry
sales in Panel E of Table 3. All of the coefficients on /K are negative and highly statistically
significant. The ROA coefficients are all positive and strongly significant.

Overall, the results in Table 4 are largely similar to those in Table 3 and provide additional
evidence to the role of characteristics in summarizing the cross section of average investment
returns In sum, the results in Tables 3 and 4 show that characteristics that are important
for summarizing the cross section of stock returns are also important for describing the cross
section of investment returns of private and public firms. Given the large size of the private
company sector in the economy, our results are important and lend support to the risk-based
explanations for the role of characteristics in summarizing average stock returns based on the

investment first-order condition.

9For the first three deciles the fraction of employees of public firms in the industry to total industry
employees is zero.
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5.3 Characteristics and investment returns across all industries

In this section, we present the results of cross sectional Fama MacBeth regressions for the
entire sample of 459 industries. Examining the entire sample is beneficial due to the large
sample size and consequently the higher power of the tests. Thus, it serves as a robustness
check. The results are shown in Table 5. The second to fifth columns present univariate
regression results, and the multiple regression results appear in the sixth column. //K has
a negative sign, with a coefficient of -1.71 and it is statistically significant with a ¢-ratio of
_15.54. The R in the regression is 5.12%. The following column shows that ROA helps to
describe the cross section of industry investment returns, with a coefficient of 0.14 and a ¢-
ratio of 11.38. The R is relatively large at 17.48%. As opposed to the negative coefficients in
Tables 3 and 4, the coefficient on size, presented in the third column of Table 5, is positive but
statistically insignificant. The coefficient on IV OL is 0.37, and it is statistically significant
with a t-ratio of 3.36, implying that idiosyncratic risk entails a risk premium, consistent with
the results of Fu (2009) for stock returns.

The multiple regression results are in the last column of Table 5. The coefficient on /K
is now higher, at -2.61 and is statistically significant, with a t-ratio of -22.13. The coefficient
on ROA also rises from 0.14 to 0.17 and its statistical significance remains high. The size
coefficient is 0.01 and is statistically insignificant, and the coefficient on IV OL falls from 0.37
to 0.09 and loses its statistical significance. The adjusted R is 28.51% indicating reasonable
explanatory power.

Overall, the results for the entire cross section of 459 industries are consistent with the
role of the characteristics which have previously been examined in the cross section of stock

returns, and reflect their importance among both private and public firms.

5.4 Asset Pricing Tests

In this section of the paper, we assess whether the four factors from the model of Hou, Xue,
and Zhang (2014) can describe the cross-section of average investment returns of twenty
portfolios formed according to I/K, ROA, size and idiosyncratic volatility using the cross-

sectional regression approach of Fama and MacBeth (1973). In order to construct the factors
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we use the entire sample of 459 industries in the NBER database. We use the market portfolio,
formed by equal-weighting the investment returns of all industries. The /K factor is defined
as the investment return in year ¢ of the low 33% investment-to-capital industries in year
t — 1 over the return on the top 33% investment-to-capital industries in year t — 1. The ROA
factor is defined as the year ¢ return of the top 33% ROA industries in year ¢ — 1 over the
bottom 33% ROA industries in year t — 1. The size factor is defined as the year t investment
return of the bottom 33% industries based in the size of their capital stock, k, in year ¢t — 1
over the bottom top 33% industries based on the size of their capital stock, k, in year ¢t — 1.
The average investment return on the market portfolio is 8.54% with a t-ratio of 7.66%. The
I/K factor earns a premium of 15.70% and is statistically significant with a ¢-ratio of 14.70.
The average investment return on the ROA factor is 12.31% with a ¢-ratio of 12.85. The
average investment return on the size factor is 2.89% with a ¢-ratio of 1.97.

The asset pricing tests are undertaken using the Fama and MacBeth (1973) procedure
which involves a first step in which a time series regression is employed to estimate the factor
loadings (betas) of the portfolio returns. The second step runs cross-sectional regressions of
investment returns on the estimated betas in order to estimate the prices of risk. The use
of annual data rules out the typical rolling regression approach to estimate betas for each
period. Instead, we use full sample estimates to obtain factor loadings (betas) and in the
second step we estimate a cross-sectional regression of average investment returns in each
year on the factor loadings estimated over the full sample.

Industries are then ranked according to the fraction of public firms sales to total sales
of each industry and we separate them into quintiles. Within each quintile we form five
portfolios on each of the following: I/K, ROA, idiosyncratic volatility and size. Quintile 1
contains the firms with the lowest fraction of public firms, which is zero in our sample, that
is purely private firms and quintile 5 contains industries with the highest fraction of public
firms.!? This sorting procedure allows us an approximate comparison of the determinants of
the expected returns of private and public firms. For the twenty test assets in each quintile,

the following cross sectional regression is estimated:

10We use quintile groups in this Section as opposed to decile portfolios in Section 5.2 (which uses individual
industries for the Fama MacBeth regressions) to ensure a sufficient number of industries within each of the
20 portfolios we form for each of the groups.
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ri= A"+ )‘mBi,m + )‘I/KBZ',I/K + )\ROABi,ROA + )\kBi,k + €, (10)

where 7; is the average investment return for the ith portfolio, A\” is a constant which should
equal the risk free rate, A™ is the price of risk of the market factor, Blm is the beta with
respect to the market factor, A\ /K is the price of risk associated with the I/K factor, BZ /K
is the beta with respect to the I /K factor, MFO4 5 the price of risk associated with the ROA
factor, 31 roa is the beta associated with the ROA factor, A\ is the price of risk associated
with the size factor, sz is the beta associated with the size factor, and e; is the residual.

We also report the cross-sectional R which, following Jagannathan and Wang (1996) and
Lettau and Ludvigson (2001), is calculated as R = Var.(7;) — Var.(e;)] /Var.(7;), where
Var,. is the cross-sectional variance, 7; is the average excess investment return and ¢; is the
average residual. We also assess the performance of the model by calculating the square
root of the squared pricing error across all twenty portfolios. Finally, we report a statistic
that tests whether the pricing errors are jointly zero. This is a Chi-square test given as
a’cov(a)~ta, where @ is the vector of average pricing errors across the twenty portfolios and
cov is the covariance matrix of the pricing errors.

Panel A of Table 6 reports the estimated prices of risk for the five quintiles. The first row
reports quintile 1 that has only private firms. The market price of risk is estimated to be
2.3% per annum and is not statistically significant with a corresponding ¢-statistic of 1.19.
The price of risk associated with the /K factor is estimated to be 10.7% per annum with a
t-statistic of 8.27, the price of risk associated with the RO A factor is 8.1% per annum with a
t-statistic of 5.21, and the estimated price of risk for the size factor is -2.1% per annum but is
not statistically significant. The intercept in the cross sectional regression is 6.8% per annum,
close to the mean of the risk free rate of 5.4% for this sample period. The cross-sectional R
is 88% indicating a good fit. In addition, the pricing errors are economically small, with an
average over all portfolios of 1.5% per annum, however, it should be noted that the test of
jointly zero pricing errors is rejected.

The remaining rows in Table 6 report the estimated prices of risk for the four quintiles.
with increasing amounts of public firms in the portfolios. There is a great deal of consistency

in both the estimated prices of risk and the measures of model performance across all five
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quintiles. For example, comparing the private firms in quintile 1 with the public firms in
quintile 5, the estimates and statistical significance of the intercept, market return factors,
the I /K factor and the ROA factor differ very little. It is only the estimate of the price of
risk associated with the size factor that changes from -2.1% to 3.7%. However, in both cases
the estimates are not significantly different from zero.

Table 6 indicates that a four factor asset pricing model can successfully summarize the
cross section of a sample of portfolios of industries that contain mainly private firms and
mainly public firms. To our knowledge this is the first time that private firms’ expected
returns are related to systematic risk factors that have been shown to be important in sum-
marizing the cross section of listed firms’ expected stock returns. The findings from the four
factor model indicate that these factors are a source of aggregate uncertainty in the sense that
they have a similar role in a sample of mainly private firms and a sample of mainly public
firms. We can confirm the aggregate nature of the risk factors by assessing the performance
of the model using all industries and thus ignoring the split between private and public firms.

Panel B of Table 6 reports the estimated prices of risk from the twenty test portfolios
when we use all industries. The market price is estimated to be 10.5% per annum and is
statistically significant. The price of risk associated with the I /K factor is 13.2% per annum
with a t-statistic of 11.79 and the estimated price of risk associated with the ROA factor is
8.3% per annum with a t-statistic of 8.02. The estimated price of risk associated with the
size factor, which was only statistically significant for two of the quintiles, is 4.7% per annum
with a t-statistic of 2.74. The cross-sectional & is 87%, similar to the findings when looking
at both private and public firms separately. The pricing errors for the four factor model are
low with an average across all twenty portfolios of 1.4% per annum. However, the Chi-square
test rejects the null hypothesis that the twenty pricing errors are jointly zero.!!

The evidence presented in this part of the paper shows that a factor model motivated from
the g-theory of investment is able to successfully summarize the cross-sectional differences
in the twenty portfolios formed on four characteristics that include a substantial number

of unlisted firms. This is an important finding since it rules out, at least to some extent,

1 As a robustness check, we repeat the asset pricing tests using quintiles sorted by the fraction of the
number of employees of listed firms in the industry to the total number of employees in the industry. The
results are largely similar and are available on an online appendix.
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the possibility that characteristics are driven by the mispricing of stocks. A large part of
the sample has no stock price and, therefore, investors cannot under or over value many of
these assets based on their characteristics. Coupled with the likely scenario that managers
of unlisted firms are less likely to be affected by investor sentiment, the results point to
the conclusion that, first, the fundamentals risk factors are related to the risk and return
characteristics of firms and second, the risk and return characteristics of non-listed firms are

similar to those of listed firms.

5.5 The Cost of Capital for Listed and Unlisted Firms

We now examine whether the cost of capital, namely expected investment returns that are
calculated from the four factor model, vary across the quintiles. This part of the paper aims
to answer the question of whether the cost of capital (expected investment returns) also varies
between public and private firms. Therefore, in Table 7, we report the cost of capital for
private and public industries across the portfolios formed on characteristics.

The second and third columns of Table 7 report average and expected investment returns
for industries in quintile 1 which contains private firms. The remaining columns, excluding
the final one, report the average and expected investment returns for the four remaining
quintiles. There are some clear patterns in both actual and expected investment returns.
For all the four characteristics, the portfolios have average investment returns and expected
investment returns that match up well, consistent with the small pricing errors reported in the
cross sectional tests. What is interesting is when we compare the expected returns between
samples that have different proportions of public firms. For example, the final column reports
the difference in expected return between quintile 1 and quintile 5, the closest we can get
to comparing private and public firms. We find similar expected investment returns for all
but a few of the extreme portfolios. This indicates the expected investment returns between
portfolios that include more public firms are similar to those that include more private firms.

There are no systematic differences in the expected returns across the portfolios with a
different fraction of public firms that would indicate a private firm effect in the cost of capi-
tal. For example, there is no private firm effect in the sense that all the expected investment

returns of private firms are always higher (lower) than those of public firms. Any differences
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that are observed are likely to be a result of a difference in the value of a particular character-
istic, for example a higher (lower) /K ratio rather than being due to the firms being public
or private.!> What is interesting with the findings in Table 7 is that there are certainly no
systematic differences in the costs of equity capital between the portfolios that include more
or less public and private firms. This is an important finding and provides new evidence that
the private equity premium is similar to the public equity premium. There are two interesting
implications from this results. First, risk adjusted estimates of the cost of capital for private
firms, notoriously difficult to obtain, can be estimated from the investment returns of these
firms. Second, since the cost of capital from the investment return approach is similar for
public and private firms, given a characteristic, then private firms can use public firms’ stock
returns that have a similar characteristic to proxy their cost of capital, especially if they do
not have an extreme value of a particular characteristic.

The results that private and public firms have the same cost of capital might seem surpris-
ing given the lack of liquidity of private firms and the potential under-diversification of their
owners. However, the findings are consistent with Moskowitz and Vissing-Jgrgensen (2002)
who use estimates of private firms value and profits and study the returns to entrepreneurial
investment. They find that, in spite of poor diversification, the returns to private equity are

not systematically higher than the return to public equity.

5.6 Valuation of private and public firms

Belo, Xue and Zhang (2013) present a new methodology for equity valuation which is based on
the ¢-theory of investment and arises from the perspective of managers’ supply of capital and
find strong empirical support for it. This approach is particularly suitable for the valuation
of private firms, for which stock market value is not available.

We now examine several characteristics of Tobin’s ¢ of private and public industries,
derived from the g-theory of investment. We first compare the valuation ratios of decile
groups sorted by the fraction of sales of public firms in the industry to total industry sales.

This comparison is interesting because private and public firms differ along many dimensions,

12GSimilar results are obtained when spliting industries into private the public using the number of employees
and are available on an internet appendix.
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each of which could affect firms’ valuations. Subsequently, we examine higher moments of ¢
as well as its cross sectional distribution.

The expression for Tobin’s ¢ is based on the firm’s first order condition for optimal invest-
ment decisions, and is given in equation (7). Table 8 presents the results. The mean Tobin’s
q of the entire sample, shown in the first column, is 1.42. Turning to the other columns,
we see that in general Tobin’s ¢ declines with the fraction of public firms in the industry,
although the pattern is non-monotonic and is not very strong. The mean Tobin’s ¢ of private
industries is 1.46, whereas public industries have a mean Tobin’s ¢ of 1.35, and the difference
between the means is statistically significant with a p-value of 0.00, as seen in the last row
which presents the p-values of the difference.

The following row in the Table shows that the standard deviation of ¢ declines with
the percentage of public firms in the industry, as does the skewness as seen in the third
row. Further information regarding the cross sectional distribution of ¢ within each decile is
given in the following rows. The 5th percentile of the distribution of ¢ is approximately 0.5
throughout the ten groups, and the 95th percentile is between 2.74 and 3.58. Overall, the
percentiles are rather similar across the deciles.

Overall, Table 8 shows that the valuation of private and public industries are largely
similar, as are the cross sectional distributions of ¢q. To the best of our knowledge, ours is
the first paper to examine private firms’ valuations. Applying this valuation methodology
to private firms is important in its own right and can be useful in investment decisions in

private equity.

6 Conclusion

This paper examines the determinants of the cross sectional variation in average investment
returns for industry portfolios composed mainly of privately held firms and for industries
consisting of mostly publicly listed firms. Investment returns are derived from the ¢-theory
of investment (see Liu, Whited and Zhang, 2009). We use the NBER, Productivity database
to calculate investment returns at the aggregate industry level, which includes both public

and private firms. The NBER Productivity database contains detailed data on real capital
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stock, real investment and sales for all 459 manufacturing industries from 1958 to 2009.

We find that characteristics that are important determinants of the cross section of stock
returns, namely the investment to capital ratio, the return on assets, size and idiosyncratic
volatility, also describe the cross sectional variation of both public and private firms’ invest-
ment returns. Given that private firms have no stock price and if the managers of private
firms are less susceptible to investor sentiment and misvaluations, our results lend some sup-
port for a rational based interpretation of the role of characteristics in the cross section of
returns. Nevertheless, our results cannot rule out the possibility that investor misvaluation
spills over to private firms by affecting their investment behavior, although we argue that
this is unlikely to happen.

We also test the performance of the four factor model of Hou, Xue and Zhang (2014)
using twenty characteristic-based single sorted portfolios as test assets. The multifactor
model performs well in describing the cross section of investment returns of private and
public firms separately and together. This is a noteworthy finding since this is the first test
of an asset pricing model over all assets, including private firms. For a candidate risk factor
to be a "true" risk factor, it must be an aggregate factor that affects all firms. We show that
these four factors affect all firms and not only public firms.

The asset pricing tests have economically important implications for cost of capital cal-
culations for private firms. The cost of capital for private firms is difficult to measure using
risk based measures. This is because of the lack of stock prices for these firms. We show
that it is possible to use investment returns to calculate the cost of capital. Moreover, an
alternative way to calculate the cost of capital is to use proxy firms from the public market
and use their stock returns. While this method has been used in the past, we show that it
is a reliable benchmark to use. Finally, we show that the valuation ratios, namely Tobin’s ¢,

and their cross sectional variation are rather similar for public and private firms.
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7 Appendix A

Derivation of equations (6) and (7)

Our derivation largely follows the proof of Proposition 1 in Liu, Whited and Zhang (2009)

Let IT (K X;:) denote the firm’s profit function after costlessly adjustable factors of pro-
duction have been optimized over, where K; is the firm’s stock of capital and X;; represents
a vector of exogenous aggregate and firm specific shocks. The capital stock’s law of motion
is Kyv1 = (1 —04) Ky + I, where 0, is the capital’s depreciation rate and I;; is invest-
ment. Investing incurs adjustment costs, and the adjustment cost function is assumed to be
C (i, Ki) = § (%)2 K, where a > 0 is the adjustment cost parameter.

The firm’s payout is Dy = (1 — 7¢) [ (K, Xit) — C (I, Kit)] — Lit + Bigy1 — rE Byt +
T0u K + T4 (rﬁ — 1) B;;, where D;; is dividends, 7, is the corporate tax rate, B;; .1 is the
amount of debt issued at the beginning of period ¢, rZ is the gross corporate bond returns
on By. 140;;K; is the depreciation tax shield and 7, (rﬁ — 1) By; 1s the interest tax shield.

The firm maximizes its cum-dividend market value of equity

Vi = max E, [Z M:sDiHs}, where M, is the stochastic discount factor

{it4s: Kit+s,Bittatoeg s=0
from ¢ to t + 1. The firm’s constraints are the law of motion of capital and a transversialty

condition that prevents firms from borrowing an infinite amount to distribute to shareholders:

limy_oo Bt [Myr7Bityr1] = 0.

Let ¢;; be the Lagrangian multiplier associated with the law of motion of capital constraint.

qi: therefore represents the marginal value of capital. From maximizing the firm’s value with

respect to I;; and K11 it follows that ¢; = 1+ (1 — 74) % =14+ (1—my) aII("; (which

is the same as equation (7) in the text) and

gt = E [Mt+1 {(1 — Ti41) [QH(K“’X“) - QCU“’K”)] + Tep10i41 + (1 — Oit41) C]z’t+1H- Di-

oKit4+1 oKit4+1

viding both sides of the first order condition with respect to K;;,; and substituting for g;
from the first order condition with respect to I;; yields E; [Myi17f, ], where r},, , is the same

as in equation (6).
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Table 1
Descriptive Statistics

This table reports industry-year (i.e.panel data) level statistics from the NBER
Manufacturing Industry Productivity Database. The statistics reported include
mean, standard deviation (Std), skewness, as well as the 5th, 25th, 50th, 75th,
and 95th percentiles for investment-to-capital (I/K), return on assets (ROA),
the size of the real capital stock in real 1987 billions of dollars (K), Tobin’s ¢ (q)
and investment returns (r!). Panel A reports these statistics for the sample that
includes all 459 4-digit SIC code manufacturing industries at the NBER database.
The mean, standard deviation (in parentheses) and skewness (in square brackets)
for ten groups (the fist two deciles are in the column titled 'Private’) sorted by
the fraction of the sales of listed firms in the industry to total industry sales
are presented in Panel B. The column Private refers to the two deciles with the
lowest fraction, whereas the column Public refers to the summary statistics of the
decile with the highest fraction. The sample period is 1960-2009. The P-values
in Panel B (P(dif f)) are for the hypothesis that the means of private and public
industries are the same and are computed by a bootstrap approach.

Panel A - All Industries

Mean Std Skewness 5%  25% 50% 5%  95%
[JK(%) 772 432 242 253 490 698 955 1517
ROA 0.86 1.55 46.66 0.23 046 0.69 1.03 1.90
K(bn §) 2.45 5.80 7.36 0.11 044 097 224 829
rl (%) 856 49.78 29.24 -32.43 -9.64 5.34 20.59 54.33

Panel B - Portfolios sorted by the fraction of sales of listed firms to total industry sales

Private 3 4 5 6 7 8 9 Public P(diff)

[/K(%) 7.54 755 756 769 819 792 772 7.64 7.33 0.03
(4.78) (4.78)  (4.67)  (4.73)  (4.86)  (4.65)  (4.11)  (4.13)  (3.97)
[3.06] (3.05]  [3.09]  [3.45]  [4.22]  [4.66]  [197]  [L.76] [1.08]

ROA 0.79 0.799 0.79 080 0.82 081 0.8 094 1.10 0.00
(0.60) (0.60)  (0.59)  (0.58)  (0.59)  (0.55)  (0.64)  (1.22)  (4.45)
[2.81] [2.81]  [2.79]  [3.15]  [3.56]  [3.91]  [3.82]  [1L.78]  [19.13]

K(bn $) 0.94 0.95 1.11 148 189 192 389 394 5.25 0.00
(1.32) (1.32)  (1.86)  (3.07)  (4.03) (3.26) (3.94) (7.88)  (10.03)
(3.93] (3.88]  [8.82]  [9.19]  [6.89] [11.56]  [5.46]  [5.36] (3.99]

(%) 8.93 891 882 762 984 841 726 9.82 12.60 0.11

(48.41)  (4821) (47.71) (31.65) (29.03) (28.73) (25.58) (38.41) (107.26)
[31.67] [31.70]  [33.22]  [4.28]  [1.59]  [2.65]  [1.10]  [6.75] [17.78]
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Table 2
GMM Estimation

This table reports the one-step GMM results at the 4-digit SIC industry level

from estimating the valuation moment given by equation (8).

The estimate of

adjustment costs is denoted by a. The corresponding t-statistics along with %
which is the ratio in percent of the implied capital adjustment costs over sales.
The sample period is 1963-2009.

SIC a t(a) £ SIC a tla) £

2043 5897 5.05 874 | 3549 6754 6.23 7.04
2061 7591 544 18.14 | 3559 6544 5.80 9.61
2063 66.88 5.50 15.80 | 3561 75.93 6.17 7.49
2086 7190 838 9.46 |3564 76.93 7.38 6.69
2121 113.12 745 835 | 3567 76.09 6.70 5.42
2321 11771 6.35  5.34 | 3569 76.48 6.07 9.25
2329 101.36 643 6.40 | 3572 44.18 4.75 63.03
2341 146.84 5.71  5.05 | 35378 79.83 7.33 13.47
2522 4780 6.71 7.93 | 3581 91.02 6.61 10.70
2542 55.09 10.22 596 | 3589 62.23 6.91 6.62
2621 1427 518 499 | 3613 77.93 7.21 6.69
2672 12.10  7.03 1.90 | 3629 90.69 8.32 9.19
2731 5348 6.11 5.08 | 3634 92.86 5.38 6.93
2761 70.01 6.58 10.75 | 3643 69.92 6.73 8.13
2771 7357  7.51  10.01 | 3651 82.07 5.51 9.30
2812 53.58 7.564 21.56 | 3661 75.68 7.84 10.26
2813 67.51 9.83 35.59 | 3663 46.57 7.04 11.55
2823 122.20 4.72 16.62 | 3669 47.89 6.38 8.3
2834 4846  6.75 11.64 | 3674 36.43 5.58 48.07
2835 33.26 4.67 17.83 | 3679 46.63 5.69 11.47
2801 56.26 7.68 7.63 | 3699 51.02 5.42 9.10
2952 9.12 4.28 090 | 3716 29.57 690 1.76
3069 2796 5.60 3.49 | 3751 30.54 4.89 4.58
3143 234.20 493 839 | 3822 14243 5.76 18.09
3149 27891 3.35 11.78 | 3823 125.28 5.06 17.80
3221  26.06 6.03 4.51 | 3825 117.88 4.46 28.48
3241 2266 4.18 10.09 | 3826 110.93 3.46 24.76
3316 1199 448 1.02 | 3829 12241 5.35 18.90
3411 73.14 497 6.38 | 3841 75.24 6.43 24.14
3423 68.12 643 7.15 | 3842 105.17 5.06 21.18
3431 121.11 10.75 7.41 | 3843 109.94 9.28 17.08
3442 6498 7.68 5.56 | 3845 64.42 4.12 20.37
3494 7261 5773 7.72 | 3851 109.63 4.08 28.90
3499 6780 733 7.22 | 3873 198.06 7.53 11.45
3531 7771 526 839 | 3914 145.21 4.08 23.54
3532 89.12 441 7.25 | 3931 123.38 6.12 10.46
3533  75.18 343 13.06 | 3942 211.60 4.12 11.49
3546 79.86 5.74 897 | 3949 81.71 6.71 12.57
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Table 3

Cross sectional Fama MacBeth regressions of investment returns on

characteristics: Sales

This table reports coefficients from Fama MacBeth cross sectional regressions
for ten industry groups sorted by the fraction of sales of the listed firms in the
industry to total industry sales. The group titled 'Private’ includes in each year
the industries in the two bottom decile of the fraction, whereas the group titled
"Public’ consists of the industries in the top decile fraction in each year. The
frequency of the data is annual and the sample period is from 1960 to 2009. The
table reports average intercepts and slopes from the cross sectional regressions. t-

statistics are in parentheses. R isthe average R of the cross sectional regressions.
The P-values in the last columns of each of the Panels are for the hypothesis that

the regression coefficients and the R of private and public industries are equal
and are computed by a bootstrap approach.

Panel A - Investment to Capital (I/K)

Private 3 1 5 6 7 8 9 Public P(diff)
'% 0.25 0.25 0.23 0.21 0.21 0.22 0.17 0.22 0.22 0.44
(8.38) (834)  (842)  (9.67)  (948)  (10.15)  (8.44)  (8.41)  (8.30)
%I/K -2.21 =219 -206 -1.67 -1.70 —-2.06 —-125 -—-1.68 —1.01 0.02
(-7.22)  (=7.16) (~7.84) (-9.22) (=852) (—9.85) (—5.40) (—5.99) (—2.45)
2
R (%) 6.75 6.68 6.21 7.23 6.83 8.13 5.13 3.94 3.98 0.03
Panel B - Return On Assets (ROA)
Private 3 4 5 6 7 8 9 Public P(diff)
’% 0.00 0.00 0.00 -—-0.00 0.01 0.03 -0.02 —-0.05 —-0.05 0.02
(0.16)  (0.16) (0.02) (—022) (0.74) (2.09) (—1.14) (-3.13) (—2.65)
”AyROA 0.11 0.11 0.10 0.09 0.07 0.04 0.10 0.16 0.14 0.22
(6.11)  (6.09) (591) (7.19) (422) (3.15) (7.09)  (8.69)  (8.42)
p
R (%) 3.05 3.02 284 336 294 026 865 17.50 27.17 0.00
Panel C - Size (K)
Private 3 4 5 6 7 8 9 Public P(diff)
%0 0.11 0.11 0.10 0.08 0.08 0.09 0.07 0.08 0.10 0.84
(6.52) (649)  (6.12)  (5.98)  (5.62)  (5.75)  (6.08)  (4.07)  (6.75)
%K —-251 —-246 -194 -—-1.02 -0.75 -—-1.12 —-0.03 —-0.27 0.28 0.00
(—6.00)  (—=5.90) (—6.20) (=3.77) (—3.69) (—4.95) (—0.40) (—0.81) (2.08)
—2
R (%) 0.34 0.34 0.41 -0.72 -132 -065 -0.71 493 —1.32 0.00
Panel D - Idiosyncratic volatility (/VOL)
Private 3 4 5 6 7 8 9 Public P(dif f)
% 0.03 0.03 0.03 0.06 0.06 0.04 0.04 —0.03 —0.08 0.19
(092)  (0.92) (0.96) (261) (252) (1.43) (2.61) (—0.99) (—1.04)
Vvor 018 018 0.6 004 006 013 013 058 070  0.14
(127)  (1.26) (1.13) (0.34) (0.64) (1.13) (1.60) (3.49)  (2.12)
2
R (%) 3.56 3.01 3.55 540 1.78 219 182 8.90 8.19 0.17
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Panel E - Multiple Regressions

Private 3 4 5 6 7 8 9 Public P(diff)
0.14 0.14 0.15 0.17 0.15 0.14 0.13 0.07 0.08 0.14
(4.12) (408)  (412)  (6.01)  (5.26)  (4.45)  (485)  (250)  (3.56)

—2.82 —280 —2.72 —-234 248 =276 —237 -—2.719 —247 0.17
(—14.86)  (—14.70) (—14.82) (—11.36) (—10.44) (—11.50) (—9.91) (—10.50) (—15.09)

0.16 0.16 0.17 0.15 0.16 0.13 0.16 0.21 0.18 0.37

(10.24) (10.17) (10.21) (12.66) (8.13) (8.05) (9.13) (15.37) (12.31)
0.02 0.01 —-0.23 -0.23 —-0.15 -0.17 0.09 0.35 0.14 0.82
(0.03) (0.01) (-0.62)  (—=1.25) (—0.83)  (—0.61) (1.16) (1.78) (3.14)
0.09 0.09 0.00 -0.15 -0.05 0.15 —-0.10 0.13 0.03 0.66
(0.63) (0.63) (0.02) (—1.34) (—0.50) (1.34) (—1.20) (1.10) (1.39)

1719  17.06 16.83 1831 1490 14.57 19.76 2991 34.18 0.00
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Table 4

Cross sectional Fama MacBeth regressions of investment returns on

characteristics: employees

This table reports coefficients from Fama MacBeth cross sectional regressions
for ten industry groups sorted by the fraction of employees of the listed firms in
the industry to total industry employees. The group titled 'Private’ includes in
each year the industries in the two bottom deciles of the fraction, whereas the
group titled ’Public’ consists of the industries in the top decile fraction in each
year. The frequency of the data is annual and the sample period is from 1960 to
2009. The table reports average intercepts and slopes from the cross sectional
regressions. t-statistics are in parentheses. R is the average R? of the cross
sectional regressions. The P-values in the last columns of each of the Panels are
for the hypothesis that the regression coefficients and the R of private and public
industries are equal and are computed by a bootstrap approach.

Panel A - Investment to Capital (//K)

Private 4 5 6 7 8 9 Public P(diff)
’/}\/0 0.23 0.23 0.22 0.23 0.22 0.18 0.20 0.25 0.93
(9.62) (957)  (9.59)  (9.62)  (10.17)  (8.95)  (10.30)  (8.3%)
'/7\/I/K -192 -191 -1.8 -195 -—-200 -142 -1.62 -—-2.21 0.07
(—9.44)  (—9.37) (—10.11) (—9.73) (—10.66) (=5.97) (—9.04) (—7.22)
2
R (%) 594 592 572 761 801 560 438  6.75 0.10
Panel B - Return On Assets (ROA)
Private 4 5 6 7 8 9 Public P(diff)
’Ayo -0.01 -0.01 -0.01 0.01 0.02 -0.03 —-0.04 —-0.04 0.34
(—1.03) (—0.99) (-0.40) (0.34) (1.42) (—-1.66) (—2.14) (—1.98)
Aroa 012 012 010 008 005 011 013 014  0.34
(8.53) (846)  (6.12) (431) (3.01) (845)  (7.67)  (9.11)
—2
R (%) 10.01 9.96 9.20 3.63 1.22 4.19 7.51 23.83 0.01
Panel C - Size (K)
Private 4 5 6 7 8 9 Public P(diff)
’/)\/0 0.08 0.08 0.08 0.11 0.08 0.07 0.08 0.08 0.42
(5.57) (5.52)  (4.99)  (652)  (541)  (5.75)  (5.17)  (3.71)
QK -0.01 -0.00 -0.12 -251 -0.86 —-0.62 —-0.32 1.34 0.00
(—0.03)  (—0.02) (—0.62) (=6.00) (—2.24) (=3.08) (=1.20)  (1.99)
2
R (%) 3.16 3.17 2.66 034 -1.01 -1.30 -0.06 1.22 0.50
Panel D - Idiosyncratic volatility (/VOL)
Private 4 5 6 7 8 9  Public P(diff)
’% 0.01 0.01 0.02 0.07 0.03 0.06 0.05 —0.00 0.80
(0.39)  (0.38) (0.56) (2.90) (0.99)  (3.42)  (2.38)  (—0.05)
Avor 026 026 021 003 0.14 —0.00 008 045 047
(187)  (1.87) (1.49) (0.29) (1.07) (—0.03) (0.83)  (1.92)
)
R (%) 3.60 354 3.07 548 429 047 439 427 0.79
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Panel E - Multiple Regressions

Private 4 5 6 7 8 9 Public P(dif f)
% 0.12 0.12 0.15 0.19 0.10 0.10 0.12 0.10 0.59
(3.72) (3.68) (4.66) (6.79) (2.43) (3.40) (4.66) (4.49)
%/K —2.67 —2.656 —2.72 —-282 —2.85 —240 -—-2.65 —2.62 0.86
(=17.23)  (-17.07) (-16.51) (—-9.54) (—10.31) (—10.48) (—11.43) (—11.38)
@ROA 0.16 0.16 0.17 0.17 0.17 0.19 0.20 0.19 0.15
(11.85) (11.79) (8.17) (8.11) (8.97) (12.75) (11.07) (14.79)
QK 0.13 0.13 0.15 —0.59 0.42 0.43 0.31 0.27 0.45
(1.41) (1.50) (1.14) (—2.64) (1.44) (0.99) (1.26) (1.70)
%VOL 0.10 0.10 -0.06 -—-0.12 0.17 —-0.07 -=0.17 0.02 0.57
(0.71) (0.71) (-0.35)  (—1.04)  (1.25) (—0.74)  (—1.98) (0.56)
2
R (%) 23.25 23.06 2423 21.59 1551 1447 21.02 31.16 0.14
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Table 5
Aggregate Cross Sectional Regressions with Characteristics

This table reports coefficients from Fama MacBeth cross sectional regressions
of industry investment returns on industry characteristics using the entire sample
of 459 manufacturing industries available at the NBER database. The frequency
of the data is annual and the sample period is from 1960 to 2009. The table reports
average intercepts and slopes from the cross sectional regressions. t-statistics are

) =2 . —2 . .
in parentheses. R is the average R of the cross sectional regressions.

Y 0.22 —0.03 0.08 —0.01 0.11
(13.30)  (—2.29) (5.90) (—0.33) (5.45)
Yk —LT —2.61
(—15.54) (—22.13)
A\
0.14 0.17
TrOA (11.38) (14.26)
A
0.16 0.01
K (1.17) (0.19)
A
Yrvor g?g) 8)..8(?)
2
R (%) 512 1748 1.09 380 2851
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Table 6
Cross Sectional Regressions with Risk Factors

We perform a set of cross sectional regressions of investment returns on factor
loadings. The four factor model, based on Hou, Xue and Zhang (2014), is

i = A0 A B o+ NTEB, e+ AROAB, poa + N B + €,

where r; is the investment return, BZ wir 1s the factor loading on the market

investment return portfolio, Bl 1k 18 the factor loading on the /K investment

~

return portfolio, 3; poa is the factor loading on the ROA investment return
portfolio, and ¢; is the residual. The factor loadings are estimated over the full
sample period. The table reports the constant and the estimated prices of risk
(t-values in parenthesis). Quintiles are sorted by the fraction of the sales of listed
firms in the industry to total industry sales. Private refers to the quintile with the
lowest fraction, whereas the column Public refers to the quintile with the highest
fraction. R? = [Var.(T;) — Var.(e;)] /Var.(7;), where Var, is the cross-sectional
variance, 7; is the average investment return and €; is the average residual. R?
is the adjusted R?. We define the pricing error for a given portfolio i as the
difference between the actual investment return and the expected investment
return according to the cross-sectional test; p.e. represents the square root of
the aggregate squared pricing errors across all portfolios in each division (p-value
in brackets). The test assets are twenty portfolios, five each according to I/K,
ROA, lagged investment, and the size of the capital stock. The sample period is
1960 to 2009.

Panel A: Quintiles Sorted by Sales
—2

Yo YMKT 7% YrROA Tk R PEALL XE;LL
Quintile 1 Private

0.068 0.023 0.107 0.081 —0.021 0.882 0.015 52.498

(452)  (1.19)  (827)  (5.21) (1.11) [0.00]
Quintile 2
0.073 0.020 0.129 0.079 —0.023 0.886 0.014 39.292
(4.58)  (1.05)  (10.50)  (5.36) (1.19) [0.00]
Quintile 3
—0.089 0.157 0.132 0.069 0.163 0.625 0.019 46.607
(5.44) (821)  (8.10)  (5.00) (6.17) [0.00]
Quintile 4

—0.078 0.162 0.142 0.068 0.11? 0.450 0.024 42614

(4.72) (8.16)  (7.90)  (4.65) (5.23 [0.00]
Quintile 5 Public

0.059 0.034 0.122 0.076 0.037 0.900 0.023 39.094
(1.42) (0.95) (7.16)  (3.14) (1.48) [0.00]
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Panel B: Aggregate
=2

Yo Yvxr 7 YroA VK R PEALL X,QALL

L
K

—0.019 0.105 0.132 0.083 0.047 0.873 0.014 69.668
(1.29) (5.73)  (11.79)  (8.02)  (2.74) [0.00]
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