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Abstract

Shocks to aggregate Research and Development (R&D) exert persistent effects on macroe-
conomic dynamics and represent a significant source of risk for investors, consistent with
“long-run risk” models. The analysis focuses on “effective R&D”, the unique scaling of
R&D that, across a broad class of models, maintains a linear relationship with pro-
ductivity growth. This measure theoretically captures the entire contribution of R&D
to productivity, flexibly accounting for knowledge spillovers and product proliferation.
Importantly, its deviations from equilibrium are empirically identifiable via the error
correction term in the cointegration relationship among R&D, total factor productivity,
and the labor force. Using U.S. data, structural R&D shocks, based on effective R&D,
are shown to affect productivity and consumption growth rates beyond business cycle
horizons, and to be associated with a significant risk premium (around 12% annually)
in a cross section of stock and bond portfolios, with cash-flow risk a key determinant.
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1 Introduction

Investments in Research and Development (R&D) have a profound and well-documented
impact on the economy. At the aggregate level, R&D has been linked to slow-moving
fluctuations in macroeconomic quantities such as productivity and consumption (Comin and
Gertler, 2006), and theory has shown that this nexus carries substantial implications for asset
prices (Kung and Schmid, 2015). The underlying mechanism is that of the “Long-Run Risk”
(LRR) framework from Bansal and Yaron (2004), who first demonstrated how persistence
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in consumption growth enables macroeconomic models to account for the large equity risk
premium observed in financial markets, far exceeding what consumption growth volatility
alone would imply. This framework has since become a central reference in macro-finance
research,1 but has also faced sustained criticism,2 making rigorous empirical validation of
models built on it essential.

This paper documents a significant link between the dynamics of aggregate R&D and
asset prices, empirically corroborating the LRR approach. Specifically, it provides robust
empirical evidence that shocks to US aggregate R&D have persistent effects on productivity
and consumption growth, and that such shocks constitute a risk priced by investors. The
analysis pivots on a theoretical measure of aggregate R&D – “effective R&D” – that uniquely
summarizes the time-varying impact of R&D on productivity growth, emerging as the only
transformation of aggregate R&D that is linearly related to it. Building on this, I propose an
empirical framework to recover the structural R&D shocks embedded in effective R&D, thus
scaled by their effectiveness, and illustrate the persistent effects these have on the economy.
In turn, these shocks prove a significant risk factor in pricing a cross-section of financial
assets. This constitutes a twofold novelty, introducing the first empirically significant risk
factor that is (1) based on aggregate R&D, and (2) constructed from structural shocks in a
theoretically identified system.

Shocks with highly persistent effects on growth have long been a focus of the macro-
finance literature because they carry substantial theoretical implications while being barely
detectable in the data. Specifically, they generate large fluctuations in long-run consump-
tion forecasts even when their variance is small. This feature becomes theoretically powerful
when combined with recursive preferences à la Epstein and Zin (1989), which feature aver-
sion to forecast swings, allowing models to account for sizable risk premia while preserving
consistency with standard macroeconomic unconditional moments. This feature, however,
also renders empirical validation of these models elusive, precisely because persistent con-
sumption growth shocks are inherently difficult to identify in finite samples. A growing
literature has tackled this empirical challenge directly, either by developing refined econo-
metric approaches (Bryzgalova et al., 2025; Dew-Becker and Giglio, 2016; Gourieroux and
Jasiak, 2024; Ortu et al., 2013; Schorfheide et al., 2018) or by constructing new data (Liu
and Matthies, 2022). A complementary strand has instead focused on deriving the key LRR
conditions as reduced forms of richer structural models, thereby yielding additional testable
implications (notably Croce, 2014; Kaltenbrunner and Lochstoer, 2010). This paper con-
tributes to both strands. On the empirical side, it proposes a novel econometric approach,
built on theory-implied conditions, to identify a process driving revisions in long-run expec-
tations – effective R&D. On the theoretical side, it builds on a set of economic mechanisms
highlighted by the LRR literature and provides evidence supporting its central predictions.

More specifically, the link between aggregate R&D and asset prices was first formalized
by Kung and Schmid (2015), who developed a fully endogenous growth model in which R&D

1Applications include exchange rate dynamics (Colacito and Croce, 2011), climate change asset pricing
(Bansal et al., 2016), term structure models (Ai et al., 2018), and oil price dynamics (Ready, 2018).

2Notably, Constantinides and Ghosh (2011), Beeler and Campbell (2012), and Epstein et al. (2014).
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persistence can emerge, generating a “productivity LRR component”, i.e. low-frequency fluc-
tuations in productivity growth transmitted to consumption growth.3 This paper builds on
their framework and provides broad empirical evidence consistent with its main predictions,
while departing from it in two key respects. First, in light of the ongoing debate on scale
effects in the growth literature (see Bloom et al., 2020), the analysis draws on the framework
of Jones (1999), which accommodates both fully and semi-endogenous growth mechanisms,
enabling a more robust empirical characterization of innovation dynamics. This specification
allows effective R&D to account for spillover (net of fishing-out) and product-proliferation
effects of arbitrary strength, absorbing the nonlinearities both introduce, and nesting Kung
and Schmid (2015) as a special case. The resulting effective R&D measure is stationary,
enabling the use of standard econometric methods without risk of spurious inference.4 Sec-
ond, R&D dynamics are modeled in a multivariate setting. This enables the isolation of
unexpected variation in R&D, scaled by its effectiveness, net of contemporaneous productiv-
ity fluctuations. By preventing non-R&D productivity risk from leaking into reduced-form
estimates of the risk premium associated with R&D shocks, this approach yields estimates
more cleanly attributable to innovation risk and its long-run risk channel.

Effective R&D expresses aggregate R&D in units of expected productivity growth, up to
scale, and is defined as a log-linear combination of aggregate R&D, the stock of ideas, and
product variety. The well-established stationarity of productivity growth implies that these
variables form a cointegrating relationship that can be estimated.5 I then obtain a gross
estimate of the effective R&D time series by mapping the stock of ideas and product variety
into observable variables – the productivity level itself and labor input – following standard
approaches in the literature. Because the cointegrating relationship is estimated with these
substitutions, the resulting effective R&D measure is contaminated by non-R&D produc-
tivity drivers, departing from the theoretical object of interest. Crucially, the R&D shocks
obtained from gross effective R&D are properly effectiveness-adjusted regardless of this con-
tamination, since the structural shocks are mapped recursively to the observed variables,
with the non-R&D productivity shocks absorbing the contamination. Within this setting,
the effects of R&D shocks on growth build only gradually and persist over many years,
possibly beyond ten, in line with the evidence in Antolin-Diaz and Surico (2025) on public
R&D shocks and with the adoption-driven mechanism of Anzoategui et al. (2019). Under
stricter assumptions, I further propose an estimator that recovers net effective R&D levels,
used throughout the analysis. Figure 1 plots measures of the productivity LRR component
alongside the estimated effective R&D, which underlies it as the “innovation component” of
long-run risk.

On the asset pricing side, the cross-sectional risk premium associated with innovation
long-run risk is estimated on a wide cross-section of assets using the procedure of Giglio and

3Further implications of persistent R&D fluctuations for the broader macroeconomy have been studied,
among others, by Benigno and Fornaro (2018), Aksoy et al. (2019), and Beqiraj et al. (2025).

4Kung and Schmid (2015) refer to effective R&D as “R&D intensity”, which is non-stationary in their
empirical specification. Further details on the comparison appear in D.1.

5Cointegration models have been widely applied to test between endogenous growth specifications (e.g.,
Bottazzi and Peri, 2007; Ha and Howitt, 2007; Kruse-Andersen, 2023; Madsen, 2008); this paper instead
emphasizes the dynamic properties of R&D and their financial implications.
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Figure 1: The innovation component of productivity long-run risk. The figure plots excess effective
R&D (its demeaned level) alongside low-frequency components of consumption and productivity
growth. Effective R&D is estimated as in Section 4.2; the low-frequency components are the 6th

component of the Ortu et al. (2013) decomposition (half-life 8–16 years), applied to the growth rates
of U.S. real per capita consumption (BEA) and utilization-adjusted TFP (Fernald, 2012).

Xiu (2021), which is designed to mitigate omitted risk factor bias. The resulting risk premia
are not statistically significant when the innovation risk factor is based on contemporaneous
shocks alone, but highly significant for multi-year rolling means, at about 12% annually,
consistent with the investor underreaction to R&D news documented in Eberhart et al.
(2004). Following Bansal et al. (2005), I also find that a substantial part of innovation long-
run risk originates in cash flows, a key feature of long-run risk models, augmenting standard
portfolio sortings with firm characteristics previously linked to R&D investment. These
results connect to both the corporate finance literature on R&D investment and the asset
pricing literature on firm-specific R&D risk premia (e.g. Chan et al., 2001). Hsu (2009) and
Kogan et al. (2017) likewise relate aggregate innovation measures to asset prices empirically,
but neither provides explicit cross-sectional risk premium estimates. Moreover, relative to
the former, the effective R&D measure is derived from theory; relative to the latter, it
is complementary, since their measure captures innovation outcomes while effective R&D
captures inputs (effort).

The paper proceeds as follows. Section 2 presents the theoretical framework, defining
effective R&D, and relating it to macroeconomic dynamics and asset prices. Section 3 illus-
trates the mapping between theoretical and observable quantities. Section 4 estimates the
effective R&D measures. Section 5 identifies R&D shocks and documents their macroeco-
nomic impact. Section 6 reports the cross-sectional asset pricing results. Section 7 concludes.
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2 Theoretical Framework

2.1 The Price of Risk from Persistent Macroeconomic Shocks

In a discrete-time, arbitrage-free economy, the expected return of any asset 𝑖 between times
𝑡 − 1 and 𝑡, in excess of the risk-free rate 𝑅𝑓 , is proportional to the covariance between its
return 𝑅𝑖

𝑡 and a stochastic discount factor (SDF) 𝑀𝑡:6

E [𝑅𝑖
𝑡] − 𝑅𝑓 = −𝑅𝑓 ⋅ Cov [𝑀𝑡, 𝑅𝑖

𝑡] . (1)

To discipline and better understand the dynamics of the SDF, asset pricing theory often
relates it to the intertemporal marginal rate of substitution (IMRS) of a representative
agent with preferences over consumption streams. Shocks to state variables that matter for
investor welfare become the key drivers of asset valuations.

As illustrated by Bansal and Yaron (2004), persistency in consumption growth strongly
affects the IMRS and, consequently, asset valuations, when the representative agent has
recursive preferences as in Epstein and Zin (1989). These preferences separate the intertem-
poral elasticity of substitution (IES) from risk aversion, and imply that the agent is sensitive
both to contemporaneous consumption shocks

𝜀𝑐
𝑡 = Δ ln𝐶𝑡 − E 𝑡−1 [Δ ln𝐶𝑡] , (2)

and to shocks to long-run consumption prospects

𝜀𝑥
𝑡 = {E𝑡 − E 𝑡−1} (

∞
∑
𝑗=1

(𝜅𝑥)𝑗 ⋅ Δ ln𝐶𝑡+𝑗) , (3)

as reflected in the log-SDF,

ln𝑀𝑡 = E 𝑡−1[ln𝑀𝑡] − 𝑏𝑐 𝜀𝑐
𝑡 − 𝑏𝑥 𝜀𝑥

𝑡 , (4)

where the constant 𝜅𝑥 ∈ (0, 1) is a function of the equilibrium consumption–wealth ratio,
and the constants 𝑏𝑐 > 0 and 𝑏𝑥 > 0 are the SDF loadings on contemporaneous and long-run
consumption shocks, respectively. Then, the more persistently a shock affects consumption
growth, the larger the fluctuations it generates in prospects of the whole consumption path,
captured by 𝜀𝑥

𝑡 , and hence the stronger its impact is on the IMRS.7

Assuming that 𝜀𝑐
𝑡 and 𝜀𝑥

𝑡 are also the key stochastic determinants of asset return dynam-
ics,8 the following reduced-form pricing equation holds:

E [𝑅𝑖
𝑡 ] − 𝑅𝑓 = 𝜆𝑐𝛽𝑖

𝑐 + 𝜆𝑥𝛽𝑖
𝑥 , (5)

6A standard reference is Cochrane (2005).
7For instance, if consumption growth simply followed Δ ln 𝐶𝑡 = 𝜌𝑐Δ ln 𝐶𝑡−1 + ̆𝜀𝑡 with |𝜌𝑐| < 1 and

̆𝜀𝑡 i.i.d., then the long-run shock would be 𝜀𝑥
𝑡 = 1

1−𝜅𝑥𝜌𝑐
̆𝜀𝑡, whose magnitude, conditional on ̆𝜀𝑡, depends

crucially on the persistence parameter 𝜌𝑐.
8A factor structure such as 𝑅𝑖

𝑡 = 𝑅̄𝑖 + 𝛽𝑖
𝑐 𝜀𝑐,𝑡 + 𝛽𝑖

𝑥 𝜀𝑥,𝑡 + 𝑒𝑖
𝑡 is often assumed for returns; the LRR

framework specifically assumes this structure for assets’ cash-flow growth rates.
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where the 𝛽𝑖
𝑗 for 𝑗 ∈ {𝑐, 𝑥} measure asset 𝑖’s sensitivities to each shock, and the 𝜆𝑗 are the

market-wide prices of risk, per unit of exposure to shock 𝑗, each proportional to Var [𝜀𝑗
𝑡].

The economic interpretation is that the agent dislikes exposure to fluctuations in both real-
ized and expected future consumption growth; holding assets with such exposure therefore
requires compensation in the form of higher expected returns. Importantly, the more per-
sistently a shock propagates into future consumption growth, the larger the variance of the
associated long-run shock, and the greater the market price of long-run risk 𝜆𝑥, with broad
implications for the cross-section of asset returns.

Since aggregate consumption expectations respond to many shocks, long-run risks can
originate from multiple economic sources. Productivity is a particularly important one:
positive news induces agents to postpone consumption, producing fluctuations in expected
consumption growth across many horizons, when productivity shocks are sufficiently persis-
tent and the IES is sufficiently high (Croce, 2014; Kaltenbrunner and Lochstoer, 2010; Ortu
et al., 2013). Building on the idea that productivity dynamics are themselves shaped by the
long-lasting effects of innovation, Kung and Schmid (2015) argue that R&D is a key source
of long-run risk.

2.2 The Innovation Component of Productivity Growth

The specification of the link between R&D and aggregate productivity growth is actively
debated within the endogenous growth literature. To investigate how innovation dynamics
drive long-run risk, I build on the framework of Jones (1999), which nests the main alter-
natives as special cases without committing to any one of them.9 Final goods output 𝑌𝑡 is
produced according to:

𝑌𝑡 = 𝑍𝑡𝐿𝑡 , (6)

where 𝐿𝑡 denotes labor and 𝑍𝑡 is aggregate productivity.10 Productivity is determined by
the average stock of ideas 𝐼𝑡 over the mass of product varieties 𝑄𝑡, and by a zero-mean
process 𝑎𝑡 separately capturing the contribution of factors outside the technological domain
(such as misallocation):

𝑍𝑡 = 𝐼𝜃
𝑡 𝑄𝜉

𝑡𝑒𝑎𝑡 , (7)

where 𝜃 > 0 and 𝜉 > 0 capture the returns to the stock of ideas and the love of variety,
respectively. In this framework, while 𝑄𝑡 shapes the technological environment, only 𝐼𝑡
is driven by aggregate R&D expenditures 𝑆𝑡 and constitutes the innovation component of

9The framework spans the fully-endogenous approach (e.g., Peretto, 1998), where spillovers persist indef-
initely, and the semi-endogenous approach (e.g., Jones, 1995), where they eventually die out. Steady-state
growth depends on R&D intensity or population growth alone, respectively.

10The analysis extends to any Cobb-Douglas specification with additional rival inputs, such as capital.
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technology,11 with the law of motion

𝐼𝑡+1 = (1 − 𝜙)𝐼𝑡 + 𝜒 ⋅ 𝑆𝜂
𝑡 𝐼𝜓

𝑡 𝑄−1
𝑡 , (8)

where 𝜙 ∈ [0, 1) is the probability of ideas becoming obsolete, 𝜒 > 0 is a scale parameter,
𝜂 ∈ (0, 1] controls duplication in R&D efforts, and 𝜓 governs the strength of spillovers from
past ideas (net of fishing-out effects).12 The term 𝑆𝜂

𝑡 𝐼𝜓
𝑡 𝑄−1

𝑡 reflects the gross new average
ideas, where the technological frontier determines the effectiveness of R&D in creating them:
past ideas 𝐼𝑡 raise it (in levels), while product variety 𝑄𝑡 erodes it by converting gross ideas
into per-variety terms.

Together, (7) and (8) provide enough structure to characterize productivity dynamics,
yielding the approximation13

Δ ln𝑍𝑡+1 ≈ 𝛾0 + 𝛾1 (ln𝑆𝑡 − 1 − 𝜓
𝜂 ln 𝐼𝑡 − 1

𝜂 ln𝑄𝑡) + 𝜉Δ ln𝑄𝑡+1 + Δ𝑎𝑡+1 , (9)

where 𝛾0 and 𝛾1 are composite parameters, with 𝛾1 > 0, whose expressions in terms of
deeper structural parameters appear in A.1. Beyond non-idea changes Δ𝑎𝑡+1 and Δ ln𝑄𝑡+1,
productivity growth is driven by the “effective R&D” term,

𝑠𝑡 = ln𝑆𝑡 − 1 − 𝜓
𝜂 ln 𝐼𝑡 − 1

𝜂 ln𝑄𝑡 . (10)

This term reflects R&D’s contribution to productivity growth, with aggregate investments
scaled down by product variety and, when spillovers are less than linear, by the stock of
average ideas, capturing the increasing difficulty of finding new ideas. Because the effect of
R&D on expected productivity growth depends on the contemporaneous values of 𝐼𝑡 and 𝑄𝑡,
any alternative transformation of R&D expenditure – such as its growth rate or its ratio to
GDP, both common in the literature – fails to capture it faithfully. The scaling in 𝑠𝑡 is the
only one that does so, regardless of whether the economy is in a fully or semi-endogenous
growth regime. 𝑠𝑡 is therefore termed the innovation component of productivity growth –
the central focus of this study.

Rearranging (10) reveals that effective R&D admits a natural interpretation as the
stochastic scaler of a rule-of-thumb policy function for aggregate R&D:

𝑆𝑡 = 𝑒𝑠𝑡 ⋅ (𝐼1−𝜓
𝑡 𝑄𝑡)

1/𝜂 . (11)

This highlights how a constant 𝑠𝑡, and hence constant productivity growth, requires the
absolute level of R&D investment to rise alongside the economy’s stock of ideas and product
variety; any lower level of investment, however high in absolute terms, is associated with

11This is a “lab-equipment” formulation: new ideas are produced from final goods rather than labor.
Kruse-Andersen (2023) adopt a similar reformulation of Jones (1999); Sedgley and Elmslie (2013) study the
dynamics of this class of models.

12This specification nests Kung and Schmid (2015) as a special case and admits balanced growth paths
under regime-specific additional restrictions; see A.2.

13Ha and Howitt (2007) and Kruse-Andersen (2023) employ similar approximations on annual data; the
quarterly frequency used here likely improves its accuracy. Full derivation in A.1.
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a fall in 𝑠𝑡 and, consequently, in productivity growth, as R&D loses ground against the
increasing difficulty of finding new ideas and the expansion of product variety.

Assuming productivity growth is stationary, as widely supported by the data, a literal
interpretation of (9) dictates that effective R&D is stationary too, unless Δ ln𝑄𝑡+1 or Δ𝑎𝑡+1
are themselves non-stationary, a non-standard case. On the other hand, sustained produc-
tivity growth implies exponential growth in aggregate R&D and average ideas, as well as in
product variety, which is typically assumed to scale with the economy, so their logarithms
are predicted to be unit-root processes – also widely supported by the data. 𝑠𝑡 is therefore
stationary but also a linear combination of three unit-root variables, which implies a coin-
tegrating relationship among them, with 𝑠𝑡 as the associated error correction term (ECT).
Intuitively, high R&D cannot systematically outpace the frontier, not least because R&D
itself raises the stock of ideas; conversely, low R&D lets the stock of ideas erode, and as
the frontier falls, the effectiveness of R&D rises. Crucially, the parameters of cointegrat-
ing relationships can be estimated using well-established techniques, making 𝑠𝑡 in principle
recoverable from the data.

2.3 The Long-Run Risk from Innovation

The stationarity of 𝑠𝑡 implies the existence of an unconditional mean ̄𝑠, which represents the
infinite-horizon equilibrium level around which 𝑠𝑡 fluctuates. Deviations from this equilib-
rium, ̃𝑠𝑡 = 𝑠𝑡 − ̄𝑠, are termed “excess effective R&D” and drive expected future productivity
growth:

E𝑡 [Δ̃ ln𝑍𝑡+1] ≈ 𝛾1 ⋅ ̃𝑠𝑡 + 𝜉 ⋅ E𝑡 [Δ̃ ln𝑄𝑡+1] + E𝑡 [Δ𝑎𝑡+1] , (12)

where Δ̃ ln𝑍𝑡+1 and Δ̃ ln𝑄𝑡+1 denote the demeaned counterparts of Δ ln𝑍𝑡+1 and Δ ln𝑄𝑡+1,
respectively. Note that ̃𝑠𝑡 is the only variable on the right-hand side directly contained in the
time-𝑡 information set, playing the same role in forecasting future growth as the “productivity
LRR component” in Croce (2014), lending it a deeper economic interpretation.

For illustrative purposes, this section follows the long-run risk literature and assumes
that excess effective R&D follows a univariate AR(1) process:

̃𝑠𝑡 = 𝜌𝑠 ̃𝑠𝑡−1 + ̃𝜀𝑡, ̃𝜀𝑡 ∼ 𝒩(0, 𝜎2
𝑠) . (13)

This law of motion implies that, while R&D expenditures keep pace with the technological
level asymptotically, their temporary deviations from the infinite-horizon equilibrium pro-
portion evolve autonomously, depending only on their own past values. Moreover, as the
technological frontier is predetermined at the time R&D is chosen, effective R&D shocks ̃𝜀𝑡
can be interpreted as R&D shocks pre-scaled to reflect their effectiveness. In this setting,
the effects of these shocks propagate solely through the persistence of effective R&D itself,
which Kung and Schmid (2015) shows can indeed emerge endogenously. The news about
long-run productivity in response to an effective R&D shock is then

{E𝑡 − E 𝑡−1}(
∞

∑
𝑗=1

Δ ln𝑍𝑡+𝑗) = 𝛾1
1 − 𝜌𝑠

̃𝜀𝑡 . (14)
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Under the simplifying assumption that consumption is a constant fraction of final goods
produced, 𝜀𝑥

𝑡 is affine in ̃𝜀𝑡 with slope 𝛾1𝜅𝑥
1−𝜌𝑠𝜅𝑥

, which implies Var [𝜀𝑥
𝑡 ] being proportional to

( 𝛾1𝜅𝑥
1−𝜌𝑠𝜅𝑥

)2𝜎2
𝑠 , illustrating how the persistence of R&D effects determines the impact of its

shocks on the IMRS and asset prices via (4) and (5). From a financial perspective, the
longer these shocks continue to affect consumption growth, the higher the returns investors
demand on assets whose payoffs covary positively with them, as these signal larger shifts in
productivity and consumption prospects.

Note that there is a well-known tension between the degree of persistence of a series
and the difficulty of empirically distinguishing it from a non-stationary one.14 Indeed, in
finite samples, effective R&D may (i) appear stationary despite being generated by a non-
stationary process, due to substantial short-term fluctuations, or (ii) appear non-stationary
despite being stationary but highly persistent. This poses a challenge for this univariate
setting: the stationarity of 𝑠𝑡 is crucial for validation, to avoid spurious results in standard
empirical analyses, while high persistence of 𝑠𝑡 is essential for the long-run risk mechanism to
be economically significant, with these effects strongest precisely as the process approaches
the unit root. Ultimately, whether a stationary effective R&D best represents reality is an
empirical question, and, in any case, the persistence of the effects of R&D shocks need not
coincide with the intrinsic persistence of the innovation component, as even a transitory
disturbance can generate lasting effects when propagated through interactions with the
broader economic system. The key characteristic for ̃𝑠𝑡 to qualify as an Innovation Long-Run
Risk Component is only that its shocks forecast growth in productivity – and in consumption
– over long horizons.

3 From Theory to Data

The theoretical framework just laid out does not, by itself, provide reduced-form conditions
mapping tightly into empirical specifications that permit testing its key predictions and
recovering effective R&D dynamics. To this end, I complement it with additional conditions,
drawing on standard practices in the literature. The augmented framework then allows the
cointegrating relationship that yields effective R&D to be recast in terms of observables and
supplies the one theoretical condition invoked in estimation to recover the R&D shocks. The
deep parameters underlying these objects are neither separately identified nor systematically
scrutinized, except in recovering net effective R&D levels, a supplement to the main analysis.

The full structure is articulated in two blocks: a long-run block that specifies the rela-
tion among non-stationary variables, yielding an operational gross measure of effective R&D;
and a short-run block that specifies a stationary system, from which the structural shocks
are identified. This split formulation is designed to align with estimation, which is carried
out in two steps because of the timing of the variables entering it. Indeed, effective R&D
combines R&D expenditure, a flow variable measured over a given period, and empirical
counterparts of ideas and product variety, stock variables observed only at the end of each
period. In standard theoretical models, however, end-of-period stock levels cannot be part

14See, for example, Müller (2005).
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of the information set underlying R&D decisions, made either at the beginning of a period
or continuously throughout it, nor can they affect the effectiveness of previous expenditures.
To maintain theoretical consistency, then, R&D has to be empirically aligned with stock
levels at the beginning of the period, i.e., the end of the previous period, since intermediate
stock values are unavailable and interpolation would distort the series’ dynamic properties.
This timing convention, in turn, is problematic for standard Vector Error Correction Models,
which jointly estimate long-run relations and short-run dynamics, since these would effec-
tively use R&D between 𝑡 − 1 and 𝑡 to forecast growth in the ideas stock over the same
interval, which is not the predictive relationship described by endogenous growth theory.

3.1 An Empirical Measure of Effective R&D

Of the three theoretical quantities composing effective R&D, as defined in (10), only R&D
expenditure maps cleanly to observables. The average stock of ideas and product variety
are harder to measure and are thus mapped to more observable quantities. First, the stock
of ideas is replaced by the productivity level, exploiting the definition of TFP in (7) and
following numerous studies that have argued the most common measure of new ideas, patents,
to be a poor proxy for successful innovation.15 Moreover, even with a reliable proxy for new
ideas, the stock would need to be constructed manually using the very law of motion under
estimation. This would not only make the estimation procedure more convoluted, but also
require a more detailed law of motion (including, most notably, foreign ideas), likely limiting
the sample timespan and carrying its own misspecification risk. By contrast, TFP, measured
as a Solow residual, is much easier to measure empirically: its very concept is grounded in
the data, and its definition is shared across many models, enhancing the external validity of
the analysis. Second, product variety is replaced by labor force 𝐿𝑡, under the assumption

ln𝑄𝑡 = 𝜔 ⋅ ln𝐿𝑡 + 𝜋 ⋅ 𝑎𝑡 , (15)

for some 𝜔, 𝜋 > 0. This reduced-form approximation follows Jones (1999) in anchoring
the trend of product variety to that of the labor input, reflecting the standard result that
steady-state product variety scales with labor, in line with the cointegration-based empiri-
cal literature on endogenous growth (Ha and Howitt, 2007; Kruse-Andersen, 2023; Madsen,
2008, among others). This formulation also accommodates deviations of product variety from
the labor input at higher frequencies, characterizing their dynamics as stationary fluctua-
tions associated with the non-technological process 𝑎𝑡, in line with its pronounced cyclicality
(Broda and Weinstein, 2010).16

Effective R&D can then be expressed almost entirely in terms of observable variables:

𝑠𝑡 = ln𝑆𝑡 − 𝛼𝑍 ⋅ ln𝑍𝑡 − 𝛼𝐿 ⋅ ln𝐿𝑡 + (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝑎𝑡 , (16)

where 𝛼𝑍 and 𝛼𝐿 are composite parameters, functions of the deep parameters of the the-
15See, for example, Reeb and Zhao (2020) and Herzer (2022).
16Including lagged effective R&D as an additional determinant of product variety levels would merely

relabel reduced-form parameters, leaving the empirical specifications and interpretation unchanged.
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oretical framework, with expressions reported in A.1. Given stationarity of productivity
growth and the non-technological process, the linear combination of 𝑆𝑡, 𝑍𝑡, and 𝐿𝑡 inherits
the theoretical prediction of stationarity, motivating an empirical cointegration model for
these three variables, which also tests the stationarity prediction. What is left random from
this cointegrating relation, its ECT, is interpreted by theory as a version of excess effective
R&D contaminated by a non-technological component, henceforth “gross effective R&D”:

̂𝑠𝑡 = ̃𝑠𝑡 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝑎𝑡 . (17)

3.2 Innovation Shocks and Their Identification

Theory predicts that unanticipated changes to net effective R&D represent a substantial risk
factor in financial markets. These can conveniently be identified from gross effective R&D in
a system that spans the non-technological process, isolating and removing the contamination.
The strategy requires R&D fluctuations to affect real macroeconomic quantities with a delay,
which is a common assumption in the literature (e.g., Moran and Queralto (2018)) and is,
in fact, the only restriction imposed on the system governing the short-run dynamics of the
state variables underlying the entire theoretical framework.17 The assumed system is indeed
otherwise agnostic, accommodating standard time dependencies and feedback effects:

̃𝑠𝑡+1 = 𝜌𝑠 ̃𝑠𝑡 + 𝛽𝑠,𝑎𝑎𝑡 + 𝛽𝑠,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑠,𝑎𝜀𝑎
𝑡+1 + 𝛿𝑠,𝑠𝜀𝑠

𝑡+1 (18a)

𝑎𝑡+1 = 𝛽𝑎,𝑠 ̃𝑠𝑡 + 𝜌𝑎𝑎𝑡 + 𝛽𝑎,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑎,𝑎𝜀𝑎
𝑡+1 (18b)

Δ̃ ln𝐿𝑡+1 = 𝛽𝐿,𝑠 ̃𝑠𝑡 + 𝛽𝐿,𝑎𝑎𝑡 + 𝜌𝐿Δ̃ ln𝐿𝑡 + 𝛿𝐿,𝑎𝜀𝑎
𝑡+1 , (18c)

where 𝜌𝑖 are the autoregressive coefficients, 𝛽𝑖,𝑗 the cross-variable feedback coefficients, 𝛿𝑖,𝑗
the contemporaneous shock loadings, 𝜀𝑖

𝑡+1 i.i.d. standard normal shocks, for 𝑖, 𝑗 ∈ {𝐿, 𝑎, 𝑠},
and Δ̃ ln𝐿𝑡 denotes labor growth deviations from its unconditional mean. This system em-
beds a further assumption, abstracting from idiosyncratic shocks to the labor input, which
is adopted on estimation and expositional grounds but is not strictly necessary. Indeed,
labor force dynamics have been shown to be largely driven by near-deterministic demo-
graphic factors (Aaronson et al., 2014; Fujita, 2014), and thus provide little additional
short-run information, while substantially increasing the system dimension at an apprecia-
ble cost in finite-sample estimation efficiency. Labor input is therefore assumed to follow
Δ ln𝐿𝑡+1 = 𝜇𝐿 + 𝜈 ⋅ 𝑎𝑡+1, where 𝜇𝐿 captures the demographic component and 𝜈 ⋅ 𝑎𝑡+1 the
non-negligible cyclical fluctuations in the residual variation (Erceg and Levin, 2014). The
resulting system features two primitive shocks, 𝜀𝑠

𝑡 and 𝜀𝑎
𝑡 , with the latter now absorbing all

business-cycle variation in productivity that is orthogonal to innovation efforts. D.2 reports
theoretical derivations and empirical results allowing for an independent labor shock; find-
ings are qualitatively and quantitatively very similar, with slightly wider confidence intervals
owing to the larger system size.

Note that, in this setting, structural shocks 𝜀𝑠
𝑡 capture only the unforeseen variation

17Implausibility of contemporaneous outcomes is further supported by the significant lag in the diffusion
of new technologies, as stressed in Rotemberg (2003) and Anzoategui et al. (2019).
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in R&D (scaled by its contemporaneous effectiveness) that is not driven by simultaneous
unanticipated changes in the other variables, effectively isolating the long-run risk channel
in reduced-form estimates of the innovation risk premium. Indeed, total effective R&D
shocks decompose as ̃𝑠𝑡 − E 𝑡−1 [ ̃𝑠𝑡] = 𝛿𝑠,𝑎𝜀𝑎

𝑡 + 𝛿𝑠,𝑠𝜀𝑠
𝑡 , and while the component driven by

𝜀𝑎
𝑡 is associated with contemporaneous changes in other real macroeconomic quantities, the
one driven by 𝜀𝑠

𝑡 does not leak to them contemporaneously, affecting only future growth
(see (9)). In the language of Section 2.1, 𝜀𝑠

𝑡 operates only through the long-run risk shock
𝜀𝑥

𝑡 , in isolation from short-run shocks 𝜀𝑐
𝑡 .18 By contrast, 𝜀𝑎

𝑡 drives contemporaneous changes
in both effective R&D, with long-run repercussions, and consumption, so the risk premium
associated with it is potentially inflated by distinct risks. Clearly, the analysis does not
claim 𝜀𝑠

𝑡 to be fundamental in an absolute sense, as R&D plausibly reacts to economic
forces outside of this framework, most notably financial conditions. Nonetheless, the one
driver it is explicitly distinguished from, productivity growth, would otherwise be the most
troublesome confounder, being both a recognized driver of R&D investment decisions and
the very channel through which innovation creates long-run risk.

Using (9) and (15), the system in (18) can be represented as

[Δ̃ ln𝑍𝑡+1
̂𝑠𝑡+1

] = Θ1[Δ̃ ln𝑍𝑡
̂𝑠𝑡

]+ Θ2[Δ̃ ln𝑍𝑡−1
̂𝑠𝑡−1

]+(𝜆1
𝑍,𝑎 0

𝜆1
𝑠,𝑎 𝜆1

𝑠,𝑠
)[𝜀𝑎

𝑡+1
𝜀𝑠

𝑡+1
]+ Λ2[𝜀𝑎

𝑡
𝜀𝑠

𝑡
] , (19)

where Θ1, Θ2 and Λ2 are 2 × 2 matrices of composite parameters whose derivation is in
A.3. Importantly, R&D shocks 𝜀𝑠

𝑡 can be identified using the gross effective R&D measure
by virtue of the triangularity of the contemporaneous impact matrix, which holds because
both the gross measure and the structural system are linear in net effective R&D and the
non-technological process. Notice that the identification scheme here jointly performs two
distinct tasks: it removes the contamination from effective R&D to correctly measure the
dynamics of its net values, and it identifies its unexpected changes not attributable to other
variables in the system.

3.3 Recovery of Net Effective R&D Levels

Conditions (9) and (15) also permit expressing effective R&D levels almost exclusively in
terms of observables (see A.4):

̃𝑠𝑡 =
𝑡−1
∑
𝑗=0

(𝜅𝑠)𝑗 {𝜅𝑍 ⋅ Δ̃ ln𝑍𝑡−𝑗 − 𝜅𝐿 ⋅ Δ̃ ln𝐿𝑡−𝑗 + Δ ̂𝑠𝑡−𝑗} + (𝜅𝑠)𝑡 ⋅ ̃𝑠0 , (20)

where 𝜅𝑍 = 𝛼𝑍+𝛼𝐿
𝜋
𝜔

1+𝜉𝜋 , 𝜅𝐿 = (𝜉𝜔)𝜅𝑍 and 𝜅𝑠 = 1 − 𝛾1 ⋅ 𝜅𝑍. Though not strictly required for
the main analysis, this series provides broader insight on R&D dynamics and serves as an
additional robustness check for the empirical tests of the framework. Since the computation

18In the theoretical framework of this paper, a positive shock 𝜀𝑠
𝑡 actually reduces contemporaneous con-

sumption growth via the budget constraint, implying a negative short-run risk that counteracts, rather than
inflates, the long-run risk from 𝜀𝑠

𝑡 . The risk premium associated with these shocks in reduced-form estimates
would therefore represent a lower bound on its LRR component.
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of this structural object depends on deep parameters whose identification lies outside the
scope of this paper, a minimal set of auxiliary assumptions is imposed, only in recovering
net effective R&D levels.

First, setting 𝜂 = 1 abstracts from duplication of innovative efforts, a common assump-
tion in the empirical literature (e.g., Bloom et al., 2020). Second, setting 𝜔 = 1 implies
that product variety is precisely proportional to the labor input in the long run. In this
lab-equipment setup, this restriction simply specializes the framework, which remains com-
patible with both fully and semi-endogenous growth. Third, setting 𝜋 = 0 abstracts from
fluctuations in product variety not captured by the labor input, leaving residual contamina-
tion in the very short-run.19 Under these restrictions, 𝜅𝑍 = 𝛼𝑍 and 𝜅𝐿 = 1 − 𝛼𝐿.

To identify 𝛾1, and thus 𝜅𝑆, two further assumptions are imposed. Fourth, non-technological
productivity variation is spanned by observable pervasive macroeconomic factors 𝐟𝑡, i.e.,
𝑎𝑡 = 𝜸′

𝑓𝐟𝑡 for some 𝜸𝑓 ; fifth, R&D’s effect on real variables is negligible even one period
ahead, i.e., 𝛽𝐿,𝑠 = 𝛽𝑎,𝑠 = 0 in (18). Under these assumptions,

Δ̃ ln𝑍𝑡+1 = 𝛾1 ̂𝑠𝑡 + 𝛾𝐿Δ̃ ln𝐿𝑡 + 𝛾𝑎𝜸′
𝑓𝐟𝑡 + 𝛾𝑒𝜀𝑎

𝑡+1 , (21)

with 𝛾1 the sole coefficient on ̂𝑠𝑡, hence identifiable from data (see A.3 for 𝛾𝐿, 𝛾𝑎, and
𝛾𝑒). The fourth assumption is common in empirical applications (most notably Ai et al.,
2018). The fifth one is conceptually motivated by 𝑎𝑡 capturing numerous aggregate factors
and, consequently, R&D’s one-period contribution being likely negligible, even if feedback
mechanisms amplify it at longer horizons, as corroborated by results below.

The only unobservable term left in (20) is the initial value ̃𝑠0, whose influence decays
exponentially through 𝜅𝑡

𝑆 under stationarity of ̃𝑠𝑡, as verified empirically below.

4 The Empirical Innovation Component

4.1 The Gross Effective R&D

4.1.1 Empirical Implementation

The cointegrating relationship in (16) is estimated as

ln𝑆𝑡 = 𝑏0 + 𝑏𝑍 ⋅ ln𝑍𝑡 + 𝑏𝐿 ⋅ ln𝐿𝑡 + 𝑒𝑡 , (22)

where 𝑏𝑍 and 𝑏𝐿 correspond to 𝛼𝑍 and 𝛼𝐿, and the ECT 𝑒𝑡 identifies gross effective R&D
̂𝑠𝑡. The regression is estimated using the Fully Modified Ordinary Least Squares (FM-

OLS) method (Phillips and Hansen, 1990), which corrects for endogeneity in cointegrating
regressions by adjusting the dependent variable using the long-run covariance between the
error term and regressor innovations. FM-OLS is particularly suitable here because the error
correction term is expected to be highly persistent. By contrast, addressing endogeneity

19For comparison, assuming 𝜋 = 𝜔 = 1 yields a negative empirical impulse response of ̃𝑠𝑡 to 𝑎𝑡, nearly
identical to that of ̂𝑠𝑡 and counter to theory, suggesting that this alternative value of 𝜋 is an upper bound
leading to insufficient correction for the cyclical component of productivity, via 𝜉𝜋 in 𝜅𝑍.
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with Dynamic OLS (Stock and Watson, 1993), which requires including leads and lags of
the differenced regressors, would consume many degrees of freedom and substantially reduce
the effective sample size. For robustness, the Integrated Modified (IM) OLS of Vogelsang
and Wagner (2014) is also considered, although it is expected to perform less efficiently than
FM-OLS given the sample size, over 300 observations.

The baseline measure of R&D is real US private R&D expenditure, in line with re-
lated studies (Beqiraj et al., 2025; Kung and Schmid, 2015; Moran and Queralto, 2018).
Indeed, the endogenous growth models underlying the framework of Section 2 rest on profit-
maximizing allocation and innovation decisions, abstracting from the institutional and policy
considerations central to government expenditure, and from the possibly distinct knowledge
production function the latter may follow. On these grounds, public R&D effort is treated
as part of the non-technological productivity component, and total R&D is left as a robust-
ness check. Total Factor Productivity is taken from Fernald (2012). The baseline series is
TFP growth adjusted for utilization and excluding R&D from capital; robustness checks
use the raw TFP series. The utilization adjustment is preferred because removing cycli-
cal utilization dynamics enhances the signal-to-noise ratio of the underlying technological
component of productivity, thereby improving the precision of the estimates; R&D capital
is excluded because its construction through simple cumulation and depreciation of R&D
flows is inconsistent with the knowledge production function studied in this work. Differ-
ences between the series arise mainly from the utilization adjustment, with the R&D-capital
exclusion contributing little. The labor force is measured by total employment, with non-
farm employment used as a robustness check. Neither series includes military employment –
a further mismatch with total R&D, given the substantial defense share of public R&D ex-
penditure. The combined dataset is quarterly and spans 1948Q1 to 2025Q1; further details
are provided in B.1.

4.1.2 Results

Table 1 reports estimates of the cointegrating regression in (22). The first column shows the
baseline; the rest assess robustness to alternative data and estimator.

The 𝑏𝑍 estimates are all positive and significantly different from zero, as expected, im-
plying that R&D expenditure and TFP levels move together in the long run, i.e., R&D rises
with the scale of the economy. The labor coefficient, 𝑏𝐿, is similarly positive, significant,
and consistent across specifications, underscoring the dilution effect of product variety on
R&D’s frontier-advancing power, and product variety’s relevance in shaping R&D effective-
ness. The sole exception is total R&D, under which 𝑏𝐿 becomes insignificant and negative,
consistent with labor force measures excluding part of the public labor input, most notably
the military, and public R&D potentially operating through a different production func-
tion.20 The IM-OLS estimates corroborate the baseline in coefficient values but are clearly
more unstable, as revealed by visual inspection of the ECT time series, which are markedly
noisier and less consistent across specifications when estimated with IM-OLS (Figure 13, D).

20Unreported estimates are significantly negative when only public R&D is used.
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Table 1: Cointegration results. The regression is ln𝑆𝑡 = 𝑏0 + 𝑏𝑍 ln𝑍𝑡 + 𝑏𝐿 ln𝐿𝑡 + 𝑒𝑡, estimated on
quarterly data over 1948Q1–2025Q1 via Fully Modified OLS (Phillips and Hansen, 1990). Columns
show baseline estimates (Private R&D as 𝑆𝑡, Utilization-adjusted TFP as 𝑍𝑡, Total Employment
as 𝐿𝑡) and four robustness checks, each varying R&D (Total R&D), productivity (Raw TFP), labor
(Nonfarm Employment), or the estimation method (Vogelsang and Wagner, 2014). The bottom panel
reports statistics for 𝑒𝑡: 𝜎 is the standard deviation; ADF and KPSS are stationarity tests (detecting
stochastic and deterministic trends); AR(1) is the fitted autoregressive coefficient; 𝑇 is the number
of observations.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝐿: N.F. Empl. Est. Meth.: IM
𝑏𝑍 3.526∗∗∗ 4.197∗∗∗ 3.655∗∗∗ 3.349∗∗∗ 2.821∗∗∗

(0.439) (0.516) (0.490) (0.464) (0.552)
𝑏𝐿 0.909∗∗∗ −0.354 0.956∗∗∗ 0.953∗∗∗ 1.387∗∗∗

(0.336) (0.395) (0.356) (0.325) (0.398)
𝑒𝑡

𝜎 0.130 0.144 0.128 0.129 0.253
ADF −2.57∗∗ −2.45∗∗ −2.92∗∗∗ −2.45∗∗ −9.18∗∗∗

KPSS 0.09 0.09 0.09 0.10 0.29
AR(1) 0.96 0.96 0.95 0.97 0.15
T 309 309 309 309 309
∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1

Visual inspection of the ECTs further shows that the nonfarm-employment variant is the
least consequential, leaving both ECT dynamics and coefficient estimates indistinguishable
from the baseline, whereas the raw-TFP variant, while leaving the coefficients essentially
unchanged, does noticeably alter the ECT dynamics.

Within the framework adopted here, these estimates cannot reject a semi-endogenous
balanced growth path (BGP) but do reject a fully endogenous one at any conventional
significance level, since the latter requires 𝑏𝑍 = 1 (see A.2).21 These results, along with the
coefficient estimates, are in line with Kruse-Andersen (2023). Beyond the BGP rejection,
the estimates deliver two bounds on deep theoretical parameters under positive past-ideas
spillovers 𝜓 > 0, namely 𝜃𝜂 < 1/𝛼𝑍 ≈ 0.28, bounding R&D’s overall transmission to
productivity, and 𝜃 − 𝜉𝜔 < 𝛼𝐿/𝛼𝑍 ≈ 0.26, bounding the love-of-variety strength relative to
ideas’ contribution to productivity.

The bottom panel of Table 1 reports descriptive statistics for the ECT, which identifies
the time series of ̂𝑠𝑡. Across specifications, these series are highly persistent but stationary
by both ADF and KPSS tests, with no deterministic trend. They are also correlated above
86% with one another (Table 20), except for the IM-OLS variant.

21The rejection is not overturned by 𝑏𝐿 being statistically indistinguishable from 1: although, under
specific assumptions, 𝑏𝐿 = 1 is consistent with 𝜔 = 1 and a fully endogenous BGP, 𝑏𝐿 identifies a composite
parameter rather than 𝜔 itself.
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4.2 The Net Effective R&D

4.2.1 Empirical Implementation

Section 3.3 motivates a plug-in estimator:22

̂̃𝑠𝑡 =
𝑡−1
∑
𝑗=0

( ̂𝜅𝑠)𝑗 {𝑏̂𝑍 ⋅ Δ̃ ln𝑍𝑡−𝑗 − (1 − ̂𝑏𝐿) ⋅ Δ̃ ln𝐿𝑡−𝑗 + Δ ̂𝑒𝑡−𝑗} , (23)

where ̂𝜅𝑠 = 1− ̂𝑏𝑠⋅ ̂𝑏𝑍, with hats denoting parameter estimates. As discussed in B.2, this omits
the unobservable initial condition, so the recovered series is trimmed at the beginning of the
sample to ensure consistency, and the standard errors are derived to reflect the resulting
uncertainty, beyond the sampling variability in the estimates.

The coefficient 𝑏𝑠, which only identifies the composite 𝛾1 = (𝜃𝜒)E[𝑠𝑡], is estimated from
the empirical counterpart of (21):

Δ ln𝑍𝑡+1 = 𝑏0 + 𝑏𝑠 ̂𝑠𝑡 +
𝑃

∑
𝑗=0

(𝐛′
𝑓,𝑗𝐟𝑡−𝑗 + 𝑏𝑍,𝑗Δ ln𝑍𝑡−𝑗) + 𝑢𝑡+1 . (24)

As the aim is to estimate 𝑏𝑠 rather than to characterize the full dynamics of the R&D impact,
a single-equation approach is preferred to a system, since it can accommodate more controls
in 𝐟𝑡 to reduce bias at a smaller increase in estimation variance than the latter would. In
line with Ai et al. (2018), the baseline factors are the LN factors of Ludvigson and Ng
(2009) – nine principal components of a broad macroeconomic and financial panel – with
a similarly-sized expansion of the BS factors of Bansal and Shaliastovich (2013) used for
robustness; see B.1 for details. The LN factors are preferred despite their shorter sample
(1960Q1–2025Q2 vs. 1952Q1–2025Q2) because they summarize a richer information set,
as confirmed by model-selection comparisons. Both the factors and the dependent variable
enter as regressors with 𝑃 lags, chosen by standard information criteria; labor growth Δ ln𝐿𝑡
is excluded as insignificant in all specifications (Wald 𝑝-values > 0.5).

4.2.2 Results

Table 2 reports the estimation results of (24).
Information criteria select 𝑃 = 1 under utilization-adjusted TFP and 𝑃 = 2 under

raw TFP (Figure 7, D), with LN-based specifications always achieving higher explanatory
power than their BS-based counterparts. The R&D coefficient 𝑏𝑠 is positive and statistically
significant across all specifications, consistent with effective R&D being a meaningful driver
of productivity growth. Its magnitude closely matches that of Kung and Schmid (2015) and
implies an annualized 0.8% increase in TFP growth per one-standard-deviation rise in ̂𝑠𝑡;
only under raw TFP is the magnitude about half.

22Note that an alternative approach to recovering ̃𝑠 in levels is to include the factors 𝐟𝑡 in the cointegration
regression among ln 𝑆𝑡, ln 𝑍𝑡, and ln 𝐿𝑡. However, this would require estimating a long-run covariance matrix
with at least 144 elements from fewer than 280 observations, yielding imprecise and unstable cointegrating-
parameter estimates.
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Table 2: One-step productivity growth forecast results. The top panel reports estimates and diagnos-
tics for the regression Δ ln𝑍𝑡+1 = 𝑏0 + 𝑏𝑠 ̂𝑠𝑡 + ∑𝑃

𝑗=0 (𝐛′
𝑓,𝑗𝐟𝑡−𝑗 + 𝑏𝑍,𝑗Δ ln𝑍𝑡−𝑗) + 𝑢𝑡+1, estimated on

quarterly data from 1960Q1 to 2025Q2; HAC standard errors are reported in parentheses. Columns
show the baseline specification (Private R&D as 𝑆𝑡, Utilization-adjusted TFP as 𝑍𝑡, Total Employ-
ment as 𝐿𝑡, LN factors as 𝐟𝑡) and four robustness checks, each varying one input: R&D (Total R&D),
productivity (Raw TFP), labor (Nonfarm Employment), or factors (BS factors, 1952Q1–2025Q2). 𝑇
is the observation count, 𝑃 the lag length (see Figure 7 for selection), and 𝑅2 the goodness-of-fit.
The intermediate row reports the estimated 𝜅𝑠 and its standard error, and the bottom panel reports
statistics for the recovered series ̃𝑠𝑡 (both detailed in B.2): 𝜎 is its standard deviation; ADF and
KPSS are stationarity tests (detecting stochastic and deterministic trends); AR(1) is the first-order
autoregressive coefficient.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝐿: N.F. Empl. 𝐟 : BS
𝑏𝑠 (%) 1.549∗∗∗ 1.223∗∗∗ 0.794∗∗ 1.520∗∗∗ 1.530∗∗∗

(0.285) (0.254) (0.337) (0.289) (0.409)
𝑇 261 261 260 261 292
𝑃 1 1 2 1 1
R2 (%) 12.4 11.8 41.7 12.2 9.3
𝜅𝑠 0.945 0.949 0.971 0.950 0.946

(0.012) (0.012) (0.013) (0.012) (0.016)
̃𝑠𝑡

𝑇 218 212 134 211 216
𝜎 0.045 0.054 0.052 0.047 0.045
ADF −2.61∗∗∗ −1.65∗ −2.08∗∗ −2.40∗∗ −2.49∗∗

KPSS 0.14 0.47∗∗ 0.22 0.17 0.15
AR(1) 0.95 0.98 0.96 0.96 0.95
∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1

Table 2 also reports the implied 𝜅𝑠 and summary statistics for the recovered ̃𝑠𝑡 series.
Across all specifications, 𝜅𝑠 is estimated with small standard errors, and ̂𝜅𝑠 lies consistently
close to but below one. Its highest values arise under Raw TFP, where ̂𝑏𝑠 is about half its
value elsewhere, pushing ̂𝜅𝑠 toward one. The recovered series are stationary by the ADF
and KPSS tests, with the sole exception of Total R&D, and display persistence comparable
to ̂𝑠𝑡. Notably, the implied half-lives range from roughly 2 to 20 years at the 95% confidence
level, a span that contains the theoretical effective-R&D analogue calibrated in Kung and
Schmid (2015) and runs from the empirical productivity component of Croce (2014) at the
lower end to that of Ortu et al. (2013) at the upper end. The persistence of R&D effects,
however, need not match the univariate persistence of ̃𝑠𝑡, since shocks propagate through the
broader economy and their effects hinge on the feedback between the innovation component
and external processes.

Figure 2 plots ̂𝑠𝑡 alongside ̃𝑠𝑡, both from the baseline specification (all ̃𝑠𝑡 series in Fig-
ure 14). Because the theoretical framework ties the difference between ̃𝑠𝑡 and ̂𝑠𝑡 to the
external process 𝑎𝑡, the figure suggests a pro-cyclical behavior of innovation efforts, consis-
tent with the predictions of Kung and Schmid (2015) and related contributions.

17



Figure 2: Baseline effective R&D measures. In green, the gross measure from estimates in Table 1,
in blue, the net measure from estimates in Table 2, with 95% confidence interval bands, obtained as
illustrated in B.2. Shaded areas mark NBER recessions.

5 The Long-Run Risk from Innovation

5.1 Effective R&D Shocks

5.1.1 Empirical Implementation

The Vector Auto-Regressive Moving-Average (VARMA) system in (19) is estimated using a
finite-order Vector Auto-Regression (VAR) that approximates its infinite-order VAR repre-
sentation,

𝐲𝑡 =
𝑃

∑
𝑗=1

𝐵𝑥,𝑗 𝐲𝑡−𝑗 + 𝐰𝑥,𝑡 , (25)

where the lag length 𝑃 is selected by standard information criteria and 𝐲𝑡 = (Δ ln𝑍𝑡 −
̂𝜇𝑍, 𝑥𝑡)′, with 𝑥𝑡 ∈ { ̂𝑒, ̂̃𝑠𝑡}. Indeed, shock identification rests on the recursive ordering of

the variables and is in principle invariant to the choice of effective R&D measure: both the
gross and net measures yield the same structural shocks 𝐯𝑡, differing only in the loadings 𝑑𝑥

of the lower-triangular Cholesky factorization

𝐰𝑥,𝑡 = (𝑑𝑥
𝑍,𝑎 0

𝑑𝑥
𝑠,𝑎 𝑑𝑥

𝑠,𝑠
) 𝐯𝑡 , 𝐯𝑡 = (𝑣𝑎

𝑡 , 𝑣𝑠
𝑡 )′ , (26)

where 𝑣𝑎
𝑡 and 𝑣𝑠

𝑡 identify 𝜀𝑎
𝑡 and 𝜀𝑠

𝑡 , respectively. Accordingly, the VAR is estimated under
both measures, with the gross measure retained as the baseline; results from the net measure
should be read in light of its substantially higher estimation uncertainty, given the shorter
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Table 3: Estimation diagnostics for the VAR in (25). Columns correspond to alternative specifications
of ̂𝑒 (gross effective R&D), with the last reporting the estimation under ̂̃𝑠 (net effective R&D). 𝑇
and 𝑃 are the sample size and the VAR lag order. 𝑅2

Δ𝑍 is the fit of the TFP growth equation
(in percent); max |roots| is the largest root of the companion matrix. ARCH-LM are Lagrange-
Multiplier tests for autoregressive conditional heteroskedasticity at four quarterly lags (one year),
applied to the residuals of the TFP growth and effective R&D equations, respectively. AC-LM are
the wild-bootstrap, heteroskedasticity-robust autocorrelation tests of Ahlgren and Catani (2017) at
the indicated lags. GC-F(𝑠) is the 𝐹 -test for Granger causality from effective R&D to TFP growth,
based on heteroskedasticity-consistent (HC) covariance.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝐿: N.F. Empl. 𝑠 : Net
𝑇 305 305 304 305 216
𝑃 3 3 4 3 2
R2

Δ𝑍 (%) 5.3 4.4 5.7 5.3 2.4
max |roots| 0.92 0.90 0.94 0.92 0.94
ARCH-LM(Δ𝑍, 4) 3.2 2.3 26.8∗∗∗ 3.3 5.2
ARCH-LM(𝑠, 4) 30.2∗∗∗ 27.0∗∗∗ 25.1∗∗∗ 29.4∗∗∗ 17.9∗∗∗

AC-LM(1) 5.8 6.3 1.9 5.1 5.7
AC-LM(4) 14.6 19.3 14.7 15.3 22.3
AC-LM(16) 69.6 68.6 60.4 69.6 63.8
AC-LM(40) 169.4 155.7 157.3 165.9 139.0
GC-F(s) 5.3∗∗∗ 6.5∗∗∗ 2.4∗∗ 5.5∗∗∗ 1.1
∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1

sample and additional estimation step.
Identification can be compromised by truncating the infinite-order VAR at finite 𝑃 , since

part of the moving-average dynamics is left in the reduced-form residuals 𝐰𝑥,𝑡. This misspec-
ification manifests itself as residual serial correlation, so the adequacy of the approximation
is assessed ex post through standard diagnostic tests.

5.1.2 Results

Table 3 reports the key statistics from the estimation of (25), for different specifications
of ̂𝑒 and, in the last column, for ̂̃𝑠. The maximum number of lags considered is 10, with
the Akaike, Hannan–Quinn, and Bayesian information criteria generally agreeing on the
optimal choice; the exception is the raw-TFP specification, for which the lag order indicated
by the Hannan–Quinn criterion is applied. The 𝑅2 for TFP growth is in line with the values
reported in Croce (2014) for samples of comparable length. The system is stable, with the
largest companion-matrix root well within the unit circle.

The middle and bottom panels report tests on the residuals and on system dynamics.
The residuals of the effective R&D equation exhibit significant heteroskedasticity across
all specifications, while those of the TFP-growth equation do so only under the raw-TFP
specification; no significant autocorrelation is detected at horizons up to 10 years. The
𝐹 -test for Granger causality from effective R&D to TFP growth (HC covariance) is highly
significant under every specification of ̂𝑒.

Figure 3 displays the impulse response functions (IRFs) of productivity growth in the
baseline specification. The effects of R&D shocks are highly persistent, with the 90% confi-
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Figure 3: Productivity impulse response functions from the VAR in (25), identified as in (26). The
left panel reports the response of productivity growth (Δ ln𝑍) to a one-standard-deviation R&D
shock (𝜀𝑠

𝑡 ); the right panel reports the response to a non-R&D shock (𝜀𝑎
𝑡 ). The VAR is estimated

under the baseline gross effective R&D specification of Table 3. Dark and light shaded areas show
68% and 90% percentile intervals from a residual bootstrap with 1,099 replications. The horizon 𝐻
is in years.

dence interval still excluding zero at the 10-year horizon. By contrast, the effects of non-R&D
TFP shocks materialize almost entirely on impact, followed by a small negative dip that dies
out completely within five years. Moreover, the R&D-shock IRF is hump-shaped, remaining
insignificant through the first year before peaking at two years. Since the identifying restric-
tion fixes only the impact response, this empirical lag supports the slow-propagation assump-
tion of Section 3.3. As a further illustration of the gross–net decomposition, Figure 16 in
the D reports the response of each effective R&D measure to non-R&D productivity shocks:
the gross measure ̂𝑠𝑡 responds negatively, consistent with its loading negatively on the non-
R&D productivity process, while the net measure ̃𝑠𝑡, which excludes this component, shows
a weakly positive response.

5.2 Long-Run Risk from Innovation

5.2.1 Empirical Implementation

The theoretical framework, drawing on established results on how productivity transmits to
consumption, delivers its key predictions while modeling consumption choices in a deliber-
ately stylized way. The impact of R&D shocks on long-run consumption can nonetheless be
credibly assessed with local projections (LP), which estimate impulse responses with valid
inference under minimal assumptions on the underlying dynamics, at the cost of higher
sampling variability (Montiel Olea et al., 2025). Accordingly, the cumulative response of
consumption growth to an R&D shock is estimated by a separate regression at each horizon
𝐻, controlling for lagged consumption levels and other macroeconomic factors,

𝐻
∑
ℎ=1

Δ ln𝐶𝑡+ℎ = 𝑏𝑐,𝐻,0 + 𝑏𝑐,𝐻,𝑠 ̂𝑣 𝑠
𝑡 +

𝑃
∑
𝑗=1

(𝐛′
𝑐,𝐻,𝑓,𝑗 𝐟𝑡−𝑗 + 𝑏𝑐,𝐻,𝑐,𝑗 ln𝐶𝑡−𝑗) + 𝑣𝑐,𝐻,𝑡+𝐻 , (27)
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Figure 4: Cumulative impulse response of consumption growth (Δ ln𝐶) to the R&D shock ( ̂𝑣 𝑠) from
(27), 𝑃 = 5, 1960Q1–2025Q2. 𝐶 is real per-capita PCE; controls are the LN factors. Shaded areas:
68% and 90% confidence bands from Montiel Olea and Plagborg-Møller (2021). Horizon 𝐻 in years.

where the lag order 𝑃 is selected by the AIC evaluated on the 𝐻 = 1 regression, as recom-
mended by Montiel Olea et al. (2025). Then, the coefficient 𝑏𝑐,𝐻,𝑠, measuring the cumulative
consumption response to R&D shocks through horizon 𝐻, is informative about how strongly
they pass through to long-run consumption news 𝜀𝑥

𝑡 . Indeed, for horizons 𝐻 where (𝜅𝑥)𝐻 ≈ 1
and the response is flat up to some 𝐻̄ > 𝐻 with (𝜅𝑥)𝐻̄ ≈ 0, one has 𝑏𝑐,𝐻,𝑠 𝜀𝑠

𝑡 ≈ 𝜀𝑥
𝑡 (B.3).

In the data, 𝐶𝑡 is real per-capita U.S. personal consumption expenditures (PCE), 1948Q1–
2025Q2, and 𝐟𝑡 is the LN factor set discussed in Section 4.2.1, which dominates the BS
alternative.

5.2.2 Results

The consumption cumulative IRFs to R&D shocks are shown in Figure 4, at the selected
lag length 𝑃 = 5 (Figure 17). The cumulative effect of R&D on consumption growth is
positive and statistically significant, reaching the 68% level only after roughly three years.
The response then increases until about six years and stabilizes around a positive level,
consistent with a permanent shift in long-run consumption; estimates beyond 10 years are
reported only to corroborate this pattern, albeit necessarily imprecise at this sample length.
Overall, R&D shocks, scaled by their effectiveness and orthogonalized to productivity shocks,
emerge as a significant driver of long-run consumption prospects.

6 The Innovation Risk Premium

R&D shocks 𝜀𝑠
𝑡 command a risk premium that identifies 𝜆𝑥 in (5): they carry substantial

long-run consumption news 𝜀𝑥
𝑡 and a negligible contemporaneous component 𝜀𝑐

𝑡 , so their
premium prices long-run risk alone, predicted positive and significant. Since this stylized
framework leaves priced risks beyond aggregate innovation unmodeled, this premium is
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estimated following Giglio and Xiu (2021), whose method is designed to address the resulting
omitted-variable bias.

The section then turns to the origins of equity risk, which in LRR models stems from
cash-flow exposure, with return betas endogenously determined. The premium carried by
the cash-flow channel is estimated following Bansal et al. (2005), whose method, though less
robust, directly isolates the cash-flow source of risk from total return variation.

6.1 A Robust Estimate

6.1.1 Empirical Implementation

The estimator of Giglio and Xiu (2021) proceeds in three passes. It first recovers the full
space of “true” risk factors from a panel of returns by principal component analysis; then,
it estimates their premia as in Fama and Macbeth (1973); finally, it recovers the premium
𝜆𝑥 of an observable factor 𝑥𝑡 by projecting 𝑥𝑡 on the true factors and combining its loadings
with their premia. The resulting 𝜆𝑥 is the expected excess return on an asset with unit beta
on 𝑥𝑡 and zero beta on every orthogonal factor. Because the full factor space is recovered
asymptotically, no priced factor is omitted, and 𝜆𝑥 is estimated consistently and free of
omitted-variable bias. Further details are in C.2.

The estimator yields generalizable, robust estimates under two conditions: that the test
assets span much of the economic state space, and that the appropriate number of true
factors is selected. Expanding on the approach of Bryzgalova et al. (2025), this analysis uses
153 equity anomaly portfolios from Jensen et al. (2021), 17 industry-sorted portfolios, and 13
bond portfolios. The dataset spans 1971Q4 to 2024Q4; further details in C.1. The premium
is estimated for the two factor counts selected by the criterion of Alessi et al. (2010); the
criteria of Bai and Ng (2002) select substantially larger counts and yield premia comparable
to those at the higher reported count, so are omitted.

Moreover, information about R&D is known to be incorporated into prices gradually,
with Eberhart et al. (2004) documenting under-reaction lasting up to five years, so the
R&D shock 𝜀𝑠

𝑡 is used as the innovation long-run-risk factor both contemporaneously and
as a rolling mean. Results are reported for 𝑥𝑡 = ̂𝑣𝑠

𝑡 and 𝑥𝑡 = 1
16 ∑15

𝑗=0 ̂𝑣𝑠
𝑡−𝑗 , the latter a

conservative four-year window corresponding to a typical business cycle.

6.1.2 Results

The criterion of Alessi et al. (2010) selects 6 and 14 factors in the cross-section of the 183
test assets, explaining 35.4% and 51.1% of return variance, respectively (Figure 9).23 In
pricing, however, the first 6 and 14 components explain 47.0% and 70.7% of the variance of
cross-sectional average returns (Figure 10). As factors 7 through 14 account for only 15%
of time-series variation but 24% of cross-sectional variation, the six-factor selection likely
understates their relevance in approximating the “true” factors.

Table 4 reports the estimated risk premia on the innovation factor. In the first panel,
where the contemporaneous R&D shock is used, the premium is positive but not significant

23The criteria of Bai and Ng (2002) give 22 and 39 factors, and one does not converge.
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Table 4: Risk premia estimated following Giglio and Xiu (2021). Each entry is the estimated premium
(annualized, in percent) on the innovation risk factor 𝑥𝑡; 𝑡-statistics in square brackets. The columns
correspond to alternative definitions of the R&D shock from Table 3: the baseline, total R&D (𝑆),
raw TFP (𝑍), non-farm employment (𝐿), and net effective R&D ( ̃𝑠). The two panels differ in the
construction of 𝑥𝑡: the contemporaneous R&D shock (horizon 1 quarter) and its four-year rolling
mean (horizon 4 years). The factor counts, 6 and 14, are those selected by the criterion of Alessi et al.
(2010). Test assets are 183 portfolios (153 anomaly, 17 industry, 13 bond) over 1971Q4–2024Q4; 𝑇
is the number of quarters.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝐿: N.F. Empl. 𝑠 : Net
Horizon: 1 quarter

6 factors 5.63 6.40 8.18 6.12 6.30
[0.93] [1.02] [1.41] [1.03] [0.91]

14 factors 17.21 4.62 9.69 14.18 7.15
[1.32] [0.35] [0.69] [1.12] [0.39]

𝑇 213 213 213 213 213
Horizon: 4 years

6 factors 2.07 1.71 2.28 2.04 2.17
[1.33] [1.10] [1.29] [1.36] [0.85]

14 factors 12.06∗∗∗ 7.54∗∗ 12.41∗∗∗ 11.27∗∗∗ 16.78∗∗∗

[3.28] [2.29] [3.32] [3.11] [2.96]
𝑇 213 213 213 213 199
∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1

at conventional levels, consistent with investors’ underreaction to R&D news (Eberhart et
al., 2004). In the second panel, where the factor is the four-year rolling mean of the R&D
shock, the premia are sizable and significant when 14 factors are included. At 6 factors
they fall short of conventional significance, but given the pricing power of factors 7 through
14, their 𝑡-statistics above one also lend mild support to the relevance of innovation risk.
Overall, the results strongly support the prediction that innovation risk is positively priced.

6.2 The Fundamental Origins of Innovation Risk

6.2.1 Empirical Implementation

The premise of Bansal et al. (2005) is that returns can be approximated as the news about
future cash-flow growth minus the news about future returns. The beta of an asset on a
risk factor 𝑥𝑡 therefore decomposes into a cash-flow beta and a discount-rate beta, 𝛽𝑖

𝑥 ≈
𝛽𝑖

𝑥,𝐷 − 𝛽𝑖
𝑥,𝑅, with the cash-flow beta inheriting the price 𝜆𝑥 from (5). The cash-flow beta is

measured by the loading 𝑏𝑖
𝑥,𝐷 in the univariate time-series regression

Δ ln𝐷𝑖
𝑡 = 𝑏𝑖

0,𝐷 + 𝑏𝑖
𝑥,𝐷 ( 1

𝐾
𝐾

∑
𝑙=1

𝑥𝑡−𝑙) + 𝑢𝑖
𝑡 , (28)

where 𝐷𝑖
𝑡 denotes the cash flows of asset 𝑖 and 𝐾 = 8 to match Bansal et al. (2005).

Indeed, when 𝑥𝑡 is serially uncorrelated – as the R&D shock 𝜀 𝑠
𝑡 is – 𝑏𝑖

𝑥,𝐷 is asymptotically
proportional to the loading of the average future cash-flow growth 1

𝐾 ∑𝐾
𝑗=1 Δ ln𝐷𝑖

𝑡+𝑗 on 𝑥𝑡,
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Table 5: Cash-flow betas of selected portfolios from the extended pool. Each entry is the loading
𝑏𝑖

𝑥,𝐷 from the time-series regression (28), of portfolio cash-flow growth rates on the eight-quarter
moving average of the innovation risk factor. Stocks are double-sorted into 2 × 3 portfolios by size
(NYSE median) and one accounting characteristic: Firm R&D (R&D/market cap), Profitability
(gross profits/assets), and Tobin Q; Lo, Mid, and Hi index the characteristic terciles, Small and Big
the size halves. The risk factors are the R&D shock (𝜀 𝑠, Table 3) and effective R&D level ( ̃𝑠, Table 2),
and the sample runs 1975Q1–2022Q4.

Firm R&D Profitability Tobin Q
Lo Mid Hi Lo Mid Hi Lo Mid Hi

𝜀 𝑠
Small −0.00 −0.02 1.09 −0.18 0.42 0.71 0.27 0.20 −0.06

̃𝑠 −0.58 −0.73 −3.37 −0.82 0.56 6.16 1.92 0.63 −0.37
𝜀 𝑠

Big −0.29 −0.28 −1.20 −0.22 −0.67 −0.07 −0.47 −0.52 0.03
̃𝑠 −0.03 −0.07 −0.17 −0.02 −0.12 −0.05 −0.06 −0.05 −0.07

i.e. to the long-run response of cash flows to the risk factor, an approximation of the cash-
flow beta. The estimates 𝑏̂𝑖

𝑥,𝐷 are then used in the second step of the Fama and Macbeth
(1973) procedure to obtain an estimate of 𝜆𝑥. The procedure abstracts from short-run
consumption risks, as their prices are set to zero, 𝜆𝑐 ≈ 0, consistent with their negligible
contribution to the equity premium (Mehra and Prescott, 1985). Further details are in C.3.

The factors considered are the baseline R&D shock and the effective R&D level, with
consumption and raw productivity growth as benchmarks, i.e. 𝑥𝑡 ∈ { ̂𝑣 𝑠

𝑡 , ̂̃𝑠𝑡, Δ ln𝐶𝑡, Δ ln𝑍𝑡}.
The main factor of interest, the R&D shock, is used bare because the estimation procedure,
by design, nets out discount-rate news and cumulates the cash-flow response over time, leav-
ing no need to treat investor under-reaction to R&D separately. The effective R&D level,
which retains the predictable component of the series, is considered only to support the in-
terpretation of the cash-flow betas, since its serial correlation distorts their magnitudes. The
test assets are stock portfolios, grouped into three nested pools: the “legacy pool” contains
15 portfolios sorted by size, book-to-market, and past-year returns, as in the original study;
the “extended pool” adds 36 portfolios sorted 2×3 on size and characteristics related to
R&D investment; and the “wide pool” adds a further 17 industry portfolios. The additional
characteristics considered in the extended pool span innovation intensity (firm-specific R&D
over market value), financing capacity (leverage, turnover, and profitability), and growth
opportunities (asset growth and Tobin’s 𝑄), which are dimensions that are likely to gener-
ate heterogeneous exposure to the LRR carried by aggregate R&D.24 Return and cash-flow
growth series begin in 1967Q1 for legacy and industry portfolios and 1975Q1 for the others,
ending 2022Q4. Construction details and series statistics are in C.1.2.
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6.2.2 Results

Table 5 reports the estimated cash-flow betas of selected portfolios from the extended pool,
on the R&D shock and the effective R&D level. These are the portfolios sorted on firm-
specific R&D intensity, profitability, and Tobin Q, representing innovation intensity, financ-
ing capacity, and growth opportunities, respectively. C.1.2 reports cash-flow betas for all
test assets and risk factors.

Three patterns stand out. First, larger firms show little dispersion in their cash-flow
betas across all sortings and all risk factors, with those on innovation mostly negative.
Second, among smaller firms, the cash-flow betas on the R&D factors rise with financing
capacity and fall with growth opportunities, consistent with increases in aggregate R&D
being easier to act on for better-financed firms, while eroding the rents of firms already
positioned for growth.25 Third, more innovation-intensive firms carry higher cash-flow betas
on the R&D shock but lower cash-flow sensitivity to the effective R&D level, suggesting they
enjoy spillovers when aggregate R&D rises unexpectedly, yet must fund their own R&D when
aggregate increases are anticipated, at the expense of payouts.

Table 6 reports the cross-sectional long-run risk premia originated in cash flows, esti-
mated from consumption, productivity, and R&D. The premia measured directly from con-
sumption are stable across asset pools, around 1% annually, above the estimate of Bansal
et al. (2005) but well within its confidence interval, and significant only for the larger pools.
In the same pools, the premia from productivity and R&D explain a significantly larger
share of return variability than consumption does, with productivity achieving the best fit
of all specifications across all pools. The R&D premia, in turn, are consistently the highest,
significant in both larger pools and nearly double the productivity-based premium (close to
three percent annually) in the extended pool, where exposure to aggregate R&D varies most.
Though only a fraction of the return-based premia on R&D shocks, these R&D cash-flow
premia support fundamentals as a genuine source of innovation risk, further confirming the
pass-through of long-run risk via cash flows.

24Variation in R&D intensity governs the spillover and “fishing-out” effects a firm experiences, shown to
be priced by Jiang et al. (2016), while financing capacity and growth opportunities shape how firms respond
to innovation shocks (Aghion et al., 2012; Brown et al., 2009; Hall, 2002; Li, 2011; Maletic, 2018; Zhang,
2014). These sorts also yield return statistics bearing on whether firm-specific R&D intensity is priced, an
open question since Chan et al. (2001) (Ahmed et al., 2025; Leung et al., 2020).

25R&D cash-flow betas also rise monotonically with leverage, which is harder to read since higher leverage
can signal either exhausted debt capacity or better access to finance. The absence of such monotonicity in
consumption betas favors the access interpretation over the distress one, though it may also reflect other
correlated firm characteristics, an issue the coarse sorting aggravates.
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Table 6: Cash-flow risk premia estimated following Bansal et al. (2005). Each entry is the estimated
risk premium from the second pass of the Fama and Macbeth (1973) procedure, regressing portfolio
returns on the cash-flow beta estimates from (28); HAC 𝑡-statistics are in square brackets, and 𝑅2

and MAPE (mean absolute pricing error) measure the cross-sectional fit. Premia and MAPE are
annualized, in percent. The factors are consumption growth (Cons.), raw TFP growth (Prod.), and
the R&D shock (R&D, Table 3). The legacy pool comprises 15 test assets (224 quarters, 1967Q1–
2022Q4); the extended pool, 51 (192 quarters, 1975Q1–2022Q4); and the wide pool, 68 (192 quarters,
1975Q1–2022Q4).

Legacy pool Ext. pool Wide pool
Cons. Prod. R&D Cons. Prod. R&D Cons. Prod. R&D

𝜆𝑥 1.04 0.82 1.39 1.27∗ 1.59∗∗ 2.84∗∗ 1.13∗ 1.43∗∗ 2.39∗

[1.42] [1.48] [1.40] [1.65] [2.15] [2.14] [1.93] [2.53] [1.92]
R2 (%) 54.21 59.62 55.46 3.06 23.66 20.32 2.17 18.61 17.33
MAPE 0.59 0.48 0.61 1.91 1.65 1.76 1.96 1.80 1.86
∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1

7 Conclusion

This paper shows that fluctuations in R&D drive persistent movements in productivity
and consumption growth, and supports the theoretical prediction that this makes R&D a
significant risk factor in financial markets. The analysis centers on a theoretical transforma-
tion of aggregate R&D, termed “effective R&D”, that maintains a linear relationship with
future productivity growth by absorbing, under both fully and semi-endogenous growth
mechanisms, the nonlinear effectiveness arising from spillovers and product proliferation.
A contaminated version of effective R&D is recovered empirically from a single-equation
estimate of the cointegrating relationship among R&D, productivity, and the labor force;
an estimator for the net version, relying on a one-period TFP growth forecast and subject
to more stringent assumptions, is also proposed. Embedding either series in a VAR with
productivity growth identifies structural shocks to R&D, scaled by their effectiveness, which
are shown to affect long-run productivity and consumption prospects beyond business-cycle
horizons while leaving the short run largely unaffected. The risk premium on these shocks,
estimated robustly to omitted factors, is positive and highly significant, underscoring the
relevance of both aggregate R&D fluctuations and long-run risk for investors. The analy-
sis further highlights the cash-flow channel in transmitting innovation long-run risk, with
exposures that vary across firm characteristics related to R&D, spanning innovation inten-
sity, financing capacity, and growth opportunities. Taken together, these findings establish
aggregate innovation as a central source of macroeconomic risk with distinct asset-pricing
implications, while the framework developed here provides a foundation for future work,
including applications to other economies and the study of different forms of R&D.
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A Theoretical Derivations

A.1 Key Linearized Conditions

Taking logarithms and first differences of (7) yields

Δ ln𝑍𝑡 = 𝜃 ⋅ Δ ln 𝐼𝑡 + 𝜉 ⋅ Δ ln𝑄𝑡 + Δ𝑎𝑡 . (29)

Dividing both sides of (8) by 𝐼𝑡 and taking logarithms gives the growth rate of ideas:

Δ ln 𝐼𝑡+1 = ln{1 − 𝜙 + 𝜒 ⋅ 𝑆𝜂
𝑡 𝐼−(1−𝜓)

𝑡 𝑄−1
𝑡 } , (30)

which, for small Δ ln 𝐼𝑡+1, is well approximated by

Δ ln 𝐼𝑡+1 ≈ −𝜙 + 𝜒 ⋅ 𝑆𝜂
𝑡 𝐼−(1−𝜓)

𝑡 𝑄−1
𝑡 . (31)
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The approximation sharpens as the time step shortens, since 𝜙 and the per-period flow of new
ideas both scale down with the period length, driving Δ ln 𝐼𝑡+1 to zero in the continuous-time
limit.

Let 𝑋𝑡 = 𝑆𝜂
𝑡 𝐼−(1−𝜓)

𝑡 𝑄−1
𝑡 . If Δ ln𝑍𝑡, Δ ln𝑄𝑡 and Δ𝑎𝑡 are stationary,26 then a literal

interpretation of (29) forces Δ ln 𝐼𝑡+1, and hence 𝑋𝑡, to be stationary too. Taylor-expanding
𝑋𝑡 around lnE[𝑋𝑡] gives

𝑋𝑡 = exp {ln [𝑋𝑡]} ≈ exp {lnE [𝑋𝑡]} + exp {lnE [𝑋𝑡]} (ln𝑋𝑡 − lnE[𝑋𝑡]) (32)

= E[𝑋𝑡] (1 − lnE[𝑋𝑡]) + E[𝑋𝑡] ⋅ ln𝑋𝑡 , (33)

and substituting back yields

Δ ln 𝐼𝑡+1 ≈ −𝜙 + 𝜒 ⋅ E[𝑋𝑡] (1 − lnE[𝑋𝑡]) + 𝜒 ⋅ E[𝑋𝑡] ⋅ ln𝑋𝑡 (34)

= 𝛾0,𝐼 + 𝛾1,𝐼 [ln𝑆𝑡 − 1 − 𝜓
𝜂 ln 𝐼𝑡 − 1

𝜂 ln𝑄𝑡] . (35)

Plugging this into (29) and denoting effective R&D 𝑠𝑡 as in (10),

Δ ln𝑍𝑡+1 = 𝛾0,𝑍 + 𝛾1 ⋅ 𝑠𝑡 + 𝜉 ⋅ Δ ln𝑄𝑡+1 + Δ𝑎𝑡+1 . (36)

Decomposing effective R&D into mean and deviation 𝑠𝑡 = ̄𝑠 + ̃𝑠𝑡, and substituting into
its definition ln 𝐼𝑡 = 1

𝜃 ln𝑍𝑡 − 𝜉
𝜃 ln𝑄𝑡 − 1

𝜃𝑎𝑡 from (7) and ln𝑄𝑡 from (15),

̄𝑠 + ̃𝑠𝑡 = ln𝑆𝑡 −

𝛼𝑍

⏞1 − 𝜓
𝜂𝜃 ( ln𝑍𝑡 − 𝑎𝑡) −

𝛼𝐿/𝜔
⏞⏞⏞⏞⏞⏞⏞
(1

𝜂 − (1 − 𝜓)𝜉
𝜂𝜃 ) (𝜔 ln𝐿𝑡 + 𝜋𝑎𝑡) (37)

= ̄𝑠 + ̂𝑠𝑡 + (𝛼𝑍 + 𝛼𝐿
𝜋
𝜔) 𝑎𝑡 , (38)

delivers, with a slight abuse of notation (𝛾0,𝑍 now absorbs additional constants),

Δ ln𝑍𝑡+1 = 𝛾0,𝑍 + 𝛾1 ⋅ ̂𝑠𝑡 + 𝜉 ⋅ Δ ln𝑄𝑡+1 + Δ𝑎𝑡+1 + 𝛾2,𝑍 ⋅ 𝑎𝑡 . (39)

A.2 Balanced Growth Path

In addition to conditions (6), (7) and (8) from Section 2, and condition (15) from Section 3,
consider the economy’s resource constraint

𝑌𝑡 = 𝐶𝑡 + 𝑆𝑡 , (40)

where 𝐶𝑡 is consumption, and a constant labor-force growth rate Δ ln𝐿𝑡 = 𝜇𝐿 > 0. Com-
bining (6), (7) and (15) yields

𝑔𝑌 = 𝜃𝑔𝐼 + (1 + 𝜉𝜔)𝜇𝐿 , (41)
26Stationarity of Δ ln 𝑍𝑡 enjoys broad empirical support, while stationarity of Δ ln 𝑄𝑡 and Δ𝑎𝑡 is standard

in the theoretical literature; the observable component of Δ ln 𝑄𝑡 used here, Δ ln 𝐿𝑡, is itself clearly stationary
in the data.
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where 𝑔𝑗 denotes the unconditional expected growth rate of 𝑗 ∈ {𝑌 , 𝑍, 𝐿, 𝐼, 𝑄}.
A balanced growth path (BGP) in the fully endogenous regime requires the joint restric-

tion

1 − 𝜓
𝜃 = 𝜂 = 𝜔

1 + 𝜔𝜉 . (42)

Under this restriction, the R&D share ̆𝑠𝑡, defined by

𝑆𝑡 = 𝑒 ̆𝑠𝑡𝑌𝑡 , (43)

can be stationary, implying 𝑔𝑆 = 𝑔𝑌 , and delivers stationary growth rates with

𝑔𝐼 = −𝜙 + 𝜒 ⋅ ̆𝑠 , (44)

where ̆𝑠 = E[ ̆𝑠𝑡]. Two remarks are in order. First, under these restrictions the R&D share
of output coincides with the effective R&D variable. Second, most empirical evidence does
not support stationarity of the R&D share of GDP, although caveats apply when mapping
this theoretical condition to the data.

A BGP in the semi-endogenous regime requires only

⎧{
⎨{⎩

𝜔 < 𝜂
1−𝜉𝜂 if 𝜓 < 1 − 𝜂𝜃 ,

𝜔 > 𝜂
1−𝜉𝜂 if 𝜓 > 1 − 𝜂𝜃 .

(45)

Under these conditions, a stationary R&D share ̆𝑠𝑡 delivers stationary growth rates with

𝑔𝐼 = 𝜂(1 + 𝜔𝜉) − 𝜔
1 − 𝜓 − 𝜂𝜃 𝜇𝐿 . (46)

Notably, stationary growth rates and effective R&D are also compatible with an R&D share
of output that is integrated of order one. In that case, 𝑔𝑆 = 𝜇𝑆 + 𝑔𝑌 for some constant
𝜇𝑆 = E[Δ ̆𝑠𝑡], and the steady-state idea growth rate becomes

𝑔𝐼 = 𝜂
1 − 𝜓 − 𝜂𝜃 𝜇𝑆 + 𝜂(1 + 𝜔𝜉) − 𝜔

1 − 𝜓 − 𝜂𝜃 𝜇𝐿 . (47)

Kung and Schmid (2015) satisfies the restriction for a fully endogenous growth regime
BGP by setting 𝜉 = 𝜇𝐿 = 0, 𝜃 = 1, and 𝜂 = 1 − 𝜓.

Finally, given the definitions of 𝛼𝑍 and 𝛼𝐿, the fully endogenous BGP restriction 1−𝜓
𝜃 = 𝜂

implies

𝛼𝑍 = 1 , (48)

while positive spillovers from the past stock of ideas, 𝜓 > 0, imply

𝜃𝜂 < 1
𝛼𝑍

and 𝜃 < 𝛼𝐿
𝛼𝑍

+ 𝜉𝜔 . (49)
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A.3 Short-Run System in Observables

As a preliminary step, substitute

̃𝑠𝑡 = ̂𝑠𝑡 + (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝑎𝑡 (50)

from (17) into

Δ𝑎𝑡+1 = 𝛽𝑎,𝑠 ̃𝑠𝑡 + (𝜌𝑎 − 1)𝑎𝑡 + 𝛽𝑎,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑎,𝑎𝜀𝑎
𝑡+1 (51)

from (18b), which yields

Δ𝑎𝑡+1 = 𝛽𝑎,𝑠 ̂𝑠𝑡 + (𝜌𝑎 − 1 + 𝛽𝑎,𝑠(𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔)) 𝑎𝑡 + 𝛽𝑎,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑎,𝑎𝜀𝑎

𝑡+1 . (52)

Next, combine the definition of productivity growth with the short-run structural rela-
tions in (18). First, substituting (50) into (18c) gives

Δ̃ ln𝐿𝑡+1 = 𝛽𝐿,𝑠 ̂𝑠𝑡 + 𝛽𝐿,𝑠 [(𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) + 𝛽𝐿,𝑎] 𝑎𝑡 + 𝜌𝐿Δ̃ ln𝐿𝑡 + 𝛿𝐿,𝑎𝜀𝑎

𝑡+1 . (53)

Second, substituting Δ ln𝑄𝑡+1 = 𝜔Δ ln𝐿𝑡+1 + 𝜋Δ𝑎𝑡+1 from (15) into (9) gives

Δ ln𝑍𝑡+1 ≈ 𝛾0 + 𝛾1 ⋅ ̃𝑠𝑡 + 𝜉𝜔 ⋅ Δ ln𝐿𝑡+1 + (1 + 𝜉𝜋)Δ𝑎𝑡+1 , (54)

and substituting Δ𝑎𝑡+1 from (51) and Δ̃ ln𝐿𝑡+1 from (18c) yields

Δ̃ ln𝑍𝑡+1 ≈ (𝛾1 + 𝜉𝜔𝛽𝐿,𝑠 + (1 + 𝜉𝜋)𝛽𝑎,𝑠) ̃𝑠𝑡

+ [𝜉𝜔𝛽𝐿,𝑎 + (1 + 𝜉𝜋)(𝜌𝑎 − 1)]𝑎𝑡 + [𝜉𝜔𝜌𝐿 + (1 + 𝜉𝜋)𝛽𝑎,𝐿]Δ̃ ln𝐿𝑡

+ [𝜉𝜔𝛿𝐿,𝑎 + (1 + 𝜉𝜋)𝛿𝑎,𝑎] 𝜀𝑎
𝑡+1 . (55)

Further substituting (50) gives

Δ̃ ln𝑍𝑡+1 ≈ (𝛾1 + 𝜉𝜔𝛽𝐿,𝑠 + (1 + 𝜉𝜋)𝛽𝑎,𝑠) ̂𝑠𝑡

+ [(𝛾1 + 𝜉𝜔𝛽𝐿,𝑠 + (1 + 𝜉𝜋)𝛽𝑎,𝑠) (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) + 𝜉𝜔𝛽𝐿,𝑎 + (1 + 𝜉𝜋)(𝜌𝑎 − 1)] 𝑎𝑡

+ [𝜉𝜔𝜌𝐿 + (1 + 𝜉𝜋)𝛽𝑎,𝐿]Δ̃ ln𝐿𝑡

+ [𝜉𝜔𝛿𝐿,𝑎 + (1 + 𝜉𝜋)𝛿𝑎,𝑎] 𝜀𝑎
𝑡+1 . (56)

Third, substituting (50) into (18a) gives

̂𝑠𝑡+1 + (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) Δ𝑎𝑡+1 = 𝜌𝑠 ̂𝑠𝑡 + [(𝜌𝑠 − 1) (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋

𝜔) + 𝛽𝑠,𝑎] 𝑎𝑡 + 𝛽𝑠,𝐿Δ̃ ln𝐿𝑡

+ 𝛿𝑠,𝑎𝜀𝑎
𝑡+1 + 𝛿𝑠,𝑠𝜀𝑠

𝑡+1 , (57)
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and combining with (52) yields

̂𝑠𝑡+1 = (𝜌𝑠 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝛽𝑎,𝑠) ̂𝑠𝑡

+ [(𝜌𝑠 − 1) (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) + 𝛽𝑠,𝑎 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋

𝜔) (𝜌𝑎 − 1 + 𝛽𝑎,𝑠(𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔)) ]𝑎𝑡

+ (𝛽𝑠,𝐿 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝛽𝑎,𝐿) Δ̃ ln𝐿𝑡

+ (𝛿𝑠,𝑎 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝛿𝑎,𝑎) 𝜀𝑎

𝑡+1 + (𝛿𝑠,𝑠) 𝜀𝑠
𝑡+1 . (58)

Fourth, substituting (50) into (18b) gives

𝑎𝑡+1 = 𝛽𝑎,𝑠 ̂𝑠𝑡 + [𝜌𝑎 + 𝛽𝑎,𝑠 (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) ]𝑎𝑡 + 𝛽𝑎,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑎,𝑎𝜀𝑎

𝑡+1 . (59)

Finally, the system (18) can be expressed as

[𝐱𝑡+1
𝐲𝑡+1

] = (𝐵𝑥,𝑥 𝐵𝑥,𝑦
𝐵𝑦,𝑥 𝐵𝑦,𝑦

) [𝐱𝑡
𝐲𝑡

] + (𝐷𝑥
𝐷𝑦

) 𝜺𝑡+1 , (60)

where 𝐱𝑡 is [ ̂𝑠𝑡, Δ̃ ln𝑍𝑡]
′, 𝐲𝑡 is [Δ̃ ln𝐿𝑡, 𝑎𝑡]

′, and 𝜺𝑡+1 is [𝜀𝑠
𝑡+1, 𝜀𝑎

𝑡+1]′; the blocks 𝐵𝑖,𝑗 and 𝐷𝑖
for 𝑖, 𝑗 ∈ {𝑥, 𝑦} are implicitly defined by (58), (56), (53), and (59). Equivalently,

𝐱𝑡+1 = 𝐵𝑥,𝑥𝐱𝑡 + 𝐵𝑥,𝑦𝐲𝑡 + 𝐷𝑥𝜺𝑡+1 (61)

𝐲𝑡+1 = 𝐵𝑦,𝑥𝐱𝑡 + 𝐵𝑦,𝑦𝐲𝑡 + 𝐷𝑦𝜺𝑡+1 . (62)

Substituting the lag of (62) into (61) gives

𝐱𝑡+1 = 𝐵𝑥,𝑥𝐱𝑡 + 𝐵𝑥,𝑦𝐵𝑦,𝑥𝐱𝑡−1 + 𝐵𝑦,𝑦(𝐵𝑥,𝑦𝐲𝑡−1) + 𝐷𝑥𝜺𝑡+1 + 𝐵𝑥,𝑦𝐷𝑦𝜺𝑡 (63)

and the lag of (61) provides

𝐵𝑥,𝑦𝐲𝑡−1 = 𝐱𝑡 − 𝐵𝑥,𝑥𝐱𝑡−1 − 𝐷𝑥𝜺𝑡 , (64)

yielding

𝐱𝑡+1 = (𝐵𝑥,𝑥 + 𝐵𝑦,𝑦)𝐱𝑡 + (𝐵𝑥,𝑦𝐵𝑦,𝑥 − 𝐵𝑦,𝑦𝐵𝑥,𝑥)𝐱𝑡−1

+ 𝐷𝑥𝜺𝑡+1 + (𝐵𝑥,𝑦𝐷𝑦 − 𝐵𝑦,𝑦𝐷𝑥)𝜺𝑡 . (65)

Expanding and relabelling gives (19).

A.4 Effective R&D Levels

Maintaining stationarity assumptions, (9) and (15) give

Δ̃ ln𝑍𝑡+1 = 𝛾1 ⋅ ̃𝑠𝑡 + (𝜉𝜔)Δ̃ ln𝐿𝑡+1 + (1 + 𝜉𝜋)Δ𝑎𝑡+1 , (66)
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while the definition of gross effective R&D in (17) gives

Δ𝑎𝑡 = Δ ̃𝑠𝑡 − Δ ̂𝑠𝑡
𝛼𝑍 + 𝛼𝐿

𝜋
𝜔

. (67)

Substituting the latter into the former yields

Δ̃ ln𝑍𝑡+1 = 𝛾1 ⋅ ̃𝑠𝑡 + (𝜉𝜔)Δ̃ ln𝐿𝑡+1 + (1 + 𝜉𝜋) (Δ ̃𝑠𝑡+1 − Δ ̂𝑠𝑡+1
𝛼𝑍 + 𝛼𝐿

𝜋
𝜔

) . (68)

Expanding the R&D differences and rearranging gives

̃𝑠𝑡+1 = (𝛼𝑍 + 𝛼𝐿
𝜋
𝜔

1 + 𝜉𝜋 ) [Δ̃ ln𝑍𝑡+1 − (𝜉𝜔)Δ̃ ln𝐿𝑡+1] + Δ ̂𝑠𝑡+1 + (1 − 𝛾1 (𝛼𝑍 + 𝛼𝐿
𝜋
𝜔

1 + 𝜉𝜋 )) ̃𝑠𝑡 .

(69)

Recursively substituting ̃𝑠𝑡 and collecting terms returns (20).

B Empirical Macroeconomic Details

B.1 Macroeconomic Data

This section presents the macroeconomic data used in the paper, documenting each series
together with its source, identifier, and any transformations applied.

The baseline real R&D series is constructed by deflating the nominal R&D series (Y006
RC1Q027SBEA) with the corresponding price deflator (Y006RG3Q086SBEA), yielding a
series in chained 2017 dollars, while the associated total series is Y694RX1Q020SBEA;
all are produced by the Bureau of Economic Analysis (BEA) and retrieved through the
Federal Reserve Economic Data (FRED) database. The TFP data are provided online by
the author of Fernald (2012), including the utilization adjustment as well as changes in
capital excluding R&D. Labor input is based on the series CE16OV and LNS12035019,
both reported at monthly frequency by the Bureau of Labor Statistics (BLS), obtained
through FRED, and aggregated by taking the last observation each quarter. Consumption
is measured as real total personal consumption expenditures per capita in chained 2017 US
dollars (A794RX0Q048SBEA), provided by the BEA through FRED, spanning 1948Q1–
2025Q2.

The macroeconomic factors consist of two distinct sets, previously employed to forecast
TFP growth in Ai et al. (2018): (1) nine identified factors, extending those used in Bansal
and Shaliastovich (2013); and (2) nine non-identified factors taken directly from Ludvigson
and Ng (2009), referred to with the shorthands ‘BS’ and ‘LN’, respectively. The BS set
originally comprised the US Cyclically Adjusted Price-to-Earnings (CAPE) ratio, the 3-
month Treasury-bill yield, and the 3- and 5-year Treasury bond yields, to which Ai et
al. (2018) added the integrated daily volatility of the US stock market; the present work
further incorporates the 10-year Treasury bond yield, real US corporate profits, and real US
nonfinancial corporate liquid assets, in order to better capture macroeconomic dynamics at
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longer horizons as well as aspects related to financing conditions, profitability, and product
proliferation – all known to influence productivity and R&D decisions. The underlying
BS data are drawn from several sources: the CAPE ratio is from R. Shiller’s website; the
bill and bond yields are taken from Finaeon up to the first availability of DGS3MO, DGS3,
DGS5, and DGS10 on FRED, after which the FRED series are used; daily stock market
data are from CRSP; and real corporate profits and real nonfinancial corporate liquid assets
are constructed from CPROFIT and BOGZ1FL104001005Q (FRED), each deflated by the
GDP deflator GDPDEF (FRED). The LN set, by contrast, is formed from the principal
components of a broad array of macroeconomic and financial variables, is publicly available
on S. Ludvigson’s website, and is reported at monthly frequency, aggregated to quarterly
averages. All BS variables appear to exhibit unit-root behaviour, whereas there is only
weak evidence of non-stationarity among the LN factors; accordingly, the LN factors are
used in levels, while the BS factors enter in first differences to mitigate the risk of spurious
regression.

Figure 5 plots all series, while Tables 7, 8, and 9 report descriptive statistics together
with stationarity diagnostics for the effective-R&D data, the BS factors, and the LN factors,
respectively.

Figure 5: Raw macroeconomic data, displayed in three stacked panels. The top panel ( ̂𝑠) collects the
series used to estimate effective R&D, while the middle and bottom panels report the BS and LN
factor sets, respectively. Consistent with the transformations adopted in the analysis, the ̂𝑠 series
and the LN factors are shown in levels, whereas the BS factors are shown in first differences.
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Table 7: Descriptive statistics for the effective-R&D data. N. Obs. is the number of observations; 𝑡𝑡
and 𝑡𝑡2 are the coefficients on a linear and quadratic time trend (HAC standard errors); AR(1) is
the slope from an AR(1) fit; and ADF and KPSS are the Augmented Dickey–Fuller and KPSS tests,
with null hypotheses of a unit root and of stationarity, respectively, computed in levels.

Priv. R&D Tot. R&D Raw TFP Adj. TFP Tot. Empl. N.F. Empl.
𝑡𝑡 0.017*** 0.019** 0.018*** 0.018*** 0.018*** 0.017***
𝑡𝑡2 0.000 0.000 0.000*** 0.000 0.000*** 0.000***
AR(1) 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
ADF −1.482 −2.027** −2.346** −2.891*** −1.353 −0.948
KPSS 2.004*** 1.924*** 1.976*** 1.978*** 2.001*** 2.011***
N. Obs. 314 314 314 314 310 310
* p <0.1, ** p <0.05, *** p <0.01
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B.2 An Estimator of Net Effective R&D

The error of the recovery estimator ̂̃𝑠𝑡 relative to the true ̃𝑠𝑡 decomposes as

̂̃𝑠𝑡 − ̃𝑠𝑡 = ( ̂̃𝑠𝑡 − ̃̃𝑠𝑡) + ( ̃̃𝑠𝑡 − ̃𝑠𝑡) , (70)

where ̃̃𝑠𝑡 = ̂̃𝑠𝑡 + ̂𝜅𝑡
𝑠 ̃𝑠0 is an infeasible companion that retains the initial-condition term.

Throughout, 𝑋 = {Δ ln𝑍𝑡, Δ ln𝐿𝑡}𝑇
𝑡=1 denotes the regressors sample, and 𝐛̂ = ( ̂𝑏𝑠, ̂𝑏𝑍, ̂𝑏𝐿)

the vector of parameter estimates entering the recovery. The three quantities in (70) can
then be written as ̂̃𝑠𝑡 = 𝑔𝑡(𝐛̂), ̃̃𝑠𝑡 = 𝑔𝑡(𝐛̂) + ̂𝜅𝑡

𝑠 ̃𝑠0, and ̃𝑠𝑡 = 𝑔𝑡(𝐛) + 𝜅𝑡
𝑠 ̃𝑠0.

The first summand, − ̂𝜅𝑡
𝑠 ̃𝑠0, shrinks as 𝑡 grows, since ̂𝜅𝑡

𝑠 decays geometrically (provided
̂𝜅𝑠 ∈ (0, 1)); to make it vanish for every 𝑡 that the estimator retains, the minimum retained

𝑡 must grow with the sample size. This is implemented by retaining only estimates at 𝑡 ≥ 𝜏 ,
where the cutoff is

𝜏(𝑇 , ̂𝜅𝑠, 𝛾) = ⌈ 𝛾 log𝑇
log(1/ ̂𝜅𝑠)⌉ , (71)

chosen so that ̂𝜅𝜏
𝑠 = 𝑇 −𝛾, which makes the rule adapt to the persistence of ̃𝑠𝑡: the smaller

̂𝜅𝑠, the shorter the burn-in. With this cutoff in place, at every retained 𝑡 the first summand
vanishes in probability at rate 𝑇 −𝛾 as 𝑇 → ∞, for any 𝛾 > 0. Moreover, since the cutoff
grows only logarithmically with 𝑇 , 𝜏/𝑇 → 0 and the number of retained estimates is asymp-
totically of the same size as 𝑇 . The second summand, ̃̃𝑠𝑡 − ̃𝑠𝑡, is a smooth (continuous and
differentiable) function of the parameter estimates. By the continuous mapping theorem,
the consistency of those estimates carries over, so ̃̃𝑠𝑡 − ̃𝑠𝑡

𝑝
→ 0 as 𝐛̂

𝑝
→ 𝐛. Both summands

vanishing in probability delivers ̂̃𝑠𝑡
𝑝

→ ̃𝑠𝑡.
The variance of ̂̃𝑠𝑡 − ̃𝑠𝑡 decomposes, via the law of total variance conditional on 𝐛̂, into

a parameter-sampling component 𝑉𝑏,𝑡 and an omission component 𝑉𝑜,𝑡:

Var ( ̂̃𝑠𝑡 − ̃𝑠𝑡 ∣ 𝑋) = 𝑉𝑏,𝑡 + 𝑉𝑜,𝑡 . (72)

The first term is

𝑉𝑏,𝑡 = Var(E[ ̂̃𝑠𝑡 − ̃𝑠𝑡∣𝐛̂, 𝑋] ∣ 𝑋) = Var(𝑔𝑡(𝐛̂) − 𝑔𝑡(𝐛) ∣ 𝑋) , (73)

since E[ ̃𝑠0 ∣ 𝐛̂, 𝑋] = E[ ̃𝑠0] = 0 under independence of ̃𝑠0 from 𝐛̂ and 𝑋. The second is

𝑉𝑜,𝑡 = E [Var ( ̂̃𝑠𝑡 − ̃𝑠𝑡 ∣ 𝐛̂, 𝑋) ∣ 𝑋] = 𝜅2𝑡
𝑠 Var( ̃𝑠0) , (74)

since, conditional on 𝐛̂ and 𝑋, the only random quantity is ̃𝑠0, with Var( ̃𝑠0 ∣ 𝐛̂, 𝑋) = Var( ̃𝑠0)
by the same argument.

The parameter-sampling component 𝑉𝑏,𝑡 captures the variance of ̂̃𝑠𝑡 − ̃𝑠𝑡 induced by the
sampling distribution of 𝐛̂. Since 𝑔𝑡(𝐛) is smooth in 𝐛, the delta method gives

𝑉𝑏,𝑡 = ∇𝑔𝑡(𝐛̂)′ V̂ar(𝐛̂) ∇𝑔𝑡(𝐛̂) , (75)
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Figure 6: Values of ̂𝑏𝑠, ̂𝑏𝑍 (left panel), and ̂𝑏𝐿 (right panel) across the 16 cointegration specifications
considered in this work. Hollow dots indicate specifications where the coefficient estimate is not
significant at the 10% level. A linear regression of ̂𝑏𝑍 on ̂𝑏𝑠 yields a slope of −0.7 with a HC t-
statistic < −4. For ̂𝑏𝐿, the slope is −0.06 with −1.69 HC t-statistic.

where V̂ar(𝐛̂) is the estimated covariance matrix of the parameter estimates and ∇𝑔𝑡(𝐛̂) is
the gradient of 𝑔𝑡, evaluated at 𝐛̂. Substituting the residual Δ𝑒𝑡 = Δ̃ ln𝑆𝑡 − 𝑏𝑍Δ̃ ln𝑍𝑡 −
𝑏𝐿Δ̃ ln𝐿𝑡 from (22) into (23),

𝑔𝑡(𝐛) =
𝑡−1
∑
𝑗=0

(1 − 𝑏𝑠 ⋅ 𝑏𝑍)𝑗 (Δ̃ ln𝑆𝑡−𝑗 − Δ̃ ln𝐿𝑡−𝑗) , (76)

so its gradient is

∇𝑔𝑡(𝐛) =
⎡
⎢
⎢
⎢
⎣

−𝑏𝑍 ∑𝑡−1
𝑗=0 {𝑗 ⋅ 𝜅𝑗−1

𝑠 (Δ̃ ln𝑆𝑡−𝑗 − Δ̃ ln𝐿𝑡−𝑗)}

−𝑏𝑠 ∑𝑡−1
𝑗=0 {𝑗 ⋅ 𝜅𝑗−1

𝑠 (Δ̃ ln𝑆𝑡−𝑗 − Δ̃ ln𝐿𝑡−𝑗)}

0

⎤
⎥
⎥
⎥
⎦

. (77)

The sampling covariances of 𝑏̂𝑠 with the cointegration estimates ̂𝑏𝑍 and ̂𝑏𝐿 are unknown,
but the point estimates are negatively correlated across the 16 specifications in this study
(Figure 6), suggesting negative sampling covariances as well. Setting them to zero is therefore
conservative, yielding a heuristic upper bound on 𝑉𝑏,𝑡:

V̂ar(𝐛̂) = ⎡⎢⎢
⎣

𝜎̂2
𝑏𝑠

0 0
0 𝜎̂2

𝑏𝑍
𝜎̂𝑏𝑍,𝑏𝐿

0 𝜎̂𝑏𝑍,𝑏𝐿
𝜎̂2

𝑏𝐿

⎤⎥⎥
⎦

. (78)

Since 𝜕𝑔𝑡/𝜕𝑏𝐿 = 0, the third row and column are annihilated by the gradient: neither 𝜎̂2
𝑏𝐿

nor 𝜎̂𝑏𝑍,𝑏𝐿
enters 𝑉𝑏,𝑡, which depends only on the (𝑏𝑠, 𝑏𝑍) block.

The omission component 𝑉𝑜,𝑡 measures the uncertainty arising from the unobservability
of the initial condition ̃𝑠0, and it is estimated by plug-in:

𝑉𝑜,𝑡 = ̂𝜅2𝑡
𝑠 ⋅ 𝜎̂2

̃𝑠 , (79)
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where 𝜎̂2
̃𝑠 = 1

𝑇 −𝜏+1 ∑𝑇
𝑡=𝜏

̂̃𝑠
2
𝑡 . Under stationarity of ̃𝑠𝑡, the continuous mapping theorem

delivers consistency of ̂𝜅𝑠 for 𝜅𝑠 and of 𝜎̂2
̃𝑠 for Var( ̃𝑠0).

Figure 7 shows the information criteria used to select the specifications reported in
Table 2. The ̂𝜅𝑡

𝑠 implied by these estimates is shown in Figure 8, for the main specifications.
̂𝜅𝑡
𝑠 declines steadily but approaches zero only in the second half of the sample. At 𝛾 = 0.35,

the cutoffs 𝜏 correspond to ̂𝜅𝜏
𝑠 ≈ 0.13.

Figure 7: Information criteria used to select the specifications in Table 2, computed on the largest
sample common to all specifications with baseline employment. Results using nonfarm employment
are visually indistinguishable.

Figure 8: Implied ̂𝜅𝑡
𝑠 for the specifications in Table 2, governing the decay of the unobserved initial

condition’s influence on the recovered series. Shaded bands are ±1 standard error; vertical lines mark
the trim cutoff 𝜏 , for 𝛾 = 0.9.
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B.3 Interpretation of Local Projection Coefficients

From definition (3) and regression (27),

𝑏𝑐,𝐻,𝑠 ⋅ 𝜀𝑠
𝑡 = 𝜀𝑥

𝑡 + ΔE𝑡(
𝐻

∑
𝑗=1

(1 − 𝜅𝑗
𝑥) Δ ln𝐶𝑡+𝑗) − ΔE𝑡(

∞
∑

𝑗=𝐻+1
𝜅𝑗

𝑥 Δ ln𝐶𝑡+𝑗) . (80)

For an arbitrary 𝐻̄ > 𝐻, split the residual tail,

ΔE𝑡(
∞

∑
𝑗=𝐻+1

𝜅𝑗
𝑥 Δ ln𝐶𝑡+𝑗) = ΔE𝑡(

𝐻̄
∑

𝑗=𝐻+1
𝜅𝑗

𝑥 Δ ln𝐶𝑡+𝑗) + ΔE𝑡
⎛⎜
⎝

∞
∑

𝑗=𝐻̄+1
𝜅𝑗

𝑥 Δ ln𝐶𝑡+𝑗
⎞⎟
⎠

,

(81)

so that

𝑏𝑐,𝐻,𝑠 ⋅ 𝜀𝑠
𝑡 = 𝜀𝑥

𝑡 + ΔE𝑡(
𝐻

∑
𝑗=1

(1 − 𝜅𝑗
𝑥) Δ ln𝐶𝑡+𝑗)

− ΔE𝑡(
𝐻̄

∑
𝑗=𝐻+1

𝜅𝑗
𝑥 Δ ln𝐶𝑡+𝑗)

− ΔE𝑡
⎛⎜
⎝

∞
∑

𝑗=𝐻̄+1
𝜅𝑗

𝑥 Δ ln𝐶𝑡+𝑗
⎞⎟
⎠

. (82)

Under suitable conditions, each of the three correction terms is negligible:

𝜅𝐻
𝑥 ≈ 1 ⟹ ΔE𝑡

𝐻
∑
𝑗=1

(1 − 𝜅𝑗
𝑥) Δ ln𝐶𝑡+𝑗 ≈ 0, (83)

𝑏𝑐,𝐻̂,𝑠 ≈ 𝑏𝑐,𝐻,𝑠 ∀ 𝐻 < 𝐻̂ ≤ 𝐻̄ ⟹ ΔE𝑡
𝐻̄

∑
𝑗=𝐻+1

𝜅𝑗
𝑥 Δ ln𝐶𝑡+𝑗 ≈ 0, (84)

𝜅𝐻̄
𝑥 ≈ 0 ⟹ ΔE𝑡

∞
∑

𝑗=𝐻̄+1
𝜅𝑗

𝑥 Δ ln𝐶𝑡+𝑗 ≈ 0 , (85)

whence

𝑏𝑐,𝐻,𝑠 ⋅ 𝜀𝑠
𝑡 ≈ 𝜀𝑥

𝑡 . (86)

C Empirical Financial Details

C.1 Financial Data

C.1.1 Return-Based Analysis (Section 6.1)

The analysis of Section 6.1 draws on three sets of test portfolios. The 153 anomaly portfolios
are from Jensen et al. (2021) and the 17 industry-sorted portfolios from Kenneth French’s
data library. The 13 bond portfolios, spanning maturities of 6 months and 1, 2, 3, 4, 5, 6, 7,
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10, 15, 20, 25, and 30 years, are constructed from the zero-coupon yields of Gürkaynak et al.
(2007) by fitting Nelson–Siegel–Svensson curves and subtracting the three-month Treasury-
bill return.

Figure 9: Principal component scree plot for the test assets of Section 6.1. The solid line (left axis)
is the share of return variance explained by each component; the dotted line (right axis) is the
cumulative share. The green vertical lines mark the number of factors selected by the two criteria
of Alessi et al. (2010), implemented as the median over 300 repetitions; the blue vertical line marks
the minimum factor number of Bai and Ng (2002). The horizontal red line is the reciprocal of the
number of test assets. The factor count used in the analysis is selected at this stage.

Figure 10: Variance of cross-sectional average returns explained by the principal components used
as risk factors in Section 6.1. The solid line (left axis) is the share explained by each component;
the dotted line (right axis) is the cumulative share. The vertical lines reproduce the factor numbers
selected at the time-series stage (Figure 9), shown here only for comparison: selection is not based
on cross-sectional fit. The horizontal red line is the reciprocal of the number of test assets.
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C.1.2 Cash-Flow-Based Analysis (Section 6.2)

The payout series is constructed following Bansal et al. (2005) and Hansen et al. (2005).
Monthly stock data come from CRSP, and annual accounting data from the Compustat
Fundamentals dataset. Monthly returns are compounded to obtain quarterly figures and
then deflated using the consumption deflator.

Cash-flow growth rates First, a measure ℎ𝑖,𝑡 of capital gain is computed for each stock
by adjusting CRSP ex-dividend returns RETX for share repurchases as

ℎ𝑖,𝑡 = (𝑃𝑖,𝑡+1
𝑃𝑖,𝑡

) ⋅ min(𝑛𝑖,𝑡+1
𝑛𝑖,𝑡

, 1) . (87)

For each portfolio, these stock-level measures are aggregated using market-capitalization
weights to obtain a portfolio capital gain series ℎ𝑝,𝑡. From each portfolio series, the value
of one dollar invested at the beginning of the sample is computed recursively as 𝑉𝑝,𝑡+1 =
ℎ𝑝,𝑡+1𝑉𝑝,𝑡 with 𝑉𝑝,0 = 1. Payouts are then given by 𝐷𝑝,𝑡+1 = 𝑦𝑝,𝑡+1𝑉𝑝,𝑡, where 𝑦𝑝,𝑡+1 is
the portfolio dividend yield, obtained from 𝑅𝑝,𝑡 = ℎ𝑝,𝑡 + 𝑦𝑝,𝑡. Capital gains are less than
proportional to price appreciation when equivalent shares outstanding decline, typically due
to share repurchases, which are a form of payout not recorded in dividend data. Quar-
terly dividend series are obtained by summing monthly values and deflating them with the
implicit price deflator for nondurable and services consumption, constructed as in Bureau
of Economic Analysis (2024). The series are log-transformed and, following Bansal et al.
(2005), de-seasoned with a 4-quarter rolling mean to remove residual seasonality. Finally,
cash-flow growth rates are computed as first differences of the log-transformed, de-seasoned
real quarterly payouts.

Portfolio Formation To mitigate liquidity concerns, the sample is restricted to common
stocks with market capitalization above the 1st percentile of the monthly NYSE distribution
and share price above $2, which removes less than 0.4% of total market capitalization at
any time. Firms must also have at least twelve consecutive observations to enter the sample.
Portfolios are formed at the end of June, value-weighted, and held until the following June.

Sorting variables are market capitalization (Size), book-to-market (BM), momentum
(Mom), R&D intensity (RD), turnover (To), profitability (Prof), leverage (Lvg), asset growth
(AG), Tobin’s Q (TQ), and industry (Ind). Most follow a 2×3 sort: stocks are first split at
the NYSE median market capitalization, then divided into terciles within each size group.
Size, BM, and Mom instead follow univariate sorts, as in Bansal et al. (2005), and Industry
is classified directly. Financials (SIC 6000–6999) and utilities (SIC 4000–4999) are excluded
where indicated; accounting variables are from the previous fiscal year and market values
from the end of calendar year 𝑡 − 1.

Size All firms, sorted univariately on market capitalization. Both returns and cash-flow
growth decrease with size.
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BM Non-financial firms, sorted univariately on book equity over market capitalization.
Both returns and cash-flow growth increase with the ratio.

Mom All firms, sorted univariately on cumulative returns from month 𝑡−12 to month 𝑡−1.
Both returns and cash-flow growth increase with momentum.

RD Non-financial, non-utility firms, sorted on the ratio of R&D expenditure to market
capitalization (Chan et al., 2001; Lin, 2011). Returns and cash-flow growth increase
with R&D intensity in both the small and the big portfolios.

To All firms, sorted on the sales-to-assets ratio (Haugen and Baker, 1996). Returns and
cash-flow growth increase with turnover in both the small and the big portfolios.

Prof Non-financial, non-utility firms, sorted on gross profits over assets (Fama and French,
2015; Hou et al., 2015; Novy-Marx, 2013). Returns and cash-flow growth increase with
profitability in both the small and the big portfolios, more strongly among the small.

Lvg Non-financial firms, sorted on the debt-to-assets ratio. Debt-to-assets is used rather
than debt-to-market-capitalization, both for consistency with the corporate-finance
literature (e.g. Rajan and Zingales, 1995) and with the other financing-related sorts
in this study. Returns and cash-flow growth increase with leverage among the small
portfolios, while cash-flow growth decreases among the big ones; returns show no clear
pattern.

AG Non-financial, non-utility firms, sorted on asset growth, the first difference of assets over
its lagged value (Cooper et al., 2008; Hou et al., 2015). Both returns and cash-flow
growth decrease with asset growth in both the small and the big portfolios.

TQ All firms, sorted on Tobin’s Q, defined as (assets − book equity + market capitalization)
/ assets as in Chung and Pruitt (1994), following Hou et al. (2015). Cash-flow growth
and returns clearly decrease with Tobin’s Q in the small portfolios, with no evident
pattern in the big ones.

Ind All firms are classified into the 17 industries of Kenneth French’s data library, by four-
digit SIC code. Returns and cash-flow growth vary across industries with no monotone
ordering, by construction.
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Table 10: Descriptive statistics of the legacy pool test assets used in Section 6.2. Quarterly returns
and cash-flow growth rates are reported from 1967 Q1 to 2022 Q1; summary statistics include mean
and standard deviation.

Portfolio CF Growth Mean CF Growth SD Returns Mean Returns SD
Size(1) 134.68 604.09 2.47 13.20
Size(2) 68.34 373.78 2.31 11.83
Size(3) 36.33 193.21 2.18 10.77
Size(4) 29.38 161.65 2.14 10.06
Size(5) 6.38 36.26 1.59 8.34
BM(1) 3.09 16.54 1.72 9.76
BM(2) 2.31 21.74 1.78 8.86
BM(3) 1.49 17.17 1.67 8.22
BM(4) 3.47 36.58 1.96 8.65
BM(5) 8.70 69.61 2.41 9.37
Mom(1) 1.11 20.96 1.47 12.61
Mom(2) 7.44 74.50 1.75 9.31
Mom(3) 8.34 58.26 1.78 8.47
Mom(4) 17.24 107.76 1.85 8.77
Mom(5) 34.09 280.68 1.98 11.66

Table 11: Descriptive statistics of the additional test assets in the wide pool used in Section 6.2.
Quarterly returns and cash-flow growth rates are reported from 1967 Q1 to 2022 Q1; summary
statistics include mean and standard deviation.

Portfolio CF Growth Mean CF Growth SD Returns Mean Returns SD
Ind(Cars) 3.71 106.84 2.11 13.17
Ind(Chems) 22.46 433.41 1.87 10.62
Ind(Clths) 6.30 58.46 2.32 13.02
Ind(Cnstr) 26.06 209.55 2.28 11.84
Ind(Cnsum) 28.52 248.93 2.23 8.49
Ind(Durbl) 2.83 62.31 1.17 11.33
Ind(FabPr) 9.56 144.51 1.95 10.75
Ind(Finan) 6.38 49.55 2.03 10.68
Ind(Food) 13.22 113.91 2.18 8.32
Ind(Machn) 49.53 450.87 2.14 12.97
Ind(Mines) 1.46 32.69 1.46 13.13
Ind(Oil) 22.92 186.66 2.09 11.28
Ind(Other) 9.51 50.02 1.78 9.35
Ind(Rtail) 27.08 275.63 2.24 10.67
Ind(Steel) 2.21 48.84 1.50 14.83
Ind(Trans) 3.91 77.20 1.80 10.51
Ind(Utils) 1.51 13.95 1.50 7.51
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Table 12: Descriptive statistics of the additional test assets in the extended pool used in Section 6.2.
Quarterly returns and cash-flow growth rates are reported from 1975 Q1 to 2022 Q1; summary
statistics include mean and standard deviation.

Portfolio CF Growth Mean CF Growth SD Returns Mean Returns SD
RD(1-
small)

5.23 44.17 2.58 12.32

RD(2-
small)

4.53 67.45 2.84 13.13

RD(3-
small)

20.34 314.97 4.04 15.79

RD(1-big) 0.97 9.79 1.72 8.42
RD(2-big) 5.90 35.87 2.39 9.02
RD(3-big) 4.04 34.68 2.60 9.69
To(1-small) 3.69 27.70 2.29 10.46
To(2-small) 13.36 73.27 3.01 12.29
To(3-small) 32.86 157.91 3.41 11.99

To(1-big) 0.72 9.65 1.78 8.75
To(2-big) 3.08 18.27 2.08 8.64
To(3-big) 4.88 23.34 2.40 8.62
Prof(1-small) 1.90 42.75 2.29 13.44
Prof(2-small) 15.08 82.61 3.06 12.50
Prof(3-small) 39.22 189.22 3.57 12.47

Prof(1-big) 0.98 10.70 1.75 9.26
Prof(2-big) 3.10 18.54 2.29 8.78
Prof(3-big) 6.87 36.63 2.31 8.70
Lvg(1-small) 4.16 46.37 2.63 12.97
Lvg(2-small) 11.64 87.41 2.97 11.91
Lvg(3-small) 14.02 66.32 3.02 11.99

Lvg(1-big) 2.46 16.73 2.10 9.63
Lvg(2-big) 2.79 17.32 2.15 8.17
Lvg(3-big) 1.70 11.32 2.09 7.92
AG(1-small) 25.67 144.45 3.43 13.38
AG(2-small) 12.67 99.21 2.97 12.37
AG(3-small) 6.93 40.81 2.73 12.37

AG(1-big) 4.67 31.69 2.41 9.08
AG(2-big) 3.33 18.94 2.22 8.18
AG(3-big) 1.47 14.16 1.87 9.25
TQ(1-small) 29.50 248.34 3.45 13.17
TQ(2-small) 16.36 91.69 3.12 12.02
TQ(3-small) 3.18 29.12 2.56 13.60

TQ(1-big) 3.18 26.42 2.18 8.53
TQ(2-big) 2.42 15.68 2.29 8.31
TQ(3-big) 3.05 17.48 1.99 9.94
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Table 13: Cash-flow betas for the legacy-pool portfolios. Each entry is the loading 𝑏𝑖
𝑥,𝐷 from the

time-series regression (28), of portfolio dividend growth on the eight-quarter moving average of the
risk factor. The factors are the R&D shock (𝜀𝑠), the effective R&D level ( ̃𝑠), consumption growth
(Cons.), and total factor productivity (Prod.). Portfolios are quintiles sorted on size, book-to-market
(BM), and past-year returns (Mom). Sample 1967Q1–2022Q4.

Portfolio 𝜀𝑠 ̃𝑠 Cons. Prod.
Size(1) 1.85 30.84 3.27 3.75
Size(2) 1.63 1.14 1.64 3.20
Size(3) 0.66 −0.35 1.08 1.98
Size(4) 0.48 0.41 0.98 1.40
Size(5) −0.12 −1.09 0.21 0.36
BM(1) −0.02 −0.18 0.04 0.09
BM(2) −0.07 −0.41 0.07 0.14
BM(3) −0.02 −0.55 0.08 0.12
BM(4) −0.08 −0.50 0.13 0.23
BM(5) 0.27 0.99 0.30 0.53
Mom(1) −0.02 −0.19 0.02 0.14
Mom(2) −0.22 −4.35 0.41 0.44
Mom(3) 0.10 −1.59 0.31 0.41
Mom(4) −0.18 −1.09 0.35 0.52
Mom(5) −0.31 −2.58 0.67 1.14

Table 14: Cash-flow betas for the industry portfolios added in the wide pool. Each entry is the
loading 𝑏𝑖

𝑥,𝐷 from the time-series regression (28), of portfolio dividend growth on the eight-quarter
moving average of the risk factor. The factors are the R&D shock (𝜀𝑠), the effective R&D level
( ̃𝑠), consumption growth (Cons.), and total factor productivity (Prod.). Portfolios are the 17 Fama–
French industry groups. Sample 1967Q1–2022Q4.

Portfolio 𝜀𝑠 ̃𝑠 Cons. Prod.
Ind(Cars) 0.35 −1.15 0.40 0.60
Ind(Chems) 0.48 −2.49 0.93 1.38
Ind(Clths) 0.13 −0.08 0.26 0.25
Ind(Cnstr) 0.33 3.55 0.37 1.34
Ind(Cnsum) −1.10 −2.15 0.19 0.09
Ind(Durbl) −0.07 −0.99 0.14 0.30
Ind(FabPr) −0.01 0.17 0.26 0.79
Ind(Finan) 0.01 −1.25 0.33 0.41
Ind(Food) −0.15 −1.78 0.09 0.59
Ind(Machn) −0.53 −9.80 1.95 2.66
Ind(Mines) −0.15 0.37 0.08 0.11
Ind(Oil) 0.38 2.47 1.60 1.76
Ind(Other) −0.17 −1.28 0.11 0.38
Ind(Rtail) 0.13 −3.61 0.44 1.52
Ind(Steel) 0.11 0.30 0.16 0.19
Ind(Trans) −0.17 −0.40 0.24 0.24
Ind(Utils) −0.00 −0.24 0.03 0.07
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Table 15: Cash-flow betas for the characteristic-sorted portfolios of the extended pool. Each entry is
the loading 𝑏𝑖

𝑥,𝐷 from the time-series regression (28), of portfolio dividend growth on the eight-quarter
moving average of the risk factor. The factors are the R&D shock (𝜀𝑠), the effective R&D level ( ̃𝑠),
consumption growth (Cons.), and total factor productivity (Prod.). Stocks are double-sorted into
2 × 3 portfolios by size (NYSE median) and one accounting characteristic: firm R&D intensity (RD),
profitability (Prof), turnover (To), leverage (Lvg), asset growth (AG), and Tobin Q (TQ); Lo, Mid,
Hi (1, 2, 3) index the characteristic terciles, small and big the size halves. Sample 1975Q1–2022Q4.

Portfolio 𝜀𝑠 ̃𝑠 Cons. Prod.
RD(1-small) −0.00 −0.51 0.18 0.39
RD(2-small) −0.02 −0.83 0.04 0.46
RD(3-small) 1.09 −3.03 −0.68 1.17
RD(1-big) −0.03 −0.30 0.03 0.08
RD(2-big) −0.07 −0.30 0.12 0.23
RD(3-big) −0.17 −1.25 0.09 0.24
Prof(1-small) −0.18 −0.99 −0.01 0.20
Prof(2-small) 0.42 1.15 0.58 0.97
Prof(3-small) 0.71 7.91 1.34 2.29
Prof(1-big) −0.02 −0.23 0.05 0.09
Prof(2-big) −0.12 −0.65 0.08 0.16
Prof(3-big) −0.05 −0.09 0.13 0.34
To(1-small) 0.06 −1.02 0.13 0.27
To(2-small) 0.28 1.34 0.29 0.81
To(3-small) 0.75 5.03 1.06 1.85
To(1-big) −0.05 −0.47 0.06 0.08
To(2-big) −0.07 −0.31 0.09 0.17
To(3-big) 0.02 −0.15 0.11 0.29
Lvg(1-small) −0.09 −0.72 0.15 0.20
Lvg(2-small) 0.17 0.08 0.47 1.03
Lvg(3-small) 0.24 2.17 0.30 0.75
Lvg(1-big) −0.07 −0.54 0.09 0.19
Lvg(2-big) −0.08 −0.40 0.08 0.14
Lvg(3-big) −0.03 −0.07 0.04 0.10
AG(1-small) 0.67 4.25 0.82 1.66
AG(2-small) −0.07 −0.13 0.43 1.02
AG(3-small) 0.09 0.72 0.19 0.38
AG(1-big) −0.14 −0.84 0.14 0.29
AG(2-big) −0.06 −0.51 0.05 0.21
AG(3-big) −0.04 0.05 0.07 0.08
TQ(1-small) 0.27 2.59 0.87 2.43
TQ(2-small) 0.20 1.31 0.65 1.10
TQ(3-small) −0.06 −0.39 0.14 0.24
TQ(1-big) −0.06 −0.39 0.15 0.25
TQ(2-big) −0.05 −0.52 0.09 0.15
TQ(3-big) −0.07 −0.00 0.03 0.14
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C.2 Risk Premia Estimation with Omitted Factors

Giglio and Xiu (2021) consider a standard factor structure for returns, of the form

𝐑𝑡 − 𝑅𝑓
𝑡−1 = 𝐵𝝀 + 𝐵𝝐𝑡 + 𝝋𝑡 , (88)

where 𝝐𝑡 are the “true” risk factors shared by all returns and 𝝋𝑡 the idiosyncratic components.
The observable factor of interest, 𝑥𝑡, is assumed affine in the true factors, up to measurement
error 𝜛𝑡:

𝑥𝑡 = 𝜁0 + 𝜻′
1𝝐𝑡 + 𝜛𝑡 . (89)

The premium on this factor, 𝜆𝑥, is the expected excess return on an asset with unit beta on
𝑥𝑡 and zero beta on every orthogonal factor:

𝜆𝑥 = 𝜻′
1𝝀 . (90)

Consistent estimates of 𝜆𝑥, free of the omitted-factor bias, are obtained by applying
principal component analysis to the panel of returns, which recovers the true risk factors
up to an arbitrary full-rank rotation 𝐻, namely 𝐻𝝐𝑡, as the number of periods and test
assets grows. Regressing 𝐑𝑡 on the estimated 𝐻𝝐𝑡 then yields consistent estimates of 𝜻′

1𝐻−1.
These, in turn, serve as regressors for 𝐑𝑡, as in the classical Fama–MacBeth procedure
(Fama and Macbeth, 1973), giving consistent estimates of 𝐻𝝀. Combining the two yields
the consistent estimate

𝜆̂𝑥 = ̂𝜻′
1𝐻−1 𝐻𝝀 , (91)

in which the rotation 𝐻 cancels, leaving 𝜆̂𝑥 invariant to it.

C.3 Cash-Flow-Based Asset Pricing

According to the arguments presented in the main text, Bansal et al. (2005) adopt the
simpler cross-sectional pricing condition

E𝑡 [𝑅𝑖
𝑡+1] − 𝑅𝑓

𝑡 = 𝜆𝑥𝛽𝑖
𝑥 (92)

as a reasonable approximation of the theoretical long-run risk pricing equation. Then, de-
composing unexpected returns into a sum of news about future cash-flow growth and of
discount rates as in Campbell (1996),

ln𝑅𝑖
𝑡+1 − E𝑡 [ln𝑅𝑖

𝑡+1] ≈ 𝛿𝑖
𝐷,𝑡+1 − 𝛿𝑖

𝑅,𝑡+1 (93)

where

𝛿𝑖
𝐷,𝑡 = {E𝑡 − E𝑡−1} [

∞
∑
𝑗=0

̄𝜅𝑗Δ ln𝐷𝑖
𝑡+𝑗] , 𝛿𝑖

𝑅,𝑡 = {E𝑡 − E𝑡−1} [
∞

∑
𝑗=1

̄𝜅𝑗 ln𝑅𝑖
𝑡+𝑗] , (94)
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any return beta can be approximated as the difference between a cash-flow beta, 𝛽𝑖
𝑥,𝐷, and

a discount-rate beta, 𝛽𝑖
𝑥,𝑅 (Campbell and Vuolteenaho, 2004):

𝛽𝑖
𝑥 = Cov [𝑅𝑖

𝑡 , 𝜀𝑥,𝑡]
Var [𝜀𝑥,𝑡]

≈
Cov [𝛿𝑖

𝐷,𝑡 , 𝜀𝑥,𝑡]
Var [𝜀𝑥,𝑡]

−
Cov [𝛿𝑖

𝑅,𝑡 , 𝜀𝑥,𝑡]
Var [𝜀𝑥,𝑡]

= 𝛽𝑖
𝑥,𝐷 − 𝛽𝑖

𝑥,𝑅 . (95)

Focusing on the dividend beta alone isolates the component of risk stemming from assets’
fundamentals, yielding

E𝑡 [𝑅𝑖
𝑡+1] − 𝑅𝑓

𝑡 = 𝜆𝑥𝛽𝑖
𝑥,𝐷 . (96)

D Additional Results

D.1 Related Measures

By construction and purpose of use, the closest measure in the literature is from Kung
and Schmid (2015). They focused on a specification of effective R&D defined as the plain
ratio 𝑆𝑡/𝐼𝑡. The empirical counterpart was constructed as the ratio of U.S. annual private
R&D expenditures reported by the National Science Foundation (measuring 𝑆𝑡) to the
R&D stock series formed by the U.S. Bureau of Labor Statistics (representing intangible
capital 𝐼𝑡). They showed that this measure fulfilled several theoretical predictions: it was
highly persistent, co-moved at low frequencies with the price-dividend ratio, and univariately
forecasted the growth of consumption, GDP, and TFP up to 5 years.

Their measure, however, presents a few shortcomings, illustrated in the first column of
Table 16.27 Most notably, it is extremely persistent, with a first-order annual autocorrelation
of 0.995 (standard error 0.063). This raises two concerns: the upper confidence bound
indicates a real risk of non-stationarity, while the lower implies persistence too high for
the productivity component it should capture. Formal tests conflict: ADF rejects non-
stationarity at 10%, KPSS rejects stationarity at 1%, with visual inspection favoring the
latter. Non-stationarity would not undermine the measure or the underlying theory, but
it would pose serious problems for empirical work, given the risk of spurious regressions.
Even setting stationarity aside, an implied half-life exceeding 40 years strains its economic
interpretation. This far exceeds the persistence of the productivity LRR component in Ortu
et al. (2013) and Croce (2014), which never exceeds 20 years. Though consistent with the
consumption-based calibration of Bansal and Yaron (2004), it appears too long-lived to
reflect the productivity channel of long-run risk.

The puzzling dynamics of the effective R&D used by Kung and Schmid (2015) may
stem from the data employed, as the measure of the stock of ideas they use is constructed
through simple accumulation and depreciation of R&D expenditures, deviating from the
law of motion assumed in the model. To address this inconsistency, one could construct an
alternative effective R&D measure by substituting TFP for the stock of ideas (as previously
argued), maintaining the assumption of labor-augmenting technology, and calibrating it

27The R&D stock series has been updated by the provider and now covers a slightly different period.
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Table 16: Summary statistics of the (updated) Kung and Schmid (2015) R&D intensity measure.
Column 1 reports yearly R&D expenditure (𝑆, NSF) and R&D stock (𝐼 , BLS) for 1963-2020 (yearly
observations from 1986 onward); columns 2-3 show data from the baseline specifications in the main
analysis. 𝜃 corresponds to commonly used labor-share values, following the original paper. 𝑇 denotes
the number of observations; 𝜎, the standard deviation; ADF and KPSS, respective stationarity tests;
AR(1), the first-order autoregressive coefficient; and HL, the implied half-life based on AR(1).

̃𝑠𝑡 : (ln𝑆𝑡 − ln 𝐼𝑡) (ln𝑆𝑡 − 1
𝜃 ln𝑍𝑡)

1 − 𝜃 : − 0.35 0.3
𝑇 62 314 314
𝜎 0.321 0.864 0.835
ADF −2.82∗ 3.80 3.72
KPSS 1.29∗∗∗ 0.82∗∗∗ 0.79∗∗∗

AR(1) 0.995∗∗∗ 1.000∗∗∗ 1.000∗∗∗

(0.063) (0.000) (0.000)
HL low 40.2 ∞ ∞
HL high ∞ ∞ ∞
∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1

using standard labor share values from the literature, as well as employing the longer datasets
used in this work. However, the results exhibit similar, if not more pronounced, issues (see
Table 16). The root cause likely lies in the lack of flexibility in the strength of knowledge
spillovers from past innovations in the Kung and Schmid (2015) framework, a limitation
that recent work, such as Bloom et al. (2020), has highlighted as crucial for achieving a
good empirical fit to the data.

Another closely related measure is proposed by Kogan et al. (2017), who link changes in
market valuations to patent announcements to assess the private value of successful innova-
tions. Whereas their measure captures the outcome of the innovation process, effective R&D
reflects its input side. The two measures thus offer complementary perspectives on innova-
tion. For the purposes of this paper, however – namely, constructing a process that forecasts
future innovation and productivity growth – effective R&D is particularly suitable. This is
further supported by the results in Table 17, which show that structural R&D shocks from
effective R&D Granger-causes the structural innovation shocks from innovation measure of
Kogan et al. (2017), but not vice versa, for most specifications.

Table 17: Granger causality F-test 𝑝-values from a VAR of effective R&D (𝑠) and the aggregated
innovation measure of Kogan et al. (2017) (KPSS), both included as structural shocks orthogonal
to productivity growth, estimated from a first-step bivariate VAR with productivity growth (as in
Table 3). VAR lags are selected by Hannan–Quinn information criterion (max 10); 𝑘 denotes second-
step VAR lags. Results are shown using HC, and HAC covariance estimators.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝑄: N.F. Empl. ̃𝑠
𝑘 1 1 2 1 1
N. Obs. 298 298 298 298 216
GC(𝑠) HC p.v. 0.069 0.934 0.068 0.072 0.079
GC(KPSS) HC p.v. 0.838 0.436 0.864 0.745 0.233
GC(𝑠) HAC p.v. 0.011 0.921 0.010 0.008 0.012
GC(KPSS) HAC p.v. 0.824 0.497 0.864 0.719 0.083
∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1
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D.2 Three-Shock Structural System

This section assumes, instead of (18),

̃𝑠𝑡+1 = 𝜌𝑠 ̃𝑠𝑡 + 𝛽𝑠,𝑎𝑎𝑡 + 𝛽𝑠,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑠,𝐿𝜀𝐿
𝑡+1 + 𝛿𝑠,𝑎𝜀𝑎

𝑡+1 + 𝛿𝑠,𝑠𝜀𝑠
𝑡+1 (97a)

𝑎𝑡+1 = 𝛽𝑎,𝑠 ̃𝑠𝑡 + 𝜌𝑎𝑎𝑡 + 𝛽𝑎,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑎,𝐿𝜀𝐿
𝑡+1 + 𝛿𝑎,𝑎𝜀𝑎

𝑡+1 (97b)
̃Δ ln𝐿𝑡+1 = 𝛽𝐿,𝑠 ̃𝑠𝑡 + 𝛽𝐿,𝑎𝑎𝑡 + 𝜌𝐿Δ̃ ln𝐿𝑡 + 𝛿𝐿,𝐿𝜀𝐿

𝑡+1 + 𝛿𝐿,𝑎𝜀𝑎
𝑡+1 . (97c)

D.2.1 Short-Run System in Observables

Substituting (50) in

Δ𝑎𝑡+1 = 𝛽𝑎,𝑠 ̃𝑠𝑡 + (𝜌𝑎 − 1)𝑎𝑡 + 𝛽𝑎,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑎,𝐿𝜀𝐿
𝑡+1 + 𝛿𝑎,𝑎𝜀𝑎

𝑡+1 (98)

from (97b), yields

Δ𝑎𝑡+1 = 𝛽𝑎,𝑠 ̂𝑠𝑡 + (𝜌𝑎 − 1 + 𝛽𝑎,𝑠(𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔)) 𝑎𝑡 + 𝛽𝑎,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑎,𝐿𝜀𝐿

𝑡+1 + 𝛿𝑎,𝑎𝜀𝑎
𝑡+1 .

(99)

Then, first, substituting (50) into (97c),

Δ̃ ln𝐿𝑡+1 = 𝛽𝐿,𝑠 ̂𝑠𝑡 + 𝛽𝐿,𝑠 [(𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) + 𝛽𝐿,𝑎] 𝑎𝑡

+ 𝜌𝐿Δ̃ ln𝐿𝑡 + 𝛿𝐿,𝐿𝜀𝐿
𝑡+1 + 𝛿𝐿,𝑎𝜀𝑎

𝑡+1 . (100)

Second, substituting Δ𝑎𝑡+1 from (98) and Δ̃ ln𝐿𝑡+1 from (97c) into (54),

Δ̃ ln𝑍𝑡+1 ≈ 𝛾0 + (𝛾1 + 𝜉𝜔𝛽𝐿,𝑠 + (1 + 𝜉𝜋)𝛽𝑎,𝑠) ̃𝑠𝑡

+ [𝜉𝜔𝛽𝐿,𝑎 + (1 + 𝜉𝜋)(𝜌𝑎 − 1)]𝑎𝑡 + [𝜉𝜔𝜌𝐿 + (1 + 𝜉𝜋)𝛽𝑎,𝐿]Δ̃ ln𝐿𝑡

+ [𝜉𝜔𝛿𝐿,𝐿 + (1 + 𝜉𝜋)𝛿𝑎,𝐿] 𝜀𝐿
𝑡+1 + [𝜉𝜔𝛿𝐿,𝑎 + (1 + 𝜉𝜋)𝛿𝑎,𝑎] 𝜀𝑎

𝑡+1 , (101)

which, plugging (50) in, amounts to

Δ̃ ln𝑍𝑡+1 ≈ 𝛾0 + (𝛾1 + 𝜉𝜔𝛽𝐿,𝑠 + (1 + 𝜉𝜋)𝛽𝑎,𝑠) ̂𝑠𝑡

+ [(𝛾1 + 𝜉𝜔𝛽𝐿,𝑠 + (1 + 𝜉𝜋)𝛽𝑎,𝑠) (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) + 𝜉𝜔𝛽𝐿,𝑎 + (1 + 𝜉𝜋)(𝜌𝑎 − 1)] 𝑎𝑡

+ [𝜉𝜔𝜌𝐿 + (1 + 𝜉𝜋)𝛽𝑎,𝐿]Δ̃ ln𝐿𝑡

+ [𝜉𝜔𝛿𝐿,𝐿 + (1 + 𝜉𝜋)𝛿𝑎,𝐿] 𝜀𝐿
𝑡+1 + [𝜉𝜔𝛿𝐿,𝑎 + (1 + 𝜉𝜋)𝛿𝑎,𝑎] 𝜀𝑎

𝑡+1 . (102)

Third, further substituting (50) into (97a),

̂𝑠𝑡+1 + (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) Δ𝑎𝑡+1 = 𝜌𝑠 ̂𝑠𝑡 + [(𝜌𝑠 − 1) (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋

𝜔) + 𝛽𝑠,𝑎] 𝑎𝑡 + 𝛽𝑠,𝐿Δ̃ ln𝐿𝑡

+ 𝛿𝑠,𝐿𝜀𝐿
𝑡+1 + 𝛿𝑠,𝑎𝜀𝑎

𝑡+1 + 𝛿𝑠,𝑠𝜀𝑠
𝑡+1 , (103)
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which, with (99),

̂𝑠𝑡+1 = (𝜌𝑠 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝛽𝑎,𝑠) ̂𝑠𝑡 (104)

+ [(𝜌𝑠 − 1) (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) + 𝛽𝑠,𝑎 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋

𝜔) (𝜌𝑎 − 1 + 𝛽𝑎,𝑠(𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔)) ]𝑎𝑡

+ (𝛽𝑠,𝐿 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝛽𝑎,𝐿) Δ̃ ln𝐿𝑡

+ (𝛿𝑠,𝐿 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝛿𝑎,𝐿) 𝜀𝐿

𝑡+1 + (𝛿𝑠,𝑎 − (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) 𝛿𝑎,𝑎) 𝜀𝑎

𝑡+1 + (𝛿𝑠,𝑠) 𝜀𝑠
𝑡+1 .

Fourth, plugging (50) in (97b), 𝑎𝑡 can be rewritten as

𝑎𝑡+1 = 𝛽𝑎,𝑠 ̂𝑠𝑡 + [𝜌𝑎 + 𝛽𝑎,𝑠 (𝛼𝑍 + 𝛼𝐿 ⋅ 𝜋
𝜔) ]𝑎𝑡 + 𝛽𝑎,𝐿Δ̃ ln𝐿𝑡 + 𝛿𝑎,𝐿𝜀𝐿

𝑡+1 + 𝛿𝑎,𝑎𝜀𝑎
𝑡+1 . (105)

Finally, the system (97) can then be expressed as

[𝐱𝑡+1
𝑎𝑡+1

] = (𝐵𝑥,𝑥 𝐛𝑥,𝑎
𝐛′

𝑎,𝑥 𝑏𝑎,𝑎
) [𝐱𝑡

𝑎𝑡
] + (𝐷𝑥

𝐝′
𝑎

) 𝜺𝑡+1 , (106)

where 𝐱𝑡 is [ ̂𝑠𝑡, Δ̃ ln𝑍𝑡, Δ̃ ln𝐿𝑡]
′ and 𝜺𝑡+1 is [𝜀𝑠

𝑡+1 , 𝜀𝑎
𝑡+1, 𝜀𝐿

𝑡+1]′. 𝐵𝑥,𝑥, 𝐛𝑥,𝑎, 𝐷𝑥, 𝐛𝑎,𝑥, 𝑏𝑎,𝑎
and 𝐝𝑎 are all defined across (104), (102), (100), and (105). So,

𝐱𝑡+1 = 𝐵𝑥,𝑥𝐱𝑡 + 𝐛𝑥,𝑎𝑎𝑡 + 𝐷𝑥𝜺𝑡+1 , (107)

and
𝑎𝑡+1 = 𝐛′

𝑎,𝑥𝐱𝑡 + 𝑏𝑎,𝑎𝑎𝑡 + 𝐝′
𝑎𝜺𝑡+1 . (108)

Then, plugging the lag of (108) in (107),

𝐱𝑡+1 = 𝐵𝑥,𝑥𝐱𝑡 + 𝐛𝑥,𝑎𝐛′
𝑎,𝑥𝐱𝑡−1 + 𝑏𝑎,𝑎(𝐛𝑥,𝑎𝑎𝑡−1)

+ 𝐷𝑥𝜺𝑡+1 + 𝐛𝑥,𝑎𝐝′
𝑎𝜺𝑡 , (109)

and using the lag of (107)

𝐛𝑥,𝑎𝑎𝑡−1 = 𝐱𝑡 − 𝐵𝑥,𝑥𝐱𝑡−1 − 𝐷𝑥𝜺𝑡 , (110)

yields

𝐱𝑡+1 = (𝐵𝑥,𝑥 + 𝐼𝑥𝑏𝑎,𝑎)𝐱𝑡 + (𝐛𝑥,𝑎𝐛′
𝑎,𝑥 − 𝑏𝑎,𝑎𝐵𝑥,𝑥)𝐱𝑡−1

+ 𝐷𝑥𝜺𝑡+1 + (𝐛𝑥,𝑎𝐝′
𝑎 − 𝑏𝑎,𝑎𝐷𝑥)𝜺𝑡 , (111)

which expands to

⎡⎢⎢
⎣

̂𝑠𝑡+1
Δ̃ ln𝑍𝑡+1
Δ̃ ln𝐿𝑡+1

⎤⎥⎥
⎦

= 𝐵1
⎡⎢⎢
⎣

̂𝑠𝑡
Δ̃ ln𝑍𝑡
Δ̃ ln𝐿𝑡

⎤⎥⎥
⎦

+ 𝐵2
⎡⎢⎢
⎣

̂𝑠𝑡−1
Δ̃ ln𝑍𝑡−1
Δ̃ ln𝐿𝑡−1

⎤⎥⎥
⎦

+ ⎛⎜⎜⎜
⎝

𝛿1
𝑠,𝑠 𝛿1

𝑠,𝑎 𝛿1
𝑠,𝐿

0 𝛿1
𝑍,𝑎 𝛿1

𝑍,𝐿
0 𝛿1

𝐿,𝑎 𝛿1
𝐿,𝐿

⎞⎟⎟⎟
⎠

⎡⎢⎢
⎣

𝜀𝑠
𝑡+1

𝜀𝑎
𝑡+1

𝜀𝐿
𝑡+1

⎤⎥⎥
⎦

+ ⎡⎢⎢
⎣

𝜀𝑠
𝑡

𝜀𝑎
𝑡

𝜀𝐿
𝑡

⎤⎥⎥
⎦

. (112)
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D.2.2 Empirical Results

All key results for the finite-order VAR approximating (112) are reported in Table 18, Fig-
ures 11 and 12, and Table 19. Effective R&D remains strongly predictive of TFP growth,
and the Granger-causality test remains significant; structural R&D shocks are highly corre-
lated with those from the corresponding two-variable specifications and yield nearly identi-
cal impulse responses. The consumption local projection is less precisely estimated, but still
stabilizes around a positive value after roughly six years, as in the main specification. The
pricing estimates overlap with those in the main text.

Table 18: Estimation diagnostics for the three-variable finite-order VAR approximating (112), which
augments the system of (25) with labor-force growth. Columns, statistics, and tests are as in Table 3.
̂𝑣 𝑠 corr. (2v, 3v) is the correlation between the structural R&D shock estimates from the three- and

two-variable systems, for each specification.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝐿: N.F. Empl. 𝑠 : Net
𝑇 306 305 304 306 216
𝑃 2 3 4 2 2
R2

Δ𝑍 (%) 6.5 6.4 11.6 5.8 3.1
max |roots| 0.93 0.88 0.95 0.94 0.94
ARCH-LM(Δ𝑍, 4) 2.3 1.5 22.0 ∗ ∗∗ 2.7 3.7
ARCH-LM(𝑠, 4) 49.4 ∗ ∗∗ 40.9 ∗ ∗∗ 43.3 ∗ ∗∗ 52.1 ∗ ∗∗ 20.0 ∗ ∗∗
AC-LM(1) 9.7 12.7 5.8 9.4 9.8
AC-LM(4) 43.3 44.5 35.7 39.5 45.6
AC-LM(16) 157.4 151.2 133.1 157.5 139.4
AC-LM(40) 294.5 288.0 281.6 294.6 204.9
GC-F(s) 17.8∗∗∗ 11.8∗∗∗ 3.1∗∗∗ 18.6∗∗∗ 1.8
̂𝑣 𝑠 corr. (2v, 3v) 0.86 0.92 0.88 0.83 0.95

∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1

Figure 11: Impulse response functions from the baseline three-variable finite-order VAR approximat-
ing (112), which augments the system of (25) with labor-force growth. The left panel reports the
response of Δ ln𝑍 to a one-standard-deviation R&D shock (𝜀𝑠

𝑡 ) and the right panel the response to a
one-standard-deviation non-R&D shock (𝜀𝑎

𝑡 ); bootstrap, specification, and horizon are as in Figure 3.
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Figure 12: Cumulative impulse response of consumption growth (Δ ln𝐶) to the R&D shock ( ̂𝜀 𝑠)
identified from the three-variable finite-order VAR approximating (112), from the local projection of
(27) (𝑃 = 5). Bands and horizon are as in Figure 4.

Table 19: Cash-flow risk premia 𝜆𝑥 with the R&D shock identified from the three-variable finite-order
VAR approximating (112). Construction, test assets, and sample are as in Table 4.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝐿: N.F. Empl. 𝑠 : Net
Horizon: 1 quarter

6 factors 4.73 6.54 6.38 5.17 7.47
[0.83] [1.23] [1.12] [0.89] [1.05]

14 factors 13.22 9.55 6.09 12.73 9.31
[0.98] [0.68] [0.43] [0.93] [0.54]

𝑇 213 213 213 213 213
Horizon: 4 years

6 factors 2.01 2.31 1.90 2.17 2.10
[1.42] [1.58] [1.05] [1.50] [0.80]

14 factors 10.38∗∗∗ 7.95∗∗ 12.52∗∗∗ 9.92∗∗∗ 16.72∗∗∗

[3.10] [2.56] [3.23] [2.90] [2.90]
𝑇 213 213 213 213 199
∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1
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D.3 Other Tables

This subsection presents supplementary correlation tables for three objects implied by es-
timates in the main text: the error-correction terms from the cointegration estimates of
Table 1 (Table 20), the effective R&D levels from the regressions of Table 2 (Table 21), and
the structural R&D shocks from the VAR of Table 3 (Table 22).

Table 20: Correlation among error correction terms from the specifications in Table 1.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝑄: N.F. Empl.
𝑆: Tot. R&D 0.880 . . .
𝑍: Raw TFP 0.855 0.721 . .
𝑄: N.F. Empl. 0.997 0.858 0.859 .
Est. Meth.: IM 0.511 0.504 0.377 0.503

Table 21: Correlation among estimates of ̃𝑠𝑡 from the specifications in Table 2.

Specification Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝐿: N.F. Empl.
𝑆: Tot. R&D 0.75 . . .
𝑍: Raw TFP 0.96 0.64 . .
𝐿: N.F. Empl. 1.00 0.76 0.96 .
Baseline-BS 1.00 0.75 0.96 1.0

Table 22: Correlation among estimates of structural shocks from the VAR specifications in Table 3.

Baseline 𝑆: Tot. R&D 𝑍: Raw TFP 𝑄: N.F. Empl.
𝑆: Tot. R&D 0.690 . . .
𝑍: Raw TFP 0.915 0.630 . .
𝑄: N.F. Empl. 0.991 0.699 0.901 .

̃𝑠 0.926 0.646 0.837 0.929
* p <0.1, ** p <0.05, *** p <0.01

D.4 Other Figures

This subsection collects the figures underlying the main-text estimates. Figure 13 plots
the error-correction terms from all estimated cointegration relationships, and Figure 14 the
effective R&D levels ̂ ̃𝑠𝑡 from all tested specifications, with the structural R&D shocks ̂𝜀𝑠

𝑡 from
the baseline VAR shown in Figure 15. Figure 16 reports the responses of effective R&D,
both gross and net, to a non-R&D TFP shock, and Figure 17 the AIC of the local projections
across lag lengths, underlying the lag choice for the cumulative impulse responses.
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Figure 15: ̂𝑣𝑠
𝑡 from baseline VAR estimation in Table 3. Shaded areas indicate NBER recessions.

Figure 16: Impulse response functions to a one-standard-deviation non-R&D TFP shock (𝜀𝑎
𝑡 ) from

the VAR in (25) (cf. Table 3). The left panel reports the response of ̂𝑠𝑡 under the baseline gross
specification; the right panel reports the response of ̃𝑠𝑡 under the net specification. Dark and light
shaded areas show 68% and 90% percentile intervals from a residual bootstrap with 1,099 replications.
The horizon 𝐻 is expressed in years.

Figure 17: AIC of the local projection regressions across lag lengths 𝑃 , for productivity and consump-
tion, underlying the lag choice for the cumulative impulse responses in Figure 4.
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