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ABSTRACT

Using a standard production model with labor market frictions, we show that firms’
optimal hiring is a forward looking decision that depends on aggregate discount rates
and future dividends. Consistent with the model, we find empirically that: (a) the
aggregate hiring rate of public listed firms negatively predicts aggregate stock market
excess returns (discount rates) and aggregate cash-flows both in-sample and out-of-
sample; (b) large, low market beta, and old firms explain most of the return pre-
dictability of the aggregate hiring rate for stock returns; and (c) the explanatory power
of the aggregate hiring rate for returns is not explained by traditional cash-flow based
measures of performance. Taken together, our results demonstrate the significance of

labor hiring to understand the dynamic nature of discount rates and cash flows.
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If today prices are high relative to dividends, then, unless future dividend growth is higher
than usual, future returns will be lower than usual. This well-established idea, which was
formalized in Shiller’s seminal (1981) paper, implies that discount rates or cash flow growth—
or a combination of the two—should be predictable. Extensive research studies the predictive
power of many variables. The accumulated body of evidence now provides evidence in favor
of discount rate predictability and against cash flow growth predictability, at least at at the
aggregate level. However, baring a few exceptions that we discuss below, less attention was
given to the study of the predictive power of labor market variables. In this paper, we help
close this gap.

In many-if not most—existing asset pricing models, firms’ hiring and firing activity only
responds to shocks to present cash flows and is thus unable to predict shocks to discount rates.
The presence of adjustment costs and other labor demand frictions make hiring and firing
decisions forward looking and potentially informative about discount rate and future cash
flows.! To establish the theoretical link between labor hiring, and stock return and dividend
predictability, we consider a simplified version of the model in Belo, Lin, and Bazdresch
(2014) (henceforth BLB) who consider an economy with labor market frictions. In the
model, labor hiring and firing is costly for firms, which is captured through an adjustment
cost function. Firms’ take prices as given and choose how many workers to hire or fire to
maximize the value of the firm.

In the model, the firm’s first order condition for hiring expresses a relation between
the firm’s optimal hiring rate, the expected future firm profitability (measured by firm’s
dividends relative to its labor stock, and also future dividend growth), and the expected
future stock return. We use this relationship to guide the empirical analysis. We use short-
and long-horizon predictive regressions using the aggregate (computed across different groups
of firms) hiring rate to predict aggregate stock market excess returns (discount rates) and

dividends.

1See for example Merz and Yashiv (2007) for an early discussion of this idea.



Our empirical findings can be summarized as follows. We show that the aggregate hiring
rate of public firms negatively predicts aggregate stock market excess returns both in-sample
and out-of-sample. For example, at the three and five year horizon, the in-sample R? in
the predictability regression is 15% and 27%, while the out-of-sample R? is 17% and 28%.
Interpreting this result through the lens of the model, the negative slope in the regression
means that when discount rate falls, the marginal benefit of labor to firm value increases,
which in turn motivates the firm to hire more workers.

The previous finding is in contrast with the empirical findings in Chen and Zhang (2011)
who find little evidence that aggregate hiring of all firms in the economy (which includes
both public and private firms) can predict aggregate risk premium. We show that this result
is fully explained by the hiring decisions of privately held firms. Because private firms are
plentiful they dominate the aggregate measures. However, we show that the aggregate hiring
rate of the private firms is disconnected from the movements in the aggregate discount rate.

To help understand the previous result, we perform predictability analysis across different
groups of public firms: small and large firms, low and high market beta firms, and young and
old firms. We focus on these groups of firms because, as we discuss in the model, these firms
should have different sensitivities to changes in the expected market excess return (aggregate
discount rates), which is the variable we want to forecast. Then, to the extent that small,
high market beta, young firms are representative characteristics of private firms, the results
across these set of firms helps us understand the opposite evidence on the link between hiring
and aggregate discount rates of public and private firms.

Consistent with the previous discussion, we find that the link between the hiring rates
across these groups of firms and discount rates is very different. The hiring rate of large, low
market beta, and old firms is significantly and negatively correlated with aggregate discount
rates, but the hiring rate of small, high market beta and young firms, for the most part,
is not. Thus, the hiring rate of large, low market beta, and old firms explains most of the

return predictability of the aggregate hiring rate of public traded firms for stock returns.



Finally, we also find that the aggregate hiring rate of public firms predicts aggregate
dividends with a negative sign. Because the hiring of publicly traded firms shows both return
and dividend growth predictability, a natural question to ask is, does return predictability
come form dividend growth predictability? Our analysis suggests that this is not the case.
Using sales growth as a proxy for cash flow news, we show that the residuals of regressing
hiring rates on aggregate sales growth still predict aggregate stock market excess returns
both in-sample and out-of-sample. Taken together, our results demonstrate the significance

of labor hiring to understand the dynamic nature of discount rates and cash flows.
Related Literature

Our work contributes to our understanding about the relationship between labor income
and asset returns. This literature go as far back as Mayers (1973) and Fama and Schwert
(1977).2 Within this literature, our work is more closely related to the strand that focus
on the time-series predictability of aggregate market returns by labor market variables. A
few examples of labor-related variables studies in this literature are aggregate labor share
(e.g., Danthine and Donaldson (2002)), fixed-to-variable compensation ratio (e.g., Parlour
and Walden (2011)), aggregate labor mobility (e.g., Donangelo, Eiling, and Palacios (2010)),
organization capital (e.g., Eisfeldt and Papanikolaou (2013)), labor market tightness (e.g.,
Petrosky-Nadeau, Zhang, and Kuehn (2013)), investments in human capital (e.g., Palacios
(2015)), and wage rigidity (e.g., Uhlig (2007) and Favilukis and Lin (2016)). In a closely
related paper, Chen and Zhang (2011) show that search frictions generate a bidirectional link
between aggregate labor hiring and expected returns. We contribute to this literature by
showing that the distribution of hiring rates in the economy provide additional theoretically
motivated labor market characteristics that help explain time variation in aggregate market
returns.

By exploring cross-sectional differences in hiring rates to predict aggregate market re-

2More recent work includes Campbell (1996), Boyd, Hu, and Jagannathan (2005), Santos and Veronesi
(2006), Lustig and Van Nieuwerburgh (2008), and Lettau, Ludvigson, and Ma (2014).



turns, our work also contributes to the literature that studies the relation between firm level
labor characteristics and stock returns. Some examples of characteristics studied by this
literature are (cross-sectional heterogeneity in) labor-capital complementarity (e.g., Gourio
(2007) and Donangelo, Gourio, and Palacios (2016)), share of skilled labor (e.g., Ochoa
(2013) and Belo, Lin, Li, and Zhao (2015)), labor mobility (e.g., Donangelo (2014)), wage
high-water mark (e.g., Zhang (2014)), share of routine labor (e.g., Zhang (2015)), and firm’s
exposure to labor market tightness (e.g., Kuehn, Simutin, and Wang (2016)). Within this lit-
erature, our paper is most closely related to Belo et al. (2014) who show that cross-sectional
heterogeneity in hiring rates helps explain the cross-section of expected returns. Our work
also contributes to the broad asset pricing literature that studies the relation between firm
characteristics and the cross-section of returns.?

Our work also relates to the broad literature that studies the predictability of aggregate
market returns and cash flows.* And finally, the theoretical approach in this paper is related

to the broad literature that studies asset prices in production economies.’

The paper proceeds as follows. Section 1 presents a simple neoclassical production model
to guide the empirical analysis. Section 2 describes the financial and labor market data used
in the empirical analysis. Section 3 presents our main empirical findings. Finally, Section 5

concludes.

1 A Simple Model of Adjustment Costs

In this section, we provide the theoretical motivation for the empirical analysis. To estab-

lish the theoretical link between labor hiring, and stock return and dividend predictability,

3See Fama and French (2008) and Harvey, Liu, and Zhu (2014) for surveys of this literature.

4Some examples of this literature are Campbell and Shiller (1988), Fama and French (1988), Hodrick
(1992), Cochrane (2008), and Kelly and Pruitt (2013).

® A non-comprehensive list of studies includes Berk, Green, and Naik (1999), Kogan (2001), Kogan (2004),
Carlson, Fisher, and Giammarino (2004), Zhang (2005), Livdan, Sapriza, and Zhang (2009), Tuzel (2010),
Imrohoroglu and Tuzel (2014), Kogan and Papanikolaou (2013), and Kogan and Papanikolaou (2014).



we consider a simplified version of the model in Belo et al. (2014) (henceforth BLB) who
consider an economy with labor market frictions: labor hiring and firing is costly for firms,

which is captured through an adjustment cost function.

1.1 Economic Environment

There is a large number of firms in the economy that produce a homogeneous good.

1.1.1 Technology

We focus on the optimal production decision problem of one firm in the economy (we
omit any firm-specific subscripts to save on notation). The firm uses labor inputs N; to

produce output Y;, according to the following technology:

}/; == ZtXtNta, (1)

in which 0 < a < 1 controls the degree of returns to scale. X; is aggregate productivity, and
Zy,; is firm-specific productivity, the source of cross-sectional heterogeneity.

The law of motion of the firm’s total labor force IV, is given by
Nt+1 = (1 — 5n>Nt + H,; 0< 5n < 1, (2)

in which ¢, is the (constant) quit rate, the rate at which workers leave the firm for voluntary
reasons, and H; is gross hires, which can be positive (hire) or negative (fire).
Labor hiring and firing is subject to adjustment costs. For simplicity, we assume the

following quadratic adjustment cost function:



in which ¢}, = ¢ > 0if H, > 0 and ¢, = ¢;, > 0if H, < 0 are constants that control the size

of labor adjustment costs.

1.1.2 Firm’s Maximization Problem

Firms are competitive and take prices (stochastic discount factor M; .1, as well as the
equilibrium stochastic wage rate, W;) as given.

All firms in the economy are assumed to be all-equity financed, so we define
D, =Y, — W,N, — CN (4)

to be the dividend distributed by the firm to the shareholders. The dividend consists of
output Y;, less the wage bill W; Ny, and labor adjustment costs C'N;' GA negative dividend
is considered as an equity issuance.

Define the vector of state variables as S; = (Ny, x4, 2¢), and let V(S;) be the cum-dividend
market value of the firm in period ¢. The firm makes hiring H; decisions to maximize its

cum-dividend market value by solving the problem

{He45,Ne 1152

V(S;) = max {Et

th,Hij] } (5)

=0
subject to the labor accumulation equation (2), and the flow of funds constraint (4) for all

dates t.

1.1.3 Optimality Conditions

The first order condition for hiring H, is given by:

N th

qt - Cnﬁt (6)



where ¢/ is the labor’s marginal q.

The first order condition for the stock of labor N, is given by:

t 2
aZXNo = Wy + 2 ( t“) + (1 - 5n)qt+1] } (7)

(]tN = E; {Mt-i-l 5

To help intuition, suppose the production function has constant returns to scale (that is,

a = 1) and adjustment cost is symetric (¢, = ¢, > 0). In this case, both the production

function and the adjustment cost function are homogeneous of degree of one, and hence the

Hayashi (1982) conditions hold. This implies that the firm’s stock price P, (with P, defined
as P, =V (S;) — Dy) is given by:

Py = q;Niy1. (8)

That is, the value of the firm equals the value of the firms’s instaled labor force. This
value is given by the labor’s marginal q (the shadow price of the labor force) times the size
of the labor force.’

We can use the previous equation to establish a more clear link between the firm’s hiring
rate and discount rates. Following Kogan and Papanikolaou (2012) (in the context of physical

capital investment), note that equations (6) and (8) imply that:

H P P Dy 14 Dyyy
Inc, +In— =1n =Iln— —In In )
Ny Nita Dy D Ny

(9)

Here, for simplicity, we are assuming that the gross hiring rate is always positive. Ap-

plying the Campbell and Shiller (1988) decomposition to the log of the price-dividend ratio:

P, >
lnﬁis ~~ const + F ZP]_l(A In Diyj —InRiyy) | (10)

J=1

6Hayashi (1982) provides a formal proof of this result in the context of one-capital good model (with
physical capital instead of labor).



_P/D_

where p = 575 Using the above two equations (9) and (10),
In o ~ const — Inc¢, + F; Dint + i (PAInDyyjir — p ' In Riyj) | - (11)
Nt Nt+1

J=1

The equation expresses a relation between three endogenous variables: the optimal hiring
rate, the expected future firm profitability (measured by firm’s dividends relative to its labor

stock, and also future dividend growth), and the expected future stock return.

1.2 Model Predictions

Equation (11) motivates our empirical analysis. This equation shows that, in the pres-
ence of labor adjustment costs, the firm’s hiring rate H;/N; is a forward looking decision,
containing information about the firm’s future dividends (In(Dyy1/Niy1), {AIn Dy j}52,)
and also about the firm’s future (expected) stock returns {In R, ;}52,. We investigate these
links using standard (Fama and French (1989); Lettau and Ludvigson (2002)) short- and

long-horizon predictive regressions of the form:
S Yern = a + DHN, + &4, (12)

in which Xy, is the H-period cumulated value of the predicted variable, and H is the
forecast horizon ranging from one year to five years. HN, is the firm’s hiring rate. Using
equation (11), the predicted variables considered are: (i) y; = ry — 7y, in which 7} is the
firm’s log stock return, and ry; is the log risk-free rate; (ii) y» = Ad;, in which Ad; is the
growth rate of dividends; and (iii) y; = In(D;/N;), is the dividend-to-labor ratio. Note that
in terms of timing of the variables, equation (11) specifies that firm’s current hiring rate is
related to cumulated future dividends that start at time ¢ + 2 (not ¢ + 1) onward, and we

impose this timing in the empirical analysis. In addition, the equation (11) links current the



firm’s current hiring rate to the next period dividend-to-labor ratio, but not beyond the first
year. Thus, we do not look at longer horizon predictability for this variable.

Our analysis so far is silent about the level of aggregation of the firm in the model: we
can interpret the firm as the aggregate firm, as a single firm, or as other level of aggregation.
In the baseline case, we interpret the firm in the model as an aggregate firm. According
to this interpretation, equation (11) provides a natural link between the aggregate hiring
rate with both aggregate risk premiums and aggregate dividends in the time series. Here,
the firm’s dividend correspond to the aggregate dividends in the data, and the firm’s risk
premium corresponds to the expected excess return on the overall stock market.

In addition, we interpret the firm in the model as a low market beta or high market beta
firm, in which case we examine the predictability of the hiring rate aggregated separately
across firms with low market beta, and firms with high market beta market. We focus on
these two groups of firms because they have different sensitivities to changes in the expected
market excess return, which is the main variable of interest for our analysis. The reason
is as follows. Consider a capital asset pricing model (CAPM) representation of equilibrium

expected returns, in which the firm’s risk premium is given by:

Et[ln Rit+1] =Ty + ﬁiEt[rmt—&-l - Tf], (13)

in which E;[In R is the firm’s expected market return, 7,,,;11 is the log aggregate stock mar-
ket return, and r; is the log risk free rate (assumed here to be constant). Ej[r,,.41 —ry] is the
market risk premium. The higher the market beta of a firm, the more sensitive the firm’s risk
premium is to the changes in the market risk premium. This observation has direct implica-
tions for the slope coefficients in the aggregate stock market return predictability regression
(12). To develop some intuition, assume that the dividend predictability is small, and hence

approximate expected dividends to be constant. In addition, assume that E;(In Ry.;) = r;

10



for j = 1,...,00. Using some algebra, we can then re-write equation (11) as:”

Et[rmt—‘rl - ’I“f] ~KkK———— (14)

where k is a constant. Thus, all else equal, the slope coefficient in the predictability regression
is decreasing (in absolute value) in the firm’s market beta. Intuitively, this reflects the fact
that the equilibrium discount rate of firms with higher market betas are more sensitive to
changes in the aggregate stock market risk premium FEy[r,,,.1 — 7¢], leading to a stronger
response of hiring to changes in the aggregate risk premium. In turn, this higher sensitivity
leads to a smaller (in absolute value) slope coefficient in the return predictability regression,
using the firm’s hiring rate as the predictor (that is, the same movement in the hiring rate
in low and high market beta firms reveals a higher change in the aggregate stock market risk
premium in low market beta firms, because of the lower sensitivity of the risk premium of
these firms to the aggregate stock market risk premium).

Note that the previous analysis does not rely on the assumption that the CAPM in
equation (13) is the right asset pricing model for asset returns. The previous intuition holds

in any multi-factor model that includes the market excess return (the variable that we want

"We obtain this result as follows. Define the following variables:
Dy )
Ei[ln——) = d/n
' ( Nitt /
Et(AIHDt+j+1) = X fOYj = 1,27...

Similarly, assume that E;(In Ry ;) = 7. Substituting the previous definitions in equation (11) and using
Taylor expansion around % =1, implies

H
—! 1~ const —Inc, +d/n+
Ny

p 1
T — T
1—p 1-p

Finally, using the CAPM equation (13), and rearranging terms, we can write the previous equation as:

1 *th
Et[Tmt+1 - Tf] XK Tﬁ7
t
where k is a constant given by k = —% —1 —const +1In¢, —d/n — ﬁ:c + ﬁrf]

11



to forecast) as one of the factors. The important point for this analysis is the fact the we
are looking at two set of firms that differ in their sensitivity to aggregate stock market risk
premium, which is the variable we want to forecast.

In terms of dividend predictability, it is also important to note that in this market beta
decomposition, equation (11) links the firm’s hiring rate to its dividends, not aggregate
dividends.

In addition to the low versus high market beta set of firm, we look at small and large
firms (as measured by number of employees) and young versus old firms. The motivation
is similar to the motivation for looking and different market beta firms. Because measuring
market beta is difficult in practice, we look at other characteristics that are known to be
associated with market beta. Small and young firms have higher market betas than large

and older firms.

2 Empirical Procedures

This section describes the data used in the empirical analysis and the empirical specifi-

cations.

2.1 Data

The key variable for the empirical work is the labor hiring rate, and we measure this
variable as in Davis, Faberman, and Haltiwanger (2006) and Bloom (2009). The hiring rate

is given by
_ N — Ni—1
0.5 x (Ne—1+Ny)

HN,

where N; is employment. By construction, this measure of labor hiring is bounded by
+200%. We obtain N; from two sources: CRSP/Compustat Merged Annual Industrial Files,
and from the Bureau of Labor Statistics Current Employment Statistics (BLS CES). The

12



Compustat data includes only publicly traded firms, while the BLE CES data includes all
(public and private) furms in the economy. Thus, the use of these two data sources allows to
study the relationship between hiring and both stock returns and dividends across publicly
traded firms and also private firms in the economy. This analysis is motivated by the findings
Chen and Zhang (2011) who find that employment growth of all (public and private) firms
in the economy has only a mild predictability for stock returns and aggregate risk premium.

In Compustat, we sum the number of employees (data item EMP) for all firms at each year
as aggregate employment (N;) for public-traded firms. In CES, we use private sector payroll
numbers as N;. We use the difference between CES N; and Compustat N; as employment for
private (not publicly traded) firms. We use the previous formula to calculate the aggregate
hiring rates for Compustat, CES, and private firms. The sample period is from Jan 1963 to
Dec 2015.

Monthly stock returns are from the Center for Research in Security Prices (CRSP), and
accounting information is from the CRSP/Compustat Merged Annual Industrial Files. We
include firms with common shares (shred= 10 and 11) and firms traded on NYSE, AMEX,
and NASDAQ (exchcd=1,2, and 3). When we contrast Compustat with CES (publicly
traded vs publicly traded + private), we include all firms with different fiscal yearend in
Compustat. When we construct portfolios, we follow Liu, Whited, and Zhang (2009) and
require a firm to have a December fiscal year end in order to align the accounting data
across firms 8. Besides, we correct for the delisting bias following the approach in Shumway
(1997). We use data of aggregate risk premium from Kenneth French’s website, and data of
aggregate dividends from Robert Shiller’s website.

We construct the hiring rate across firms with low and high market beta, small and

8We include financials and utilites. The reason is that we observe that financial firms fired many employees
and the hiring rate for financial firms drops a lot in the recent great recession. We believe the hiring
of financial firms is informative about the aggregate economy and risk premium, especially in financial-
economic crisis. But deleting financials and utilities do not affect our results. And the corresponding results
are available upon request.

13



large, and young and old as follows. We classify a firm as high or low market beta firm
based on the firm’s past year market beta computed from CAPM regression at the montly
frequency. A firm is defined as a high market beta firms if its market beta is above the NYSE
80% breakpoint? (results are similar if we use the median breakpoints; we focus on the 80
percentile using the same rationale for the micro cap classification used in Fama-French,
2008). We classify Compustat firms as large firms and small firms based on the firm’s last
period size of the labor force (variable EMP), and define small firms as EMP below NYSE
20% breakpoint (again, we focus on the 20" percentile following Fama and French (2008)
definition of micro caps. We classify Compustat firms as young and old based on the number
of years the firm has appeared in Compustat and using the median breakpoint. In all cases,
we then compute the portfolio-level aggregate hiring rates for each group of firm, and we

study how it predicts aggregate stock market excess returns, and its portfolio-level dividends.

2.2 Descriptive Statistics

Table 1 shows the descriptive statistics of hiring rates for public (Compustat) firms, all
firms (CES, public and private), private firms, low and high market beta firms, small and

large firms, and young and old firms.
[Table 1 here]

The correlation between the hiring of public firms and of all firms is high, about 78%.
The difference is driven by the private firms: the correlation between the hiring of public
and private firms is 41%, suggesting that there the hiring in these two groups of firms is not
driven by the exact same set of factors. The mean and volatility of hiring of the public firms
is also higher than both all firms and private firms. Figure 1 plots the time series of these

three series.

9Note that market beta is negatively related to size.
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[Figure 1 here]

Across the three sub-groups of firms, Table 1 shows that the hiring rate of high market
beta, small, and young firms has a higher mean and are more volatile than the hiring rate
of low market beta, large, and old firms.In addition, the table shows that the hiring rate of
the public firms is mostly driven by the large, low market beta, old firms. The correlation
between the aggregate hiring of public firms with the hiring rate of large, low market beta,
and old firms is 97%, 94%, and 95%, respectively. The correlation between the aggregate
hiring of public firms with the hiring rate of small, high market beta, and young firms is
significantly smaller, 58%, 77%, and 72%, respectively. Figures 2 and 3 show the time series
of the hiring rates across the size and market beta portfolios, together with the hiring rate

of all public firms for comparison.

[Figures 2 and 3 here|

2.3 Empirical Specifications

We use standard short- and long-horizon predictive regressions described in equation
(12). Both in-sample and out-of-sample tests are performed. For in-sample tests, we report
regression slope coefficient, Hodrick (1992) and Newey and West (1987) p values. For out-
of-sample procedure implementation, we use the first half sample as training sample. Then
we implement recursive prediction as more data points become available. We report out-of-
sample R? relative to historical mean forecasts and ENC-NEW encompassing test statistic
from Clark and McCracken (2001). A negative out-of-sample R? means that the out-of-
sample errors are larger than the errors obtained using the historical mean of the predicted
variable (up to time t). For each regression, we compute the slope coefficient b in Equation

(12), and the in-sample adjusted R

15



3 Empirical Evidence

In this section, we document our main findings on the link between hiring, discount rates,

and dividends in the time series.

3.1 Hiring and Aggregate Discount Rates

We first investigate the relationship between hiring and discount rates across public and

private firms, and then across beta/size/age firms.

Public and private firms. Table 2 shows the aggregate stock return predictability results
of the hiring rate of public, all, and private firms in the U.S economy. In all cases, the
aggregate hiring rate predicts the aggregate stock market return with a negative slope. That

is, hiring and aggregate discount rates are negatively related.
[Table 2 here]

The hiring rate of the public firms is more informative about aggregate risk premium
in the economy than both the combination of public and private (all firms). At the three
to five year horizon, the aggregate hiring rate of public traded firms shows good predicting
power, with in-sample R? from 15% to 27% and an out-of-sample R? from 17% to 28%.
The aggregate hiring rate of all firms in the economy shows only a modest predictability
power of 11% in-sample R? at four year horizon, but all out-of-sample R? are insignificant at
10% level. This result is broadly consistent with the findings Chen and Zhang (2011) who
document only a mild predictability power of employment growth of the aggregate hiring
rate of all (public and private) firms in the economy.

The difference in the return predictability results across public and all firms in the econ-
omy suggest that the inclusion of the private firms in the measurement of aggregate hiring
deteriorates the information content of the aggregate hiring rate for stock returns. Con-

sistent with this interpretation, the results for the aggregate hiring across private firms in

16



Table 2 show that the hiring of private firms does not predict stock returns at any horizon.
In the multivariate regressions using both private and all firms as predictors, the last panel
in Table 2 shows that the slope coefficient associated with the hiring rate of public firms is
significant at all horizons, while the slope coefficient for the hiring rate across all firms is only
significant at the 1-year horizon (and its slope is positive, albeit insignificant, in contrast
with the negative slope in the univariate regression case).

Chen and Zhang (2011) uses quarterly, not annual, CES data. To show that our results
are not specific to the use of lower frequency data, we proceed as follows. Given that the
employee data in Compustat is only available at annual frequency, we construct an hiring
rate of public firms at the quarterly frequency by exploring the differences in the fiscal-year
end across firms. Specifically, for each quarter, we use the subset of Compustat firms whose
fiscal year end is at a month that falls in that quarter. We then construct a time series of
the (annual) aggregate hiring rate of public firms at the quarterly frequency. We construct
the hiring rate of all firms (in CES) at quarterly frequency using an analogous procedure,

that is, compute the same quarter of year t—1 -to-quarter of year t employment growth.
[Table 3 here]

Table 3 shows the return predictability results using the hiring rate of the public firms
and also of all firms (public and private) at quarterly frequency, ranging from 1 quarter
horizon to 40 quarters. The in-sample and out-of-sample R? for both public and all firms
first increase and then decreases, with the maximum R? achieved at 20 quarters. Although
the difference in performance across the two set of firms is small at short horizons, the hiring
rate of the public firms predicts risk premium significantly better than the hiring rate of all

firms from at the 28 quarter horizon and beyond.

Beta/size/age firms. Table 4 shows the results for return predictions across beta/size/age

portfolios. The results show that the return predictability of the aggregate hiring rate of
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public firms hiring rate comes mainly from large, low beta, and old firms. For example, at
the 4-year horizon, all public firms with December sample has in-sample R? of 23.4% and
an out-of-sample R? of 25.1% at 4 year horizon. For large firms, the corresponding R?s are
22.8% and 24.4% versus 7.1% and 4.4% for small firms. For low beta firms, the corresponding
R?’s are 27.4% and 30.7% versus 14.2% and 14.9% for high beta firms. And for old firms,
the corresponding R?’s are 25.7% and 27.6% versus 4.8% and 1.0% for young firms.

[Table 4 here]

In addition, Table 4 shows that the estimated slope coefficients are significantly more
negative for large/low beta/old firms than for small /high beta/young firms. For example, at
the 4 year horizon, the slope coefficient associated with the hiring rate is —4.7 for large firms
and only -0.94 for small firms. For low beta firms, the slope coefficient associated with the
hiring rate is —5.4 versus -2.06 for high beta firms. And for old firms, the slope coefficient

associated with the hiring rate is —5.1 versus —1.35 for high beta firms.

3.2 Hiring and Cash Flow Predictability

In this section we investigate the relationship between hiring and cash flow predictability

both across public and private firms, and also across beta/size/age firms.

Public and private firms. Table 5 shows the aggregate dividend growth predictability
results (starting in period 2 onwards, consistent with equation (11)) Both public and all
firms hiring predict dividend growth negatively and they perform similarly well with in-
sample and out-of-sample R? increasing over horizons. The hiring of private firms does not
predict dividend growth. We note that in multivariate predictive regressions using both
public firms and all firms hiring rate as predictors, both become insignificant mostly likely

due to their high correlation.

[Table 5 here]
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Turning to the analysis of the predictability of the one-year ahead aggregate dividend
to labor ratio (consistent with equation (11). We focus on the public firms only because
aggregate dividends refer to the dividends from firms, not private firms. Table 6 shows that
the hiring rate of public firms predicts in-sample the one-year ahead aggregate dividend-to-
labor ratio with an R? of 15.1%. The slope is positive, consistent with a holding all else
constant interpretation of equation (11) in the model. The out-of-sample R? is significantly
negative, however. That is, in out of sample analysis, the aggregate hiring rate predicts
the aggregate dividend-to-labor ratio worse than the historic mean of the dividend-to-labor
ratio. This result is in sharp contrast with the return predictability results in the previous

section in which the aggregate hiring rate performs well both in-sample and out-of-sample.
[Table 6 here]

Beta/size/age firms. Equation (11) links the firm’s hiring rate to its dividends, not
necessarily to aggregate dividends, unless we interpret the firm as the aggregate firm. Thus,
here, we do not examine the aggregate dividends predictability. Instead, we examine the
predictability of the dividends of the each group of firms. For tractability, we focus here on
results for the beta sorted portfolios because the results for the size and age portfolios are

similar (results available upon request).
[Table 7 here]

Table 7 shows the results for dividend growth predictability (starting in year 2 onwards)
across beta groups. The link between the hiring rate of low beta firms and its future dividends
is weak, both in sample and out of sample. Across all the horizons the slope coefficient is
insignificant and the in-sample regression R? are all below 5%. The out of sample R? are
close to zero across all horizons (although it become 8% at the 5—year horizon, but according
to the ENC-NEW statistics we fail to reject the hypothesis that this R? is zero. The link

between the hiring rate of high market beta firms and its future dividends is significantly
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stronger, both in sample and out of sample. Across all the horizons the slope coefficient is
negative, and its statistically significant at the 2, 4, and 5 year horizons. The in-sample and
out of sample regression R? at the 4- and 5-year horizon are both above 16%, Using the
ENC-NEW statistics, we can reject the null hypothesis that the out of sample R? is zero
across the 4 and 5—year horizons. Taken together, hiring and future dividend growth are
significantly linked across high beta firms, but not across low beta firms. This results is in
sharp contrast with the aggregate return predictability results, for which the hiring rate of
the low beta firms was a significantly stronger predictor of aggregate return than the hiring
rate of high beta firms.

Turning to the analysis of the predictability of the one-year ahead group-specific dividend
to labor ratio, the bottom panels in Table 6 shows that, again, the link between the hiring
rate of low beta firms and its future one-year ahead dividend-labor ratio is weak. The in-
sample R? is 0.5% and its out of sample R? is negative. Also, the link between the hiring
rate of high market beta firms and its future dividend-to-labor ratio is significantly stronger,

both in sample and out of sample. The in-sample R? is 10.7% and its out of sample R? is

6.8%.

3.3 Isthe Predictability Coming Directly from Hiring Rate or through
its Relation to Cash Flow Growth?

Because the hiring of publicly traded firms shows both return and dividend growth pre-
dictability, a natural question to ask is, does return predictability come form dividend growth
predictability?

Panel A of Table 8 addresses this concern. We use sales growth as a proxy for cash flow
news. Specifically, we use the residuals of regressing hiring rates on aggregate sales growth to
predict aggregate stock market excess returns in the first set of results. Clearly, the residual

from this regression predicts aggregate excess returns fairly well. At the 4-year horizon, the
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hiring rate of public firms produces an in sample R? of 11.7% and an out of sample R? of
10.8%. At the 5—year horizon, the results are stronger. The hiring rate of public firms
produces an in sample R? of 17.3% and an out of sample R? of 15.6%.

Its interesting to investigate the results inverting the previous relationship, that is, ex-
amine the predictive power of the component of sales growth that is not explained by the
aggregate hiring rate. Specifically, we extract the residual from a regression of aggregate
sales growth on the aggregate hiring rates. The second set of results shows this component
has no predictability for aggregate stock market excess returns. Most in-sample R? are small
and the slope coefficients are all insignificant.

Panel B of Table 8 reports the dividend growth predictability to further verify that
sales growth captures mainly cash flow news and that hiring rate captures news about both
discount rates and cash flows. As shown in the first set of results, for all public firms
(December sample), hiring rate not explained by sales growth has mild predictability for
dividend growth. As shown in the second set of results, sales growth rates not explained
hiring rate show moderate predictability for all public firms (December sample). In short,
controlling cash flow news, hiring rate still predicts risk premium. Hiring rate does include

some cash flow news, but also discount rate news.

[Table 8 here]

4 Quantitative Analysis

In this section we calibrate the model and evaluate the extent to which the model gives
similar return predictability patterns to that observed in the data. We then use the model

to provide an economic analysis of the mechanism.
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4.1 Functional forms

Following Zhang (2005), we directly specify the stochastic discount factor without ex-

plicitly modeling the consumer’s problem. The stochastic discount factor is given by:

log Myyy1 = log B+ (@ — 2441) (15)

Y = 70‘*‘71(557&_55)7 (16)

where M, 41 denotes the stochastic discount factor from time ¢ to ¢t + 1. The parameters
{B,70,7:1} are constants satisfying 1 > 5 > 0, 7, > 0 and v; < 0. According to this
specification, the risk-free rate (Ry;) and the maximum Sharpe ratio (SR;) in the economy

are given by:

1 7 1,2.2
Rew = ——  — e nll=p)(@—2)—370% 17
A VAT 1
Ot [Mt t+1] 2 2
SR, = ——————=Ve¥i% —1. 18
"7 EMun) e

Equation (15) can be motivated as a reduced-form representation of the intertemporal
marginal rate of substitution for a fictitious representative consumer or the equilibrium
marginal rate of transformation, as in Belo (2010). According to equation (16), v, is time
varying and decreases in the demeaned aggregate productivity shock z; — & to capture the
well-documented countercyclical price of risk with v, < 0. The precise economic mechanism
driving the countercyclical price of risk can be, for example, time-varying risk aversion, as

in Campbell and Cochrane (1999).

4.2 Calibration

All the endogenous variables in the model are functions of the state variables. Because the

functional forms are not available analytically, we solve for these functions numerically. We
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calibrate the model at the monthly frequency using the parameter values reported in Table
?7?. The return-to-scale parameter, «, is 0.7. The monthly labor quit rate, 9,,, is 0.018,
which matches the 1.8% average aggregate worker quit rate from JOLTS (Job Openings and
Labor Turnover Survey) sample from Dec 2000 to Dec 2015. The persistence and conditional
volatility of aggregate uncertainty, p, and o,, are taken from the quarterly calibration of
Cooley and Prescott (1995), and set to be 0.983 (0.95'/3) and 0.004 (0.007/+/3), respectively.
To calibrate the persistence parameter p, and the conditional volatility parameter o, of the
firm-specific productivity shock, we restrict these two parameters using their implications on
the degree of dispersion in the cross-sectional distribution of firms’ stock return volatilities.
Thus we set p, = 0.97 and o, = 0.10, implying an average annual volatility of individual
stock returns of 39%, approximately the value of 32% reported in Vuolteenaho (2001). The
labor adjustment cost parameter, ¢, is 10 and ¢, is 100, matching the volatility of aggregate
hiring rate. Wage rate is normalized to 1 in the benchmark calibration, which implies that the
wage is rigid. We also experiment a different calibration of wage rate by setting is perfectly
correlated with the aggregate productivity. We pin down the three parameters governing
the stochastic discount factor, f3,7v,, and v, in equation (15) and (16), by matching three
aggregate return moments: the average real interest rate, the volatility of the real interest
rate, and the average Sharpe ratio in the U.S economy (approximately 0.36). This procedure
yields 8 = 0.9999, v, = 15, and 7; = —1000. The model is simulated at monthly frequency

and aggregated into annual frequency.

4.3 Main results

Baseline model
We replicate the empirical procedure for the predictive regressions using the simulated
data from the benchmark model. The baseline model specification in table 9 reports the

result. Aggregate hiring rate negatively predicts future stock market returns from year 1 to
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year 5 (with the slopes of —1.02 in year 1 and —2.27 in year 5), consistent with the data. In
addition, aggregate hiring rate negatively predicts aggregate future dividend growth in year
1 with the slope of —0.26; however from year 2 to year 5, hiring rate does not predict future
dividend growth.

Table 10 reports the predictability for future stock market returns and aggregate dividend
growth across size groups. We see big firms’ hiring rate has stronger predictability than small
firms. The slopes of big firms’ hiring rate in predicting future market returns ranges from
—1.04 to —2.20 for year 1 and year 5, while the slopes of small firms are —0.16 to —1.09,
an order of magnitude smaller. Similarly, big firms’ predictability for aggregate dividend
growth is also stronger than small firms. The slopes of big firms’ hiring rate in predicting
dividend growth is —0.26, 10 times bigger than those of small firms of —0.027. For year 2
to year 5, the predictability of dividend growth for small and big firms all become tiny and

close to zero.

Inspecting mechanism
Next we inspect the model mechanism. Specifically we perform several comparative
statics analyses to show the economic forces driving the overall good fit of the model. We

consider three additional model specifications:

e A model with constant price of risk (v, = 0)

e A model with wage rate set to perfectly correlated with aggregate productivity W; = X,
(no wage rigidity)

e A model with frictionless labor adjustment (zero labor adjustment cost; ¢ = ¢, = 0)

Model specifications 2 to 4 in table 9 present the results. When we shut down the time-
varying price of risk (model specification 2), the aggregate hiring rate predictability for future
stock market returns drop substantially (—1.02 to —2.27 in benchmark for year 1 to year 5
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vs. —0.30 to 0 now). The predictability for future aggregate dividend growth drop as well
(—0.26 in the benchmark vs. —0.08 now for year 1). Moreover, the predictability of hiring
rates cross size group also disappear (Table 10). For example, big firms’ hiring rate now has
slopes close to zero in predicting future market returns; small firms’ slopes become tiny and
insignificant. The slopes of big and small firms’ hiring rates in predicting aggregate dividend
growth are —0.30 and —0.07, similar to those the benchmark model.

When we turn off wage rigidity (model specification 3), we see that the slope of aggregate
hiring rate in predicting future stock market returns becomes positive, opposite to the data.
This happens because by turning off wage rigidity, wages are perfectly correlated with the
aggregate productivity risk, making it a hedge. Thus quantity of risk becomes procyclical,
leading to positive predictability for future market returns. In addition, small firms’ hir-
ing rate has much stronger predictability than big firms (positive actually), counterfactual
to the data. This happens because without wage rigidity, small firms are those with low
productivity and have more volatile quantity of risk than big firms. Turning to dividend
predictability, both small and big firms’ hiring rates positively predict 1 year head aggregate
dividend growth, then become negative and close to zero.

Lastly we shut down the labor adjustment costs (model specification 4). The aggregate
hiring rate predictability for future stock returns drops significantly (—1.02 to —2.27 in
benchmark for year 1 to year 5 vs. —0.37 to —1.20 now). This is intuitive, without labor
adjustment costs, firms will be able to reach their optimal hiring targets, thus quantity of risk
does not vary as much as in the benchmark model. Turning to the predictability across size
groups, small firms’ slopes in predicting future market returns are —0.16 to —0.41, smaller
than those of big firms of -0.37 and -1.15, consistent with the data. This happens because
wage rigidty makes hiring rate predictability stronger for big firms. However, both small
and big firms’ predictability drop significantly compared to the benchmark model. Lastly,
the hiring rate predictability for future aggregate dividend growth drop substantially close

to zero for both small and big firms.
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Taken together, we find that both time-varying price of risk and time-varying quantity
of risk are necessary to generate stock market return and dividend predictability observed in
the data. Furthermore, labor market frictions, e.g., both wage rigidity and labor adjustment
costs are important to generate time-varying quantity of risk in the model jointly. Lastly,
wage rigidity is also important to generate the predictability of stock market returns and

dividend growth by small and big firms’ hiring rates.

5 Conclusion

Firm’s hiring decisions vary with changes in aggregate discount rates and expected cash
flows (dividends). We report three major findings. First, using short- and long-horizon
predictability regressions, we show that the hiring rate of publicly traded firms, but not
of private firms, negatively predicts aggregate stock market returns (discount rates) in the
U.S. economy for the period between 1963 and 2015, both in-sample and out-of-sample.
The lack of return predictability of the hiring rate of private firms helps us understand
why the predictability of the hiring rate of the whole economy (which includes both private
and publicly traded firms) is weak, as reported in previous studies (Chen and Zhang, 2010).
Second, we show that the link between hiring rate and future returns is significantly stronger
in low beta/large/older firms than in high beta/small/young firms. Because private firms
tend to be smaller and younger than publicly traded firms, this finding helps us understand
why the hiring rate of the private firms is a weak predictor of returns. Third, we show that
hiring predicts aggregate dividends with a negative sign, but the dividend predictability is
not the main driver of the return predictability. Taken together, our results demonstrate the
significance of labor hiring to understand the dynamic nature of aggregate discount rates

and cash flows.

26



REFERENCES

Belo, Frederico, Xiaoji Lin, and Santiago Bazdresch, 2014, Labor hiring, investment and
stock return predictability in the cross section, Journal of Political Economy 122, 129—
177.

Belo, Frederico, Xiaoji Lin, Jun Li, and Xiaofei Zhao, 2015, Labor-Force Heterogeneity and
Asset Prices: The Importance of Skilled Labor, working paper.
Berk, Jonathan B., Richard C. Green, and Vasant Naik, 1999, Optimal investment, growth

options, and security returns, Journal of Finance 54, 1553—-1607.
Bloom, Nicholas, 2009, The impact of uncertainty shocks, Econometrica 77, 623—685.
Boyd, John H., Jian Hu, and Ravi Jagannathan, 2005, The stock market’s reaction to

unemployment news: Why bad news is usually good for stocks, Journal of Finance 60,
649-672.

Campbell, John Y., 1996, Understanding Risk and Return, Journal of Political Economy
104, 298-345.

Campbell, John Y., and Robert J. Shiller, 1988, The dividend-price ratio and expectations
of future dividends and discount factors, Review of financial studies 1, 195-228.

Carlson, Murray, Adlai Fisher, and Ron Giammarino, 2004, Corporate investment and asset
price dynamics: Implications for the cross-section of returns, Journal of Finance 59, 2577—
2603.

Chen, L., and L. Zhang, 2011, Do time-varying risk premiums explain labor market perfor-
mance?, Journal of Financial Economics 99, 385-399.

Clark, Todd, and Michael McCracken, 2001, Tests of equal forecast accuracy and encom-
passing for nested models, Journal of Econometrics 105, 85—110.

Cochrane, John H., 2008, The Dog That Did Not Bark: A Defense of Return Predictability,
Review of Financial Studies 21, 1533-1575.

Danthine, Jean-Pierre, and John B. Donaldson, 2002, Labor relations and asset returns,
Review of Economic Studies 69, 41-64.

Davis, Steven J., R. Jason Faberman, and John Haltiwanger, 2006, The flow approach to
labor markets: new data sources and micro-macro links, Journal of Economic Perspectives
20, 3-26.

27



Donangelo, Andres, 2014, Labor mobility: Implications for asset pricing, Journal of Finance

68, 1321-1346.
Donangelo, Andres, Esther Eiling, and Miguel Palacios, 2010, Aggregate asset-pricing im-

plications of human capital mobility in general equilibrium.

Donangelo, Andres, Francois Gourio, and Miguel Palacios, 2016, The Cross-Section of Labor

Leverage and Equity Returns, working paper.

Eisfeldt, Andrea L., and Dimitris Papanikolaou, 2013, Organization Capital and the Cross-
Section of Expected Returns, Journal of Finance 68, 1365—-1406.

Fama, Eugene F., and Kenneth R. French, 1988, Dividend yields and expected stock returns,

Journal of Financial Economics 22, 3-25.

Fama, Eugene F., and Kenneth R. French, 1989, Business conditions and expected returns

on stocks and bonds, Journal of Financial Economics 25, 23—49.

Fama, Eugene F., and Kenneth R. French, 2008, Dissecting anomalies, Journal of Finance

63, 1653-1678.
Fama, Eugene F., and G. William Schwert, 1977, Human Capital and Capital Market Equi-

librium, Journal of Financial Economics 4, 95-125.

Favilukis, Jack, and Xiaoji Lin, 2016, Wage Rigidity: A Solution to Several Asset Pricing
Puzzles, Review of Financial Studies 29, 148-192.

Gourio, Francois, 2007, Labor leverage, firms’ heterogeneous sensitivities to the business

cycle, and the Cross-Section of expected returns, working paper .

Harvey, Campbell R., Yan Liu, and Heqing Zhu, 2014, ... And the cross-section of expected

returns, working paper.

Hodrick, Robert J., 1992, Dividend yields and expected stock returns: Alternative procedures

for inference and measurement, Review of Financial studies 5, 357-386.

Imrohoroglu, Ayse, and Selale Tuzel, 2014, Firm-level productivity, risk, and return, Man-
agement Science 60, 2073-2090.

Kelly, Bryan T., and Seth Pruitt, 2013, Market expectations in the cross-section of present
values, Journal of Finance 68(5), 1721-1756.

Kogan, Leonid, 2001, An equilibrium model of irreversible investment, Journal of Financial
Economics 62, 201-245.

28



Kogan, Leonid, 2004, Asset prices and real investment, Journal of Financial Economics 73,

411-431.

Kogan, Leonid, and Dimitris Papanikolaou, 2013, Firm characteristics and stock returns:
The role of investment-specific shocks, Review of Financial Studies 26, 2718-2759.

Kogan, Leonid, and Dimitris Papanikolaou, 2014, Growth opportunities, technology shocks,
and asset prices, Journal of Finance 69, 675-718.

Kuehn, Lars-Alexander, Mikhail Simutin, and Jessie Jiaxu Wang, 2016, Labor capital asset

pricing model, Journal of Finance forthcoming.

Lettau, Martin, and Sydney Ludvigson, 2002, Time-varying risk premia and the cost of
capital: An alternative implication of the Q theory of investment, Journal of Monetary
Economics 49, 31-66.

Lettau, Martin, Sydney C. Ludvigson, and Sai Ma, 2014, Capital Share Risk and Shareholder
Heterogeneity in US Stock Pricing, working paper.

Liu, Laura Xiaolei, Toni M. Whited, and Lu Zhang, 2009, Investment-based Expected Stock
Returns, Journal of Political Economy 117, 1105-1139.

Livdan, Dmitry, Horacio Sapriza, and Lu Zhang, 2009, Financially Constrained Stock Re-
turns, Journal of Finance 64, 1827-1862.

Lustig, H., and S. Van Nieuwerburgh, 2008, The returns on human capital: Good news on

wall street is bad news on main street, Review of Financial Studies 21, 2097-2137.

Mayers, David, 1973, Nonmarketable Assets and the Determination of Capital Asset Prices
in the Absence of a Riskless Asset, Journal of Business 46, 258-267.

Merz, Monika, and Eran Yashiv, 2007, Labor and the Market Value of the Firm, American
Economic Review 97, 1419-1431.

Newey, Whitney K., and Kenneth D. West, 1987, A simple, positive semi-definite, het-
eroskedasticity and autocorrelation consistent covariance matrix, Econometrica 55, 703—

708.
Ochoa, Marcelo, 2013, Volatility, labor heterogeneity and asset prices, working paper.

Palacios, Miguel, 2015, Human Capital as an Asset Class Implications From a General
Equilibrium Model, Review of Financial Studies 28, 978-1023.

29



Parlour, Christine, and Johan Walden, 2011, General Equilibrium Returns to Human and
Investment Capital under Moral Hazard, Review of Economic Studies 78, 394—428.

Petrosky-Nadeau, Nicolas, Lu Zhang, and Lars-Alexander Kuehn, 2013, An equilibrium asset

pricing model with labor market search, working paper.

Santos, Tano, and Pietro Veronesi, 2006, Labor Income and Predictable Stock Returns,
Review of Financial Studies 19, 1-44.

Shiller, Robert J., 1981, Do Stock Prices Move Too Much to be Justified by Subsequent
Changes in Dividends?, American Economic Review 71, 421-436.

Shumway, Tyler, 1997, The Delisting Bias in CRSP Data, Journal of Finance 52, 327-340.

Tuzel, Selale, 2010, Corporate Real Estate Holdings and the Cross-Section of Stock Returns,
Review of Financial Studies 23, 2268 —2302.

Uhlig, Harald, 2007, Explaining Asset Prices with External Habits and Wage Rigidities in a
DSGE Model, American Economic Review 97, 239-243.

Zhang, Lu, 2005, The value premium, Journal of Finance 60, 67-103.
Zhang, Miao Ben, 2015, Labor-Technology Substitution: Implications for Asset Pricing,

working paper.
Zhang, Mindy, 2014, Who bears firm risk? implications for cash flow volatility, working
paper.

30



1€

Table 1
Summary Statistics

This table reports descriptive statistics for the hiring rate series used in the empirical tests. Panel A reports statistics
for broad samples of firms. Public is the hiring rate calculated from all firms in the Compustat sample. All is the hiring
rate calculated from firms in the CES/BLS sample. Priv is hiring rate for private firms calculated from the difference in
employment between the Compustat and CES/BLS samples. Public (Dec) is the hiring rate of firms in Compustat with
fiscal year ending in December. Panel B reports statistics for subsamples of firms from the Public (Dec) sample. High
Emp and Low Emp denote the hiring rates of the portfolios of firms sorted on lagged number of employees Low Beta and
High Beta denote the hiring rates of the portfolios of firms sorted on lagged conditional market betas constructed over
12 months and Dimson corrected. Old Firms and Young Firms denote the hiring rates of the portfolios of firms formed
on the number of years they first appeared in the Compustat sample. The breakpoints for High Emp and Low Emp, for
Low Beta and High Beta, and for Old Firms and Young Firms are the first quintile of the respective variable from the
sample of NYSE firms. The sample period is 1963 to 2015.

Correlations
Mean Std Auto  Public All Priv.  Public High Low Low  High Old Young
Series Corr (Dec) Emp Emp Beta Beta Firms Firms
Panel A: Broad Samples
Public 2.90 2.85 0.52 1.00 0.41 0.78 0.98 0.97 0.58 0.94 0.77 0.95 0.73
Private 1.56 2.36 0.47 0.41 1.00 0.80 0.40 0.40 0.21 0.34 0.40 0.39 0.45
All 1.77 2.11 0.45 0.78 0.80 1.00 0.76 0.76 0.43 0.69 0.68 0.74 0.67

PublicDec 2.31 296 050 098 040 0.76 1.00 1.00 058 097 0.79 0.98 0.70

Panel B: Public (Dec) Subsamples

High Emp 2.02 292 050 097 040 0.76 1.00 1.00 053 097 0.79  0.99 0.68
Low Emp 11.31 823 034 058 0.21 043 058  0.53 1.00 054 046 048 0.70
Low Beta 2.19 282 043 094 034 069 097 097 0.54 1.00  0.63 0.96 0.64
High Beta 2.53 5.25 038 077 040 068 0.79 0.799 046 0.63 1.00  0.79 0.56
Old Firms 1.61 294 049 095 039 074 098 099 048 096 0.79 1.00  0.58
Young Firms 6.68 4.74  0.51 0.73 045 0.67 070 068 070 064 056 0.58 1.00
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Table 2

Aggregate Discount Rate Predictability by Broad Hiring Rate Series

This table reports in-sample and out-of-sample R? for OLS predictions of aggregate risk premium (from Kenneth French’s
website) from 1963 to 2015 across horizons ranging from 1 year to 5 years. Predictor variables are aggregate hiring rate
from Compustat (Public Firms), private firms (Private Firms), and CES (All Firms) and are described in Table 1.
Our out-of-sample procedure uses the first half of sample years as the training period and then recursively tests and
retrains in subsequent periods. p-val denotes in-sample p-values constructed as in Newey and West (1987). ENCNFW
denotes the New Encompassing out-of-sample test statistic from Clark and McCracken (2001), following the construction
methodology described in Kelly and Pruitt (2013).

Hiring Rate Horizon In Sample Out of Sample
Series Series 1 Series 2
R? Coeff p-val Coeff p-val R? ENCNEW
Public Firms 1 4.08 -1.23 0.07 0.34 0.45
2 4.14 -1.73 0.09 3.80 0.50
3 6.92 -2.43 0.02 7.28 0.62
4 15.64 -3.97 0.00 17.57 1.39
5 26.56 -5.80 0.00 27.50 2.46
Private Firms 1 0.56 -0.55 0.48 -0.48 -0.03
2 0.02 -0.15 0.87 -4.42 -0.28
3 0.00 -0.02 0.99 -10.59 -0.42
4 0.04 -0.25 0.91 -13.77 -0.46
5 0.01 -0.17 0.95 -8.55 -0.28
All Firms 1 2.01 -1.17 0.23 -0.75 0.17
2 0.72 -0.98 0.38 0.12 0.02
3 1.17 -1.35 0.30 -1.47 -0.08
4 4.95 -3.02 0.10 2.69 0.15
5 8.68 -4.54 0.02 7.81 0.48
Public, Private 1 4.09 -1.26 0.14 0.08 0.93 -1.92 0.15
2 4.75 -2.04 0.07 0.89 0.36 -0.39 0.12
3 8.36 -2.95 0.00 1.48 0.32 -1.22 0.15
4 18.22 -4.72 0.00 2.15 0.27 7.77 0.88
5 32.00 -7.06 0.00 3.62 0.05 25.77 2.42




Table 3
Aggregate Discount Rate Predictability by Broad Hiring Rate Series
(Quarterly Frequency)

We report in-sample and out-of-sample R? for OLS predictions of aggregate risk pre-
mium (from Kenneth French’s website) from 1963Q1 to 2015Q4 across various horizons
ranging from 1 to 40 quarters. Predictor variables are annual hiring rates for Compustat
(Public Firms) and CES (All Firms) constructed at quarterly frequency using quarter-
to-quarter calculation. Our out-of-sample procedure uses the first half of sample years
as the training period and then recursively tests and retrains in subsequent periods.
p-val denotes in-sample p-values constructed as in Newey and West (1987). ENCN®W
denotes the New Encompassing out-of-sample test statistic from Clark and McCracken
(2001), following the construction methodology described in Kelly and Pruitt (2013).

Hiring Rate Horizon In Sample Out of Sample
Series R? Coeff p-val R? ENCNEW

Public Firms 1 0.29 -0.19 0.213 -1.25 -0.156

2 0.40 -0.31 0.189 -0.30 0.122

4 2.07 -0.73 0.077 2.33 0.638

8 2.98 -1.18 0.015 4.71 0.508

12 6.78 -2.00 0.001 8.27 0.660

16 14.15 -3.15 0.000 14.84 1.069

20 18.33 -3.96 0.000 17.60 1.168

All Firms 1 0.43 -0.40 0.180 -1.72 -0.246

2 1.08 -0.78 0.139 -2.30 -0.139

1.59 -1.25 0.130 0.54 0.308

8 1.36 -1.63 0.161 1.45 0.140

12 3.54 -2.81 0.049 3.33 0.236

16 10.11 -5.04 0.002 10.09 0.683

20 13.70 -6.47 0.001 13.36 0.828
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Table 4
Aggregate Discount Rate Predictability by Portfolio Hiring Rate

We report in-sample and out-of-sample R? for OLS predictions of aggregate risk premium
(from Kenneth French’s website) from 1963 to 2015 across horizons of 1, 3, and 5 years.
Predictor variables are annual hiring rates for Compustat (Public Firms (Dec), only firms
with December fiscal year end) and size portfolios sorted on Emp or market beta (which is
calculated using past 12 months with Dimson correction). High (Low) Emp stands for the
hiring rate of high (low) employment portfolio. Low (High) Beta stands for the hiring rate
of low (high) market beta portfolio. The breakpoint for High Emp and Low Beta is the
first quintile of the respective variable from the sample of NYSE firms. Our out-of-sample
procedure uses the first half of sample years as the training period and then recursively
tests and retrains in subsequent periods. p-val denotes in-sample p-values constructed
as in Newey and West (1987). ENCY®Y denotes the New Encompassing out-of-sample
test statistic from Clark and McCracken (2001), following the construction methodology
described in Kelly and Pruitt (2013).

Hiring Rate Horizon In Sample Out of Sample
Series R? Coeff p-val R? ENCNEW
High Emp 1 3.97 -1.18 0.08 -0.57 0.36
Firms 3 6.14 -2.23 0.02 6.86 0.59
5 28.83 -5.92 0.00 31.16 2.78
Low Emp 1 0.04 -0.04 0.86 -2.41 -0.27
Firms 3 0.07 -0.08 0.84 -3.68 -0.21
5 6.84 -1.02 0.01 2.38 0.23
Low Beta 1 6.87 -1.61 0.02 1.23 0.89
Firms 3 6.07 -2.30 0.03 6.45 0.58
5 36.64 -6.97 0.00 40.65 4.25
High Beta 1 0.23 0.16 0.69 -2.09 -0.17
Firms 3 3.00 -0.87 0.11 3.18 0.26
5 7.96 -1.72 0.03 5.24 0.43
Old 1 4.65 -1.27 0.07 1.15 0.68
Firms 3 7.82 -2.51 0.01 9.35 0.86
5 31.91 -6.20 0.00 35.46 3.54
Young 1 0.58 -0.28 0.55 -12.73 -0.89
Firms 3 0.01 -0.05 0.96 -7.92 -0.42
5 5.91 -1.64 0.08 0.61 0.38
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Table 5
Aggregate Dividend Growth Predictability by Portfolio Hiring Rate

This table reports in-sample and out-of-sample R? for OLS predictions of aggregate real dividend growth (from Robert
Shiller’s website) from 1963 to 2015 across horizons ranging from 2 year to 5 years. Predictor variables are aggregate
hiring rate from Compustat (Public Firms), CES (All Firms), and private firms (Private Firms) from the employment
difference between CES and Compustat. Our out-of-sample procedure uses the first half of sample years as the training
period and then recursively tests and retrains in subsequent periods. p-val denotes in-sample p-values constructed as in
Newey and West (1987). ENCY®W denotes the New Encompassing out-of-sample test statistic from Clark and McCracken
(2001), following the construction methodology described in Kelly and Pruitt (2013).

Hiring Rate Horizon In Sample Out of Sample
Series Series 1 Series 2
R? Coeft p-val Coeff p-val R? ENCNEW
Public Firms 2 20.48 -1.63 0.00 17.42 2.12
3 23.43 -2.25 0.00 21.43 2.03
4 26.34 -2.69 0.00 22.55 2.08
5 26.88 -2.80 0.00 15.59 1.52
Private Firms 2 8.71 -1.28 0.06 4.14 0.36
3 10.81 -1.85 0.11 1.69 0.13
4 11.23 -2.12 0.17 -1.89 -0.07
5 6.72 -1.74 0.27 -3.74 -0.16
All Firms 2 19.98 -2.17 0.00 18.23 2.13
3 24.82 -3.13 0.00 23.20 2.14
4 30.94 -3.94 0.00 29.46 2.84
5 31.87 -4.17 0.00 34.22 3.39
Public, Private 2 21.81 -1.44 0.00 -0.55 0.39 13.73 1.66
3 25.34 -1.95 0.00 -0.85 0.42 13.65 1.27
4 28.07 -2.37 0.00 -0.92 0.51 10.26 1.01
5 27.04 -2.70 0.01 -0.29 0.82 2.69 0.64




Table 6

Portfolio Dividend-to-Labor Ratio Predictability by Portfolio Hiring Rate

This table reports in-sample and out-of-sample R? for OLS predictions of one-year ahead
dividend-to-ratio ratios of portfolios of firms formed by number of employees, conditional
market beta, and firm age, all of which are described in Table 1. Predictor variables

are hiring rates of firms in the portfolio.

Our out-of-sample procedure uses the first

half of sample years as the training period and then recursively tests and retrains in
subsequent periods. p-val denotes in-sample p-values constructed as in Newey and West
(1987). ENC"®VW denotes the New Encompassing out-of-sample test statistic from Clark
and McCracken (2001), following the construction methodology described in Kelly and

Pruitt (2013).

Hiring Rate In Sample Out of Sample
Series R? Coeff p-val R? ENCNEW
Public 15.1 3.13 0.00 -48.0 -0.09
High Emp Firms 3.69 -0.06 0.08 6.38 1.16
Low Emp Firms 0.24 -0.04 0.72 -2.89 -0.32
Low Beta Firms 5.18 -0.07 0.04 9.98 1.86
High Beta Firms 1.27 -0.06 0.42 -1.51 -0.13
High Age Firms 5.39 -0.07 0.04 9.24 1.78
Low Age Firms 0.14 0.02 0.76 -3.77 -0.22
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Table 7
Portfolio Dividend Growth Predictability by Portfolio Hiring Rate

We report in-sample and out-of-sample R? for OLS predictions of aggregate dividend
growth (from Robert Shiller’s website) from 1963 to 2015 across various horizons ranging
from 1 to 5 years. Predictor variables are annual hiring rates of portfolios sorted on market
beta (which is calculated using past 12 months with Dimson correction). Low (High) Beta
stands for the hiring rate of low (high) market beta portfolio. The breakpoint for Low
Beta is the first quintile of the respective variable from the sample of NYSE firms.

Hiring Rate In Sample Out of Sample
Series Horizon R? Coeff p-val R? ENCNEW
Low Beta 1 0.11 -0.18 0.79 -1.50 -0.16
Firms 2 0.24 -0.33 0.77 -1.99 -0.18
3 1.61 0.95 0.40 2.97 0.34
4 9.89 2.46 0.02 16.88 1.74
5 8.98 2.41 0.02 15.20 0.96
High Beta 1 3.60 -1.48 0.13 0.05 1.48
Firms 2 4.85 -1.94 0.09 1.12 0.92
3 13.99 -3.70 0.00 13.22 0.39
4 12.49 -3.77 0.00 8.83 0.92
5 7.49 -2.95 0.12 5.82 0.39
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Table 8
Is the Predictability Coming From Hiring Rates or Cash Flow Growth?

We report in-sample and out-of-sample R? for OLS predictions of aggregate risk pre-
mium (from Kenneth French’s website) and aggregate dividend growth (from Robert
Shiller’s website) from 1963 to 2015 across various horizons ranging from 1 to 5 years.
Predictor variables are residuals of annual hiring rates or residuals of sales growth
rates of public firms. Our out-of-sample procedure uses the first half of sample years
as the training period and then recursively tests and retrains in subsequent periods.
p-val denotes in-sample p-values constructed as in Newey and West (1987). ENCY®W
denotes the New Encompassing out-of-sample test statistic from Clark and McCracken
(2001), following the construction methodology described in Kelly and Pruitt (2013).

In Sample Out of Sample
Horizon R? Coeff p-val R? ENCNEW
Panel A: Return Predictability
Predictor: Component of Hiring Rate Orthogonal to Sales Growth

1 0.18 0.28 0.76 -1.71 -0.18
2 0.47 -0.63 0.60 -1.03 -0.07
3 4.32 -2.22 0.17 3.73 0.27
4 11.70 -4.10 0.03 10.79 0.71
5 17.25 -5.52 0.01 15.64 1.02
Predictor: Component of Sales Growth Orthogonal to Hiring Rate
1 4.24 -0.69 0.12 8.48 1.48
2 3.24 -0.85 0.08 4.14 0.40
3 3.39 -1.02 0.06 2.76 0.19
4 3.35 -1.16 0.19 -0.98 -0.04
5 0.99 -0.70 0.51 -7.35 -0.27
Panel B: Dividend Growth Predictability
Predictor: Component of Hiring Rate Orthogonal to Sales Growth
1 2.54 0.38 0.14 2.34 0.33
2 0.02 -0.05 0.92 -2.15 -0.14
3 1.98 -0.77 0.28 -0.91 0.01
4 5.82 -1.49 0.06 3.92 0.31
5 9.05 -1.92 0.03 6.33 0.50
Predictor: Component of Sales Growth Orthogonal to Hiring Rate
1 3.25 -0.22 0.07 0.28 0.20
2 3.92 -0.43 0.06 1.94 0.20
3 3.65 -0.54 0.11 2.76 0.19
4 3.48 -0.61 0.15 2.48 0.15
5 6.56 -0.86 0.10 4.76 0.30
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Table 9
Aggregate hiring rate, stock return and dividend predictability

This table reports the predictability of stock market returns and dividend growth by aggregate hiring rate.
There are four model specifications: 1). baseline model; 2) constant price of risk (y; = 0); 3). a model
without wage rigidity; and 4) a model without labor adjustment costs. The reported statistics in the model
are averages from 100 samples of simulated data, each with 3000 firms and 600 monthly observations. We
report the cross-simulation averaged annual moments. b is the slope coefficient, [t] is Newey-West adjusted
t-statistics, and R? is adjusted R2.

1. Baseline 2. Constant price of risk 3. No wage rigidity 4. No Adjustment Costs
b [t] R? b [t] R? b [t] R? b [t] R?
Panel A: Return’s predictability
1 -1.025 -3.695 0.016 0.015 0.049 -0.003 1.464 1.576 0.005 -0.369 -1.500 0.004
2 -1.504 -3.098 0.022 -0.323 -0.526 -0.002 1.644 1.398 0.003 -0.128 -0.438 -0.002
3 -1.552 -2.784 0.017 -0.339 -0.433 -0.002 1.544 1.106 0.001  -0.642 -1.936 0.005
4 -1.392 -2.561 0.010 -0.362 -0.401 -0.002 3.092 2.042 0.008 -0.959 -2.803 0.012
5 -2.266 -3.707 0.028 0.184 0.190 -0.002 4.324 2462 0.014 -1.193 -3.208 0.018
Panel B: Dividend’s predictability

1 -0.259 -4.504 0.032 -0.298 -4.611 0.036 -0.425 -4.811 0.046  -0.120 -3.047 0.020
2 0.004 1.398 0.003 0.003 0.730 -0.001 0.000 -0.010 -0.003 -0.004 -2.198 0.017
3 0.000 0.491 -0.002 0.000 -0.579 -0.002 0.000 -0.719 -0.001 0.000 -1.286 0.000
4 0.000 -1.564 0.004 0.000 -0.505 -0.002 0.000 -0.783 -0.001 0.000 0.805 -0.001
5 0.000 0.807 -0.002 0.000 1.068 -0.001 0.000 0.078 -0.003 0.000 0.370 -0.002
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Table 10
Stock market return and dividend predictability by size groups

This table reports the predictability of stock market returns and dividend growth by the hiring rates
of small and big firms sorted by employees. There are four model specifications: 1). baseline model; 2)
constant price of risk (y; = 0); 3). a model without wage rigidity; and 4) a model without labor adjustment
costs. The reported statistics in the model are averages from 100 samples of simulated data, each with
3000 firms and 600 monthly observations. We report the cross-simulation averaged annual moments. b is
the slope coefficient, [t] is Newey-West adjusted t-statistics, and R? is adjusted R

1. Baseline 2. Constant price of risk 3. No wage rigidity 4. No adjustment costs
b [t] R? b [t] R? b [t] R? b [t] R?
Small firms

Panel A: Return’s predictability
-0.158 -0.867 -0.001  0.100  0.446 -0.002 -0.506 -2.533 0.006 -0.161 -1.414  0.002

—

3 -0.514 -1.772 0.003 0.326 1.004 -0.001 -0.202 -0.635 -0.002 -0.360 -2.586  0.007
5 -1.093 -3.445 0.017 0.383 0.868 -0.001 -0.713 -2.011  0.002 -0.410 -2.900 0.006

Panel B: Dividend predictability
1 -0.027 -0.767 -0.002 -0.066 -1.513 0.003 -0.032 -1.101  0.000 -0.001 -0.046 -0.003
3 0.000 -0.597 -0.001 0.000 -0.599 -0.002 0.000 1.262 0.001 0.000 -0.552 -0.002
5 0.000 -0.006 -0.003 0.000 0.840 -0.001 0.000 0.872 -0.001 0.000 -1.654 0.003

Big firms
Panel C: Return’s predictability

1 -1.037 -3.739 0.017 -0.001 -0.003 -0.003 1.605 1.822 0.007 -0.371 -1.514  0.004
3 -1.544 -2.825 0.017 -0.402 -0.520 -0.002 1.492 1.159 0.001 -0.625 -1.914  0.005
5 -2.198 -3.645 0.026 0.139 0.147 -0.003 4.330 2.612 0.017 -1.155 -3.125  0.017

Panel D: Dividend’s predictability
1 -0.264 -4.588 0.034 -0.297 -4.628 0.037 -0.378 -4.591 0.041 -0.124 -3.161  0.022
3 0.000 0.558 -0.002 0.000 -0.552 -0.002 0.000 -0.873 -0.001 0.000 -1.279  0.000

ot

0.000 0.819 -0.002 0.000 0991 -0.001 0.000 -0.083 -0.003 0.000 0.555 -0.002
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Table 11
Stock market return and dividend predictability by beta groups

This table reports the predictability of stock market returns and dividend growth by the hiring rates of
low and high CAPM betas. There are four model specifications: 1). baseline model; 2) constant price of
risk (7, = 0); 3). a model without wage rigidity; and 4) a model without labor adjustment costs. The
reported statistics in the model are averages from 100 samples of simulated data, each with 3000 firms
and 600 monthly observations. We report the cross-simulation averaged annual moments. b is the slope
coefficient, [t] is Newy-West adjusted t-statistics, and R? is adjusted R

1. Baseline 2. Constant price of risk 3. No wage rigidity 4. No adjustment costs
b [t] R? b [t] R? b [t] R? b [t] R?

Low beta firms

Panel A: Return’s predictability
0.002  0.080 -0.003 -0.020 -0.520 -0.002 -0.015 -0.758 -0.001 -0.001 -0.086 -0.003

—

3 -0.004 -0.190 -0.003 -0.041 -0.755 -0.002 -0.020 -0.906 -0.001 -0.029 -1.799  0.002
5 0013 059 -0.002 -0.003 -0.047 -0.003 -0.034 -1.480 0.000 -0.009 -0.492 -0.002
Panel B: Dividend’s predictability
1 -0.006 -1.970 0.005 -0.007 -0.888 -0.001 0.001 0518 -0.002 -0.004 -1.634 0.004
3 0.000 0582 -0.002 0.000 -0.734 -0.002 0.000 1.535 0.006 0.000 0.052 -0.003
5 0.000 0544 0.000 0.000 0.171 -0.003 0.000 -1.258 0.000 0.000 -0.133 -0.003
High beta firms
Panel C: Return’s predictability
1 -0.031 -0.638 -0.001 0.082 0.593 -0.002 0.045 0.841 -0.001 -0.015 -0.471 -0.002
3 -0.020 -0.390 -0.002 0.050 0.197 -0.003 0.059 1.013 -0.001 0.047 1.131 -0.001
5 -0.080 -1.378 0.000 0.048 0.156 -0.003 0.112 1.864 0.001 -0.015 -0.338 -0.002
Panel D: Dividend’s predictability
1 0.009 1.090 0.000 -0.046 -1.400 0.003 -0.004 -0.772 -0.001 0.009 1.649  0.003
3 0.000 -0.520 -0.002 0.000 0.116 -0.003 0.000 -1.723 0.009 0.000 -0.270 -0.002

ot

0.000 -0.579 0.000 0.000 0.327 -0.002 0.000 1.048 -0.001 0.000 0.061 -0.003
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Figure 1. Aggregate Hiring Rates: Public Firms vs Private Firms vs All Firms.
This figure shows the aggregate hiring rates from Compustat (i.e., “Public Firms”), from the
Current Employment Statistics (CES) and from Bureau of Labor Statistics (i.e., “All Firms”), and
from the difference in hiring from all firms minus public firms (“Public Firms”). The sample period
is from 1963 to 2015.
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Figure 2. Hiring Rates for Subsamples of Public Firms Sorted by Number of
Employees. This figure shows the hiring rates for the sample of firms in Compustat (“Total”),
and of the subsamples of firms sorted on the number of employees. The “High Employment”
subsample is defined by the NYSE 20% breakpoint. We include only firms with December fiscal
year end to make the timing of consistent across firms. The sample period is from 1963 to 2015.
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Figure 3. Hiring Rates for Subsamples of Public Firms Sorted by Conditional
Market Betas. This figure shows the hiring rates for the sample of firms in Compustat (“Total”),
and of the subsamples of firms sorted on the conditional market factor loadings. The “Low Beta”
subsample is defined by the NYSE 20% breakpoint. We include only firms with December fiscal
year end to make the timing of consistent across firms. The sample period is from 1963 to 2015.
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