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terest rates: it is found to mainly predict real cash flows through inflation rates. A model with

endogenous growth, Epstein-Zin preferences and nominal price rigidities is shown to reconcile
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1 Introduction

The impact on the real economy of shocks to alternative notions of uncertainty has been the subject

of a successful recent literature. Bloom (2009) discusses a transmission mechanism leading to lower

output growth and lower employment (before sharp rebounds) given sudden increases in uncertainty,

as proxied by stock market volatility.1 Bloom et al. (2018) document a negative relation between

uncertainty, proxied by the cross-sectional dispersion in plant-level total factor productivity, and

real activity. Baker et al. (2016) employ a news-based index of economic policy uncertainty (EPU)

to show that increases in uncertainty of the magnitude experienced during the financial crisis would

lead to considerable declines in real DGP and aggregate employment. In a new paper, Bansal

et al. (2020) study a multi-sector production economy in which uncertainty leads to reallocations

away from R&D-intensive capital resulting in a negative relation between uncertainty shocks and

medium-term growth. This non-exhaustive summary of influential contributions has a common

theme: economic uncertainty, irrespective of its proxy, is a precursor of economic contractions. For

a recent review of the uncertainty literature, a rich list of references, and novel perspectives, we

refer the reader to Fernández-Villaverde and Guerrón-Quintana (2020).

Against this backdrop, this article focuses on the relation between uncertainty and asset prices.

We make three contributions. First, we document a strong link between future excess market returns

and current TFP volatility (our main notion of uncertainty). Second, we justify our empirical finding

in the context of a model in which the pricing of endogenous long-run growth risks gives rise to

meaningful low-frequency risk premia. Third, we employ the model to provide economic foundations

for the existing evidence on the relation between future excess market returns and notions of long-

run uncertainty, other than TFP volatility. Using model-based counterfactuals, we show that the

reduced-form predictive ability of, e.g., long-run market variance may be viewed as being linked to

the predictive ability of TFP volatility - a highly-persistent and, therefore, inherently “long-run”

notion of uncertainty.

We begin with the dependence between uncertainty and long-run risk premia. We employ

economic restrictions from a present value identity (Campbell and Shiller, 1988, CS henceforth) as

1The countercyclical behavior of U.S. stock market volatility is an established empirical fact with a long tradition.
See, for example, Schwert (1989a,b).
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a revealing financial lens to understand the relation between uncertainty and market excess returns

over alternative horizons. Specifically, we show that the component of TFP volatility orthogonal

with respect to the dividend price ratio has virtually the same predictive ability for (short-run and

long-run) market risk premia as the dividend price ratio itself. In light of the well-known inability

of popular predictors to yield predictability over the long run beyond that delivered by the dividend

price ratio and because of the economic appeal of predictability driven by a central element of macro

uncertainty (like TFP volatility), this finding is worth a thorough exploration.

A key implication of the CS present value identity is that any orthogonal (to the dividend price

ratio) predictor of future risk premia should either predict real cash flows or real interest rates. We

show that uncertainty neither predict nominal cash flows or real interest rates (particularly over

the long run). As a consequence, it ought to predict inflation rates as the flip side of its predictive

ability for future excess returns.2 This is, in fact, what our evidence suggests. Consistent with

persistently lower inflation rates, reduced-form regressions and impulse-responses from a structural

VAR also indicate that positive shocks to uncertainty lead to persistently lower consumption and

output growth, among other real effects.

These observations lead to our second contribution. We illustrate how a model with endogenous

growth, Epstein-Zin preferences and nominal price rigidities reconciles the reported empirical evi-

dence. Specifically, we show that the interaction between the above three features is important to

yield both predictability and meaningful impacts on the real economy. First, differently from spec-

ifications implying a linear link between valuation ratios and economic uncertainty (and, therefore,

no independent predictive role for the latter), the model delivers separation between the dividend

price ratio and TFP volatility. The independent (of the dividend price ratio) component of TFP

volatility is found to affect long-run risk premia through endogenous growth (which enhances the

long-run impact of shocks to uncertainty) and Epstein-Zin preferences (which price long-run risks).

2A large body of literature has documented a negative relation between stock returns and measures of expected or
unexpected inflation (e.g., Lintner, 1975, Bodie, 1976, Fama and Schwert, 1977, Nelson, 1976, Fama, 1981, Schwert,
1981, and Pindyck, 1984). The result has been hard to justify economically (see, e.g., the discussion in Fama and
Schwert, 1977): Fisher’s classical decomposition, in fact, expresses expected nominal returns as the sum of expected
real returns and expected inflation rates. We offer a novel economic justification for the negative relation (mediated by
uncertainty) between stock returns and inflation, in the long run. We document that higher uncertainty is associated
with future decreases in real activity coupled with prolonged lower inflation rates. At the same time, higher uncertainty
leads to a higher future compensation for uncertainty risk and lower asset prices.
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Second, due to nominal price rigidities and endogenous growth, the model jointly delivers persis-

tently lower consumption, output and inflation, as a response to increased TFP volatility, because

of persistently higher mark-ups. The intuition is simple: shocks to TFP volatility lead to increases

in precautionary savings (and decreases in consumption) as well as to increases in precautionary

labour supply. In the presence of nominal price rigidities, downward wage pressure due to higher

labour supply leads to increased mark-ups and, as a consequence, reductions in R&D investment

and further reductions in consumption. In equilibrium, reduced consumption and investment will

lead to lower output, lower employment, and falling prices. Endogenous growth makes these effects

persistent, as found in the data, and yields the reported long-run impacts on asset prices. This is,

however, a natural segue into the paper’s third contribution.

There is evidence that (low-frequency) notions of uncertainty, other than TFP volatility which

is studied here, also have predictive ability for long-run risk premia (c.f., Bandi and Perron, 2008,

and Bandi et al., 2019). We begin by showing that, like in the case of TFP volatility, the predictive

ability of these alternative (low-frequency) uncertainty measures is not subsumed by the dividend

price ratio. Specifically, orthogonalized long-run aggregates of market variance and EPU are found

to have very similar predictive ability as TFP volatility.

Why using long-run analogues to market variance and EPU rather than the raw series them-

selves, as is the case for TFP volatility? The answer resides in the persistence of TFP volatility.

Model-based counterfactuals show that the long-run predictive ability of TFP volatility, as well its

slowly-decaying real implications, are an important by-product of its considerable persistence. Low

persistence would, in fact, result in uncertainty shocks with transient impacts on both risk premia

and real variables, thereby negating the lessons drawn from data.

The extraction of suitable low-frequency signals from market variance or EPU may, therefore,

be viewed as a way to align these alternative uncertainty measures to the level of persistence of TFP

volatility, an inherently low-frequency notion of uncertainty. Once their priced slow-moving signals

are extracted, market variance and EPU are shown to yield the same reduced-form implications

as TFP volatility for risk premia as well as for the real economy. In essence, we provide a model-

based justification for the predictive ability of alternative uncertainty trends which hinges on the
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high persistence of TFP volatility. In the process, we argue that low-frequency notions of popular

uncertainty measures - irrespective of whether macro, financial, or news-based - are, in the data,

more similar to each other than their higher-frequency counterparts.

The paper is organized as follows. Section 2 expands on the existing literature and positioning.

In Section 3 we define the measure of TFP volatility. Section 4 offers initial empirical evidence on

the predictive ability of TFP volatility for market risk premia. We then turn to the CS identity

and its implied economic restrictions (Section 5). We will emphasize that an orthogonal (to the

dividend price ratio) predictor of market risk premia will necessarily also predict nominal cash flows

(with a positive sign), inflation (with a negative sign), real risk free rates (with a positive sign), or

a combination of them. Orthogonalized (with respect to the dividend price ratio) TFP volatility

largely predicts inflation rates as the counterpart of its predictive ability for market risk premia.

After examining the link between uncertainty, long-run risk premia and long-run inflation rates

through the lens of the CS identity, Section 6 reports (outside of the identity) on the predictive ability

of uncertainty for future consumption rates (with a negative sign) and future output growth (also,

with a negative sign). Section 7 is about robustness to alternative notions of factor productivity.

Section 8 turns to a justification of uncertainty-driven long-run predictability and the reported real

effects within a model with endogenous growth, Epstein-Zin preferences and price rigidities. In

Section 9 we formalize - in the data and in the model - the logical map between TFP volatility

and low-frequency measurements of alternative notions of uncertainty. Section 10 concludes. The

data is described in Appendix A. Appendix B contains econometric observations related to the CS

identity. The Online Appendix adds to the discussion in Section 7 by expanding on robustness

along a variety of dimensions.

2 Positioning of the paper

An established literature has investigated the link between specific forms of uncertainty (market

volatility and the volatility of consumption growth, in particular) and asset prices. Market volatility

is the adopted measure of uncertainty in, e.g., Engle et al. (1987), French et al. (1987), Baillie and

DeGennaro (1990), Campbell and Hentschel (1992), Glosten et al. (1993), Brandt and Kang (2004),
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Ghysels et al. (2005), Ludvigson and Ng (2007) and the references therein. Consumption volatility

is, instead, the measure of uncertainty, in, e.g., Kandel and Stambaugh (1990), Bansal et al. (2005),

Duffee (2005), Lettau et al. (2008) and the references therein. Of note, for our purposes, is the work

of Lettau et al. (2008) who argue that the rise of aggregate stock prices (and the consequent decrease

in dividend price ratios) in the 1990s is the result of a persistent decline in the volatility of aggregate

consumption growth, which in turn led to a persistent decline in the equity premium. The low-

frequency relation between uncertainty (measured by TFP volatility, rather than by consumption

volatility, in our framework), valuation ratios and asset prices is central to our work. We connect

these three elements through the CS identity and use the implications of the CS identity to inform

modeling.

There is an emerging body of work in finance which employs general equilibrium settings with

endogenous growth (as in, e.g., Comin and Gertler, 2006) to evaluate low-frequency implications for

asset prices. Kung and Schmid (2015) and Kung (2015), in particular, study the equity premium

and the term structure of interest rates, respectively, in model specifications with R&D-driven

endogenous growth. Consistent with this line of work, we also exploit the potential of models with

endogenous growth to generate meaningful impacts on asset prices but, as emphasized, focus on the

mapping between uncertainty and predictability. Our model specification attributes a central role

to uncertainty trends in the determination of low-frequency risk premia. In this sense, we address

a dimension of the call in Fernández-Villaverde and Guerrón-Quintana (2020) for “more depth [in

the study of] the interaction between models of endogenous growth and uncertainty shocks.”

Our use of the jargon uncertainty trend requires a clarification. Our central notion of uncertainty,

TFP volatility, is highly persistent. It is, therefore, endowed with a (near) stochastic trend. The

low-frequency notions of market variance and EPU, which are studied in the later part of this

manuscript and are logically connected with TFP volatility through model counterfactuals, are

also (near) stochastic trends. While high persistence justifies our terminology from an econometric

standpoint, we note that a recent literature has been focusing on alternative macro-finance trends

from a variety of vantage points (see, e.g., Greenwald et al., 2019, Corhay et al., 2020b, Lettau

et al., 2008, Farhi and Gourio, 2018, and the references therein). We return to alternative trends
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and their impact, or lack thereof, on asset prices in Section 9.

Finally, dating back to, at least, Ding and Granger (1996) and Engle and Lee (1999), several

papers have investigated the role of short-run and long-run components of volatility using reduced-

form econometric models (see, e.g., Engle and Rangel, 2008, and Engle et al., 2013, for recent

developments). The bulk of the literature has focused on stock market volatility. There is, how-

ever, recent work on firm-level short-run and long-run uncertainty captured through option-implied

volatility (Barrero et al., 2017). Barrero et al. (2017) find that R&D investment is particularly

sensitive to long-run uncertainty. We show that the sensitivity of R&D investment to shocks to

TFP volatility - a long-run notion of uncertainty or, equivalently, an uncertainty trend - through

endogenous growth is essential to generate long-lasting impacts on asset prices.

3 Defining TFP uncertainty

Our uncertainty proxy is a measure of volatility of productivity growth. Specifically, we fit a

GARCH(1,1) model to utilization-adjusted total factor productivity (TFP) growth (Fernald, 2012).

We then remove from the fitted volatility series a linear time trend.

The use of a GARCH(1,1) model is not essential for our results. TFP volatility estimated

by virtue of a rolling-window standard deviation would lead to identical conclusions (c.f. Section

7). Section 7 also documents robustness with respect to alternative measures of factor productivity.

Section 9 is, instead, about robustness with respect to long-run notions of market variance and EPU.

The same section discusses, within the model, the logical link between these long-run measures of

uncertainty and TFP volatility. In the Online Appendix, we report results for the macroeconomic

uncertainty proxy of Jurado et al. (2015).

The removal of a deterministic trend from TFP volatility results in deviations from the trend

which are, importantly, highly persistent, i.e., a near stochastic trend. The de-trending warrants

three observations. First, linear de-trending of macro uncertainty series is not uncommon (see,

e.g., Herskovic et al., 2020). It eliminates the typical time-pattern associated with the Great Mod-

eration.3 This pattern would otherwise obfuscate persistent fluctuations in TFP volatility. A

3The term Great Moderation is routinely reserved for the period of low inflation, low macro volatility and high
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contribution of this paper is to show that these persistent (but stationary) fluctuations have a

critical impact on asset prices and the real economy. Second, the removal of low-frequency (non-

stationary) dynamics (such as a deterministic time trend) from a potential predictor in order to

uncover a stronger - higher frequency - predictive signal is not unique to this paper. Lettau and van

Nieuwerburgh (2008), for example, advocate subtracting a measure of the slow-moving time-varying

mean of the dividend price ratio from the dividend price ratio itself in order to extract a stronger

predictive component for both returns and dividend growth.4 Finally, studying TFP volatility net

of its deterministic trend allows us to directly relate our empirical findings to the wide range of

models of production economies, for which time trends are routinely not accounted for. In our

model specification in Section 8, shocks to the persistent but stationary (due to the absence of a

time trend) TFP volatility process drive asset prices, as well as the real economy. The theoretical

framework will be consistent with our empirical strategy and will speak directly to our findings, to

which we now turn.

4 Predicting risk premia: preliminary evidence

In order to set the stage for further analysis, we report a graphical representation analogous to that

provided by Cochrane (2011) in his Figs. 3 and 4. Fig. 1, Panel A through Panel C below, plots

excess market returns over three different horizons (1 year, 7 years and 10 years) as well as excess

return forecasts based on the dividend price ratio alone, on our orthogonalized (with respect to the

dividend price ratio) proxy for uncertainty (TFP volatility) alone and on the dividend price ratio

and (orthogonalized) uncertainty, jointly.5

The impact of uncertainty is apparent. As we transition to longer horizons, uncertainty captures

more and more of the slow-moving adjustments in long-run excess returns failed to be captured by

the dynamics of the dividend price ratio. The numbers (provided in Table 1) are remarkable.6 At

growth between the mid-1980s and roughly 2007 (Stock and Watson, 2002, Bernanke, 2004).
4Favero et al. (2011) link the evolution of the mean of the dividend price process to demographic trends.
5A detailed description of the data and its sources is contained in Appendix A. The effective sample is always the

post-war 1945-2019 sample. The Online Appendix reports on alternative, longer samples.
6The persistence of the predictors and the presence of overlapping observations plague forecasting regressions

with small sample biases. To address this issue, we rely on the conservative standard errors from reverse regressions
proposed by Hodrick (1992). More specifically, we employ the Wei and Wright (2013) reverse regression delta method
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(b) Actual and forecast 7-year returns
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Figure 1: Plot of actual versus predicted excess nominal returns at the 1, 7 and 10 year horizons (h=1, 7, and 10):
we plot α+ β>x,hxt along with Rt+1,t+h −Rft+1,t+h. The xt choices are in the legends.
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1 year, the dividend price ratio captures 5.89% of the variability in excess returns, uncertainty just

less than 4.5%. At 7 years, the R2 associated with the dividend price ratio reaches 29.84% and that

associated with uncertainty is about 32%, at 10 years the corresponding numbers are near 40% and

33%, respectively. Said differently, given the orthogonality between uncertainty and the dividend

price ratio, the joint R2 from a regression of 10-year excess returns on both variables is above 72%.

Importantly, the contribution to long-run predictability offered by uncertainty in addition to the

dividend price ratio is not confined to any specific portion of our sample (c.f. Panel (c) of Fig. 1).

Between 1950 and 1970, a steep decrease in uncertainty is key to predicting a steep decrease in excess

returns in the presence of flatter dynamics for the dividend price ratio. Similarly, the “v-shaped”

dynamics in uncertainty around the end of the 60s is the reason for the marked, corresponding “v-

shape” in predicted excess returns reflecting the behavior of realized excess returns (whose drop and

subsequent increase would not be captured by the smoother evolution of the dividend price ratio).

Both the dividend price ratio and uncertainty miss somewhat the surge in valuations around the

90s. The incremental role of uncertainty is again important between 1990 and 1995 (in predicting

another “v-shaped” change in excess returns) and between 2010 and 2019 (in predicting higher

returns than implied by the dividend price ratio alone).

In essence, uncertainty serves as a powerful long-run excess return predictor, but improves

predictability at all horizons. To highlight only two additional numbers, the joint use of the dividend

price ratio and uncertainty leads to R2 values higher than 40% at the 4-year horizon and higher

than 60% at the 7-year horizon (c.f., Table 1).

These findings are significant. While a large number of short-term return predictors have been

put forward, the inability of alternative predictors to provide long-run signal beyond that offered

by the dividend price ratio is well-established.7 Not only is TFP volatility matching the predictive

ability of the dividend price ratio over all horizons, including the longest, the economic logic behind

predictability driven by TFP volatility is particularly appealing, as we discuss in Section 8.

which extends Hodrick (1992) by allowing for near unit root regressors.
7The variance risk premium (VRP), a popular predictor related to uncertainty, is an important case in point.

Bollerslev et al. (2009) show that VRP strongly predicts future stock returns at short horizons (i.e., approximately
three months) but does not over long horizons. The short-run return predictability of VRP has been justified through
the volatility of the consumption volatility process (Bollerslev et al., 2009) and in a long-run risk economy with jump
processes (Drechsler and Yaron, 2010).
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Below, we illustrate how the Campbell-Shiller (CS) present value identity provides a conceptual

framework to rationalize the predictive ability of uncertainty. Any variable that is orthogonal to

the dividend price ratio, and predicts long-run excess returns, should lead to the prediction of real

dividend growth, real short-term rates, or a combination of these variables.

We document that uncertainty strongly predicts long-run inflation rates. In the absence of

significant effects on nominal cash flows and real short-term rates, the direction of predictability is

constrained by the CS identity. Higher long-run uncertainty should lead to lower long-run inflation

rates. This observation is consistent with empirical evidence: at 5 years and 10 years, the R2s from

regressions of inflation rates onto uncertainty are 18.48% and about 42%, respectively (Table 2,

Panel A). The corresponding numbers for the same regression with the dividend price ratio as the

regressor are close to 1%.

In sum, long-run uncertainty predicts long spells of low future inflation. When taken outside

of the CS framework, we will show that it also predicts long-run reductions in real consumption

growth and in real output growth, among other effects (c.f., Section 6).

5 An asset pricing lens: the Campbell and Shiller decomposition

The long-run predictive ability of the dividend price ratio for market returns is by many, admittedly

not all, thought to be a fact. Campbell and Shiller’s present value identity (Campbell and Shiller,

1988), in particular, provides a natural framework to conceptualize it. According to the identity,

ignoring possible bubble terms, the dividend price ratio should predict returns, dividend growth

or both (Cochrane, 2008). If it does not predict returns, it ought to predict dividend growth, and

vice versa. Cochrane (2008), in particular, stresses that the predictive ability of the dividend price

ratio for long-run returns is economically and statistically compelling, long-run dividend growth
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predictability being less so.8,9,10

What the present value identity does is, by construction, attributing a key predictive role to

the dividend price ratio. When seen through the lens of the identity, alternative financial ratios

are, in fact, often viewed as proxies for it. Examples include the earnings-to-price ratio (Campbell

and Shiller, 2001), the book-to-market ratio (Kothari and Shanken, 1997, Pontiff and Schall, 1998),

or linear combinations of financial ratios of various stock portfolios (Kelly and Pruitt, 2013). All

are found to predict stock returns reasonably well. Similar to the dividend price ratio, they all

have “price” in the denominator. Low current prices imply high future expected returns, thereby

justifying the predictive performance of these ratios as well as, of course, that of the more celebrated

dividend-to-price ratio.

What the present value identity does not do is excluding the predictive ability of variables

other than the dividend price ratio. Yet, identifying variables capable of adding to the predictive

ability of the dividend price ratio, particularly over the long run, is known not to be an easy task.

The popular consumption-to-wealth ratio (Lettau and Ludvigson, 2001; Bianchi et al., 2020), for

instance, appears to impact short and medium-term return predictability, but does not lead to

significant improvements of long-run return forecasts (Cochrane, 2011).

As shown in Section 4, TFP volatility adds considerably to the long-run predictive ability of the

dividend price ratio. In what follows, we explore the economic implications of this predictability.

8Several authors have recently argued in favor of cash flow predictability. Chen (2009), for instance, finds evidence
of return predictability only during the post-1945 period. He advocates for predictability of dividend growth pre-
1926. In his analysis, between 1926 and 1945, the relative importance of return predictability vs. dividend growth
predictability is the result of whether monthly dividends are reinvested (or not) at the prevailing market rate in
order to compute yearly dividend growth. The work of van Binsbergen and Koijen (2010) and Jagannathan and Liu
(2019) also support dividend growth predictability from alternative vantage points. We refer the reader to Koijen and
Nieuwerburgh (2011) for a survey of contributions on the subject.

9Welch and Goyal (2008) and Rapach et al. (2009) evaluate the out-of-sample predictive ability of several predictors,
among which financial ratios. Golez and Koudijs (2018) assemble annual stock market data for the Netherlands, UK,
and US over the last four centuries and confirm that the dividend price ratio predicts returns in- and out-of-sample.
Relatedly, Cochrane (2008) emphasizes how poor out-of-sample predictability may arise even when the true data-
generating-process is characterized by time-varying, persistent risk premia. Rather than focusing on out-of-sample
tests, this paper provides a structural model in support of the in-sample joint predictive ability of uncertainty trends
and the dividend price ratio.

10In agreement with the logic in Koijen and Nieuwerburgh (2011), we use dividends that are not re-invested in this
paper. See Appendix A for details.
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5.1 Economic restrictions: the role of the dividend price ratio

The log-linearized CS identity implies the following expression:

dt − pt = rt+1 −∆dt+1 − c+ ρ (dt+1 − pt+1) , (1)

where dt is log dividend, pt is log price, c = log (1 + exp {E [p− d]})−ρE [p− d] and ρ = exp{E[p−d]}
1+exp{E[p−d]} .

Eq. (1), and its forward iterations, are identities. They hold ex-post as well as in expectation

(conditional on the dividend price ratio or time-t information).11 Ruling out the explosive behavior

of stock prices, i.e., limj→∞ ρ
j (dt+j − pt+j) = 0, one easily obtains

dt − pt =

∞∑
j=1

ρj−1 (rt+j −∆dt+j)

= E

 ∞∑
j=1

ρj−1
(
rt+j − rft+j

)∣∣∣∣dt − pt
− E

 ∞∑
j=1

ρj−1
(

∆dt+j − rft+j
)∣∣∣∣dt − pt

 , (2)

after adding and subtracting the risk-free rate, rft .

In words, the quantity dt − pt (i.e., the logarithmic dividend price ratio) is informative about

investor’s expectations regarding either long-run dividend growth (in excess of the risk-free rate)

or long-run excess returns, or both. This observation justifies the attention that the dividend price

ratio has received (see, e.g., Cochrane, 2008).

When taking the identity to data, the infinite sums ought to be truncated. We use the notation

rkt =
k∑
j=1

ρj−1
(
rt+j − rft+j

)
, ∆dkt =

k∑
j=1

ρj−1
(

∆dt+j − rft+j
)
, (d/pt)

k = ρk (dt+k − pt+k) , (3)

where rkt , ∆dkt , and (d/pt)
k define k-period (discounted) excess log returns, k-period (discounted)

excess log dividend growth and the k-step ahead (discounted) log dividend-to-price ratio. When

k →∞ (giving (d/pt)
k → 0), the symbols r∞t and ∆d∞t are now well-defined. Naturally, we interpret

r∞t and ∆d∞t as notions of long-run (weighted, by ρ) returns and long-run (weighted, by ρ again)

11We ignore the constant term (c) and interpret all variables from now on as being de-meaned. As discussed earlier,
Lettau and van Nieuwerburgh (2008) propose a framework which permits breaks in the mean of the dividend price
ratio.
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dividend growth.

When truncating, i.e., for a k insufficiently large, the bubble term may be empirically (and

conceptually) important. Iterating Eq. (1) forward, write:

dt − pt =
k∑
j=1

ρj−1
((
rt+j − rft+j

)
−
(

∆dt+j − rft+j
))

+ ρk (dt+k − pt+k) , (4)

= rkt −∆dkt + (d/pt)
k . (5)

This expression readily implies the following relation between covariances:

C(dt − pt, dt − pt) = C(dt − pt, rkt )− C(dt − pt,∆dkt ) + C(dt − pt, d/pkt ) .

In terms of (univariate regression) betas, the restriction on the covariances becomes

1 = βkr,dp − βk∆d,dp + βkd/p,dp. (6)

In the long run (i.e., for k → ∞), the third term can be ignored. As in Cochrane (2008), the

restriction in Eq. (6), then, becomes

1 = β∞r,dp − β∞∆d,dp. (7)

The dividend price ratio should, therefore, predict long-run excess returns, long-run excess dividend

growth, or both. Because β∞r,dp and βk∆d,dp are found to be economically (and statistically) close to

1 and 0, Cochrane (2008) emphasizes that it predicts discount rates, rather than cash flows.12

5.2 Further economic restrictions: the role of orthogonal predictors

An immediate implication of the same logic applies: if a variable xt, orthogonal with respect to

the dividend price ratio, were to forecast long-run excess returns r∞t , the same variable would also

have to forecast long-run excess dividend growth ∆d∞t . These forecasts would “offset” each other

12Cochrane (2008) uses real returns and real dividend growth, rather than excess log return (rt+1 − rft+1) and

dividend growth less the interest rate (∆dt+1 − rft+1).
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so that, given dt − pt, the forecast of the entire right-hand side of the present value identity is not

altered (c.f., Eq. (5) with k →∞). This is easy to see. Write

C(xt, dt − pt) = C(xt, r
k
t )− C(xt,∆d

k
t ) + C

(
xt, (d/pt)

k
)
,

where C(xt, dt − pt) = 0, due to the orthogonality between xt and dt − pt. In terms of (univariate

regression) betas, the previous restriction on the covariances now becomes:

0 = βkr,x − βk∆d,x + βkd/p,x. (8)

In the long run (k →∞), the third term can, again, be ignored and the equation becomes

β∞r,x = β∞∆d,x. (9)

This restriction is solely a by-product of (1) the CS identity and (2) the orthogonality of the

predictor. In other words, for a large enough k, any orthogonal variable would satisfy it, irrespective

of its predictive ability for long-run excess returns and excess dividend growth. This said, any

orthogonal variable which predicts long-run excess returns (resp. long-run excess dividend growth)

in a statistically significant manner should also represent a statistically significant predictor of long-

run excess dividend growth (resp. long-run excess returns).

5.3 From nominal to real: a more granular CS identity

A decomposition written in terms of excess (nominal) dividend growth may hide significant economic

effects. We, therefore, add and subtract inflation rates and re-write the expression in Eq. (4) in

terms of real dividend growth and real nominal rates:

dt − pt =
k∑
j=1

ρj−1
((
rt+j − rft+j

)
− (∆dt+j − πt+j) +

(
rft+j − πt+j

))
+ ρk (dt+k − pt+k) , (10)

= rkt −∆dreal,k
t + rf,real,k

t + (d/pt)
k , (11)
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where the symbols ∆dreal,k
t and rf,real,k

t have a natural interpretation in terms of k-period real

dividend growth and k-period aggregates of real short-term rates.

Eq. (9) becomes

β∞r,x = β∞∆dreal,x − β
∞
rf,real,x, (12)

where β∞
∆dreal,x

and β∞
rf,real,x

are, respectively, the regression coefficient of long-run real dividend

growth and long-run aggregates of real short-term rates on the orthogonal predictor xt.

Equivalently, by breaking β∞
∆dreal,x

into a nominal component and the contribution of inflation,

one could write

β∞r,x = β∞∆d,x − β∞π,x − β∞rf,real,x. (13)

As previously mentioned, our variable xt is the orthogonal (to the dividend price ratio) com-

ponent of uncertainty. By Eq. (12), because this component predicts long-run excess returns (see

Section 4), it ought to either predict long-run real cash flows or long-run aggregates of real short-term

rates, or both. Equivalently, by Eq. (13), it should predict long-run nominal cash flows, long-run

inflation, long-run aggregates of real short-term rates, or a combination of them. In the following

section, we document that uncertainty mainly predicts long-run real cash flows, the key channel be-

ing the predictability of long-run inflation (and, therefore, aggregates of short-term nominal interest

rates).

5.4 Uncertainty in the real CS identity: a closer look at predictability

In Section 4, we commented on the long-run predictive ability of uncertainty for returns (with a

positive sign) and inflation (with a negative sign) (c.f. Table 2). In this section, we further explore

this relation from an alternative vantage point. Specifically, we report directly on the implications

of the CS identity, as discussed in Eq. (13). Consistent with the logic of Section 5.2, we work -

again - with orthogonalized TFP volatility, rather than with raw TFP volatility.

Table 3 contains univariate regressions of k-period (weighted, by powers of ρ) log excess returns,

k-period (weighted) log dividend growth, k-period (weighted) log inflation rates, k-period (weighted)

aggregates of log risk-free rates and the k-period ahead (weighted) log dividend price ratio onto (1)
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the dividend price ratio and (2) uncertainty. The value of ρ is estimated to be equal to 0.9685.13

Given the CS identity, the slope coefficients associated with the dividend price ratio should sum

up to 1 whereas the slope coefficients related to long-run market variance should sum up to zero:

βkr,x − βk∆d,x + βkπ,x + βkrf,real,x + βkdp,x = 1 if x = p− d

βkr,x − βk∆d,x + βkπ,x + βkrf,real,x + βkdp,x = 0 if x = uncertainty.

In addition, for a long enough horizon (denoted by k∗), the regression slope of the k-period ahead

(weighted) log dividend price ratio onto either the dividend price ratio or long-run market variance

(βk
∗
dp,x) should be effectively negligible, a phenomenon which we are dubbing closure.

While these two results should apply by construction, the time of closure k∗ does provide

information about the horizon k∗ over which theoretical predictions pertaining to the “long run”

have bite in the data. A careful evaluation of the economic and statistical significance of the

remaining slopes at that horizon of closure k∗ will, therefore, be revealing and provide guidance

about the economics of long-run predictability.

Table 3 reports two panels. Panel A refers to an horizon of k = 16 years, Panel B refers to an

horizon of k = 18 years. For k = 18 years, in the case of both predictors, the coefficient associated

with the k-period ahead (weighted) log dividend price ratio is economically small and statistically

insignificant. As expected, the dividend price ratio has predictive ability for long-run (weighted)

excess returns with a slope which is statistically close to 1. Long-run uncertainty also has predictive

ability for long-run excess returns, but return predictability is coupled with the predictability of

long-run inflation rates, less so with the predictability of real interest rates. The corresponding

slopes are 0.66 and -0.44 (with t-statistics of 2.16 and -3.51).

The superior statistical significance of the slope estimates from regressions of long-run inflation

rates onto uncertainty is not surprising. It is easy to show that, given the nature of the return

predictability of the dividend price ratio, indirect regressions of dividend growth (in excess of the

risk-free rate) on uncertainty are statistically more informative about the return predictability of

13We recall the expression ρ = exp{E(p−d)}
1+exp{E(p−d)} . The quantity E(p − d) is estimated using the full sample 1930-2019.

We also considered the case in which ρ is estimated using the effective sample 1945-2019. Results do not change.

16



uncertainty than direct regressions of returns on uncertainty (See Appendix B).

6 Uncertainty and the real economy

When viewed through the lens of the CS identity, the return predictability of TFP volatility is

justifiable by its ability to predict (lower) future inflation rates. Outside the CS framework, we

find that TFP volatility also predicts lower levels of future real output and consumption growth.

Panels A and B of Table 4 report corresponding regression results for horizons up to 10 years. We

document a monotonically increasing (negative) impact of uncertainty on output and consumption

growth as the horizon lengthens.

A well-known prediction of neoclassical models subject to uncertainty fluctuations is that in-

vestments, output and hours worked will increase as a response to uncertainty shocks lowering

consumption (e.g., Basu and Bundick, 2017). In Section 8, we instead consider a model with

price frictions yielding positive correlation between fluctuations in consumption growth and output

growth. The model will generate decreases in both consumption and output growth, as a response

to uncertainty shocks, through increases in price markups. An endogenous growth channel will add

persistence, as in the data, to these effects.

6.1 Evidence from a structural VAR

In order to further explore the relation between TFP volatility, asset prices and the real economy, we

now report findings from the estimation of a structural vector autoregression (S-VAR). Studies which

employ S-VARs to evaluate the response of economic activity to surprise changes in uncertainty

include Bloom (2009), Baker et al. (2016), Bachmann et al. (2013), Bekaert et al. (2013), Bonciani

and Oh (2020), Carriero et al. (2018), Cesa-Bianchi et al. (2018), Jurado et al. (2015), Leduc and

Liu (2016) and Ludvigson et al. (2015).

We use a standard Cholesky decomposition to identify structual shocks. A similar approach

has been adopted by Bloom (2009) and Leduc and Liu (2016), among others. The baseline S-VAR

contains 6 variables, entering in the following order: (i) the Standard and Poors 500 index; (ii)

TFP volatility; (iii) GDP; (iv) personal consumption of nondurables and services; (v) private fixed
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investment in R&D; (vi) the level of TFP.14,15 The S-VAR is estimated using three lags. In line

with the uncertainty literature cited above, data are quarterly.

Fig. 2 reports the responses of the endogenous variables to a one-standard-deviation uncertainty

shock (the shaded areas represent 68% confidence intervals). Consistent with a model with price

rigidities, a positive shock to uncertainty is associated with a decline in consumption, R&D invest-

ment and output. The decrease in R&D investment is further associated with reductions in the

level of TFP. The decrease in the level of the S&P 500 (and the corresponding increase in expected

returns) is, of course, suggestive of the predictive ability of shocks to TFP volatility.

Due to the persistence of TFP volatility (whose first-order quarterly autocorrelation is 0.98),

these effects are long-lasting. Using the S-VAR, we now counterfactually reduce the persistence of

the TFP volatility process to a value of 0.6. The original impulse-responses and the ones referring to

the counterfactual are contained in Fig. 3. As expected, reducing the persistence of TFP volatility

leads to attenuation of the magnitude of all effects along with a reduction in their duration. We

will show in Section 8 that model-implied impulse-responses yield the same implications.

7 Alternative notions of TFP uncertainty

As described in Section 3, TFP uncertainty is derived as the linearly-detrended volatility from a

GARCH(1,1) model applied to utilization-adjusted total factor productivity growth (Fernald, 2012).

Our reported findings are, however, robust to alternative definitions of productivity-driven uncer-

tainty. In Table 5, TFP is replaced by labor productivity and uncertainty is still linearly-detrended

volatility from a GARCH(1,1) model. In Table 6, TFP is, once more, utilization-adjusted total

factor productivity growth but TFP uncertainty is computed as a linearly-detrended 10-year rolling

estimate of the standard deviation of TFP growth. In both tables, productivity-driven uncertainty

is orthogonalized with respect to the dividend price ratio.

14The described ordering implies that uncertainty is contemporaneously affected by shocks to the S&P 500 index,
but not by the other macroeconomic variables.

15Details on the data can be found in Appendix A.2. We have also experimented with a larger S-VAR which,
in addition to the variables listed above, included durable consumption and private fixed investment net of R&D
investment; (b) the GDP deflator, as a measure of the price level; and (c) the shadow interest rate of Wu and Xia
(2016), as a measure of the US monetary policy stance. Results are unchanged.
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Our findings are directly comparable, and virtually identical, to those in Table 1. Irrespective

of the notion of productivity and the adopted volatility estimate, uncertainty adds to the predictive

ability of the dividend price ratio across all horizons and over the long-run, in particular. As

previously stressed, in light of the difficulty to enhance the low-frequency predictive ability of the

dividend price ratio, this result is striking and warrants a formal justification, to which we now

turn.

8 The model

We present and implement a dynamic model which will speak to our empirical findings. In line with

our empirical analysis, we introduce macro uncertainty through the persistent stochastic volatility of

an autoregressive TFP process. Three aspects are central to the adopted model specification. First,

the model features an endogenous growth mechanism of vertical innovation (with intermediate-good

firms) in the spirit of Grossman and Helpman (1991), Aghion and Howitt (1992) and Romer (1990).

The endogenous growth channel is important for the propagation of shocks in the economy. Specif-

ically, it allows uncertainty shocks to have persistent effects. Second, households have Epstein and

Zin (1989) preferences which make them averse to long-run risks, as in Bansal and Yaron (2004).

A combination of both features will be shown to justify the (short-run and long-run) predictability

in the data. Third, because our results relate higher uncertainty to lower consumption and output,

we introduce New Keynesian price rigidities in order to generate meaningful co-movements between

consumption and output as in, e.g., Basu and Bundick (2017). With the exception of added shocks

to the marginal utility of both capital and R&D investment and barring important, for our pur-

poses, differences in the model parametrization which we discuss below, the model specification

is broadly in line with that in Kung (2015). While Kung (2015) exploits the implications of the

endogenous-growth channel to study term structure implications, our focus is on uncertainty-driven

predictability and the real effects of slowly-propagating uncertainty shocks.
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8.1 Demand, supply and monetary authority

On the demand side, the representative household has recursive utility over consumption Ct and

leisure L− Lt:

Ut =

{
(1− β)(Ct(L− Lt)τ )

1−γ
θ + β

(
Et
[
U1−γ
t+1

]) 1
θ

} θ
1−γ

,

where γ is the coefficient of risk aversion, ψ is the elasticity of intertemporal substitution, and

the parameter θ is defined as θ = 1−γ
1−1/ψ . The household supplies labor services, Lt, and receives

a real wage Wt and dividends from the intermediate-good firms. The household’s inter-temporal

first-order condition is

1 = Et
[
Mt,t+1

Πt+1
Rt,t+1

]
,

where Πt+1 = Pt+1

Pt
is the gross inflation rate (i.e., Pt is the time t price of the final good) and

Mt,t+1 = β

(
Ct+1(L− Lt+1)τ

Ct(L− Lt)τ

) 1−γ
θ
(
Ct+1

Ct

)−1
(

U1−γ
t+1

Et[U1−γ
t+1 ]

)1− 1
θ

is the economy’s stochastic discount factor. The household’s within-period first-order condition is,

instead,

Wt =
τCt

L− Lt
.

The supply side features the two-tier structure of a standard New Keynesian model. A repre-

sentative firm produces the final consumption good in a perfectly competitive market. The firm

uses a continuum of differentiated inputs (i.e., intermediate goods) Xi,t with a CES production

technology:

Yt =

(∫ 1

0
X

ν−1
ν

i,t di

) ν
ν−1

,

where ν is the elasticity of substitution between intermediate goods. The intermediate-good firms
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are monopolistically competitive. These firms possess a Cobb-Douglas production function which

combines capital, knowledge and labor. As in Kung and Schmid (2015) and Kung (2015), we assume

spillovers in knowledge across firms. In particular, each intermediate-good firm produces Xi,t with

capital Ki,t, knowledge Ni,t and labor Li,t

Xi,t = Kα
i,t

(
AtN

η
i,tN

1−η
t Li,t

)1−α
,

where Nt =
∫ 1

0 Ni,tdi is public knowledge and the parameter η ∈ [0, 1] captures the degree of

technological apropriability. The inputs Ki,t and Ni,t are accumulated (through capital investment

Ii,t and R&D investment Si,t, defined below) using the final good.

We note that, in the model, firm-specific total factor productivity is given by

TFPi = AtN
η
i,tN

1−η
t .

Thus, the exogenous portion of total (firm-specific and common) factor productivity is At. The

process At represents a stationary aggregate productivity process which is common across firms

and evolves in logs as an AR(1) process:

at = (1− ρa)ā+ ρaat−1 + σa,tεa,t

with at = log(At), εa,t i.i.d. N(0, 1) and ā > 0 defining the unconditional mean of at. The stochastic

volatility process of at is, instead, defined as

σa,t = (1− ρσa)σ̄a + ρσaσa,t−1 + σσa , εσa,t (14)

with εσa,t i.i.d. N(0, 1) and εσa,t independent of εa,t. The persistence parameter ρσa is important.

Consistent with the S-VAR analysis in Section 6, we will vary ρσa to study the impact of a shock

to TFP volatility relative to a counterfactual in which TFP volatility is less persistent than in the

data. We emphasize that we could have, instead, relied on a component model for the evolution

of σa,t. In a component model, the model-based implications of persistence could be evaluated by
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focusing on individual components of the TFP process rather than by running counterfactuals in

which the overall process is driven by a lower level of persistence. The third study in the Online

Appendix is devoted to this extension.

The stock of capital and knowledge are determined by capital investment (Ii,t) and R&D invest-

ment (Si,t) and the corresponding depreciation rates,

Ki,t+1 = (1− δk)Ki,t + Φk

(
Ii,t
Ki,t

)
Ki,t,

Ni,t+1 = (1− δn)Ni,t + Φn

(
Si,t
Ni,t

)
Ni,t,

where Φx(X) and x ∈ {k, n} captures adjustment costs as follows:

Φx (X) =

(
α1,x

1− 1
ζx

(X)
1− 1

ζx + α2,x

)
eεx,t .

The parameters α1,x and α2,x are set to values so that there are no adjustment costs in the de-

terministic steady state. Furthermore, as in Corhay et al. (2020a), the shocks εx,t ∼ N(0, 1) are

i.i.d. shocks to the marginal efficiency of investment which help match the relative volatility of

investment to consumption.

The intermediate-good firms face a cost (a lá Rotemberg, 1982) of adjusting the nominal price

(measured in terms of the final good) defined as follows:

φP
2

(
Pi,t

ΠssPi,t−1
− 1

)2

Yt,

where Πss ≥ 1 is the steady-state inflation rate, Pi,t is the price at firm i, and φP determines the

magnitude of the cost. The parameter φP is hard to pin down and, yet, it is key to justify our

empirical evidence. Subsection 8.3 is devoted to its calibration.

Finally, the nominal dividends of intermediate firm i are naturally expressed as follows:

Di,t = Pi,tXi,t − PtWi,tLi,t − PtIi,t − PtSi,t − Pt
φP
2

(
Pi,t

ΠssPi,t−1
− 1

)2

Yt.

The monetary authority implements a standard Taylor rule which depends on output and inflation
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deviations from the steady-state:

ln

(
Rt,t+1

Rss

)
= ρr ln

(
Rt−1,t

Rss

)
+ (1− ρr)

[
ρπ ln

(
Πt

Πss

)
+ ρy ln

(
Ŷt

Ŷss

)]
,

where Rt is the gross nominal short rate and Ŷt ≡ Yt/Nt is de-trended output.

Imposing the symmetric equilibrium conditions implies that the aggregate production function

is

Yt = Kα
t (AtNtLt)

1−α .

The production function is similar to the neoclassical formulation with labor-augmenting technology.

The difference is that total factor productivity is AtNt and its trend component Nt is the endogenous

outcome of R&D investment.

8.2 Calibration and model fit

Table 7 reports the values of the parameters used to simulate from the model.16 Virtually all figures

are calibrated to standard values in the literature (see the discussion in Section 3.1 of Kung, 2015).

The most consequential difference, for our purposes, between the values in Kung (2015) and the

ones selected in our implementation is the price-rigidity parameter φP , which is chosen to match

several empirical correlation coefficients, as discussed in Subsection 8.3.

As reported in Table 8, the calibrated model matches well both macroeconomic and financial

moments from data. On the macro side, the relative variabilities of consumption, hours worked,

physical capital investment, and R&D investment are in line with data. The level and the variability

of the nominal short rate are also close to their empirical counterparts. In addition to matching

macro moments, the model reproduces the level and the volatility of both the term structure slope

and levered equity risk premium. While the model replicates the level of the dividend price ratio,

it downplays its volatility somewhat.

16We employ perturbation methods to solve the model. Specifically, we employ a third-order Taylor approximation
of the policy functions characterizing the equilibrium dynamics (as in Fernández-Villaverde et al., 2011) and the
pruned state space method of Andreasen et al. (2018).
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Table 8 also clarifies that dispensing either with the endogenous growth channel or with Epstein-

Zin preferences leads to inferior model performance. Specifically, a model with exogenous growth

cannot reproduce first and second moments of financial variables such as the level of the term

structure, its slope and the excess return on levered equity. Similarly, preferences with constant

relative risk aversion lead to counterfactual volatilities across macro variables, consumption being

a clear example.

In addition to matching unconditional moments, we note that the model-implied responses of

endogenous variables to TFP volatility shocks reported in Fig. 4 (red line) are very close to their

empirical counterparts in Fig. 2. As in the empirical S-VAR, we also report model-implied responses

for a counterfactually low level of TFP persistence equal to 0.6 (blue dashed lines in Fig. 4). We

emphasize that, while in the empirical counterfactual we only reduce the persistence of shocks to

TFP volatility, the model-implied responses are obtained endogenously. Hence, within the model,

a change in persistence translates into endogenous changes in the policy functions and, hence, in

the responses of all variables. Yet, the model-implied impulse-response functions in Fig. 4 are

remarkably similar to what is found in the data (Fig. 2).

8.3 Calibrating the extent of price rigidity

The presence of price rigidities is key to the model mechanism as stale prices are needed to induce

time-varying mark-ups and co-movements between output and consumption (Basu and Bundick,

2017). Unfortunately, there exists little guidance in the literature regarding how to choose the price

adjustment cost parameter, φP , in a model comparable to ours. Several papers use an equivalence

approach between the price setting mechanism in Calvo (1983) and that in Rotemberg (1982).

However, this equivalence only holds for a log-linearization around the zero steady-state inflation.

These assumptions are problematic in our setup as we are interested in higher-order approximations

with non-zero trend inflation. Some papers have shown that Calvo (1983) pricing works very

differently from Rotemberg (1982) pricing in non-linear models with positive trend inflation (e.g.,

Lombardi and Vestin, 2008, and Ascari and Rossi, 2012). Thus, we calibrate the parameter value

by using empirical correlations (Fig. 5) and by evaluating the model-implied implications of time-
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varying mark-ups (Fig. 6).

Fig. 5 shows that varying φP is consequential for the correlations between the following variables:

1) price dividend ratio and uncertainty, 2) consumption growth and inflation, 3) inflation and

uncertainty, and 4) TFP and uncertainty. Fig. 5 plots model-implied correlation coefficients.

In light of our emphasis on risk premia, one correlation is particularly central to our goals: the

correlation between the dividend price ratio and uncertainty. For it to be negative, prices have

to be sufficiently rigid. Our calibration of φP (set equal to 320) strikes a good balance between

model-implied figures and figures in the data (black dots) across all four correlations.

Fig. 6 also clarifies that, for values higher or lower than 320, the model-implied impulse responses

to TFP uncertainty shocks might be counterfactual. Low values lead to quick recoveries in output

driven by increased R&D investment associated with low consumption levels. High values yield

excessive drops in R&D investment and total factor productivity. Again, a value of 320 leads to

model-implied responses in line with the empirical evidence. Such value is well within the lower

value calibrated in, e.g., Kung (2015) and the considerably larger values implied by the structural

estimates in, e.g., Bianchi et al. (2018) and Bianchi and Melosi (2019).17 Moreover, our calibration

implies a slope of the New Keynesian Phillips curve of 0.015 (in the model the slope of the Phillips

curve equals ν−1
φp

), a value that is also well within the confidence bands estimated in Smets and

Wouters (2007).

8.4 The mechanism

The three central features of the model are price rigidities, an endogenous growth channel and

Epstein-Zin preferences. The interaction between these three features leads to the long-run predic-

tive ability of uncertainty, the real economy counterparts of such predictability as well as ubiquitous

persistence in the responses of financial and macro variables to uncertainty shocks.

First, an increase in uncertainty leads to an increase in household savings due to precautionary

motives and a simultaneous decrease in consumption. The importance of this channel depends on

the degree of relative risk aversion. Given a relatively moderate risk aversion parameter of 15,

17We note that the results in Kung (2015) are also valid after recalibrating the model in order to reflect a higher
degree of price rigidity.
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this channel contributes to dynamics but does not dominate our findings. Second, in addition to

a decrease in consumption, a positive uncertainty shock triggers an increase in the labor supply

of households which results in lower wages and nominal marginal costs. Because physical capital

and knowledge are predetermined, higher labour supply would lead to an increase in output with

flexible prices. Thus, a model specification with flexible prices would not reproduce the co-movement

between long-run uncertainty, consumption, R&D investment and output in the data. Fig. 6

displays the model-implied impulse responses for the case of flexible prices (i.e., the black dotted

line associated with φP = 0). Output, R&D investment and TFP counterfactually increase after

an uncertainty shock. Increasing the price adjustment cost parameter, however, allows the model

to generate responses in line with data.

With sticky prices, markups are time-varying and output is demand-driven in the short-term as

discussed in Basu and Bundick (2017). Firms demand less labor and decrease their investment in

physical capital and R&D investment. Hence, time-varying markups are important for the workings

of the economic mechanism. Using the S-VAR in Section 6, Panel A of Fig. 8 displays an increase

in markups following a shock to uncertainty.18 The same panel shows that a counterfactually low

level of persistence in the transmission of uncertainty shocks would, again, translate into a smaller

and less persistent increase in markups. Once more, the model implied impulse-responses in Panel

B replicate the empirical findings.

The second feature is endogenous growth and the resulting amplification/propagation of shocks.

As R&D investment and, hence, the stock of knowledge fall upon an increase in uncertainty, TFP

and long-run growth are also negatively affected. As a result, uncertainty shocks have substantial,

long-lived impact on macroeconomic quantities, as witnessed in the data. Fig. 7 plots impulse-

responses for the baseline model along with those from otherwise identical models either with CRRA

preferences or with exogenous growth (i.e., without R&D investment). Since the model without

R&D investment does not feature the endogenous growth channel, shocks to σa,t will be transitory

and TFP is unaffected by these shocks. As a consequence, the responses to uncertainty shocks are

much less persistent and smaller in magnitude. The fact that uncertainty shocks affect long-run

18In line with Fernández-Villaverde et al. (2015), we add to our benchmark S-VAR the inverse of the labour share
as a measure of markups. The markup proxy is placed below the TFP uncertainty measure, implying that markup
shocks do not affect uncertainty.
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growth via the stock of knowledge gives rise to endogenous long-run risks in the model, thereby

giving a role to the third main feature of the model specification, i.e., Epstein-Zin preferences.

These preferences, along with an elasticity of inter-temporal substitution larger than one, make

households averse to long-run risks. This, in turn, exacerbates the households’ precautionary savings

motive and leads to an amplification of the endogenous responses to uncertainty shocks. The

importance of Epstein-Zin preferences is, again, evidenced by Fig. 7. Comparing the responses

for the CRRA case19 to the baseline model illustrates the amplification effect due to endogenous

long-run risks. Consumption drops much less, even though the risk aversion parameter is left

unchanged. Also, R&D investment counterfactually increases, which leads to an increase in TFP

and a positive correlation between uncertainty and productivity (echoed by a positive response of the

stock market). Among other effects, CRRA preferences would not be able to yield the predictability

in the data. We now return to predictability.

8.5 Model-implied predictive regressions

After examining model-implied impulse-responses and their coherence with their empirical counter-

parts from an S-VAR, we run model-implied predictive regressions in line with those in Section 4.

As in Section 4, Table 9 reports results from predicting equity excess returns over different horizons

using the dividend price ratio and orthogonalized TFP volatility, individually and jointly. As in

the data, TFP volatility adds to the predictive ability of the dividend price ratio at all horizons by

generally doubling such predictability.

Next, we run regressions of inflation, the real rate, and real dividend growth on uncertainty

(Table 10). Consistent with data, uncertainty predicts inflation and, through inflation, real dividend

growth. The impact on real rates is milder and negative, again, as in the data.

19In order to construct the impulse-responses for the CRRA case, we simply set ψ = 1/γ. Doing so keeps the
relative risk aversion at the same level while the inter-temporal elasticity of substitution changes.
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9 Additional uncertainty trends

We have reported on the predictive ability of TFP volatility. Table 12 contains predictive regressions

using market variance aggregated over a ten-year horizon as the predictor. The predictive ability of

low-frequency market variance for long-run excess market returns has been documented extensively

(Bandi and Perron, 2008). Table 12 shows that its independent (of the dividend price ratio) predic-

tive ability is analogous to that of TFP volatility. Similarly, Table 13 contains predictive regressions

using EPU aggregated over a ten-year horizon as the predictor. Once more, the predictive power of

low-frequency measurements of EPU has been reported (Bandi et al., 2019). Table 13 establishes

robustness with respect to the dividend price ratio. In sum, low-frequency measurements of tradi-

tional uncertainty notions have analogous predictive ability as TFP volatility: when orthogonalized

with respect to the dividend price ratio, they have similar predictive power as the dividend price

ratio itself.

We now show, using counterfactuals from data and in the model, that the long-run predictive

ability of low-frequency measurements of uncertainty (whether market variance or EPU) is a by-

product of the high persistence of TFP volatility and, hence, of its inherent low-frequency nature.

Because the model in Section 8 has direct implications for market prices, we will necessarily focus

on market variance, a measure which can be readily obtained from transacted prices, rather than

on EPU.

Fig. 9, Panel A, reports empirical impulse-responses for ten-year market variance following a

shock to TFP volatility. When the level of persistence of volatility is as high as in the data, long-run

market variance increases significantly (along with significant increases in expected returns - c.f., the

last panel of Fig. 2). Should the level of persistence of TFP volatility be, instead, counterfactually

low, the responses of long-run market variance and expected return would be considerably more

muted. Milder predictive ability of TFP volatility in the counterfactual translates into milder

predictive ability of the endogenous long-run market variance. The model-implied impulse-responses

reported in Panel B of Fig. 9 tell the same story.

An admittedly more direct way to illustrate the same finding is to run model-implied predictive

regressions on long-run market variance when TFP volatility is highly persistent (as in the data)
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and when the persistence of TFP volatility is counterfactually low. Table 14, Panel A and B, show

that, in the former case, orthogonalized long-run market variance has strong predictive ability for

market risk premia whereas in the latter case predictive power is drastically diminished.

We emphasize that long-run market variance and long-run EPU align with the level of persistence

of TFP volatility better than their more classical higher-frequency analogues. Said differently, low-

frequency notions of uncertainty - irrespective of whether financial, macro or news-based - are

more similar to each other, in the data and economically, than their higher-frequency counterparts.

Importantly, because they better align with TFP volatility - an inherently low-frequency uncertainty

notion - they are shown to have similar implications, in reduced-form predictive regressions, as TFP

volatility. In Table 15, we report the correlations between alternative notions of the volatility of

factor productivity (as in Section 7) and traditional (short-term) notions of market variance and

EPU. We also report correlations with respect to long-term (again, ten-year aggregates) of both

market variance and EPU. While, as expected, all correlations are positive, the low-frequency

measures have considerably higher correlation with TFP volatility. As an example, our baseline

notion of uncertainty, namely TFP volatility from a GARCH model, has correlation equal to 0.24

and 0.26 with short-term market variance and short-term EPU, respectively. The correlations

increase (in a statistically significant manner) to values equal to 0.73 and 0.66 when considering the

long-run counterparts. As evidenced by the heat map in Fig. 10, it is precisely when aggregating

over about 10 years that market variance reaches both the level of persistence of TFP volatility and

its level of predictive ability.

We conclude with two observations. First, persistence - and the potential for spurious de-

pendence (c.f. Granger and Newbold, 1974, and Phillips, 1986) - cannot be the reason for the

reported impact of low-frequency uncertainty on risk premia. In order to justify this statement,

we othogonalize recently-proposed, alternative (to uncertainty) trends and show that they are con-

siderably less effective than low-frequency uncertainty in driving predictability. In Table 16, we

employ long-run bond volatility (Asness, 2000), a weighted-average of past inflation (Cieslak and

Povala, 2015), long-run earnings growth (Ferreira and Santa-Clara, 2011) and long-run productivity

growth (Antolin-Diaz et al., 2017). None comes close to replicating the long-run predictive ability
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of uncertainty trends.

Second, there is a vibrant, recent literature on whether uncertainty (as defined in a variety of

ways) is an exogenous driver of economic cycles or an endogenous response (see, e.g., Bachmann

et al., 2013, Baker and Bloom, 2013, Cesa-Bianchi et al., 2018, and Berger et al., 2020). There

is also work on the role of macro uncertainty relative to financial uncertainty and whether one,

or the other, should be viewed as being endogenously determined (e.g., Carriero et al., 2018, and

Ludvigson et al., 2015). As emphasized, our central result is the reduced-form link between alter-

native notions of uncertainty and risk premia. In this sense, our work is not about the relative

role of uncertainty, in general, and of different uncertainty measures, in particular, as an impulse

or a response. Having made this point, because we work with a formal model with implications for

both financial markets and the real economy, structure necessarily has to be imposed. While our

central notion of uncertainty, i.e., TFP volatility, is exogenous in the structure we propose, market

variance is an endogenous response to all exogenous economic shocks, including shocks to TFP

volatility. Importantly, we have shown that in the model, consistent with data, the reduced-form

dependence of risk premia on alternative notions of uncertainty is robust to whether uncertainty is

an endogenous response or an exogenous impulse.

10 Conclusions

TFP volatility has forecasting ability for future (short-term and long-term) risk premia above and

beyond that of the dividend price ratio. After casting this empirical finding within the CS frame-

work, we show that it must be the case that TFP volatility predicts - in the long run - at least one

between nominal cash flows, real interest rates, and inflation rates. We find support for the latter

result: TFP volatility is associated with a persistent decline in future inflation rates.

We rationalize the relation between TFP volatility, risk premia and the real economy within an

endogenous-growth model with price rigidities and Epstein-Zin preferences: in the model, shocks to

uncertainty (and higher uncertainty levels) reduce the long-run demand for consumption goods and,

through markups, hours worked, employment, inflation and output in a slow-moving fashion. Sticky

prices (leading to persistent decline in investment and output), endogenous growth (generating slow-
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moving propagation of negative shocks) and Epstein-Zin preferences (assigning meaningful prices

to low-frequency risk) combine in the model to yield the uncertainty-driven predictability found in

the data.

Low-frequency notions of alternative uncertainty measures (like market variance or EPU) also

have predictive power separate from that of the dividend price ratio. In the model and in the data,

we show that this outcome is the result of low-frequency cycles in alternative notions of uncertainty

being closer to each other (and to cycles in TFP volatility - a low-frequency notion of uncertainty

by its very nature) than their corresponding high-frequency cycles.

We conclude that uncertainty trends are important long-run drivers of aggregate market valua-

tions.
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11 Tables

Table 1: Excess returns and tfp uncertainty. Panel A: log DP-only. Linear regressions (with an intercept) of
excess returns on log dividend-price ratio. Panel B: TFP uncertainty only. Linear regressions (with an intercept)
of excess returns on TFP uncertainty. Panel C: Multivariate regressions of excess returns on log dividend-
price and TFP uncertainty. Linear regressions (with an intercept) of excess returns on log dividend-price ratio and
log of long-run market variance. Rt+1,t+h represents the total return from time t to time t+ h. For each regression,
the table reports OLS estimates of the regressors, reverse regression t-stats (computed using the delta method of
Wei and Wright (2013)) in parentheses and R2 statistics for the different horizons. TFP is utilization-adjusted Total
Factor Productivity from Fernald. TFP uncertainty is the linearly detrended volatility from a GARCH(1,1) on TFP
growth. The sample is annual and spans the period 1945-2019.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Excess Returns, Rt+1,t+h

A. Dividend-Price

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(1.67) (1.91) (1.72) (1.82) (2.27) (2.82) (4.16)

R2(%) 5.89 10.90 12.60 15.27 20.64 29.84 39.97

B. TFP Uncertainty

βTFP 0.08 0.19 0.33 0.48 0.64 0.97 1.63
(2.02) (2.36) (2.72) (2.93) (3.17) (3.34) (4.42)

R2(%) 4.35 9.91 19.94 26.71 27.69 31.49 32.18

C. Dividend-Price & TFP Uncertainty

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(2.17) (1.85) (1.65) (1.74) (2.18) (2.69) (4.10)

βTFP 0.08 0.19 0.33 0.48 0.64 0.97 1.63
(1.90) (2.26) (2.60) (2.79) (3.03) (3.17) (4.37)

R2(%) 10.24 20.81 32.54 41.97 48.33 61.33 72.16
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Table 2: Long-run inflation, real rate, and real dividends and TFP uncertainty. Panel A: Dividend
growth and TFP uncertainty. Linear regressions (with an intercept) of real dividend growth on log of TFP
uncertainty. Panel B: Inflation and TFP uncertainty. Linear regressions (with an intercept) of inflation on log
of TFP uncertainty. Panel C: Real risk free rate and TFP uncertainty. Linear regressions (with an intercept)
of real risk free rate on log of long-run market uncertainty. Dt+1,t+h and Πt+1,t+h represent the growth rate of
dividends and the inflation rate from time t to time t + h, respectively. For each regression, the table reports OLS
estimates of the regressors, reverse regression t-stats (computed using the delta method of Wei and Wright (2013)) in
parentheses and R2 statistics for the different horizons. TFP is utilization-adjusted Total Factor Productivity from
Fernald. TFP uncertainty is the linearly detrended volatility from a GARCH(1,1) on TFP growth. TFP uncertainty
is estimated through a GARCH. The sample is annual and spans the period 1945 - 2019.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Inflation

βTFP -0.01 -0.03 -0.06 -0.10 -0.15 -0.27 -0.52
(-0.64) (-1.21) (-1.71) (-2.04) (-2.16) (-2.68) (-3.22)

R2(%) 1.04 4.05 8.65 14.31 18.48 28.85 41.44

Dependent Variable: Real Rate

βTFP -0.03 -0.06 -0.08 -0.09 -0.10 -0.11 -0.13
(-2.95) (-2.83) (-2.47) (-2.02) (-1.70) (-1.33) (-1.11)

R2(%) 18.42 19.40 19.37 17.32 14.73 10.97 8.67

Dependent Variable: Real Dividend Growth

βTFP 0.05 0.11 0.17 0.22 0.27 0.36 0.54
(2.49) (3.01) (3.20) (3.29) (3.56) (3.71) (4.28)

R2(%) 8.49 16.81 22.36 28.03 33.18 45.80 62.89
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Table 3: Long-run coefficients: tfp uncertainty. Long-Run Regression Coefficients: TFP uncertainty.
Direct regressions on log DP and the component of log of tfp uncertainty over H = 16 years that is orthogonal to log
D/P. “Direct” regression estimates are calculated using k-year ex post excess returns, nominal dividend growth, ∆dt,
inflation, πt, real risk free rate (nominal 1-year rate minus realized inflation), rrft, and dividend yields, dpt, as left-hand
variables. Panel A: Direct regression, k = 16. Panel B: Direct regression , k = 18. Table entries are long-run
regression coefficients, for example, b

(k)
r in

∑k
j=1 ρ

j−1rext+j = a+b
(k)
r dpt+ε

r
t+k, where rex = logRt+1,t+h−logRft+1,t+h.

Data is annual from 1945 to 2019.

A: Direct regression, k = 16∑k
j=1 ρ

j−1rext+j
∑k

j=1 ρ
j−1∆dt+j

∑k
j=1 ρ

j−1πt+j
∑k

j=1 ρ
j−1rrft+j ρkdpt+k b

(k)
r − b(k)

d + b
(k)
π + b

(k)
rrf + b

(k)
dp

dpt 0.82 -0.06 -0.06 0.16 0.01 0.985
(2.38) (-1.74) (-0.26) (1.74) (0.07)

R2(%) 42.90 1.97 0.91 15.97 0.01

unct 0.65 -0.01 -0.42 -0.12 -0.34 0.033
(1.96) (-0.17) (-3.27) (-1.58) (-1.10)

R2(%) 36.31 0.09 57.34 12.62 2.83

A: Direct regression, k = 18∑k
j=1 ρ

j−1rext+j
∑k

j=1 ρ
j−1∆dt+j

∑k
j=1 ρ

j−1πt+j
∑k

j=1 ρ
j−1rrft+j ρkdpt+k b

(k)
r − b(k)

d + b
(k)
π + b

(k)
rrf + b

(k)
dp

dpt 0.86 -0.10 -0.05 0.07 0.00 0.980
(2.13) (-1.86) (-0.21) (1.88) (0.03)

R2(%) 38.08 5.69 0.61 19.26 0.00

unct 0.66 0.00 -0.44 -0.15 -0.04 0.030
(2.16) (0.03) (-3.51) (-2.15) (-0.74)

R2(%) 39.61 0.00 59.76 18.68 0.75

43



Table 4: Long-run output- and consumption-growth and TFP uncertainty.Panel A: Output growth
and TFP uncertainty. Linear regressions (with an intercept) of real consumption growth on TFP uncertainty.
Panel B: Consumption growth and TFP uncertainty. Linear regressions (with an intercept) of real output
growth on TFP uncertainty. For each regression, the table reports OLS estimates of the regressors, reverse regression
t-stats (computed using the delta method of Wei and Wright (2013)) in parentheses and R2 statistics for the different
horizons. TFP is utilization-adjusted Total Factor Productivity from Fernald. TFP uncertainty is the linearly
detrended volatility from a GARCH(1,1) on TFP growth. The sample is annual and spans the period 1945-2019.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Output Growth

βTFP -0.02 -0.03 -0.03 -0.04 -0.04 -0.06 -0.09
(-1.61) (-1.41) (-1.46) (-1.63) (-1.71) (-2.16) (-2.89)

R2(%) 7.24 7.69 7.60 8.35 9.59 15.11 20.55

Dependent Variable: Consumption Growth

βTFP -0.01 -0.02 -0.03 -0.04 -0.05 -0.07 -0.09
(-2.63) (-3.69) (-3.51) (-3.24) (-2.94) (-2.75) (-2.74)

R2(%) 12.67 22.38 25.02 26.12 26.17 27.64 27.25
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Table 5: Robustness I: Excess returns and TFP uncertainty.Panel A: log DP-only. Linear regressions (with
an intercept) of excess returns on log dividend-price ratio. Panel B: TFP uncertainty only. Linear regressions
(with an intercept) of excess returns on log of long-run market uncertainty. Panel C: Multivariate regressions
of excess returns on log dividend-price and long-run market uncertainty. Linear regressions (with an
intercept) of excess returns on log dividend-price ratio and log of long-run market variance. Rt+1,t+h represents the
total return from time t to time t+ h. For each regression, the table reports OLS estimates of the regressors, reverse
regression t-stats (computed using the delta method of Wei and Wright (2013)) in parentheses and R2 statistics for
the different horizons. TFP is labor productivity (FRED series OPHNFB). TFP uncertainty is the linearly detrended
volatility from a GARCH(1,1) on TFP growth. The sample is annual and spans the period 1945-2019.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Excess Returns, Rt+1,t+h

A. Dividend-Price

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(1.67) (1.91) (1.72) (1.82) (2.27) (2.82) (4.16)

R2(%) 5.89 10.90 12.60 15.27 20.64 29.84 39.97

B. TFP Uncertainty

βTFP 0.16 0.35 0.62 0.91 1.20 1.88 3.38
(0.01) (2.07) (2.48) (2.75) (2.98) (3.40) (4.91)

R2(%) 4.93 10.18 20.50 27.10 26.85 31.59 37.72

C. Dividend-Price & TFP Uncertainty

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(2.01) (1.84) (1.66) (1.76) (2.19) (2.72) (4.11)

βTFP 0.16 0.35 0.62 0.91 1.20 1.88 3.38
(1.99) (1.99) (2.39) (2.65) (2.88) (3.27) (4.85)

R2(%) 10.83 21.08 33.10 42.37 47.49 61.43 77.69
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Table 6: Robustness II: Excess returns and TFP uncertainty.Panel A: log DP-only. Linear regressions
(with an intercept) of excess returns on log dividend-price ratio. Panel B: TFP uncertainty only. Linear
regressions (with an intercept) of excess returns on log of long-run market uncertainty. Panel C: Multivariate
regressions of excess returns on log dividend-price and long-run market uncertainty. Linear regressions
(with an intercept) of excess returns on log dividend-price ratio and log of long-run market variance. Rt+1,t+h

represents the total return from time t to time t + h. For each regression, the table reports OLS estimates of the
regressors, reverse regression t-stats (computed using the delta method of Wei and Wright (2013)) in parentheses and
R2 statistics for the different horizons. TFP is utilization-adjusted Total Factor Productivity from Fernald. TFP
uncertainty is obtained using a linearly detrended 10-year rolling window estimation of standard deviation of TFP
growth. The sample is annual and spans the period 1945-2019.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Excess Returns, Rt+1,t+h

A. Dividend-Price

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(1.67) (1.91) (1.72) (1.82) (2.27) (2.82) (4.16)

R2(%) 5.89 10.90 12.60 15.27 20.64 29.84 39.97

B. TFP Uncertainty

βTFP 0.03 0.09 0.16 0.24 0.32 0.54 0.87
(1.30) (1.76) (2.18) (2.51) (2.74) (3.14) (4.01)

R2(%) 1.73 6.31 13.71 18.75 20.00 28.42 27.06

C. Dividend-Price & TFP Uncertainty

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(2.01) (1.84) (1.66) (1.76) (2.19) (2.72) (4.11)

βTFP 0.03 0.09 0.16 0.24 0.32 0.54 0.87
(1.32) (1.75) (2.17) (2.50) (2.71) (3.05) (4.08)

R2(%) 7.62 17.21 26.31 34.01 40.64 58.26 67.03
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Table 7: Model Parameters. This Table summarizes the parameterization of the model. The model parameters
are separated into four groups. Parameters related to preferences, firms, policy, and shocks.

A. Preferences C. Policy

β 0.99 ρr 0.70
ψ 2 ρπ 1.5
γ 15 ρy 0.10
L/L̄ 0.33

B. Firms D. Shocks
α 0.33 ρa 0.99
φP 320 σ̄a log(1.05%)
ν 6 σσa 0.1
δk 2.00% ρσa 0.98
ζk 3.35 σi 0.50%
η 0.10 σs 0.30%
δn 3.75%
ζn 2.35
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Table 8: Simulated Model Moments. This Table summarizes the data and model-implied moments for the
benchmark model, a model in which the representative household has CRRA utility, and the model with exogenous
growth. Panel A shows macro moments and Panel B asset pricing moments. All moments are annualized. yx is the
yield on riskless bonds over x-quarters. Excess returns are defined as the returns from holding the dividend claim of
model firms minus the real short rate. Further, the excess returns are levered as in Croce (2014). Finally, pd denotes
the natural logarithm of the price dividend ratio.

Data Baseline CRRA Exogenous Growth

A. Macro Moments

E[∆y] 2.00% 1.98% 0.33% 2.01%
σ(∆c) 1.42% 1.53% 3.42% 1.67%
σ(π) 1.64% 1.60% 1.06% 2.74%
σ(∆c)/σ(∆y) 0.68 0.79 1.05 1.12
σ(∆l)/σ(∆y) 0.92 0.90 1.54 1.00
σ(∆i)/σ(∆y) 2.84 2.78 1.17 3.05
σ(∆s)/σ(∆y) 1.62 1.62 0.63 -
E[y1] 4.65% 4.61% 6.52% 6.61%
σ(y1) 3.12% 2.92% 1.58% 5.35%

B. Asset Pricing Moments

E[y20 − y1] 1.02% 0.82% 0.23% 0.10%
σ(y20 − y1) 1.00% 0.96% 0.35% 0.64%
E[rex] 5.23% 3.85% 0.33% -0.02%
σ(rex) 15.17% 10.51% 6.74% 6.97%
E[pd] 3.49 3.58 3.41 4.02
σ[pd] 0.43 0.18 0.09 0.15
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Table 9: Model-implied Predictive Regressions: excess returns. This Table tabulates the results of linear
predictive regressions on simulated data from the model. In all regression specifications the dependent variable is
excess equity returns. Panel A shows results for the log dividend-price ratio, Panel B for tfp uncertainty, and Panel
C for the multivariate regression including both variables. All regressions additionally include a constant term. For
each regression, the table reports OLS estimates of the regressors, reverse regression t-stats (computed using the delta
method of Wei and Wright (2013)) in parentheses and R2 statistics for the different horizons.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Excess Returns

A. Dividend-Price

βDP 0.05 0.11 0.16 0.21 0.26 0.34 0.44
(9.01) (8.82) (8.39) (8.04) (7.90) (7.71) (7.68)

R2(%) 3.60 8.64 13.02 16.36 18.90 22.20 25.32

B. TFP Uncertainty

βTFP 1.67 3.58 5.44 7.01 8.36 10.42 13.05
(9.64) (10.35) (10.44) (10.44) (10.39) (10.09) (9.53)

R2(%) 3.92 8.76 13.01 15.89 17.85 19.18 19.97

C. Dividend-Price & TFP Uncertainty

βDP 0.05 0.11 0.16 0.21 0.26 0.34 0.44
(10.08) (11.07) (11.20) (11.14) (11.21) (11.30) (11.51)

βTFP 1.67 3.58 5.44 7.00 8.36 10.41 13.05
(9.31) (9.49) (9.38) (9.26) (9.24) (8.92) (8.54)

R2(%) 7.52 17.40 26.02 32.24 36.72 41.35 45.29
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Table 10: Model-implied Predictive Regressions: long-run inflation, real rate, and real dividend
growth. This Table tabulates the results of linear predictive regressions on simulated data from the model. The
dependent variable is cumulative inflation over horizon h defined as πt,t+h in Panel A, the cumulative real rate,∑h

1 rt+h−1,t+h, in Panel B, and cumulative real dividend growth, ∆t+h, in Panel C. Inflation is . In all regression
specifications the regressor is model-implied tfp uncertainty. All regressions additionally include a constant term. For
each regression, the table reports OLS estimates of the regressors, reverse regression t-stats (computed using the delta
method of Wei and Wright (2013)) in parentheses and R2 statistics for the different horizons.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Inflation

βTFP -4.41 -8.49 -12.30 -15.89 -19.25 -25.14 -32.16
(-18.64) (-13.61) (-11.61) (-10.47) (-9.73) (-8.65) (-7.63)

R2(%) 46.91 44.44 42.45 40.71 39.01 35.37 30.19

Dependent Variable: Real Rate

βTFP -0.65 -1.33 -1.93 -2.45 -2.94 -3.86 -5.07
(-10.55) (-7.99) (-6.59) (-5.67) (-5.10) (-4.47) (-3.96)

R2(%) 9.86 10.87 10.60 10.02 9.50 8.81 7.98

Dependent Variable: Real Dividend Growth

βTFP 0.43 1.25 2.12 2.80 3.59 5.23 7.54
(1.97) (3.14) (3.41) (3.20) (3.18) (3.12) (3.10)

R2(%) 0.15 0.91 2.07 2.91 3.90 5.78 7.78
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Table 11: Model-implied Predictive Regressions: Long-run Output- and Consumption-growth. This
Table tabulates the results of linear predictive regressions on simulated data from the model. The dependent variable
is cumulative real output growth, ∆yt+h over horizon h in Panel A and cumulative real consumption growth, ∆ct+h
in Panel B. In all regression specifications the regressor is model-implied tfp uncertainty. All regressions additionally
include a constant term.For each regression, the table reports OLS estimates of the regressors, reverse regression
t-stats (computed using the delta method of Wei and Wright (2013)) in parentheses and R2 statistics for the different
horizons.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Output Growth

βTFP -0.20 -0.34 -0.47 -0.56 -0.62 -0.68 -0.82
(-5.00) (-3.89) (-3.57) (-3.21) (-2.90) (-2.46) (-2.29)

R2(%) 1.65 1.79 1.99 2.06 2.25 2.31 2.36

Dependent Variable: Consumption Growth

βTFP -0.20 -0.39 -0.58 -0.70 -0.79 -0.88 -1.03
(-5.04) (-4.65) (-4.42) (-4.08) (-3.88) (-3.47) (-3.45)

R2(%) 1.08 2.07 3.03 3.43 3.61 3.40 3.59
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Table 12: Excess returns and long-run market uncertainty. Panel A: log DP-only. Linear regressions
(with an intercept) of excess returns on log dividend-price ratio. Panel B: Long-run market uncertainty only.
Linear regressions (with an intercept) of excess returns on log of long-run market uncertainty. Panel C: Multiple
regressions of excess returns on log dividend-price and long-run market uncertainty. Linear regressions
(with an intercept) of excess returns on log dividend-price ratio and log of long-run market variance. Rt+1,t+h

represents the total return from time t to time t + h. For each regression, the table reports OLS estimates of the
regressors, reverse regression t-stats (computed using the delta method of Wei and Wright (2013)) in parentheses and
R2 statistics for the different horizons. Long-run market uncertainty is market variance aggregated over H = 10 years.
The sample is annual and spans the period 1945-2019.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Excess Returns, Rt+1,t+h

A. Dividend-Price

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(1.67) (1.91) (1.72) (1.82) (2.27) (2.82) (4.16)

R2(%) 5.89 10.90 12.60 15.27 20.64 29.84 39.97

B. Long-run Market Uncertainty

βMKT 0.08 0.17 0.28 0.44 0.62 0.99 1.88
(1.68) (2.05) (2.26) (2.67) (3.08) (3.61) (5.26)

R2(%) 4.61 9.13 16.20 24.74 28.19 35.14 43.71

C. Dividend-Price & Long-run Market Uncertainty

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(2.42) (2.74) (2.69) (2.59) (2.79) (3.06) (4.67)

βMKT 0.08 0.17 0.28 0.44 0.62 0.99 1.88
(1.90) (1.94) (2.15) (2.57) (2.99) (3.50) (5.21)

R2(%) 10.50 20.03 28.80 40.01 48.83 64.97 83.68

52



Table 13: Excess returns and long-run economic policy uncertainty. Panel A: log DP-only. Linear
regressions (with an intercept) of excess returns on log dividend-price ratio. Panel B: Long-run EPU only. Linear
regressions (with an intercept) of excess returns on log of long-run EPU. Panel C: Multiple regressions of excess
returns on log dividend-price and long-run EPU. Linear regressions (with an intercept) of excess returns on log
dividend-price ratio and log EPU. Rt+1,t+h represents the total return from time t to time t+ h. For each regression,
the table reports OLS estimates of the regressors, reverse regression t-stats (computed using the delta method of Wei
and Wright (2013)) in parentheses and R2 statistics for the different horizons. Long-run EPU is EPU aggregated over
H = 10 years. The sample is annual and spans the period 1945-2019.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Excess Returns, Rt+1,t+h

A. Dividend-Price

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(1.67) (1.91) (1.72) (1.82) (2.27) (2.82) (4.16)

R2(%) 5.89 10.90 12.60 15.27 20.64 29.84 39.97

B. Long-run Economic Policy Uncertainty

βEPU 0.02 0.04 0.10 0.17 0.27 0.51 1.04
(0.82) (1.34) (1.68) (1.96) (2.22) (2.74) (2.94)

R2(%) 0.37 1.07 3.51 7.15 10.17 18.57 29.55

C. Dividend-Price & Long-run Economic Policy Uncertainty

βDP 0.10 0.21 0.27 0.38 0.57 0.96 1.80
(1.85) (1.91) (1.71) (1.81) (2.27) (2.82) (4.14)

βEPU 0.02 0.04 0.10 0.17 0.27 0.51 1.04
(0.72) (1.21) (1.54) (1.84) (2.07) (2.31) (2.37)

R2(%) 6.26 11.97 16.12 22.42 30.81 48.40 69.52
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Table 14: Model-implied Predictive Regressions: excess returns & long-run market uncertainty. This
Table tabulates the results of linear predictive regressions on simulated data from the model. In all regression
specifications the dependent variable is excess equity returns. Panel A shows results for model-implied long-run market
uncertainty for the baseline calibration. Panel B reports results again for model-implied long-run market uncertainty,
however, we set the persistence of tfp uncertainty to a counterfactually low value (ρσa = 0.6). All regressions
additionally include a constant term. For each regression, the table reports OLS estimates of the regressors, reverse
regression t-stats (computed using the delta method of Wei and Wright (2013)) in parentheses and R2 statistics for
the different horizons.

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Excess Returns

A. Long-run Market Uncertainty, ρσa = 0.98

βMKT 1.93 4.16 6.28 8.16 9.76 12.45 15.46
(11.44) (11.47) (10.82) (10.06) (9.39) (8.54) (7.61)

R2(%) 4.09 9.24 13.59 16.87 19.06 21.40 21.82

B. Counterfactual: Long-run Market Uncertainty, ρσa = 0.6

βMKT 0.60 0.81 0.95 1.02 1.08 0.47 0.04
(1.90) (1.75) (1.72) (1.60) (1.39) (0.48) (0.03)

R2(%) 0.31 0.28 0.26 0.22 0.20 0.03 0.00
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Table 15: Short-run vs Long-run Correlations with TFP uncertainty. This Table reports the correlations
of various measures of TFP uncertainty with long-run (long) and short-run (short) market and economic policy
uncertainty. TFP is either utilization-adjusted Total Factor Productivity from Fernald (rows 1 and 3) or labor
productivity (FRED series OPHNFB, rows 2 and 4). Moreover, TFP uncertainty is calculated either as the linearly
detrended volatility from a GARCH(1,1) on TFP growth (rows 1 and 2) or using a linearly detrended 10-year rolling
window estimation of standard deviation of TFP growth (rows 3 and 4). Short-run (long-run) market and economic
policy uncertainty are calculated as the aggregated log variance over 1 year (10 years). GMM standard errors are
reported in parentheses. Columns (3) and (6) display the two-tailed test H0 : ρshort = ρlong. The sample is annual
and spans the period 1940-2019.

Market Uncertainty Economic Policy Uncertainty

Short Long Short Long

GARCH - TFP 0.24 0.73 0.49*** 0.26 0.66 0.39**
(0.14) (0.09) (0.16) (0.14)

GARCH TFP - Labor Prod 0.23 0.80 0.57*** 0.30 0.72 0.42**
(0.13) (0.06) (0.16) (0.10)

Rolling SD - TFP 0.45 0.67 0.21 0.51 0.67 0.16
(0.09) (0.14) (0.10) (0.16)

Rolling SD - Labor Prod 0.44 0.76 0.31* 0.39 0.75 0.36*
(0.13) (0.10) (0.15) (0.11)
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Table 16: Excess returns and long-run trends. Panel A: Long-run bond volatility. Linear regressions
(with an intercept) of excess returns on log of long-run bond volatility. Long-run bond volatility is computed as the
simple rolling 16-year return variance for bonds (see Asness, 2000). Panel B: Weighted average of past inflation
(τCPI). Linear regressions (with an intercept) of excess returns on a weighted average of past inflation, where the
weights decline very slowly (see Cieslak and Povala, 2011). Panel C: Long-run earnings growth (ḡ). Linear
regressions (with an intercept) of excess returns on a 20-year moving average of the growth in earnings per share up
to time t (see Ferreira and Santa-Clara, 2011). Panel D: Long-run Growth. Linear regressions (with an intercept)
of excess returns on long-run growth. Long-run productivity growth is from Antolin-Diaz, Drechse & Petrella (2017).
Rt+1,t+h represents the total return from time t to time t+h. For each regression, the table reports OLS estimates of
the regressors, reverse regression t-stats (computed using the delta method of Wei and Wright (2013)) in parentheses
and R2 statistics for the different horizons. The sample is annual and spans the period 1945-2019 (except for Panel
D when the sample ends in 2014).

1y 2y 3y 4y 5y 7y 10y

Dependent Variable: Excess Returns, Rt+1,t+h

A. Long-run Bond Volatility

βBOND 0.04 0.07 0.08 0.12 0.21 0.34 0.74
(1.04) (1.11) (0.79) (0.73) (0.87) (0.90) (1.20)

R2(%) 1.11 1.23 1.18 1.63 2.88 4.02 7.17

B. Weighted Average of Past Inflation

βINF -0.02 -0.04 -0.03 -0.02 -0.03 0.04 0.20
(-1.62) (-1.85) (-1.11) (-0.61) (-0.49) (0.50) (1.54)

R2(%) 2.96 3.18 1.42 0.51 0.38 0.50 4.58

C. Long-run Earnings Growth

βEARNINGS 0.02 0.03 0.03 0.03 0.02 -0.02 -0.08
(2.23) (1.66) (1.34) (1.04) (0.60) (-0.35) (-0.95)

R2(%) 8.01 5.02 3.30 2.12 0.52 0.19 1.97

D. Long-run Growth

βGROWTH -0.02 -0.06 -0.10 -0.15 -0.23 -0.34 -0.80
(-0.70) (-1.27) (-1.22) (-1.17) (-1.25) (-1.09) (-1.72)

R2(%) 0.70 2.13 3.41 4.36 5.68 5.18 10.64
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Figure 2: This Figure plots responses from an empirical structural VAR of TFP uncertainty, out-
put, consumption, R&D investment, total factor productivity, and the price of the S&P 500 to a
TFP uncertainty shock. TFP is utilization-adjusted Total Factor Productivity from Fernald. TFP
uncertainty is the linearly detrended volatility from a GARCH(1,1) on TFP growth.
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Figure 3: This Figure plots responses from an empirical structural VAR of TFP uncertainty, out-
put, consumption, R&D investment, total factor productivity, and the price of the S&P 500 to a
TFP uncertainty shock as in the data (red) and to an uncertainty shock with counterfactually low
persistence equal to 0.6 (blue dashed). TFP is utilization-adjusted Total Factor Productivity from
Fernald. TFP uncertainty is the linearly detrended volatility from a GARCH(1,1) on TFP growth.
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Figure 4: This Figure plots model-implied responses of output, consumption, R&D investment,
total factor productivity, and the stock market to an uncertainty shock in the baseline model (red)
and when setting persistence of tfp uncertainty to a counterfactually low value (blue dashed), i.e.,
ρσa = 0.6.
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Figure 5: This Figure plots comparative statics for the price adjustment cost parameter φP . The four
Panels show how the correlations of the price-dividend ratio and uncertainty, consumption growth
and inflation, inflation and uncertainty, and total factor productivity and uncertainty depend vary
with price adjustment costs (red dotted line). The blue dotted line denotes φP = 340 which is the
value in our baseline calibration. Finally, the black dot corresponds to the empirical estimate of the
corresponding moment.
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Figure 6: This Figure plots the model-implied impulse response functions to an uncertainty shock in
at for uncertainty, output, consumption, R&D investment, total factor productivity, and the stock
market price. For each outcome variable, the Figure shows responses for the benchmark model
calibration (red solid line) as well as for a model with φP = 0 (black dotted), φP = 200 (green
dotted), and φP = 540 (blue dotted).
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Figure 7: This Figure plots model-implied impulse response functions to an uncertainty shock in
at for uncertainty, output, consumption, R&D investment, total factor productivity, and the stock
market price. For each outcome variable, the Figure shows responses for the benchmark model (red
solid line), the model in which the representative household has CRRA preferences (black dotted
line), and the model with exogenous growth (blue dashed line).
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Figure 8: This Figure plots in the left Panel the empirical responses for markups to uncertainty
shocks for Fernald’s TFP (data, red) and TFP with counterfactually low persistence (counterfactual,
blue). The right Panel reports model-implied responses of markups to an uncertainty shock in the
baseline model (red) and when setting persistence of tfp uncertainty to a counterfactually low value
(blue dashed), i.e., ρσa = 0.6.
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Figure 9: This Figure plots in the left Panel the empirical responses of long-run market uncertainty
to uncertainty shocks for Fernald’s TFP (data, red) and TFP with counterfactually low persistence
(counterfactual, blue). The right Panel reports model-implied responses of long-run market un-
certainty to an uncertainty shock in the baseline model (red) and when setting persistence of tfp
uncertainty to a counterfactually low value (blue dashed), i.e., ρσa = 0.6. Note that model-implied
long-run market uncertainty is aggregated to match the persistence of the empirical counterparts.
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Figure 10: Predictive power of market uncertainty for different levels of persistence: This
Figure plots the R2 from a regression of h-year holding period excess returns on different frequency
components of market uncertainty. The vertical axis measures the first autoregressive component of
the quarterly sampled time series. These time series correspond to the aggregated original monthly
time series over 1, 2, 4, 5, 10 years. The horizontal axis measures the holding period for the excess
returns.
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Appendix

A Data

A.1 Predictive regressions

For the growth in total factor productivity, we follow Lunsford and West (2019) and rely on two sources.
Up to 1947 (included) we use Gordon’s (2016) TFP series. Since 1948, the measure of TFP growth is taken
from (the annual series in) Fernald (2012), which is adjusted for capacity utilization. We also construct a
second proxy based on labor productivity. In this case we use the historical series from Gordon (2016) until
1948, and the FRED series OPHNFB afterwards. We then fit a GARCH(1,1) over the long sample 1900-2019.
Similar (in fact often stronger) results are obtained when uncertainty is estimated over the sample 1930-2019.
Alternatively, we also compute TFP volatility using the standard deviation of TFP over a 10-year rolling
window. In both cases, we linearly de-trend the final series before using it as a proxy for TFP uncertainty.
Figure A.1 displays the TFP uncertainty trends before and after removing the deterministic linear trend.
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Figure A.1: Time series of TFP volatility (blue solid line), its deterministic time-trend (red dashed
line), and the stochastic TFP uncertainty trend (green line with squares). The correlation between
the two uncertainty trends (from GARCH and the rolling window estimator) is 0.78.

The measure of economic policy uncertainty (EPU) is based on Baker et al. (2016). We use the News-
Based Policy Uncertainty Index available on EPU’s web site for the US. The series is monthly and spans the
period 1985:1−2016:12. We convert it to annual values by taking the end of the year value. To go further
back in time, we merge the News-Based Policy Uncertainty Index series with the US Index, a longer series
available from the Historical EPU’s web site. Although the News-Based US Historical Index is available from
1900:1 to 2014:10, we only use data from 1930:12 to 1984:12 in order to obtain a final series spanning the
period 1930 to 2016.

The sample in Bandi et al. (2019) ended in 2014 and did not use the information in the News-Based
Policy Uncertainty Index. Splicing together the US Historical Index with News-Based Policy Uncertainty
Index results in even stronger findings than in Bandi et al. (2019).

The measure of macroeconomic uncertainty is an updated version of data used in Jurado et al. (2015)
and Ludvigson et al. (2015). It is available on Sydney Ludvigson’s home page. The macro uncertainty index
is constructed using a monthly macro dataset consisting of 134 mostly macroeconomic time series taken from
McCracken and Ng (2016). We use their 12-month ahead uncertainty series. The series spans the period
1960:07−2016:12. We take the end of the year value to construct annual series.
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The excess stock return variance is from the Welch and Goyal (2008) dataset. Welch and Goyal (2008)
measure stock return volatility using the sum of squared daily excess stock returns during the month. Un-
derstandably, many papers argue for the presence of a severe outlier in October 1987. By taking 16-year
moving average, our long-run measure of market uncertainty is unaffected by the October crash. We square
the EPU and macroeconomic uncertainty series to obtain a variance-like measure.

Finally, to construct long-run (financial, EPU, macroeconomic) uncertainty variable, we sum the H most
recent years, from t too t−H + 1, and take logs.

Inflation is calculated from the Consumer Price Index (CPI) for all urban consumers, which is available
from the Welch and Goyal (2008) dataset.20

The U.S. stock market return is the Center for Research in Security Prices (CRSP) value-weighted market
return containing all NYSE, AMEX, and NASDAQ stocks. Our sample is January 1926 to December 2016.
We start from monthly cum-dividend and ex-dividend returns. Their difference, multiplied by the lagged
ex-dividend price, is the monthly dividend:

Dt = (Rcum
t −Rex

t )Pt−1.

The annual series is obtained by aggregating the dividends paid out over the year. One important question,
recently highlighted by Chen (2009) and van Binsbergen and Koijen (2010), is what to assume regarding the
reinvestment rate of these monthly dividends received within the year. Throughout the paper we assume
that the dividends are reinvested at a zero rate. This amounts to adding up the dividends in the current
month and the past 11 months. An alternative option (used, e.g., by Cochrane (2008)) is to re-invest the
dividends at the cum-dividend stock market return. CRSP computes annual return series under the stock
market re-investment assumption. We checked that using directly CRSP annual data on total returns and
returns without dividends does not alter our results.

In short, the annual nominal dividend and return growth series are obtained by summing the monthly
observations within the year. To obtain real returns and dividends, we deflate these series by the CPI.

The risk-free is the 1-year (1-Year Treasury Constant Maturity Rate; series DGS1) Treasury yield from
the FRED database at the Federal Reserve Bank of St. Louis. The series starts in 1962. We extend the series
using annual data on the 1-year rate series for the United States which is available, from 1890, on Robert J.
Shiller’s website.

Output is GDP in line 1 of NIPA Table 1.1.5. We deflate the series by the GDP deflator in line 1 of
Table 1.1.9 and by the civilian population ages 16+. The series go back to 1948. We complement the series
with GDP from Barro and Ursua’s Macroeconomic Data for the years 1945-1947 (Barro and Ursua (2008)).
Using the Barro and Ursua series (which ends in 2009), and extending it with the GDP from NIPA, does not
alter our results.

Total household consumption of nondurables and services in millions is constructed by adding the series
for consumption of nondurables and for consumption of services both from the NIPA. The data is annualized
and seasonally adjusted in nominal terms. We make the standard “end-of-period” timing assumption that
consumption during period t takes place at the end of the period. Growth rates are constructed by taking
the first difference of the corresponding log series.

A consumption deflator for total nondurables and services consumption is based on data from NIPA. The
deflator is constructed from two consumption deflators, one for total services consumption and one for total
nondurables consumption. Data on real consumption expenditures from NIPA is also used in the construction
of the deflator. The first step is to calculate the inflation rate for each type of consumption:

INFservt =
Defservt
Defservt−1

− 1 INFndurt =
Defndurt
Defndurt−1

− 1,

where Defserv and Defndur are the deflators for nondurables and services respectively. INFserv and
INFndur are the calculated inflation rates for each of these deflators. The consumption deflator is defined

20Updated data for the variables in Goyal and Welch (2008) are available from Amit Goyal’s webpage at http:

//www.hec.unil.ch/agoyal/.
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as:
Deft = Deft−1 × [(1 + INFservt)×Wservt + (1 + INFndurt)×Wndurt] ,

where Wserv and Wndur are the proportions of total real nondurables and services consumption in each of
the respective categories.
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A.2 VAR data

We retrieve the following variables from the FRED of St. Louis Fed (FRED series IDs are in parentheses):
Gross Domestic Product (GDP), Services Consumption (PCES), Nondurables Consumption (PCEND), Pri-
vate Fixed Investment R&D (Y006RC1Q027SBEA). S&P 500 Index is from Yahoo Finance (Ticker GSPC).
We take logs of the S&P 500 index and the uncertainty measure, to interpret the IRFs in percentage terms.
Output, consumption, and R&D investment are expressed in logs, real per capita terms. In Figure 8 we
include the inverse of the Labour Share (PRS85006173) as the markup proxy.

B Some econometric implications of CS

Whether one obtains more signal from either a regression of long-run returns on the assumed predictor or
from a regression of long-run dividend growth (in excess of the risk-free rate) on the assumed predictor
depends on testable restrictions. This is easy to see. Write

r∞t =β∞r,xxt + εr,t+∞, (B.1)

Eq. (B.1)) and Eq. (2), with k →∞, imply that

∆d∞t = β∞r,xxt + εr,t+∞ − (dt − pt).

Hence, we have E[∆d∞t |xt] = E[r∞t |xt] = β∞r,xxt since E[dt − pt|xt] = E[dt − pt] = 0. The first equality
derives from the orthogonality of dt − pt and xt and the second equality derives from the fact that dt − pt is
de-meaned. For a large enough k, the true beta can be estimated consistently both from long-run returns and
from long-run dividend growth. Both regressions are correctly specified.

Importantly, however, the relative signal of a regression of long-run dividend growth on xt or long-run
returns on xt depends on the relation between var(εr,t+∞ − (dt − pt)) and var(εr,t+∞).

Immediately, the signal from the former regression is stronger than that from the latter when

ρεr,pd ≥
σpd
2σεr

,

where ρεr,pd is the correlation between shocks to long-run returns and dt − pt, σεr is the standard deviation
of shocks to long-run returns, and σpd is the standard deviation of the price-to-dividend ratio.

Now, notice that εr,t+∞ is positively correlated with dt − pt since the latter has predictive ability for
long-run returns and is orthogonal to the new variable xt. In fact, by orthogonality, the correlation ρεr,pd is
proportional to β∞r,dp from the univariate regression of long-run returns (or, equivalently, the errors εr,t+∞)
onto the dividend-to-price ratio:

εr,t+∞ = β∞r,dp(dt − pt) + ε∗r,t+∞.

Hence,

ρεr,pd = β∞r,dp
σpd
σεr

,

which implies

β∞r,dp ≥ 1/2.

In other words, should the slope associated with the classical long-run predictive regression on the dividend-
to-price ratio be larger than 1/2, an indirect long-run dividend-growth regression provides more signal to
detect the predictability of alternative predictors than a direct long-run return regression. This is like saying
that, should the dividend-to-price ratio display more predictability, economically, for long-run returns than
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for long-run dividend growth (β∞r,dp ≥ 1/2), then long-run dividend growth should be, statistically, more
informative about the predictive ability of an orthogonal regressor than long-run returns. Since the condition
β∞r,dp ≥ 1/2 is easily satisfied in the data, we expect the standard errors of the slope estimates derived from
long-run dividend growth regressions on xt to be smaller. Indirect long-run dividend growth regressions are,
therefore, more powerful to detect the predictability of orthogonal regressor(s) than direct long-run return
regressions.

More can be said. Should one agree with Cochrane’s view that β∞r,dp = 1, the signal about additional
predictability from a regression of long-run dividend growth onto the orthogonal predictor would be as large
as the signal about additional predictability from a full model in which long-run returns are regressed onto
both the orthogonal regressor and the dividend-to-price ratio. This is again easy to see.

Using the same notation as before, the full specification would read:

r∞t =β∞r,xxt + β∞r,dp(dt − pt) + ε∗r,t+∞︸ ︷︷ ︸
εr,t+∞

.

Given the definition of εr,t+∞ with β∞r,dp = 1, the long-run dividend growth regression would now be:

∆d∞t =β∞r,xxt + εr,t+∞ − (pt − dt)
=β∞r,xxt + ε∗r,t+∞.

By the orthogonality of dt − pt and xt and the fact that the two regressions have the same error terms,
running a long-run dividend growth regression on the assumed predictor yields the same standard error (for

the quantity of interest, β̂∞r,x) as working with the completely-specified, full model.
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