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Resumo

Este trabalho investiga como a exposicao das firmas a riscos sisteméaticos de investimento e os retornos de
suas agoes interagem com caracteristicas tais como produtividade e a mé-alocagéo de capital no contexto
de um pais em desenvolvimento. Para tanto, foram adaptadas e avaliadas recentes contribuigdes teodricas
das literaturas de finangas empiricas e “misallocation” & luz dos dados brasileiros. Foram coletados dados
dos demonstrativos financeiros das companhias listadas na bolsa Brasileira, bem como dos retornos de
suas agoes e dos fatores de risco de mercado a fim de se estimar medidas de exposigao ao risco (betas),
produtividade total dos fatores (PTF) e ma alocagao de capital (representada aqui pela dispersdo nos
produtos marginais do capital (MPK)). Em seguida, foi executada uma série de exercicios empiricos.
Os resultados sugerem que estas caracteristicas das firmas preveem racionalmente os retornos das agoes
brasileiras. Firmas de alta produtividade apresentam um prémio significativo sobre firmas de baixa
produtividade. Além disso, firmas de alto MPK tendem a oferecer retornos contemporaneos e futuros
mais elevados, o que sugere que diferencas de MPK refletem a exposicao a fatores de risco para as quais
os investidores demandam compensacao na forma de maiores taxas de retorno. Ainda que preliminares,
estes resultados indicam novas possiveis causas para o hiato de produtividade entre paises ricos e pobres,
dada a volatilidade relativamente mais alta do ciclo de negocios em paises em desenvolvimento como o

Brasil e o impacto disso nas relacoes estudadas aqui.

JEL Classifications: D25, E32, G12, 047.

Palavras-chave: Produtividade. Ma-alocagdo de capital. Precificacdo de ativos. Paises em desenvolvi-

mento.



Abstract

This work investigates how firm-level risk exposure to aggregate conditions and stock returns interact
with characteristics such as productivity and capital misallocation in the context of a developing country.
To do so, we adapt recent theoretical contributions from empirical finance and misallocation literatures
and we extend and evaluate their analysis by focusing on Brazil. We collect balance sheet data from
Brazilian publicly listed companies, stock market returns and risk factors to estimate measures of firm-level
risk exposure (betas), total factor productivity (TFP) and capital misallocation (dispersion in marginal
products of capital (MPK)), then we proceed with a series of empirical exercises. Our results suggest that
these firm characteristics rationally predict returns of Brazilian stocks. High productivity firms earn a
significant premium over low productivity firms. Also, high MPK firms tend to offer high stock returns,
both in a realized and an expected sense, suggesting that MPK differences reflect exposure to risk factors
for which investors demand compensation in the form of a higher rate of return. Although preliminary,
these results shed light on potential causes for the productivity gap between rich and poor countries, given
the relatively higher volatility faced by developing countries like Brazil and its impact on the relations
studied here.

JEL Classifications: D25, E32, G12, O47.

Keywords: Productivity. Misallocation. Cross-section of returns. Developing countries.
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1 Introduction

The empirical finance literature has documented that many firm characteristics, such as size, book-to-market
ratio, investment, and hiring behavior of firms, forecast future stock returns. Recent works introduced
neoclassical investment models to explain such differences in firm characteristics and returns. For example,
Kogan and Papanikolau (2013) and Belo et al. (2014) show how ex ante identical firms are exposed to firm-
level total factor productivity (TFP) shocks, which lead to different firm characteristics. Cochrane (1991)
and Balvers et al. (2015) show that stock returns and investment returns are closely linked and works like
Gomes et al. (2006) and Zhang (2017) interpret common risk factors through firms’ investment policies and
show that investment-based factors are priced in the cross-section of returns. In this line, Imrohoroglu and
Tiizel (2014) provide evidence about the link between firm-level total factor productivity (TFP) and stock
returns. The key implication of these studies is that financial market considerations can have sizable effects
on real outcomes by affecting capital allocation decisions.

On the other hand, what drives productivity gaps between rich and poor countries is one of the funda-
mental questions in economics. The large misallocation literature argues that low income countries are not
as effective in allocating their factors of production to their most efficient use (Restuccia and Rodgerson,
2017). In fact, since Hsieh and Klenow (2009) there is a growing body of evidence on how the dispersion in
the marginal product of inputs across firms represents adverse effects on productivity and output. Recent
studies evaluated a host of candidates for causing these dispersions, but a significant portion of observed
misallocation seems to come from other (and possibly unexplored) firm-specific factors.

With these two aspects in mind, David, Schmid and Zeke (2020) propose a new theory linking capital
misallocation to systematic investment risks. According to the authors, firms differ on their degree of expo-
sure to systematic investment risks for a number of reasons, such as heterogeneous technologies/markups or
heterogeneous demand sensitivities. Thus, firms with higher exposure to the aggregate risk factors require
a higher risk premium on investments, which translates into a higher expected marginal product of capital
(MPK). And this firm-specific risk premium appears exactly as what would otherwise be labeled a persistent
distortion or “wedge” in the firm’s investment decision. This channel implies that, by inducing MPK disper-
sion, cross-sectional variation in factor risk exposures and a higher price of risk (which depends on the degree
of aggregate volatility) reduce the long-run (average) level of achieved TFP.

In this paper, we investigate how the standard notions of the risk-return tradeoff relate to productivity
and the allocative efficiency of firms in the universe of public listed companies from a developing country.
To the best of our knowledge, we are the first to study this connection using Brazilian data. Although

preliminary, the results established here open the way for a specific research agenda focusing on applying



these recent theoretical developments to the context of developing countries. This is specially important for
those countries because of their particular characteristics, such as the higher volatility in their business cycles
and the potential higher dispersion in risk premia arising from this, as suggested by Figure 1. Additionally,
those countries are going through a process of “financial deepening”, facing an increasing importance of stock
markets for their economies. Figure 2 illustrates this fact, showing the increase of total value of yearly stocks
traded as a percentage of Brazilian GDP.

In order to do this analysis, we reviewed two similar models linking productivity, misallocation, risk and
returns and we constructed two panels with balance sheet data of Brazilian listed companies and returns for
stocks and risk factors. We then estimated measures of firm-level risk exposure, firm-level productivity and
misallocation degree for this sample. Finally, we investigated the hypotheses derived from the models in a set
of empirical exercises including a characteristic-sorted portfolio analysis, a widespread method in empirical
finance.

As main results, we find that both firm-level TFP and MPK rationally predict stock returns. TFP is
positively correlated to contemporaneous stock returns, but negatively correlated to future returns. The
difference between the contemporaneous returns of high and low TFP firms is 6.27%, while low productivity
firms on average earn a 4% annual premium over high productivity firms in the following year. For MPK,
although results are not perfectly monotonic, firms with high MPK tend to offer high stock returns both
in a realized and an expected sense, suggesting that MPK differences reflect exposure to risk factors for
which investors demand compensation in the form of a higher rate of return. We also find that measures of
risk exposures have significant explanatory power for subsequent MPK and that the price of risk in Brazil

(proxied by the aggregate market price/dividend ratio) is negatively correlated to MPK dispersion.

1.1 Related literature

This paper relates to several branches of literature. First, there is the large body of work in empirical finance
relating firm’s characteristics to stock returns since the pioneer work of Fama and French (1992). For example,
Kogan and Papanikolau (2013), Novy-Marx (2013) and Belo, Lin and Bazdresch (2014). Cochrane (1991)
and Balvers et al. (2015) show that stock returns and investment returns are closely linked. Recent works
interpret common risk factors through firms’ investment policies and show that investment-based factors are
priced in the cross-section of returns, e. g., Gomes et al. (2006) and Zhang (2017).

In addition, by examining the link proposed by David, Schmid and Zeke (2020) between misallocation
and firm-level risk exposure to aggregate risk, this work relates to the literature investigating resource misal-

location, pioneered by Hsieh and Klenow (2009) and Restuccia and Rogerson (2008). Recent papers explored
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the role of financial frictions, for example, Moll (2014) and Buera et al. (2011). Particularly, we explore
the implications of a different dimension of financial markets for marginal product dispersion, namely, the
risk-return tradeoff faced by risk-averse agents.

Finally, by focusing on Brazil, this work also relates to Vasconcelos (2017) in his pioneer study of misal-
location of resources in the Brazilian manufacturing sector and to numerous works on empirical finance that
studied the relation between firm characteristics and stock returns in Brazil, such as Blank et al. (2014),

Varga and Brito (2016) and Garcia and Santos (2018).

1.2 Work organization

This paper is organized as follows: Section 2 describes the data used in the empirical exercises. Section 3
describes the procedure to estimate the measures of aggregate risk exposure (betas) and Section 4 describes
the characteristic-sorted portfolio approach used in the next sections. Section 5 describes a simple model
relating firm-level productivity, firm characteristics and stock returns, estimates firm-level TFP and contains
the first set of empirical exercises involving the productivity estimations. Section 6 describes our misallocation
measures, develop the previous model to explain the link between MPK and stock returns and proceeds with

the second set of empirical exercises involving the measures of misallocation. Finally, Section 7 concludes.

2 Data

The major difficulty of this work was the lack of access to private sources of financial market data for Brazil.
We had to rely on public sources and, although our sources are detailed and accurate, the time span of
the panel is relatively short and we could not use some other technical indicators and firms’ characteristics
typically made available by private sources. For balance sheet data of Brazilian listed companies, we used the
standardized financial statements (Demonstragées Financeiras Padronizadas) of companies publicly listed
in B3 — Brasil, Bolsa, Balcdo, the Brazilian stock exchange, made publicly available by the Comissdo de
Valores Mobilidrios (CVM), the securities market authority in Brazil. The panel was constructed using
financial statements from 2010 to 2019 because of a discontinuity on the CVM’s update policy in 2009.

The literature on productivity and misallocation typically uses value added or revenue from sales to
measure output and fixed assets, total book assets or estimates using the perpetual inventory method to
obtain a measure of capital stock; labor is usually measured by the number of employees, wage bill or labor
compensation, investment, when available, is measured by Capex and the intermediate inputs (used to apply
some of the control function approaches of productivity estimation) are such as intermediate materials and

energy consumption in production. In our panel, we used fixed assets to measure capital as the depreciated
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value of plant, property, and equipment, although results were similar when using total book assets, which is
a broader measure of capital stock. Value added was used to measure output, but the results remain similar
when we use revenue from sales'. Wage bill was used to measure the labor factor, Capex was used as a
measure of investment and materials and energy were used to measure intermediate inputs. The choices used
in results reported here also took into account the consistency and accuracy of the data, such as the number
of missings and outliers. Finally, we winsorized all variables at 1% and 99% levels to mitigate the impact of
extreme observations.

We used Python to scrap the data from CVM'’s website? and to format the panel. Another difficulty was
that part of the balance sheet accounts’ codes and names was not perfectly standardized between companies.
For those cases we used very similar terms (which we call “synonyms”). Table 10 shows the exact portuguese
synonyms we used for each account in case of replications. Once we constructed the panel, all values were
adjusted for inflation using the Indice Nacional de Prego ao Consumidor Amplo (IPCA), the Brazilian
government official price index. Excluding financial companies yields a sample with around 300 firms by
year for the administrative data panel. These firms are classified by B3 into 11 sectors and 45 subsectors,
described in Table 11. We used these 45 subsectors as industries to measure misallocation in Section 6.
Table 1 presents some descriptive statistics of the sample. In general, we can see that, on average, the cost
of capital is greater than the labor expenses. However, labor expenses increased more than 50% during the
time covered by our panel, much more than capital cost, which increased approximately 20%.

The second panel we constructed contains the stocks and Fama-French risk factors returns. Stock market
data was obtained through the Python library yfinance, which provides data from Yahoo Finance®. Besides
excluding financial companies, we followed the eligibility criteria typically used in national empirical finance
works®: for companies with different classes of shares (ON, PN or UNIT) we used only the most liquid
(highest traded volume) class; we excluded stocks with less than R$ 500,000.00 in daily volume of trade
and that were not traded in at least 80% of the days in year ¢ — 1. This process reduced this second panel
considerably, leaving an average of 132 stocks that met these criteria. Figure 3 shows the dynamics of the
three Fama-French risk factors and the PD ratio. The three factors behaved somewhat similar, with a sharp
decline near the year of 2016 and, as expected, PD ratio presents cyclical behavior.

For risk factors and and the price of risk, we used data from the Brazilian Center for Research in Financial
Economics (NEFIN)*. We collected data on the three risk factors included in the Fama-French three factors

model described in Section 3, which are the aggregate market return (MKT), defined as the value-weighted

L Although the majority of works studying misallocation use value added to measure output, recent works like David, Schmid
and Zeke (2020) and Gorodnichenko et al. (2020) used revenue from sales instead.

2http://dados.cvm.gov.br/dados/CIA_ABERTA/DOC/DFP/DADOS/

3For example, NEFIN uses these criteria: http://nefin.com.br/Metodologia/Methodology.pdf.

4http://nefin.com.br/
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daily return of the market portfolio (using all the eligible stocks that met the criteria mentioned above), the
Small Minus Big Factor (SMB), which is the return of a portfolio long on stocks with low market capitalization
(small) and short on stocks with high market capitalization (big), and the High Minus Low Factor (HML),
that is the return of a portfolio long on stocks with high book-to-market ratio and short on stocks with low
book-to-market ratio. We used the aggregate market price/dividend (PD) Ratio as a proxy for the price of
risk. It consists of the dividend yield for the Brazilian stock market as the ratio of total dividend payments
in the last 12 months and the market value of equity. Finally, as we work with excess returns, we also used

the risk-free rate from the 30-day DI Swap to subtract returns.

3 Betas and expected returns

Following the analysis of David, Schmid and Zeke (2020), we estimate stock market betas by performing
time-series regressions of firm-level excess returns (realized returns in excess of the risk-free rate), rf,, on

aggregate factors, denoted by the N x 1 vector F;. For each firm, the specification takes the form

Tiet = Qir + ﬂiTFt + €t (1)

We estimate these regressions at the quarterly frequency using backwards-looking five-year rolling win-
dows, i.e., for 7 € {1 — Ny + 1,7 — 70+ 2,...,7}, where §;; denotes the 1 x N vector of factor loadings and
N the length of the window. Under the CAPM, the single risk factor is the aggregate market return. Under
the Fama-French 3 factor model, the risk factors are the market return (MKT), the return on a portfolio
that is long in small firms and short in large ones (SMB) and the return on a portfolio that is long in high
book-to-market firms and short on low ones (HML).

To obtain a single measure of risk exposure from the multi-factor Fama-French model, we combine the
betas into a single value using estimated prices of risk from Fama and MacBeth (1973) regressions. Specifically,

we estimate the following cross-sectional regression in each period:

5 = o + APt + €4t (2)

where \; denotes the 1 x N vector of period ¢ factor risk prices and 3;; the N x 1 vector of exposures,

estimated as just described. We then calculate a single index of exposure to these factors as

Bit,pr = ABit = > AaBita, © € {MKT, HML,SMB},
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where A\ = % Zthl Ax¢. Finally, expected stock returns are given by «a; + A\3;;, where «; = % ZtT:1(ait +

5it)~

4 Characteristic sorted portfolios

Portfolio sorting is an widespread and important tool of modern empirical finance, especially after Fama
and French (1992) work on the cross-section of expected returns. It has been used to test fundamental
theories in asset pricing, to establish a number of different pricing anomalies, and to identify profitable
investment strategies. Cattaneo et al. (2020) provide a formalization of this methodology, which they cast
as a nonparametric estimator. The premise behind portfolio sorting is to discover whether expected returns
of an asset are related to a certain characteristic. A natural, and popular, way to investigate this is to sort
observed returns by the characteristic value, divide the assets into portfolios according to the characteristic,
and then compare differences in average returns across the portfolios.

To begin, suppose we observe both the return, R, and value of a single continuous characteristic, z, for n

assets over T time periods, that are related through a regression-type model of the form
Ry =p(zit) v, i=1,...,nandt=1,...,T. (3)

Here pu(.) is the unknown object of interest that dictates how expected returns vary with the characteristic,
and is assumed to be twice continuously differentiable. We first form portfolios by partitioning the support
of z into quantile-spaced bins. For each periot ¢, it is common practice to form J disjoint portfolios, denoted
by Pji, as follows Pjy = [2(|n(j-1)/7))t» Z(nj/aye) if J = 1,....J =1, and Pjy = [2(|n(s-1)/7))t> Z(n)¢], Where
2(¢)¢ denotes the (-th order statistic of the sample of characteristics {z;; : 1 <4 < n} at each time period
t=1,2,...,T, and |.] is the floor operator. In other words, each portfolio is a random interval containing
roughly (100/.J)-percent of the observations at each moment in time. With the portfolios thus formed, we
estimate p(z,) at some fixed point z, with the average returns within the portfolio containing z,. If we let

P, represent the appropriate portfolio at each time ¢, then the basic portfolio-sorted estimate is

T
. 1 . o 1
f(ze) = T ;:1 fie(2), with fie(2,) = N EEP: ) Rit, (4)

*

where N7, is the number of assets in P}, at time ?.
In this work, we use this approach to analyze the two specific firm characteristics we hypothesize that are

related to stock returns according to the recent works of David, Schmid and Zeke (2020) and Imrohoroglu
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and Tiizel (2014), that is, firm-level TFP and marginal product of capital (MPK).

5 Productivity analysis

In this section we investigate a channel relating firm-level productivity to expected returns. To do so, we
describe the theoretical framework, then we estimate firm-level productivity and proceed with some empirical

exercises. This section is mainly based on the work of Imrohoroglu and Tiizel (2014).

5.1 Theoretical framework

According to Kogan and Papanikolau (2013), the literature on expected stock returns and firm characteristics
considers several sources of firm heterogeneity. Many of these models assume that all firms have identical
long-run properties but differ from each other at each time point because of the firm-specific productivity
shocks. Other models focus on the structural differences between firms, emphasizing, for instance, persistent
cross-sectional differences in the firms’ technologies. Here we develop a standard production-based asset
pricing model where firms are subject to both aggregate and idiosyncratic productivity shocks to account for
the cross-sectional relationship between TFP, firm-level characteristics, and stock returns.

We begin with many firms that produce a homogeneous good using capital and labor. They are subject

to different productivity shocks and produce according to
Yy = F(Xo. Zie, Ko, Lie) = Xy Zu KLY, with 61 + 6 < 1, (5)

where K;; denotes the beginning of period ¢ capital stock of firm ¢, and L;; denotes the labor used in production
by firm 4 during period t. 61 and 65 are capital and labor shares, respectively. Aggregate productivity is
denoted by x; = log(X;) and has a stationary and monotone Markov transition function, given by p,.(z¢41|x¢)
as follows:

Tip1 = Pa¥t +EfLy,  Epyq ~ 1dd N(0,02). (6)

The firm productivity, z;; = log(Z;:), has a stationary and monotone Markov transition function, denoted by
Dz, (Zit+1]2it), as follows:

Zigrl = P2Zit T €1y €~ LLA N(O, a?). (7)

And €}, and €5, are uncorrelated for any pair of firms (4, j) with i # j.

The capital accumulation rule is K 411 = (1 — §) K + I, where I;; denotes investment and ¢ denotes
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the depreciation rate of installed capital. Investment is subject to quadratic adjustment costs given by g¢;::

1 I 2 )
9(Lie, Kit) = 577(]; - 5) K, with n > 0. (8)

Firms are equity financed and face a perfectly elastic supply of labor at a given stochastic equilibrium

real wage rate Wi, as in Belo et al. (2014). The equilibrium wage rate, given by
Wy = exp(wzy), with w € [0, 1], (9)

is assumed to be increasing with aggregate productivity, with w determining the sensitivity of wages to
aggregate conditions. Hiring decisions are made after firms observe the productivity shocks and labor is

adjusted freely; hence, for each firm, marginal product of labor equals the wage rate
Fr,, = FrL(Xt, Zit, Kit, Lig) = Wy
Dividends to shareholders are equal to shareholders are equal to
Dit = Yis — [Lit + git] — Wi L. (10)

At each date t, firms choose {I;;, L;; } to maximize the net present value of their expected dividend stream,
Vi, which is the firm value

‘/it = max ) Et

{Ii,t4+,Li t4r

> Mt,WDi,m] : (11)
k=0

subject to equations 6 to 9, where M; ;. is the stochastic discount factor between time ¢ and ¢t + 7.

The first order conditions for the firms’s optimization problem leads to the pricing equation

L= [ [ Mo Bl Goaalzapatocla)de da (12)

where the returns to investment are given by

;o Fro o+ (0= 8)aqi + 50T /Kiig)? — 02
Ri7t+1 - Qi ’ (13)

and where Fg,, = Fix(As, Zit, Kit, Lit) and ¢ = 1 + n((Iit/Kit) - 5), which is the Tobin’s (marginal) q.
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Finally, the returns to the firm are defined as

AV
S 7,t+1
Rivn =3 p (13)
The model assumes an exogenous pricing kernel given by
T 1 2 2 :
log M1 = log p — €11 — 57i 05, With logye =0 + nae, (14)

2

where p, 7o > 0 and ; < 0 are constant parameters.

In this model, the key mechanism relating firm-level productivity to expected returns involves the in-
teraction of convex adjustment costs and the countercyclical Sharpe ratios assumed in our pricing kernel.
Firm risk derives from its inability to freely adjust its capital following shocks to aggregate and firm-level
productivity. In this economy, aggregate productivity shocks drive the business cycles. In bad times (low
aggregate productivity level), net present value of investments go down because of lower expected cash flows
and higher discount rates. Hence, all firms would like to invest less and hire less. Even though firms can
freely adjust their labor, they incur adjustment costs when they change their capital stock. In states of low
aggregate productivity, a bad aggregate shock tends to have a larger negative effect on the low TFP firms.
These firms would have a lower investment rate (i.e., reduce their capital stock relatively more) than the high

TFP firms.

5.2 Productivity estimation

Total factor productivity is a measure of the overall effectiveness with which capital and labor are used
in a production process. It provides a broader gauge of firm-level performance than some of the more
conventional measures, such as labor productivity or firm profitability. In this exercise, we consider the

following specification:

Yir = Bo + Brkit + Bilis + wit + i, (15)

where y;; is the log of value added for firm 4 in period ¢; l;; and k;; are log values of labor and capital
of the firm, respectively; w;; is the productivity and 7;; is an error term not known by the firm. Following
Imrohoroglu and Tiizel (2014), we employ the semiparametric procedure suggested by Olley and Pakes (1996)
to estimate the parameters of this production function. The major advantage of this approach over more
traditional estimation techniques such as the ordinary least squares (OLS) is its ability to control for selection
and simultaneity biases and deal with the within firm serial correlation in productivity that plagues many

production function estimates. Once we estimate the production function parameters, we obtain the firm-level
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(log) TFPs by

wit = Yit — Bo — Brkit — Bilit. (16)

We followed Rovigatti and Mollisi (2018) to run this exercise’. Given that our panel also contains data on
energy and materials, we also estimate productivity using the Levinsohn and Petrin (2003) methodology as
a robustness test. The main advantage of the latter is to overcome the presence of many zero observations
in the investment variable used as a proxy in the Olley-Pakes approach. Results are similar, as reported in
Table 2. The estimations presented here are pooled by all industries, given the reduced sample size. However,
results obtained by estimations using the sectors described in Table 11 are similar. The Olley-Pakes results
for the entire sample period and all firms yield a labor share (and standard errors) of 0.87 (0.06) and a capital
share of 0.14 (0.06). Using the Levinsohn-Petrin method we obtained a labor share (and standard errors) of
0.70 (0.07) and a capital share of 0.20 (0.08). All estimations are statistically significant. Besides that, as
shown in Figure 5, although the estimated productivities using the Levinsohn-Petrin approach are smaller,
their dynamic behavior is very similar to that of Olley-Pakes estimates, which is the main concern for our
analysis here. Finally, Figure 4 shows the distribution of TFP estimates by three arbitrary years, results

suggest that the productivity dispersion decreased during the time period of our panel.

5.3 Empirical results from estimated productivity analysis

TFP and other firm characteristics. Table 3 presents the summary statistics and various firm charac-
teristics for firms sorted into 5 portfolios based on the level of their TFP over the 2010-2019 period. Results
in Table 3 indicate a strongly monotonic relationship between TFP and many firm characteristics, including
firm size and book-to-market ratios of firms. Market capitalization of firms monotonically increase with TFP.
The average size of the firms in the lowest TFP quantile is 12% of the average size of all firms in that year,
whereas the average size of firms in the highest TFP decile is 89% of the average size. The book-to-market
ratios of the firms monotonically decline with TFP, indicating that high TFP firms are typically growth firms
and low TFP firms are value firms.

The hiring rate, fixed investment to capital ratio, asset growth, investment to capital for organizational
capital are all monotonically increasing in firm-level TFP. The firms in the lowest productivity quantile
almost do not increase their workforce and their assets grow on average 2%, whereas firms in the highest
productivity quantile increase their workforce by 10% and experience 12% asset growth. We also investigate
the relationship between firm TFP and measures of profitability. Productivity and profitability have often

been used interchangeably in finance literature (e.g., Novy-Marx, 2013)) where unobserved productivity is

5Also, we used the Stata® package prodest, created by the authors.
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frequently proxied by measures of profitability. Our first measure is the return on equity (ROE), calculated
as net income available to common stockholders/book equity. The second measure is the return on assets
(ROA), defined as net income/total assets. The last profitability measure (GPR) is gross profits/book assets

from Novy-Marx (2013). All three measures of profitability are monotonically and positively related to TFP.

Portfolio sorts. With the estimated firm-level productivities in hand, we are in position to investigate
the relation between this firm characteristic and the expected stock returns by applying the methdology
described in Section 4. To form the portfolios, we rank firms into five quantiles based on their estimated
TFP. The portfolios are equally-weighted and rearranged every year ¢t. Table 4 shows the average monthly
returns of the five portfolios and a high-minus-low portfolio, which is short in low-TFP companies and long
in high-TFP companies. All returns are statistically significant and our results show that TFP is positively
and monotonically related to contemporaneous stock returns. The difference between the contemporaneous
returns of high and low TFP firms is 6.27%. The relationship between the level of TFP and future excess
returns is equally striking for equal-weighted portfolios: low productivity firms on average earn a 4.46% annual
premium over high productivity firms in the following year and the return spread is statistically significant.

These results go in line with Tmrohoroglu and Tiizel (2014) findings for the American stock market.

Alphas and betas of Portfolios sorted on TFP. In Table 5, we investigate whether widely used asset
pricing models such as the capital asset pricing model (CAPM) and Fama-French (FF) three-factor model
capture the variation in excess returns of TFP-sorted portfolios. As we demonstrate in Table 3, TFP is
significantly related to size and B/M at the firm level. Hence, we explore whether the returns of TFP-sorted
portfolios are systematically related to SMB and HML.

Table 5 presents the alphas and betas of TFP-sorted portfolios for the CAPM and FF models. Betas are
estimated by regressing the portfolio excess returns on the factors. Alphas are estimated as intercepts from
the regressions of excess portfolio returns. Monthly alphas are annualized by multiplying by 12. We find that
low TFP portfolios load heavily on SMB, while high TFP portfolios loadings are low. HML loadings are not
monotonic, but higher TFP portfolios have lower loadings than lower TFP portfolios. The MKT relation
is not monotonic for CAPM, but show higher values for low TFP loadings in the case of the Fama-French
model.

Finally, as stated by Imrohoroglu and Tiizel (2014), these results do not necessarily suggest that TFP is
a separate risk factor that is not captured by these factors but rather that TFP is systematically related to

SMB, and to some extent to HML.
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6 Misallocation analysis

In this section, we will investigate the existence of misallocation of resources in the Brazilian listed companies
and its relation to expected returns. First, we describe the theoretical framework used to compute the
misallocation measures, then we report and analyze the obtained results. This section is mainly based on

the works of Hsieh and Klenow (2009), Oberfield (2013) and Vasconcelos (2017).

6.1 Theoretical framework

Vasconcelos (2017) already found evidence of misallocation of resources in the Brazilian manufacturing sector.
The author used the National Industrial Survey (PTA), an annual survey conducted by the Brazilian Institute
of Geography and Statistics. It is a database with more than 40,000 firms on average each year, making it a
much more appropriate sample to measure misallocation at the national level. The sample used here is rather
small and potentially biased, given that listed companies are expected to face less financial constraints. That
said, however, they offer the great advantage to allow a direct risk measure through the analysis of stock
returns, something difficult to do for non-listed firms in general®. Therefore, misallocation measures here are
specifically useful for the analysis intended in this paper in the context of the universe of Brazilian publicly
listed companies.

To obtain preliminary evidence on misallocation between listed Brazilian companies, we followed the
same framework constructed by Hsieh and Klenow (2009) and adapted by authors like Oberfield (2013) and
Vasconcelos (2017). It begins with a monopolistic competition model with heterogeneous firms. Suppose
an infinite-horizon closed economy. There is a single final good Y; produced by a representative firm in a
perfectly competitive market. Y; is produced through a Cobb-Douglas technology using the combination of

intermediate goods X of S manufacturing industries:

s s
Y, = H X% where 293 =1 and 05 € (0,1). (17)
s=1 s=1
Cost minimization implies:
P, tYst
0y = ==, 18
by, (18)

where P,; is the price of intermediate good X, and P, = Hle(Pst/Gs)es is the price of the final good.

Industry output Xg; is itself a CES aggregate of I differentiated products:

SHowever, David, Schmid and Zeke (2020 offer a promising approach in this direction through the estimation of betas relating
changes in firm-level productivity and aggregate productivity shocks.
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a

o—1
Xy = <Z Xw;'1> , where o € (0, 0). (19)

=
Each differentiated product is produced according to

Xigt = M K25 L% where a, € (0,1). (20)

18t 15t

Here, «; is the capital share, M, is TFP, L;s is a labor factor and Kjg is physical capital. Note that

capital and labor shares are allowed to differ across industries, but not across firms within an industry.

6.2 Measuring distortions

Because there are two factors of production, we can separately identify distortions that affect both capital
and labor from distortions that change the marginal product of one of the factors relative to the other factor
of production. We denote distortions that increase the marginal products of capital and labor by the same
proportion as an output distortion 7y. In turn, we denote distortions that raise the marginal product of

capital relative to labor as the capital distortion 7x. Therefore, profits are given by

Tis = (1 - TYis)-ZDist}/;st - wistList - (]- + TKis)RKist; (2]—)

where w;s: is the wage and R; is the cost of capital, both of which are time-variant. Hsieh and Klenow
(2009) show that the allocation of resources across firms depends not only on firm TFP levels, but also on
the output and capital distortions they face. To the extent resource allocation is driven by distortions rather
than firm TFP, this will result in differences in the marginal revenue products of labor and capital across
firms. The marginal revenue product of labor is proportional to revenue per worker and the marginal revenue

product of capital is proportional to the revenue-capital ratio. They are, respectively:

1
MRPL;ss = ———wjs 22
P Ty et (22)
and
1 15
MRPK,y = -+ Kisp (23)
1- Ty is

Foster, Haltiwanger, and Syverson (2008) stress that, when industry deflators are used, differences in
plant-specific prices show up in the customary measure of plant TFP. They stress the distinction between

“physical productivity,” which they denote TFPQ, and “revenue productivity,” which they call TFPR. The
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use of a plant-specific deflator yields TFPQ, whereas using an industry deflator gives TFPR. We define these

objects as follows:

Xist
TFPQist = Mgy = —————, 24
Qo = Mo = eI 2y
and
PistXist
TFPQ;st = PistMijst = ————. 25
Qist tMist K;iLzls;as (25)
Using equations 22 and 23, we get
« 11—« (1 + TKZ'S)OLS
TFPR;st x (MRPK;s)**(MRPL;st) " BT (26)
— Tyis
With the expression for TFPR in hand, we can express industry TFP as
M, —_———
- TFPR
TFPRg = Mg ———— , 2
Rt [;( ' TFPR t) (@7)

where TFPR; is a geometric average of the average marginal revenue product of capital and labor in
the sector. Additionally, assume that {log M;st, log(1 — Tys), log(1 + Tk4s)} has a multivariate lognormal
distribution. Let ¢y and ¢x be the standard deviations of log(1 — 7ys) and log(1 + 7x;s) respectively, and

¢y i be their covariance. Then,

1

— 0

as + ai(a — 1)
2

log TF Py = ———log [TFPQI;| — %¢%/ - ( )qﬁ( + oo by K- (28)

In this special case, the negative effect of distortions on aggregate TFP can be summarized by the variance
of log TFPR. Intuitively, the extent of misallocation is worse when there is greater dispersion of marginal

products.

6.3 MPK and risk premia

Now, following David, Schmid and Zeke (2020), we lay out a version of the standard, frictionless neoclassical
theory of investment to illustrate the link between firm-level MPK and risk premia. Consider a slightly
modified version of the model developed in Section 5. There is a continuum of firms with measure one
producing a homogeneous good according to

Y, = XfiZithtlLez where 6] + 05 < 1. (29)

it
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Firm productivity in logs is equal to Bixt + Z;+, where Z;; denotes a firm-specific idiosyncratic component of
productivity, x; is an aggregate component that is common across firms and Bl captures the exposure of the
productivity of firm ¢ to aggregate conditions, with BZ ~ N (E, ~ O’?;) across firms. The two productivity
components follow AR(1) (in logs) processes as before. We define the stochastic discount factor, m;y; =
log My as in Section 5.

We keep the labor market simple and also identical to Section 5. Thus, maximizing over the static labor

decision gives operating profits - revenue less labor costs - as

Iy = GX/[ Zy K9, (30)

where G = (1 — 92)92137292, B; = ﬁ(@ —wb), Ziy = ZA;[#SQ and 6 = 12192. The exposure of firm profits to
aggregate conditions is captured by 3;, which is a simple transformation of the underlying exposure of firm
productivity to the aggregate component, Bi, and the sensitivity of wages, w. The idiosyncratic component
of productivity is similarly scaled, by ﬁ. The curvature of the profit function is equal to 6, which depends

on the relative elasticities of capital and labor in production. These scalings reflect the leverage effects of

labor liabilities on profits. From here on, we will primarily work with z;;, which has the same persistence

as Z;, i.e., p,, and innovations ;.41 = ﬁ with variance Ug = (1_102> 03. We will also use the fact that

2
2 1 2
o5 = (1_92) 0%

In addition, we show in Appendix 7 that the firm’s optimal investment policy is given by:

1
kity1 = m(a + Bipzxt + przit — @‘%05)7 (31)

where & = logf + logG — «, o = log(ry + 6). The firm’s choice of capital is increasing in x; and z; due
to their direct effect on expected future productivity (i.e., Sips®t + p.zit = Ee[Bixes1 + zit41]), but, ceteris
paribus, firms with higher betas choose a lower level of capital.

Finally, by definition the realized mpk is given by mpk;;+1 = log 0 + w111 — kipr1. Substituting for k1,

mpki41 = @ + €41 + Bice1 + ﬂi%(fg, (32)

and taking conditional expectations,

]Et [mpkit+1] =a+ Bmtag. (33)

Expression 32 shows that dispersion in the realized mpk can stem from uncertainty over the realization of
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shocks, as well as the risk premium term, which is persistent at the firm level and depends on (i) the firm’s
exposure to the aggregate shock, §; (and is increasing in (;), and (ii) the time ¢ price of risk, which is reflected
in the term ~;02. Intuitively, firm-level mpk deviations are composed of both a transitory component due to
uncertainty and a persistent component due to the risk premium. The transitory components are i.i.d. over
time and lead to purely temporary deviations in mpk (even though the underlying productivity processes are
autocorrelated); the risk premium, on the other hand, leads to persistent deviations -— firms that are more
exposed to aggregate shocks, and so are riskier, will have persistently high mpk.

And the cross-sectional variance of E[mpk;;1] is given by

2 2 22
OR,[mpkitq1] — %’(%Us) . (34)
Cross-sectional variation in E;[mpk;;11] depends on the dispersion in beta and the price of risk. Dispersion

will be greater when risk prices, reflected by 7,02, are high and so will be countercyclical.

6.4 Basic results

With the measures described above, we are able to use the balance sheet data panel to measure the misallo-
cation degree in our sample. Figure 6 shows the distribution of the logarithm of TFPR in the Brazilian listed
companies arbitrarily for 2010, 2015 and 2019. Fundamentally, we are interested in the dispersion of TFP.
The more disperse TFP, the greater can be the misallocation. A high dispersion implies that some firms are
more able to produce output with the same amount of inputs, given the technology process in each sector.
According to this figure, despite the particularities of the sample, results are in line with previous studies.
The dispersion is relatively elevate in each time period. Furthermore, the median is greater than the average
for the time periods. Therefore, the distribution of TFP is asymmetric. These two points suggest that there
exists misallocation of resources at the firm-level in the Brazilian listed manufacturing companies.
Although more dispersed, results resemble those from Olley-Pakes estimation in Figure 4 in terms of means
and behavior along the three years showed. Additionally, Figure 7 shows the (log) distribution of input wedges
for Brazilian listed companies in the year of 20197. Capital wedge distribution shows an elevated dispersion
and a positive mean, suggesting the presence of over-investment by the firms in our sample. These results
must be viewed with caution, given that the reduced size of our sample makes it inappropriate for a rigorous
misallocation analysis similar to the one performed by Vasconcelos (2017) using PIA, but the central point

of this exercise was to measure the firms’ MPKs to be used in the empirical exercises below.

"The previous years of the sample showed a similar picture.
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6.5 Empirical results from measured misallocation analysis

Portfolio sorts. With the estimated MPKs in hand, we are in position to investigate the relation between
this firm characteristic and the expected stock returns by applying the methdology described in Section 4.
To form the portfolios, we rank firms into five quantiles based on their estimated MPK. The portfolios are
equal-weighted and rearranged every year t. Table 6 shows the average monthly returns of the five portfolios
and a high-minus-low portfolio, which is short in low-MPK companies and long in high-MPK companies. All
results are statistically significant. Even though the relation seems to be not perfectly monotonic, the first
row shows that the difference in contemporaneous returns between high and low MPK firms, i.e., the excess
return on the MPK-HML portfolio, is over 6%.

The second row confirms that this finding does not simply result from the simultaneous response of
stock returns and MPK to the realization of unexpected shocks — one-period ahead excess returns are in
fact predictable by MPK. The predictable spread on the MPK-HML portfolio is over 5% annually. Both
the contemporaneous and future MPK-HML spreads are statistically different from zero at the 99% or 95%
levels. Thus, high MPK tend to offer high stock returns, both in a realized and an expected sense, suggesting
that MPK differences reflect exposure to risk factors for which investors demand compensation in the form

of a higher rate of return.

Measures of risk exposures and expected MPK. In this exercise we directly relate firm MPK to

measures of risk exposures estimating regressions of the form

mpkii1 = Yo + Va8t + Git+1, (35)

where ;; is a measure of firm 7 exposure to aggregate risk at time t. The specification tests whether observable
measures of firm-level risk exposures are indeed correlated with higher MPK. We estimate (5) at an annual
frequency and lag the right-hand side variable to control for the simultaneous effect of unexpected shocks on
contemporaneous measures of beta and MPK. Following David, Schmid and Zeke (2020), we construct two
different measures of these exposures. First, we compute standard CAPM and Fama-French stock market
betas, Bcapn and Spp respectively, by estimating firm-level regressions of stock returns on the risk factors
from each of these models based on the procedure described in Section 3. With these measures in hand, we
are in a position to estimate Equation 35. Table 7 reports the results of this exercise. Both measures have
significant explanatory power for subsequent MPK. For example, the estimate in column (1) implies that
each unit increase in the CAPM beta is associated with a 26% increase in expected MPK. In columns (3)

and (4) of Table 7, we estimate analogous regressions with the addition of industry-year fixed-effects. All of
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the beta coefficients remain positive and statistically significant.

Price of risk and mean expected MPK. Expression 32 implies that the price of risk should positively

predict the level of expected MPK. To test this implication, we estimate a time-series regression of the form:

Elmpkit+1] = to + V1A + Get1, (36)

where E[mpk;;11] denotes the average mpk in period ¢ + 1 and \; denotes the price/dividend (PD) ratio on
the aggregate stock market (likely negatively correlated with the price of risk). The estimated coefficient is
approximately —0.38, in line with the theory indicating a negative correlation between PD ratio and future
MPK, but the estimation is not statistically significant, probably because of the reduced time span of the
panel. To illustrate this relation a little more, we report in Table 8 some contemporaneous correlations
between MPK dispersion and indicators of the price of risk and the business cycle®. Results indicate negative
relations between MPK and PD ratio, GDP and TFP. Besideds that, these correlations suggest that our
measure of the price of risk (PD ratio) is countercyclical, implying that variation in risk premia induce a

countercyclical component in MPK.

MPK dispersion and beta dispersion. Expression 34 implies that across groups of firms or segments of
the economy, dispersion in expected MPK should be positively related to dispersion in risk exposures. Again,
following David, Schmid and Zeke (2020), we investigate this prediction using variation in the dispersion of
firm-level betas and expected stock market returns across industries. Specifically, for each industry in each
year, we compute the standard deviation of MPK, o(mpk), expected stock returns, o(E[r]), and beta, o(f).
We then estimate regressions of industry-level MPK dispersion on the dispersion in expected returns and
betas, i.e.,

o(mpkjis1) = do + p10(xj¢) + (e

where xj; € {E[rj],B;:}, j denotes industry. Again, to avoid potential simultaneity biases from the
realization of shocks, we lag the independent variables (dispersion in expected returns and betas). Table
9 reports the results of these regressions and demonstrates that indeed, industries with higher dispersion
in expected stock returns and beta exhibit greater dispersion in MPK. Column (1) reveals this fact using
expected returns calculated from the Fama-French model. Variation in expected return dispersion predicted

by the Fama-French model explains approximately 30% of the variation in MPK dispersion across industry-

8In all estimations we extract the cyclical components of GDP, TFP and the PD ratio using a one-sided Hodrick-Prescott
filter
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years. Column (2) regresses MPK dispersion on dispersion in each of the three individual factors -— variation in
the beta on each factor is significantly related to MPK dispersion. Columns (3) and (4) add year fixed-effects.
Across these specifications, measures of within-industry heterogeneity in expected returns and aggregate risk
exposures remain positive and significant predictors of within-industry dispersion in MPK, except for the
SMB beta. Results here are in line with those from David, Schmid and Zeke (2020) but, interestingly, are

relatively larger than the estimates for the American stock market obtained by the authors.

7 Concluding remarks

In this paper, we studied the link between productivity and misallocation of resources, risk and stock returns
focusing on a developing country reality plagued by high risk and severe market frictions. From a panel data
set of Brazilian publicly listed companies we conducted a series of empirical exercises to test the predictions
of two similar models that investigate these issues.

The results obtained here seem to support the hypotheses that firm-level total factor productivity and
marginal product of capital rationally predict stock returns and are related to firm-level risk exposure to
aggregate conditions. The first analysis found that TFP is positively related to contemporaneous stock
returns, but negatively related to future stock returns. The second analysis suggests that expected firm-
level marginal products should reflect exposure to factor risks, and their pricing. To the extent that firms
are heterogeneously exposed to these risks, as the literature on cross-sectional asset pricing suggests, the
implication is that cross-sectional dispersion in MPK may not only reflect true misallocation, but also risk-
adjusted capital allocation.

These results, however, should be interpreted with caution since we did not provide causal evidence on
the hypotheses derived from the models reviewed. Thus, the main goal of this paper through its empirical
exercises is to initiate a research agenda by applying recent theoretical developments relating empirical finance
and firm dynamics to the context of developing countries. There is still a lot to do be done in this direction.
A natural next step for future research is to include more developing countries in our sample in order to
avoid the caveats arising from the relatively reduced size and particularities of the Brazilian stock market.
In addition, a more detailed and reliable analysis could be done by the quantitative analysis of calibrated
versions of the models presented here. Nevertheless, results here remain important for reinforcing the notion
that financial market considerations can have sizable effects on real outcomes by affecting capital allocation

decisions and therefore explain part of the productivity gaps between rich and poor countries.
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Figure 3: Risk factors and PD Ratio (2010-2020)
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Note: This figure was constructed using data from Brazilian Center for Research in Financial Economics (NEFIN). It
shows the dynamics of the three risk factors present in the Fama-French asset pricing model and the price/dividend
(PD) ratio for the aggregate Brazilian stock market.

Figure 4: Olley-Pakes estimated TFP distribution
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Note: This figure shows the dispersion of estimated firm-level total factor productivity using the Olley and Pakes
(1996) approach for three arbitrary years.
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Figure 5: TFP mean by year
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Note: This figure shows the dynamics of the mean estimated total factor productivity using three different methods.

Figure 6: TFPR distribution
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Note: This figure shows the dispersion of estimated firm-level total factor productivity using the Hsieh and Klenow
(2009) approach for three arbitrary years.
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Figure 7: Wedges distribution (2019)

|— Lahor wedge  —— Clapital wﬂ']ge‘

Note: This figure shows the dispersion of estimated input wedges for the year of 2019.
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Table 2: Productivity estimation coeffi-

cients
Parameter TFP-method
Olley-Pakes LP

Labor 0.8668***  0.7019%**
(0.0638) (0.0697)

Capital 0.1492***  0.2036***
(0.0564) (0.0866)

N 1321 1321

Note: This table reports the production
function parameters estimated using the
two methods described in Olley and Pakes
(1996) and Levinsohn and Petrin (2003).
Significance levels are denoted by: * p <
0.10, ** p < 0.05, *** p < 0.01.

Table 3: Descriptive Statistics for TFP-Sorted Port-
folios, 20092019

Low 2 3 4 High HML
TFP 0.18 049 0.72 1.07r 2.01 1.83
SIZE 0.12 036 061 075 0.89 0.77
B/M 109 102 1.07 091 0.90 -0.19
I/K 0.7 09 012 013 017 0.10
AG 002 005 09 o011 012 0.15
HR 0.01 002 0.04 0.07 010 0.09
ROE -0.17 -0.90 0.03 0.07 0.09 0.26
ROA -0.11 -0.42 0.01 0.05 0.08 0.19
GPR 025 027 039 042 045 047

Note: For each variable, averages are first taken over all
firms in that portfolio, then over years. Average TFP
each year is normalized to be 1. SIZE is the market
capitalization of firms in June of year t — 1. Average size
each year is normalized to 1. B/M is the ratio of book
equity for the last fiscal year-end in year t divided by
market equity in December of year t. I/K is the fixed
investment to capital ratio. AG is the change in the
natural log of assets, HR is the change in the natural log
of wage bill, and ROE is the net income in year ¢ divided
by book equity for year t. ROA is the net income in year
t divided by total assets for year t. GPR is the gross
profits in year t divided by book assets for year t.
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Table 4: Excess Returns on TFP-Sorted Portfolios

Portfolio  Low 2 3 4 High  TFP-HML
re 4.83FFE 7 3IFRE 7 Q0FRE 9 g9FFF 1 10FFF  6.27FFF
(2.89)  (6.27)  (5.51)  (6.19)  (11.96) (13.64)
reoy LOUITHERR 7RERE g ZQRRK T ABRRE 57 RRk g geRkk
(8.19)  (451)  (5.12)  (4.74)  (3.09) (4.43)

Note: This table reports stock market returns for portfolios sorted by TFP. r{ de-
notes equal-weighted contemporaneous annualized monthly excess stock returns (over
the risk-free rate) measured in the year of the portfolio formation from January to
December of year t. r{,; denotes the analogous future returns, measured from July
of year t 4+ 1 to June of year ¢t + 2. t-statistics in parentheses, computed using Newey-
West standard errors. Significance levels are denoted by: * p < 0.10, ** p < 0.05, ***
p < 0.01.

Table 5: Alphas and Betas of Portfolios Sorted on TFP (%, Annualized)

Low 2 3 4 High  High-Low
CAPM
Alpha 6.70 5.25 4.13 4.40 3.95 -2.8
(3.20) (3.42) (3.15) (2.90) (2.77) (-2.81)
MKT 1.11 1.06 1.18 1.11 1.23 0.12

(15.11) (12.50) (13.25) (14.00) (18.12) (19.15)
Fama-French

Alpha  2.87 1.76 125 090  0.86 -2.01
(2.45)  (1.42)  (1.17)  (0.35)  (0.78)  (0.46)
MKT 143 1.40 1.16 1.16 1.02 -0.41
(12.11) (13.27) (10.02) (14.11) (15.16)  (15.01)
HML  0.41 049 039  0.32 0.28 -0.13
(6.38)  (857) (6.33)  (5.99) (4.25)  (-3.98)
SMB 103 079 074 066  0.55 -0.48

(12.23) (11.31) (10.22) (9.31)  (8.44)  (-8.67)

Note: This table presents the regressions of equal-weighted and value-weighted

excess portfolio returns on various factor returns. MKT, SMB, and HML factors
are taken from NEFIN’s website. The portfolios are sorted on TFP. Alphas are
annualized (%). Returns are measured from July 2010 to June 2019. The ¢-
statistics, computed using the Newey—West estimator allowing for one lag of
serial correlation in returns, are in parentheses.

Table 6: Excess Returns on MPK-Sorted Portfolios

Portfolio Low 2 3 4 High HML
ry 3.20%HF  5TFEEE T123FKK  11.46%*F 9. 24HFF  6.04%**
(2.38) (4.10) (7.58) (7.44) (8.41) (6.43)
TE 4.02%%% 5 06%FFK  Q.54%Kk 11 73FKK g 19*k 5 THR*
(2.50) (3.14) (5.83) (7.09) (2.50) (7.88)

Note: This table reports stock market returns for portfolios sorted by mpk. r{
denotes equal-weighted contemporaneous annualized monthly excess stock returns
(over the risk-free rate) measured in the year of the portfolio formation from Jan-
uary to December of year t. r{,; denotes the analogous future returns, measured
from July of year t + 1 to June of year ¢t + 2. t-statistics in parentheses, computed
using Newey-West standard errors. Significance levels are denoted by: * p < 0.10,
** p < 0.05, ¥** p < 0.01.
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Table 7: Predictive regressions of MPK on Aggregate
Risk Exposures

1) (2) (3) (4)
Boapm 0.261*** 0.198***

(1.03) (1.03)
BrF 0.05** 0.03**

(1.70) (1.68)

Observations 1112 1091 1112 1091
R? 0.009 0.006 0.059 0.036
F.E. No No Yes Yes

Note: This table reports the results of a panel regression of
year-ahead mpk regressed on measures of firm exposure to
aggregate risk. Each observation is a firm-year. F.E. denotes
the presence of industry-year fixed effects. Standard errors
are two-way clustered by firm and industry-year. t-statistics
in parentheses. Significance levels are denoted by: * p < 0.10,
** p < 0.05, ¥** p < 0.01.

Table 8: Correlations of MPK Dispersion, the
Price of Risk and the Business Cycle

MPK PDratio TFP GDP

MPK 1.00

PD ratio -0.23 1.00

TFP -0.21 0.42 1.00

GDP -0.53 0.53 0.28  1.00

Note: This table reports time-series correlations
of MPK dispersion, measures of the price of risk
and the business cycle. MPK dispersion is mea-
sured as the within-industry standard deviation in
mpk. The PD ratio is the aggregate stock market
price/dividend ratio. GDP is log GDP and TFP
is log TFP. We extract the cyclical components
of GDP, TFP and the PD ratio using a one-sided
Hodrick-Prescott filter.
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Table 9: Industry-Level Dispersion in MPK, Ex-
pected Stock Returns and Beta

(1) 2) 3) (4)

o(E[r]) 3.01+** 1.49%**
(10.12) (3.44)

o(BukT) 0.08** 0.05%*

(6.35) (4.32)
U(BHML) 0.11** 0.07**

(5.38) (2.79)
o(BsmB) 0.12%** 0.05

(11.32) (6.27)
N 298 301 295 300
R? 0.23 0.25 0.27 0.29
Industries 33 35 32 32
F. E. No No Yes Yes

Note: This table reports a panel regression of the disper-

sion in mpk within industries on lagged measures of dis-
persion in risk exposure within those industries. An ob-
servation is an industry-year. E[r] is the expected return
computed from the Fama-French model. S denotes the
stock return beta on the Fama-French factors. ¢-statistics
are in parentheses. Significance levels are denoted by: *
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 10: Portuguese synonyms used for scraping variables from the raw
data

Variable Portuguese synonym used

Value Added Valor Adicionado Bruto
) Imobilizado

Capital
Ativo Total
Revenue from sales Receita de Venda de Bens e/ou Servigos
Pessoal
Wage bill Pessoal e encargos

Pessoal e Encargos

Materiais, Energia, Servs. de Terceiros e QOutros
Materiais, Energia e Outros
Energy and materials Matérias Primas Consumidas
Matérias-primas consumidas
Materias primas consumidas
Materiais e OutrosMaterial
capex
Capex Capezx
CAPEX

Note: This table reports the exactly synonyms used to scrap the accounts from
CVM'’s balance sheet data, given the lack of a perfect standardization.
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Table 11: B3 sectors and subsectors

Sector

Subsector

Oil, Gas and Biofuels

Oil, Gas and Biofuels

Basic Materials

Mining
Steel and Metallurgy
Chemicals
Wood and Paper
Packaging
Diversified Materials

Capital Goods and Services

Construction and Engineering

Transportation Equipment and Components

Machines and Equipments
Transportation
Diversified Services
Retail

Consumer Non Cyclical

Farming
Food Processors

Beverage

Personal Care and Cleaning Products

Retail and Distribution

Consumer Cyclical

Heavy Construction
Textiles, Apparel and Footwear
Household Products
Automobiles and Motorcycles

Hotels and Restaurants

Travel, Entertainment and Leisure

Diversified
Retail

Health

Pharmaceutical and Others Products

Medical and Hospitalar Services
Equipments
Retail and Distribution

Information Technology

Hardware and Equipments

Software and Services

Communications

Telecommunications
Media

Utilities

Eletric Utilities
Water Utilities
Gas Utilities

Financial

Financial Intermediaries
Asset-backed Securitization
Diversified Financial Services
Insurance, Life and Multi-line
Real Estate
Holdings
Other Bonds

Others

Others
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Appendix

A Solution for the baseline model without adjustment costs

This appendix presents the solution for the model developed in Section 6 for when there are no adjustment

costs. First, we solve:

max et A K0 N2 NG,

it

which gives the following F.O.C.:

N 1
Qo eiittPhize [0\ 1702
N, = (2“ )
Wy

And, substituting for the wage with W, = X}’ and rearranging, we get

_ izt +2it 0
Hit = Geﬁ t fKit,

b2 A 1
where G = (1 — 92)921792 , Bi = ﬁ(ﬁi —whs), Zy = Zl;*% and 8 = 137102’ which is the Equation 29 in the

text, i.e., firm’s operating profits.

Now, the first order and envelope conditions associated with 11 give the Euler equation:

1=F, [Mt+1(066i1t+1+2it+1 GKftlll +1—90)]

= (1= 0) E[Mys1] + 0GK ] Eyemeer Trimathizesn),

Substituting for m;y; and rearranging,

E, emt+1+zit+l+ﬂiift+1:| =F, |:610gP—’Yt61,+1—%7?0§+Zit+1+5ﬂt+1:|
=E, [elogp+pzZit+€it+1+ﬂipzrt+(ﬁi“/t)€t+1*%V?Uﬂ

— plogptpazitBipazitgoitgfiol—piveol

and

1 1.2 2 1.2 2
log p—~yie 2 2 log p—5 —57;0
]Et[Mt_,_ﬂ =E,; |:€ EPTVtE 1 57}5 O-E:I e8P0 727192 p

so that

1—-(1—3d)p
o108 ptpzzittBipatit 502+ 58702 —Bivio?

0GK ;=
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and, rearranging and taking logs,
L oo 1 [P 2
kity1 = -9 (04 T 50t iﬁi 07+ p2Zit + Bipame — 51‘%05>7

where

a=logf+logG —«

a=—logp+log(l—(1—-6)p) =r;+log(l—(1—14d)p).

Finally, ignoring the variance terms gives Equation 31.
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