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ABSTRACT

Directed cash flow linkages give rise to cross-predictability of returns between
linked assets solely through equilibrium pricing effects in a frictionless, infor-
mationally efficient, and complete market. The risk-based mechanism builds
on fundamental principles of economically linked assets. In a consumption-
based equilibrium asset pricing model which allows for closed-form solutions,
expected excess returns are tied to differences in the strengths of cash flow
linkages. Our equilibrium mechanism generates cross-predictability under two
conditions. First, cash flow linkages must have a direction. Second, there must
be cross-sectional heterogeneity in the strengths of these linkages.
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1 Introduction

Cross-predictability of returns, i.e., the observation that returns of one asset (equity re-
turn of a firm, industry, country, etc.) in period ¢ have predictive power for the returns of
another, economically linked asset in period ¢ + 1, is a pervasive empirical pattern. It has
been documented in various empirical settings and sample periods.! The ample evidence
and the fact that cross-predictability still exists today suggest that it is driven by prin-
ciples of equilibrium. Building on this idea, we show that cross-predictability can arise
solely through risk-based equilibrium pricing effects, while maintaining the assumptions

of market efficiency and market completeness.

The mechanism builds on directed cash flow linkages between assets. A large strand
of literature has documented that the existence of linkages between firms, industries, or
countries can turn microeconomic shocks into aggregate fluctuations.? Specifically, links
have a direction: it matters whether a link runs from asset ¢ to asset j or the other way
around. We show that this directionality, and the associated amplification of cash flow
shocks, has implications for equilibrium risk premia that give rise to cross-predictability

of returns.

As a natural starting point for setting up a cross-predictability long-short strategy,
the universe of assets needs to be divided into two (not necessarily disjunct) subsets.
Signal assets are those whose returns serve as input for portfolio formation, the sorting
criterion. Investment assets are those in which the investor goes long or short to implement
the strategy. We study cross-predictability through average returns of long-short strategies
constructed from investment assets, which are pairwise connected to signal assets. Our
equilibrium explanation of cross-predictability builds on the fundamental assumption that
cash flow linkages between signal and investment assets are directed. In a nutshell, we find
that directed cash flow linkages give rise to interdependencies between ezpected (or average
realized) excess returns of signal and investment assets in equilibrium. Differences in the
strengths of cash flow linkages determine both the expected return differentials of signal

assets up to time ¢ and the expected return differentials of investment assets after time .

Suppose that cash flow links go from signal to investment assets. By this, we mean

that negative shocks to the cash flows of signal assets increase the probability of subsequent

'Examples include Cohen and Frazzini (2008), Hou (2007), Menzly and Ozbas (2010), Albuquerque,
Ramadorai, and Watugala (2015), Lee, Sun, Wang, and Zhang (2019), and Huang, Lee, Song, and Xiang
(2022). The most recent evidence is provided by Yan and Yu (2023) and by Avramov, Ge, Li, and
Linton (2026), based on U.S. data until 2018 and 2024, respectively. Kelly, Malamud, and Pedersen
(2023) generalize the notion of cross-predictability and exploit it to reverse-engineer so-called principal
portfolios without specifying the fundamental link itself.

2See, for instance, the seminal contributions by Acemoglu, Carvalho, Ozdaglar, and Tahbaz-Salehi
(2012), Acemoglu, Ozdaglar, and Tahbaz-Salehi (2017), and Carvalho, Nirei, Saito, and Tahbaz-Salehi
(2021).



negative shocks to the cash flows of investment assets. We show that, even though cash flow
shocks propagate with a time lag and may not even be observed in the time series, expected
returns reflect this risk at any time since markets are efficient. Specifically, the equilibrium
expected excess return differential between signal assets is positive exactly when the
expected excess return differential of the respective economically linked investment assets
is positive as well. The differentials represent two sides of the same coin, but they are

positive for different reasons.

In the case described above, signal assets have the capacity to spread cash flow shocks
throughout the economy. This makes their own cash flows more systematic overall, which
increases the risk premia of the signal assets in equilibrium. As a result, the difference
in signal assets’ expected excess returns reflects differences in the strengths of cash flow

linkages, i.e., signal assets’ capacity to spread shocks.

Investment assets receive cash flow shocks in the sense that their own cash flows
become riskier after a cash flow shock of a signal asset. Investment assets therefore earn
an extra risk premium in equilibrium since their valuation ratios drop upon shocks of the
respective signal assets. Additionally, risk premia of investment assets are subject to a
hedging effect: when a shock propagates through the economy, an investment asset that is
not directly exposed becomes relatively more attractive and its valuation ratio increases.
Being shielded from the propagation of aggregate shocks makes an investment asset earn
a correspondingly lower risk premium in equilibrium. Crucially, the corresponding com-
pression in risk premia is larger for the investment asset linked to the weaker signal asset.
In the cross-section, the receiving and hedging channels thus reinforce rather than offset
each other: both raise the expected excess return of the investment asset linked to the
stronger signal asset relative to the one linked to the weaker signal asset. Consequently,
the difference in investment assets’ expected excess returns reflects differences in the

strengths of cash flow linkages through these two mutually reinforcing channels.

To sum up, both expected return differentials depend on the same parameters cap-
turing the strengths of cash flow linkages and are thus tied together in equilibrium. As a
result, the expected (or average realized) return differentials of signal assets up to time ¢
are positive exactly when the expected (or average realized) return differentials of invest-

ment assets after time ¢ are positive.

Put differently, we show that our equilibrium mechanism generates cross-predictability
under two key conditions. First, cash flow linkages must have a direction. Importantly,
while it makes a difference for individual risk premia whether a link goes from a signal
asset to an investment asset or the other way around, cross-predictability arises in both
cases, and also when there are two links in opposing directions. Second, there must be

cross-sectional differences in the strengths of cash flow linkages. If all cash flow linkages



in the economy are of equal magnitude (or if there are no cash flow linkages at all),

cross-predictability will not arise through the mechanism explained above.?

Studying signal and investment assets jointly in one economy is the first step towards
understanding cross-predictability. To this end, we tailor the tractable consumption-based
equilibrium asset pricing model of Branger, Konermann, Meinerding, and Schlag (2021) to
our needs, which builds on the idea of a granular economy put forward by Gabaix (2011).
The model specifically features the propagation of cash flow shocks through arbitrary
directed networks. Notably, its closed-form solution, in conjunction with a series expan-
sion, allows us to decompose equilibrium risk premia of individual assets into spreading,
receiving, and hedging channels. We show that these three channels become interrelated
in a setting with pairwise connected signal and investment assets, and we explain this
interrelation precisely in closed form. The spreading channel of the signal assets, on the
one hand, and the mutually reinforcing receiving and hedging channel of the investment
assets, on the other hand, represent two sides of the same coin. This interrelation leads to
commonality in expected (or average realized) returns of connected signal and investment

assets, and this commonality is at the heart of our equilibrium pricing mechanism.

A key contribution of our paper lies in designing the relevant modeling assumptions
in such a way that this key mechanism can be formalized tractably and transparently in
closed form. After that, we analyze the role of specific modeling assumptions. First, all
theorems in our paper also hold when cash flow shocks are positive. This alleviates the
concern that our key mechanism implies the magnitude of cross-predictability to covary
with aggregate macroeconomic fluctuations. There is no particular form of procyclicality
or countercyclicality of cross-predictability hard-wired into our model. Second, we show
that the term explaining cross-predictability in our model is positive for any length of the
signal and investment period. At any horizon, cross-sectional differences in the strength

of cash flow linkages are the determining quantity.

By showing how cross-predictability arises through risk-based equilibrium pricing
effects, while maintaining the assumptions of market efficiency and market completeness,
our paper closes an important gap in the literature. Some authors view cross-predictability
as evidence for mispricing due to informational or other frictions. Based on the seminal
work of Lo and MacKinlay (1990), the literature focuses on slow information diffusion,
information discreteness, market segmentation, limits to arbitrage, bounded rationality, or
financial frictions, addressing cross-predictability at rather short horizons. We do not want
to argue against the existence of market inefficiencies, in particular because our model

is frictionless, not a model of mispricing. Our point is that frictions are not necessary to

3In the language of our model, these conditions read: (1) 8; > 0 and B > 0 for at least two assets
i, ¢ and (2) B; — Bir > 0 for these two assets.



generate cross-predictability. While the empirical literature explicitly acknowledges the
existence of fundamental linkages between firms, industries, or countries, it overlooks their
equilibrium implications. Our risk-based explanation builds on Carvalho, Nirei, Saito, and
Tahbaz-Salehi (2021), who provide rich empirical evidence that such fundamental linkages
lead to delayed propagation of cash flow shocks. We go one step further and prove that
cross-predictability can arise from shock propagation risk through equilibrium effects only,
which manifest in the spreading, receiving and hedging channels discussed above. Even
though cash flow shocks propagate with a time lag and may not even be observed in the
time series, expected returns reflect this risk at all times since markets are efficient. The
representative agent in our model has rational expectations and full information and is not
subject to any frictions; nonetheless, cross-predictability arises. Our mechanism, which is
consistent with the empirical evidence of “commonality in momentum” presented in Burt

and Hrdlicka (2021), also generates cross-predictability at longer horizons.

Broadly speaking, our paper links three previously unconnected strands of the liter-
ature. The first strand of the literature has documented and analyzed cross-predictability
for various instances of connectedness at the level of fundamentals, such as customer-
supplier relations between firms studied in Cohen and Frazzini (2008).* The second
strand of literature shows how intersectoral input-output linkages may turn microeco-
nomic shocks into aggregate fluctuations and macroeconomic tail risks. It is motivated,
for instance, by the theoretical work of Gabaix (2011), Acemoglu, Carvalho, Ozdaglar,
and Tahbaz-Salehi (2012) and Acemoglu, Ozdaglar, and Tahbaz-Salehi (2017). Taking
this literature as given, our model starts from the assumption that directed cash flow
linkages exist. The third strand of literature is equilibrium asset pricing. We build on
long-run risk models as pioneered by Bansal and Yaron (2004) and models featuring rare
disasters, e.g., Wachter (2013). The solution of our equilibrium model builds on the ex-
ponentially affine framework of Eraker and Shaliastovich (2008). The modeling of cash
flow shock propagation follows Branger, Konermann, Meinerding, and Schlag (2021). Risk
premia in production networks are studied by Herskovic (2018), Gofman, Segal, and Wu
(2020), Grigoris, Hu, and Segal (2022), and Ramirez (2024). Conditional lead and lag

structures between aggregate growth and industry-level cash flow growth have been con-

4Further candidate linkages at the firm level include competition between firms, geographic proximity,
or technological similarity, which are analyzed by Cohen and Lou (2012), Schlag and Zeng (2019), Parsons,
Sabbatucci, and Titman (2020), Cao, Chordia, and Lin (2016), Huang, Lee, Song, and Xiang (2022),
Scherbina and Schlusche (2020), Lee, Sun, Wang, and Zhang (2019), and Dou and Wu (2023) among
others. Hou (2007), Hong, Torous, and Valkanov (2007), and Menzly and Ozbas (2010) study cross-
predictability at the industry level, e.g., along input-output linkages. The international asset pricing
literature, e.g., Rizova (2013), Albuquerque, Ramadorai, and Watugala (2015), and Huang (2015), has
focused on linkages between countries. Kelly, Malamud, and Pedersen (2023) exploit cross-predictability
to reverse-engineer so-called principal portfolios.



sidered by Croce, Marchuk, and Schlag (2023). However, none of these papers focus on
cross-predictability.

2 Decomposing risk premia of individual assets with directed

cash flow links

We want to show that cross-predictability can arise solely through risk-based general
equilibrium pricing effects, while maintaining the assumptions of market efficiency and
market completeness. For this purpose, we study expected excess returns in a parsimonious
model with the following four features. First, the model distinguishes between signal
and investment assets. Signal assets are assets whose returns serve as input for portfolio
formation. These returns are used as a sorting criterion or appear on the right-hand side
of regressions. Based on this input, an investor then combines the investment assets in a
long-short portfolio to implement a long-short strategy. Second, the model allows for cash
flow linkages between assets which are, by construction, directed.® This is motivated by
Carvalho, Nirei, Saito, and Tahbaz-Salehi (2021) who provide rich empirical evidence that
fundamental linkages lead to delayed propagation of cash flow shocks. Third, we embed
these ingredients in a tractable general equilibrium asset pricing model. To this end,
we tailor the model of Branger, Konermann, Meinerding, and Schlag (2021) to our needs.
Fourth, by construction, the model excludes all cross-sectional heterogeneity among assets
except for the strengths of the directed cash flow linkages. This ensures that our results

are driven solely by these linkages, rather than by other differences in asset characteristics.

Figure 1 illustrates our model of directed cash flow linkages. There are 2n assets
in a Lucas endowment economy: n signal assets (Si,...,S5,) and n investment assets
(I,...,1,). We translate the notion of directed cash flow linkages from signal to invest-
ment assets into the modeling assumption that an exogenous negative shock to the cash
flow of a signal asset increases the risk of subsequent shocks to the cash flow of a linked
investment asset, but does not necessarily have any immediate consequences. Specifically,
the cash flows are affected by occasional jumps, i.e., the log cash flows of S; and I;

(j =1,...,n) have dynamics

dij,t = /Ldt‘i‘Lstmh (1)
dylj,t = /Ldt—i‘LdN[j,t. (2)

SUndirected cash flow links are nested as a special case in which there are directed linkages of the
same strength going in opposite directions.
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Figure 1
Directed cash flow linkages in Equations (3) and (4)

with a constant drift rate p and a constant jump size L < 0. We assume the following

dynamics for the stochastic jump intensities (g;; and £1;;:

ngj,t = K (ZS - gSj,t) dt, (3)
dé]jﬂg = K (E] - é]j7t) dt + ﬁj dNSj,t7 (4)

where 3; > 0 represents a discrete change in the jump intensity ¢, of investment asset

j induced by a jump in signal asset j.”

Equations (1) to (4) formalize the dynamic shock propagation mechanism. With
Bj > 0, a downward jump in the cash flow of signal asset S; immediately increases the
jump intensity of the cash flow of investment asset I; by the amount /3;. An initial cash
flow shock in S; thus increases the probability of future cash flow shocks to [;, but it
is unknown when (and if at all) these shocks will materialize. The shock propagation
parameters 3; completely determine the cash flow links in the economy. The dynamics in
Equations (3) and (4) reflect the idea behind Acemoglu, Carvalho, Ozdaglar, and Tahbaz-
Salehi (2012) in the sense that cash flow shocks Ng;; become systematic and cannot be

“diversified away.” All jumps impact aggregate consumption with a jump size K < 0, i.e.,

6Following Branger, Konermann, Meinerding, and Schlag (2021), we abstract from diffusive shocks in
the model because this allows us to isolate the key risk premia channels arising from directed cash flow
linkages in closed form.

"These dynamics represent a special case of so-called “mutually exciting jump processes” studied, e.g.,
in Ait-Sahalia, Cacho-Diaz, and Laeven (2015) and Benzoni, Collin-Dufresne, Goldstein, and Helwege
(2015).



log aggregate consumption y; = InY; follows®

dy, = pdt+Y KdNg; + > KdNpy.

j=1 j=1

The assumption that all cash flow shocks feed into aggregate consumption shocks is a
prerequisite for the mechanism that we suggest. It guarantees that directed cash flow
linkages translate into fluctuations in aggregate consumption. Conceptually, this idea can

be grounded in the granular economy framework of Gabaix (2011).

The economy is populated by a representative agent with an infinite planning hori-
zon. The agent has full information, she observes the level of the jump intensities at any
time and knows all parameters. We assume that the agent has recursive preferences so
that the risk generated by state variables (in this case the intensities fg;, and ¢;;,) will

be priced in equilibrium. ¢§ is the subjective time preference rate, 7 is the coefficient of

1—y
_1-
1-3

relative risk aversion, 1) is the elasticity of intertemporal substitution (EIS), and 6 =
We assume v > 1 and v > 1, so that § < 0. In particular, with v > 1, the representative
agent has a preference for early resolution of uncertainty. The technical details of the

equilibrium solution are provided in Appendix A.

To investigate the profitability of long-short strategies based on cross-predictability,
we need to understand how this model involving cash flow risks and shock propagation
generates cross-sectional differences in average returns. In equilibrium, the local expected

excess return of asset ¢ can be written as

1
EERZ = — ]Et [dRZ t] — Tt (5)
dt ’
= > ls; MPJRg; JEXP;s; + > £1;, MPJR;; JEXP; 15, (6)
j=1 j=1

i.e., it is the sum of asset i’s risk premia for each jump process Ng; or Ny;. Each jump
risk premium is given by the product of jump intensity fg;; (or ¢;;,), market price of
risk MPJRg; (or MPJRy;), and jump exposure JEXP; g; (or JEXP; 1;). The pricing ker-
nel summarizes the equilibrium compensation for all systematic risks in the economy.

Specifically, its dynamics define the market prices of jump risk for MPJRg; and MPJR;;:

d M,
M,

= ...dt—) MPJRg; (dNsjs — Lsjadt) = > MPIRy; (dNpy — Crjpdt). (7)

Jj=1 Jj=1

8The assumption that K < 0 is made for ease of exposition. As we show in Sections 3 and 4, the
main results in Theorems 2, 5, and 6 also hold for L > K > 0.



Jump exposures are the response of the price of asset i to a shock in the cash flow of the

respective signal and investment asset.

dRiy = ...dt+Y» JEXP;g;dNg;,+ Y JEXP;;dNp,. (8)

Jj=1 J=1

Both the market prices of jump risk and the jump exposures are non-linear functions
of the model parameters, including the shock propagation parameters ;. They depend on
coefficients which are solutions of non-linear equations given in Appendix A. Motivated by
Walden (2019) and Carvalho, Nirei, Saito, and Tahbaz-Salehi (2021), we derive theorems
through a Taylor series expansion and a first-order approximation. The superscript **

denotes that polynomial terms of order 2 or higher in the coefficients 5 are omitted.

The key quantities we analyze in this paper are the expected excess returns of signal

asset S; and investment asset I; which can be rewritten and decomposed as follows

n
kk
EERG, = CFi + S B; + Hsi E B;, 9)
~ ~—~— —
cash flow channel  spreading channel j=1
hedging channel
n
kk
EER}, = CFy +  Rrebi  +Hrig E Bj, (10)
cash flow channel  receiving channel J=1,j#i

hedging channel

where C]:t == —ftAL, St == —EtLB, Rli,t == —Et.A.D]i, HSi,t == _gtACSia and
Hrir = —4y ACp;. The coefficients A, B, Cs;, Cr; and Dy; are given in Appendix A. We

have the following theorem regarding the signs of the coefficients.
Theorem 1. Under the assumptions
(A1) 0<kr<l1l, —In2)<K, L<K<0, v>2p—1

(AQ) gSl,t — ... = éSn,t - gll,t - ... = g]n,t - Et
we have CFy >0, & >0, Rpu:>0, Hsir <0, and Hpr <0 for alli.

Proof: See Appendix B.1.

The mild parameter Assumptions (A1) are made for convenience. They are sufficient,

but not necessary for the statements in Theorem 1.° Assumption (A2) makes sure that

9The assumption that 0 < k < 1 allows us to shorten the proofs. —In(2) < K is a mild bound on the
jump size of consumption which is in line with the estimates in Barro (2006). L < K < 0 states that the
jump size in individual cash flows is more negative than the jump size in aggregate consumption, in line



the cross-sectional differences can arise through cash flow linkages only and not through

differences in current levels of jump intensities.

Equation (9) shows that the expected excess return of signal asset S; comprises
three terms. (i) CF; denotes the positive risk premium for jumps in the cash flow of
asset S; itself, irrespective of any shock propagation and dynamics of state variables.
(ii) S; B; captures the positive risk premium arising through the spreading channel. With
B; > 0, jumps in signal asset S; can propagate to investment asset [;. These shocks thus
have an impact on the rest of the economy and increase the risk of subsequent shocks
elsewhere. They are more systematic and carry a higher (i.e., more negative) market
price of risk in equilibrium. (iii) The last term, Hg; Z?Zl Bj, is negative and represents
the hedging channel. In general, if a shock has the potential to spread throughout the
economy, unconnected assets become relatively more attractive and their valuation ratios
increase. Specifically, when a shock propagates from a signal asset to an investment asset,
this reasoning applies not only to all other signal assets, but also to the signal asset from
which the shock originated. Stated differently, asset .S; itself can be viewed as a hedging
device against shock propagation risk. As indicated by Hg,;; < 0, this hedging property

lowers S;’s total risk premium in equilibrium.

Besides the above mentioned cash flow channel CF;, the expected excess return of
investment asset I; given in Equation (10) comprises two additional terms. (i) Ry f;
describes the positive risk premium due to the receiving channel. If g; > 0, then jumps
in the cash flow of asset S; make asset I; riskier. The possibility of such jumps gives rise
to an extra risk premium for asset I; in equilibrium. (i) Hzis D5, ;. B captures the
previously discussed hedging channel. Investment asset I; can be viewed as a hedging
device against any shock propagation risk in the economy, other than the one originating
from signal asset S;. Upon a cash flow shock in signal asset S; (j # ¢), investment asset I;
becomes relatively more attractive and its valuation ratio increases. Again, since Hp;; < 0,

the hedging property lowers I;’s total risk premium in equilibrium.

3 Risk premia of pairwise connected signal and investment assets

From the dissection of the risk premia of individual assets into different channels, we
can now deduce the main theorem of our paper concerning the risk premia differentials

of pairwise connected assets. The equilibrium expected excess return differential between

with the concept of levered consumption dating back to Abel (1999). As we show in Sections 3 and 4,
the main results in Theorems 2, 5, and 6 also hold for L > K > 0. v > 2¢) — 1 is a mild restriction on
the preference parameters which is satisfied for standard parameter choices, such as ¢ = 1.5 and v > 2
or v =10 and ¥ < 5.5.



two signal assets is positive exactly when the expected excess return differential of the

respective economically linked investment assets is positive as well.

As outlined in Section 2, we assume the existence of a directed cash flow link from sig-
nal asset .S; to investment asset I; for all 7. To derive statements about cross-predictability,
we analyze the difference in expected excess returns between two investment assets I; and

I; as well as between the respective signal assets S; and S, as shown in Figure 2.

OO0
QO

Figure 2
Directed cash flow linkages in Theorem 2

Without loss of generality, we rely on the notational convention that signal assets

are always ordered in such a way that EERG; , > ... > EERJ,, ;. We then have:

Theorem 2. Assuming (A1) and (A2) as well as
(Ag) C]i = C[i/ and CSi == Cgl-/ fO?” all i,i/

the difference between the expected excess returns of two signal assets S; and Sy or between

two investment assets I; and I is given by

EE *Stt — LE Z:;’,t = & (Bz —@z") . (11>
~———
spreading channel

EERy; , — EERy; , = (Rip—Hie) (Bi — Pr) (12)

receiving + hedging channel

Since S > 0, the notational convention implies that B; — By > 0. From Rry — Hry > 0,

we thus conclude that

EERy;, — EER},, > 0 fori<i. (13)

10



Proof: See Appendix B.2.

Assumption (A3) states that the steady-state price-cash flow ratios of all investment
assets are identical. Similarly, the steady-state price-cash flow ratios of all signal assets are
identical.'” This assumption is made for convenience. It is sufficient, but not necessary for
the statements in Theorem 2 and allows us to tease out the effect as cleanly as possible.
The assumption also implies that Dy; = Dy for all ¢ and i'. We can then define R, :=
Rrit = Rrig, Het = Heix = Hswy and Hyy = Hpy = Hivs. Importantly, while we
assume symmetry among investment assets and among signal assets, we do not impose

any relation between the price-cash flow ratios of signal and investment assets.

Theorem 2 states that the difference between the shock propagation parameters g3; —
By is the key determinant of both expected excess return differentials. But the difference
B; — P plays different roles in Equations (11) and (12). From Theorem 1 in the previous
section, we know that the expected returns of the signal assets comprise three terms: cash
flow channel, spreading channel, and hedging channel. The cash flow channel is the same
for all assets in the economy because their cash flows share the same jump size. Moreover,
the hedging channels for two signal assets exactly offset because of Assumption (A3). Since
they do not receive shocks from other assets, each signal asset serves as a hedging device
for all shocks that propagate through the economy. Therefore, the expected excess return
differential reflects the difference in the spreading channels of the two signal assets, which
is captured by the difference 8; — f. Since, by notational convention, EER; , > EERE?J
for i < ¢/, we can deduce that 3; > Sy, i.e., the spreading channel is more pronounced for

signal asset S; than for .S;.

According to Theorem 1, the expected excess returns of investment assets comprise
cash flow channel, receiving channel and hedging channel. Taking differences, the cash flow
channels cancel out again, but the receiving and the hedging channels do not. Asset I;’s
receiving channel depends on (; and [;’s receiving channel on S, so that their difference
is a multiple of 8; — 8. With respect to the hedging channel, asset I; (or I, respectively)
serves as a hedging device for all shocks except the ones originating from S; (or Sy).
As a result, the expected excess return differential of two investment assets I; and I
contains also the difference in the hedging channels of these two assets, which depend on
the difference 3; — ;. From the analysis of the signal assets, we know that §; > ;. Since
Rit>0and Hyy <0, we find that EER};, > EER] |, for i <.

The spreading channel of the signal assets on the one hand and the receiving and

hedging channel of the investment assets on the other hand thus represent two sides of the

19As Appendix A.2 shows, price-cash flow ratios are affine functions of jump intensities, vg;; = Ag; +
(Csis1,---+,Csi.8n,Csirts- -, Csimn) £¢. Assuming that the long-run means of the jump intensities are
identical, (A3) is satisfied if the coefficients Ag;, Cs; s1, ..., Csisn, Csi i, --., Csi i are equal across
signal assets. The same applies to investment assets.

11



same coin: equilibrium asset pricing. The expected excess return of signal asset S; exceeds
the one of Sy exactly when the expected excess return of investment asset I; exceeds the
one of I;;, but for different reasons. S;’s higher expected excess return reflects its larger
capacity to spread cash flow shocks throughout the economy, which makes its own cash
flows more systematic. I;’s higher expected excess return comes from two other sources.
First, I; receives cash flow shocks from asset S;, giving it a larger exposure to aggregate
cash flow shocks, resulting in a larger risk premium through the receiving channel. Second,
the stronger receiving channel of asset I; is reinforced by a stronger hedging channel. Asset
I; is “immune” to receiving cash flow shocks from any signal asset other than S;. The
resulting hedging channel of asset [; is captured by the term #H;; 8y < 0, the respective
hedging channel of asset I;; is captured by H;, 3; < 0, all other hedging terms cancel out
when taking the difference between I; and I;. From ; > [;, we see that the hedging
channel is less negative for asset i than for asset i’. That is, both the receiving channel
and the hedging channel contribute positively to the expected excess return differential

of the investment assets.

For the sake of completeness, the following Corollary 1 highlights the necessity of

the two key conditions mentioned in the introduction.

Corollary 1. Under the assumptions of Theorem 2, expected excess return differentials
of signal and investment assets are non-zero if and only if there is cross-sectional hetero-
geneity in ;. They are zero if all B; are equal and in particular if all B; are zero, i.e.,

there are no directed cash flow linkages.

As the final step of our argumentation, we explain why Theorem 2 implies cross-
predictability. In a nutshell, cross-predictability refers to the observation that the expected
(or average realized) returns of signal assets up to time ¢ have predictive power for the
expected (or average realized) returns of investment assets after time t. We discuss this
specific feature within our model framework in greater detail in Section 5. The predictive
power gives rise to profitable long-short investment strategies. The profitability of such a
cross-predictability strategy rests on the average return differentials between signal assets
and between investment assets over two different time periods: signal asset returns are
evaluated over a sorting period before and up until time ¢, investment assets are analyzed

over an investment period after time ¢. We have the following theorem:

Theorem 3. Consider the following long-short investment strateqy. At time t, the sig-
nal assets Si,...,S, are ordered according to their realized returns over a sorting period
[t — A, t], Rsijt-a,4), -+ Rsnji—na,q- The same ordering is then applied to the investment
assets Iy, ...1,. Over the investment period [t,t+ Al, the investor goes long into the

top N investment assets and short into the bottom N investment assets for some cut-off

threshold N. Assume (A1), (A2), and (A3) as well as
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(A4) A is small enough for the following approzimations to hold:

t
Rsji-an = BERS,+ [ cqudu (14)
t—A
t+A
Rijjeiva) = EERp, + / Erju du, (15)
t
where €gj; and €15 denote zero mean noise processes for j = 1,...,n, which are

wdentically distributed across assets.
Then, this long-short portfolio strateqy has a positive average return.

Proof: Assumption (A4) has two implications. First, average realized returns of signal
assets over the sorting period [t — A, #] equal EER; plus a zero-mean noise integral, i.e.,
expected excess returns are constant over this interval. Second, average realized returns
of investment assets over the investment period [t,? + A] equal EER7, plus a zero-mean
noise integral, i.e., expected excess returns are constant over this interval. Under the
assumptions of Theorem 2, constructing quantile portfolios based on the realized returns
of the signal assets prior to ¢ implies that, on average, the investment assets I, ..., Iy end
up in the top portfolio, while the investment assets I,,_ny.i1,..., I, end up in the bottom
portfolio. Inequality (13) then implies that the long-short investment portfolio will have

a positive average excess return. 0

To understand Assumption (A4), we decompose the realized excess return differen-

tials into expected return and noise components:

t
RSj,[t—A,t] = / (EERSj’u + 5Sj,u) du, (16)
t—A
t+A
Rijjtva) = / (EER7ju + €1j0) du, (17)
t
where g, and €7, denote zero mean noise processes for j = 1,...,n. Assumption (A4)

in Theorem 3 states that A is reasonably small. Our model is written as a continuous-
time pure jump model with finite activity Poisson processes. The probability that a jump
occurs exactly at time ¢ is zero. Hence, right and left limits coincide with probability one
(almost surely). Therefore, we have lima 0 EER;;_a 4 = lima—0 EER]; 0] = EER]
with probability one. Thus, realized excess returns over an infinitesimally small time period
on average approximately equal expected excess returns exactly at time ¢, justifying the
approximations (14) and (15). We emphasize that we make Assumptions (A4) for ease
of exposition. In Section 5, we relax it and show that our main results also hold under

certain conditions when taking variation in expected excess returns into account.
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Assumption (A1) states that all cash flow shocks in our economy are negative. In our
opinion, this represents the economically most relevant case. To complete the exposition,
however, we point out that the main statements presented above can also be derived in

an economy with only positive jumps.

Theorem 4. The statements from Theorem 2, in particular Inequality (13), also hold
when Assumption (A1) is replaced by

(A1) 0<k<l, L>K>0, v>2—1,

i.€., for positive jump sizes. The same applies to the statements from Theorems 5 and 6

derived further below.

Proof: See Appendix B.3.

The mechanism in Theorem 2 is also related to the empirical concept of “common-

ality in momentum” documented by Burt and Hrdlicka (2021).

Remark 1. The equilibrium asset pricing mechanism explained above can serve as a
foundation for “commonality in momentum.” Momentum can have a common component
across economically linked assets in the sense that signal assets have momentum exactly
when their associated investment assets have momentum. Assuming that the average re-
alized returns of both signal assets and investment assets before time t are approximately
equal to their expected values (similar to Assumption (A4)), Theorems 2 and 3 speak
to this idea. Commonality in momentum implies that the ordering of signal-asset past
returns coincides with the ordering of investment-asset expected returns, consistent with
Theorems 2 and 3.

Finally, while portfolio sorts can be viewed as a nonparametric way to analyze cross-
predictability, Theorem 2 implies that the intuition carries over to parametric regressions.
The return differentials load on the same factor 5; — 5;, with loadings independent from
7 and 7'. The slope coefficient in a parametric regression of investment return differentials

on signal return differentials will depend on these loadings.

4 Varying the direction of the links

4.1 Links from investment to signal assets

In the previous section, we have formulated the main theorem under the assumption of

links going from signal to investment assets. More precisely, we have documented that
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the spreading channel of the signal assets on the one hand and the receiving and hedging
channel of the investment assets on the other hand represent two sides of the same coin,

giving rise to profitable cross-predictability investment strategies in equilibrium.

In this section, we show that these strategies are profitable irrespective of the direc-
tion of the links. Whether a link goes from a signal asset to an investment asset or the
other way around makes a difference only for individual risk premia. But our key result
from Theorem 2 continues to hold: The expected excess return differential between two
signal assets is positive exactly when the expected excess return differential of the eco-
nomically linked investment assets is positive. However, the roles of spreading, receiving,

and hedging channels are reversed.

To see this, we briefly discuss a slightly different version of the model, in which we

replace Equations (3) and (4) with

dﬁs’j,t = K (gSj — Es]',t) dt + Bj dNIj,t, (18)
Al = kK (O —lr5y) dt, (19)

Shocks can thus propagate from investment assets to signal assets, as visualized in Fig-

ure 3.

e Bi c
QO

Figure 3
Cash flow linkages in Theorem 5

Similar to Theorem 2, we can then prove:
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Theorem 5. Assuming (A1), (A2), and (A3), the difference between the expected excess

returns of two investment assets I; and Iy (or two signal assets S; and Sy ) is given by

EER}; , — EERy; , = S (Bi — Br) (20)
N————
spreading channel

EERg , — BERg, , = (Rss—Mss) (6 = Br). (21)

J

~
receiving + hedging channel

Since Rsy — Hst > 0, the notational convention implies that B; — By > 0. From & > 0,

we thus conclude that

EERy,— EERy,, > 0 fori<i. (22)

Proof: See Appendix B.4.

As before, Theorem 5 states that the difference between the shock propagation
parameters (; — (B is the key determinant of both expected excess return differentials.
But the difference f; — 5y plays different roles in Equations (20) and (21), i.e., the logic

of the proof is reversed.

In contrast to Theorem 2, the expected excess return differential of two signal assets
now reflects the difference in their receiving and hedging channels, which is again captured
by the difference 3; — ;. Since, by notational convention, EERg; , > EERY , for i <,
we can deduce that 5; — 8y > 0, i.e., the combined receiving and hedging channel is more

pronounced for signal asset S; than for S .

The expected excess return differential of two investment assets I; and I reflects
the differences in the spreading channels of these two assets, which both depend on the
difference 8; — By again. From the analysis of the signal assets, we know that 3; — §;; > 0.
Since S; > 0, we find that EER};, > EER}" , for i <4'.

As a result, the expected excess return of signal asset S; exceeds the one of S; exactly
when the expected excess return of investment asset [; exceeds the one of ;. S;’s higher
expected excess return reflects its larger exposure to aggregate cash flow shocks, resulting
in a larger risk premium through the receiving channel, as well as a less negative hedging
channel. I;’s higher expected excess return captures its larger capacity to spread cash flow

shocks throughout the economy, which makes its own cash flows more systematic.

4.2 Links in both directions

Lastly, we also show that the key result from Theorem 2 also applies in an economy in

which shocks can propagate in both directions, from signal asset to investment assets and
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vice versa. To see this, we introduce a slightly different notation and replace Equations (3)
and (4) with

dggjﬂg = K (ESJ — ggjﬂg) dt + 657',13- dN[j,t, (23)
dgjj’t = K (glj — EIj,t) dt + ﬂ]j?sj dNSj,t, (24)

and the shock propagation is visualized in Figure 4.

Bri,si

Bsi 1ir

Figure 4
Cash flow linkages in Theorem 6

Similar to Theorem 2, we can then prove:

Theorem 6. Assuming (A1), (A2), and (A3), the difference between the expected excess

returns of two investment assets I; and Iy (or two signal assets S; and Sy ) is given by

EER}; , — EERy, , = Si (Bsi,ri — 55¢/,1¢/2+£R1,t —Hr1s) (Brisi — Brirsy) - (25)

Vv VvV
spreading channel recetving + hedging channel
*ok ok
EERg; , — BEERg, . = S (Brisi — Brir,sir) + (Rsy — Hsy) (Bsiri — Bsir i) - (26)
’ ’ ~ ~ _ ~ ~ /
spreading channel receiving + hedging channel

Assume that (Brisi — Brirsiv) - (Bsiri — Bsirg) > 0, d.e., that Brisi — Brir.sy and Bsiri —
Bsir.riv have the same sign. Since Rg; — Hse > 0 and S; > 0, the notational convention
implies that /BSi,Ii — 651-/711-/ > 0 and ﬂ]i,Si — 6]1'/751'/ > 0. From Rl,t - H[’t > 0 and St > O,

we thus conclude that

EER}; , — EERy, , > 0 fori<i (27)
Proof: See Appendix B.5.
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Theorem 6 is the combination of Theorems 2 and 5. If shocks can propagate from
signal to investment assets and vice versa, then the expected excess return differentials
of signal assets and of investment assets both comprise all three channels: spreading,
receiving, and hedging channel. As before, the differentials of these channels are deter-
mined by the differences Br;si — Brir.siv and Bsiri — Bsir 17, respectively. The relation
(Bri,si — Brirsit) - (Bsiri — Bsivrir) > 0 then represents a sufficient condition for the prof-
itability of cross-predictability investment strategies. It implies that the mutual shock

propagation between S; and I; is stronger than between Sy and I;.

Theorems 2, 5, and 6 share a common structure: in each case, the same difference
in the strength of linkages, 8; — (§;, drives both the signal asset and investment asset
expected excess return differentials, with the spreading channel appearing on the side of
the asset that propagates shocks, and the receiving plus-hedging channel on the side that
receives them. Cross-predictability is therefore a general implication of directed cash flow

linkages in equilibrium, independent of the specific direction of those links.

5 Cross-predictability in our model

5.1 Dissecting the role of risk premia and noise terms

We complete the model-theoretic exposition by demonstrating that within our model
framework cross-predictability arises under the assumptions of Theorems 2 to 6. To this
end, Assumption (A4) implies that realized excess returns can be decomposed into average
excess returns and noise, and average excess returns can be proxied by expected excess

returns. Defining € as zero mean noise processes, we have

Rsit— = EERgi;— +€gii—,
Rsii— = EERgy— +egi—,
Rriv+ = EERp+ +rigs,
Rh",t+ = EER[,‘QH_ + EIi t+-

The subscripts t— and ¢+ denote the left and right limits in continuous time.

We are interested in the ex-post covariance between the realized return differential

of signal assets before time ¢ and the realized return differential of investment assets after
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time ¢. We have

Cov (Rgit— — Rsivt—s Rrigr — Rriv44)
= COV (EERSi,t— — EERSi’,t—; EERIi,t—l— — EER[Z'/7,§+) (28)

)
+ Cov (EERsi— — EERsw 1, €rigy — 1 04)

+ Cov (egit— — €sirt—y EERpity — EERpy14) + Cov (€git— — €sirt—s Eqit+ — E1ir 44 -

J

(iid) (iv)

In equilibrium, the existence of directed cash flow linkages in the economy already has
implications for expected excess returns. Specifically, the results of Sections 2-4 charac-
terize EERS; ; and EER7;, in closed form. Corollary 2 therefore evaluates the first-order

approximation of term () in decomposition (28).

Corollary 2. Under the assumptions of Theorem 2, we have

Cov (EERS; ,_ — EER;, ,_, EERy;, — EER}; ,,)
= LBA(D;—Cp) (B; — By)? Cov (b, L) > 0.

Analogous corollaries can be stated for Theorems 5 or 6, respectively.

From Corollary 2, we conclude that the sum Cov (Rg;— — Rsiri—, Rris+ — Rrivat)
is positive as well, implying that cross-predictability arises under the assumptions of
Theorem 2 (or 5 or 6, respectively). This is because the terms (ii), (iii), and (iv) are
zero under these assumptions. These covariances involve the noise terms, ¢;;, around
expected excess returns. In our model, such noise can only arise due to realized cash flow
shocks, N;,. The Poisson processes N;; have finite activity, i.e., the number of realized
jumps in any positive time interval is almost surely finite. Contemporaneous jumps are
excluded with probability one. As a result, the covariance terms (ii), (iii), and (iv) can
only be non-zero if there are systematic patterns in realized cash flow shocks which give
rise to predictive relations. Assumption (A2) implies that such predictive relations do
not exist. We made this assumption for the sake of transparency and focus. We want
cross-predictability to arise through cash flow linkages only and not through differences
in current levels of jump intensities. If this is the case, the difference €7+ — €744 iS
unpredictable and the difference €g;;~ — €g:~ has no predictive power. Therefore, all

three terms are zero under the assumptions stated above.
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Remark 2. Under the assumptions of Theorem 2 (or & or 6, respectively), we also have

Cov (EERS; . — EERS, ,_, EERS: ., — EERS, )
= L*B?(B;— Bs)* Cov(ly_, ;) > O

and

Cov (EER;;,_ — EER};, ,_, EER};, — EERY}; )
= A2 (D;—C)* (Bi — Bw)* Cov (b, byy) > O

By the same arguments as above, we thus have

Cov (Rgii— — Rsity—, Rsiy — Rsirgy) > 0,
Cov (Rpip— — Rpirg—, Rpige — Rpirgs) > 0.

By design, the pure jump model presented in this paper generates a form of “auto-predictability
of returns.” Similar to cross-predictability, it is explained exclusively via auto-predictability

of risk premia.

Corollary 2 also has implications for the cyclical behavior of cross-predictability.

Remark 3. From Corollary 2, we have

Cov (EE si,t— — BERg, ,_, EERy; .\ — EER;:’,H)
= LBA (D;—C)) (B — By)” Cov (b, lry),

under the assumptions of Theorem 2 (or 5 or 6, respectively). This implies that the mag-
nitude of cross-predictability varies with ¢,. When L < K < 0, then {; is countercycli-
cal, meaning that large values of ¢; on average coincide with low aggregate consumption
growth. When L > K > 0, then {; is procyclical. As shown in Theorems 2 and 4, cross-
predictability arises in both cases. Therefore, depending on the sign of K and L, the

magnitude of cross-predictability can be procyclical or countercyclical as well.

5.2 Extension to arbitrary finite time windows

All statements so far have been derived under Assumption (A4), implying that average
realized returns of signal and investment assets shortly before and after time t equal
expected excess returns at time ¢. In this section, we show in detail what happens when

we relax this assumption. Again, we decompose realized excess return differentials into
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expected return and noise components.

t
Rgji-ng = / (EERs; 4 + €sju) du,
t—A
t+A
Rrjiteva) = / (EER ;. + €154) du,
t

where €4, and €7;+ denote zero mean noise processes for j = 1,...,n. The covariance can

be decomposed into four terms again:

Cov (RSz', [t—A,t] — st, [t—A, 1] Rli,[t,tJrA] - Rn', [t, t+A])

t t+A
= Cov (/ (EERSZ’H — EERSZ'QU) du, / (EER[%“ — EERHQU) du)
t—A t

-~

(@)

t t+A
+ Cov (/ (EERSZ‘,U — EERSi/,u> du, / (Sli,u — 5Ii’,u> du)
t—A t

J/

J/

(i1)
t t+A
+ Cov (/ (851‘7“ — 5Si’,u) du, / (EER]LU — EERI@",U) du)
t—A t

J/

(ii1)

! t+A
+ Cov (/ (€Si,u - 5Si”u) du, / (gli,u - gfi’,u) du) . (29)
t—A ‘

(. J/

(iv)
We can then prove the following theorem.

Theorem 7. Assume (A1) and (A3), and extend Assumption (A2) into

(A5) Equations (11) and (12) from Theorem 2 hold at every instant s in both windows
(i.e., before and after time t):

EER’*S?.S - EERE§/7S — —gs BL (61 — ﬁz/) s (30)
EER?;S — EERE{/75 == —gs A (ID[,L - C],L> (ﬁz - ﬁz’) . (31)
with a common realizations g1 s = ... =Llgns =lns = ... =Ll s = {s.

Then, the first-order approzimation of term (i) in the decomposition (29) is equal to

K

LAB (Dy —Ci) (B — B)? Var (0) (£> > 0. (32)

Proof: See Appendix B.6.
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Assumption (A5) postulates that expected excess returns exhibit a one-factor struc-
ture with factor loadings being driven solely by cross-sectional differences in the strengths
of cash flow linkages. It implies that the basic structure established in Theorem 2 extends
to finite horizons. With all jump intensities being equalized exactly at time ¢ (Assump-
tion (A2)) and with the mean reversion speed k being the same for all intensities, only
the occurrence of jumps can cause cross-sectional differences in the levels of ¢; ;. Assump-
tion (A5) thus guarantees that we abstract from any cross-sectional variation in expected
excess returns arising from the realization of jumps and focus only on the equilibrium

pricing effects from the probability of cash flow jumps.

Theorem 7 states that cross-predictability arising through the risk premia channel
in term (i) remains positive for any finite window length A. Turning to the other terms
in the decomposition (29), Appendix B.6 shows that term (ii) is zero, while term (iii) is
negative, and term (iv) is positive under the conditions stated above. Since the signs of
terms (iii) and (iv) are opposing, we thus cannot make statements about the sum in (29),

nor determine whether term (i) dominates.

To summarize, the equilibrium risk premium channel, term (i), is unambiguously
positive for any A > 0, but for finite A it is confounded with noise terms whose net sign
is indeterminate. The limiting case A — 0, which is the focus of the main analysis, isolates
this channel in closed form and delivers the clearest characterization of the equilibrium

mechanism.

6 Implications of our mechanism for empirical studies

We close the paper with a brief discussion of the implications of our mechanism for em-
pirical studies of cross-predictability. In a nutshell, we argue that empirical researchers
studying cross-predictability should control for equilibrium pricing effects before attribut-

ing the effect solely to market inefficiencies.

We organize our discussion around the decomposition in Equation (28). As the key
contribution of our paper, Corollary 2 specifies conditions under which term (i) is positive
in equilibrium. While the empirical literature explicitly acknowledges the existence of
fundamental linkages between firms, industries, or countries, it overlooks their implications
for expected returns in equilibrium. Broadly speaking, the sources of cross-predictability

put forward in the existing literature can be mapped into terms (ii) to (iv).

For instance, “slow information diffusion” has been suggested as a source of cross-
predictability. Suppose new idiosyncratic information about stock .S; is released prior to

time ¢. The mechanism behind slow information diffusion rests on two assumptions. (A)
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The idiosyncratic information is also relevant for stock I; because of a fundamental link
between the two. (B) Investors process the information only with a delay, in general.
In Equation (28), such a mechanism would be captured by the terms (iii) and (iv) be-
cause “idiosyncratic information about stock 5;” is represented by eg, ;—. We do not want
to negate that underreaction to news and informational inefficiencies can lead to cross-
predictability. However, our paper documents that assumption (A) can already constitute

a positive term (i) which empirical researchers should control for.

The fact that our findings are based on a linearized model conceptually simplifies
this non-trivial task. Our model features g; — 5 as the key quantity that controls the
amount of cross-predictability arising through the equilibrium mechanism. Controlling
for it comprises two broad steps. First, one needs to quantify the difference between the
strengths of directed cash flow links. For instance, one could apply a generalized variance
decomposition as in Diebold and Yilmaz (2014) to cash flow data.!' Second, one needs
to include the differences in the strengths of cash flow linkages as a control variable
in cross-predictability regressions. The stronger the cross-sectional differences between
the strengths of cash flow links, the stronger the cross-sectional differences in expected
excess returns, and the stronger the cross-predictability arising through the equilibrium

mechanism outlined above.

While conceptually clear, this empirical approach comes with a number of challenges
which need to be overcome in practice. First, firm-level cash flow data are available at
a quarterly frequency at best.!? Second, directed cash flow links might be time-varying
and are estimated with large standard errors which confounds subsequent regressions.
Third, linear regressions cannot easily capture non-linear effects. Fourth, the different
mechanisms discussed above may also address different dimensions of cross-predictability,

for instance, short-term versus long-term horizons.

Alternatively, one could follow the path outlined in Burt and Hrdlicka (2021). As
explained in Remark 1, the theoretical mechanism we uncover is related to commonal-
ity in momentum. However, the authors connect commonality in momentum to factor

momentum for which there is no role in our model.

A further implication of our risk-based mechanism concerns portfolio turnover. In

our model, the cross-momentum strategy that exploits cross-predictability in risk premia

1 An alternative approach could be Granger causalities. Billio, Getmansky, Lo, and Pelizzon (2012)
estimate this from return data, but the authors only focus on the existence of links, rather than the
strengths of links.

12There have been advances in the measurement of cash flow news on a higher frequency recently.
For instance, Pettenuzzo, Sabbatucci, and Timmermann (2020) construct a daily measure of cash flow
growth for the aggregate market from firm-level dividend announcements. Pettenuzzo, Sabbatucci, and
Timmermann (2024) extend this approach and provide a measure of daily aggregate corporate account
business activity. However, there are no daily cash flow time series available at a more granular level.

23



has little turnover, since the constant beta matrix implies that the rankings of signal and
investment assets are stable over time. At first glance, this is at odds with the empirical
literature.'® However, the low turnover is not an intrinsic feature of cross-predictability
in risk premia per se. It is rather a consequence of deliberate modeling choices that we
make for tractability and transparency. The asset pricing literature has shown extensively
that expected returns vary over time. We abstract from this time variation in our frame-
work, therefore suppressing any re-ranking of assets and hence turnover. Relaxing this
assumption, e.g., by allowing for a time-varying beta matrix, would generate more sizable
turnover. Furthermore, with a finite holding period A, the noise terms (ii), (iii), and (iv)
in decomposition (29) as well as the noise that is eliminated by Assumption (A5) induce
further occasional re-ranking among assets. Lastly, extending the model to incorporate
diffusive risks would constitute an additional source of turnover. Taken together, the low-
turnover prediction of the model should be interpreted as a consequence of its tractable

structure, not as a general prediction of equilibrium-based cross-predictability.

7 Conclusion

Cross-predictability of returns has been documented in various empirical settings and
sample periods. If markets are informationally efficient and complete, why would the
return of one asset predict the return of another economically linked asset? We show that
cross-predictability can arise from directed cash flow linkages solely through risk-based

equilibrium pricing effects.

We study cross-predictability through average returns of long-short strategies con-
structed from investment assets, which are pairwise connected to signal assets. Differences
in the strengths of cash flow linkages determine both the expected (or average realized)
return differentials of signal assets up to time ¢ and the expected (or average realized)
return differentials of investment assets after time ¢. To illustrate this general economic
rationale, we rely on a pure jump model which allows us to dissect risk premia in closed
form. When signal and investment assets are pairwise connected, their risk premia become

interrelated.

To obtain our key result, we do not have to specify any further characteristics of the
fundamental link except for the fact that it gives rise to shock propagation at the cash
flow level. Our theorems hold irrespective of the direction of the link itself, irrespective
of the number of assets in the economy, and irrespective of whether cash flow jumps are

positive or negative.

13While the high turnover of momentum strategies more generally has been known for a long time, see
e.g. Asness, Moskowitz, and Pedersen (2013), the turnover of cross-momentum strategies has not been
documented in the literature.
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From a broader perspective, our paper connects three previously unconnected strands
of the literature: the empirical literature on cross-predictability, the theoretical literature
on granular economies and input-output networks, and the equilibrium asset pricing lit-
erature. While the empirical literature on cross-predictability explicitly acknowledges the
existence of fundamental linkages between firms, industries, or countries, it overlooks their
equilibrium implications. Therefore, our paper has implications for empirical studies of
cross-predictability. More broadly, empirical researchers should control for equilibrium
pricing effects before attributing the effect solely to market inefficiencies. The decompo-

sition of Equation (28) provides a road map for this endeavour.

Our paper is also linked to the literature about granular shocks pioneered by Gabaix
(2011). In fact, this granularity is at the heart of our risk-based mechanism as cash flow
shocks need to be sufficiently systematic to generate movements in the pricing kernel. The
existence of directed cash flow linkages is also a possible candidate for a partial explana-
tion of the empirical performance of principal portfolios constructed by Kelly, Malamud,
and Pedersen (2023). Their prediction matrix is agnostic about the source of the under-
lying fundamental link. Broadly speaking, we suggest a risk-based mechanism through
which certain granular cash flow shocks affect the pricing kernel. In this, our findings
also touch upon the macro-finance literature that studies the aggregate implications of

microeconomic shocks.

25



REFERENCES

ABEL, A. B. (1999): “Risk premia and term premia in general equilibrium,” Journal of
Monetary Economics, 43(1), 3-33.

AcemMocGLU, D.,; V. CARVALHO, A. OZDAGLAR, AND A. TAHBAZ-SALEHI (2012): “The
Network Origins of Aggregate Fluctuations,” Econometrica, 80(5), 1977-2016.

AcemocLu, D.; A. OZDAGLAR, AND A. TAHBAZ-SALEHI (2017): “Microeconomic Ori-

gins of Macroeconomic Tail Risks,” American Economic Review, 107(1), 54-108.

ATT-SAHALIA, Y., J. CACHO-DI1AZ, AND R. LAEVEN (2015): “Modeling Financial Con-

7

tagion Using Mutually Exciting Jump Processes,” Journal of Financial Economics,

117(3), 585-606.

ALBUQUERQUE, R., T. RAMADORAI, AND S. W. WATUGALA (2015): “Trade credit
and cross-country predictable firm returns,” Journal of Financial Economics, 115(3),
592-613.

AsNEss, C., T. MosSkowITz, AND L. PEDERSEN (2013): “Value and Momentum Ev-
erywhere,” The Journal of Finance, 68(3), 929-985.

AvraMoOv, D.; S. GE, S. L1, axp O. LINTON (2026): “Dual peer effects and cross-stock
predictability,” Journal of Financial Economics, 180, 104274.

BANsAL, R., anD A. YARON (2004): “Risks for the Long Run: A Potential Resolution
of Asset Pricing Puzzles,” Journal of Finance, 59(4), 1481-15009.

BARRO, R. J. (2006): “Rare Disasters and Asset Markets in the Twentieth Century,”
Quarterly Journal of Economics, 121(3), 823-866.

Benzoni, L., P. COLLIN-DUFRESNE, R. S. GOLDSTEIN, aND J. HELWEGE (2015):

“Modeling Credit Contagion via the Updating of Fragile Beliefs,” Review of Financial
Studies, 28(7), 1960-2008.

BiLLio, M., M. GETMANSKY, A. Lo, anD L. PELIZZON (2012): “Econometric measures

of connectedness and systemic risk in the finance and insurance sectors,” Journal of
Financial Economics, 104(3), 535-559.

BRANGER, N., P. KONERMANN, C. MEINERDING, AND C. SCHLAG (2021): “Equilib-
rium Asset Pricing in Directed Networks,” Review of Finance, 25(3), 7T77-818.

26



Burr, A., anp C. HRDLICKA (2021): “Where Does the Predictability from Sorting
on Returns of Economically Linked Firms Come From?,” Journal of Financial and
Quantitative Analysis, 56(8), 2634-2658.

Cao, J., T. CHORDIA, aND C. LIN (2016): “Alliances and Return Predictability,” Jour-
nal of Financial and Quantitative Analysis, 51(5), 1689-1717.

CARVALHO, V. M., M. NIRE1, Y. U. SAITO, AND A. TAHBAZ-SALEHI (2021): “Sup-

ply Chain Disruptions: Evidence from the Great East Japan Earthquake,” Quarterly
Journal of Economics, 136(2), 1255-1321.

COHEN, L., axD A. FRAZZINI (2008): “Economic Links and Predictable Returns,” Jour-
nal of Finance, 63(4), 1977-2011.

COHEN, L., anp D. Lou (2012): “Complicated firms,” Journal of Financial Economics,
104(2), 383-400.

CROCE, M. M., T. MARCHUK, AND C. SCHLAG (2023): “The Leading Premium,” Re-
view of Financial Studies, 36(8), 2997-3033.

DiEBOLD, F. X., anp K. YILMAZ (2014): “On the Network Topology of Variance Decom-

positions: Measuring the Connectedness of Financial Firms,” Journal of Econometrics,

182(1), 119-134.

Dou, W. W., anp W. Wu (2023): “Competition Network and Predictable Industry
Returns,” Working Paper.

ERAKER, B., AND I. SHALIASTOVICH (2008): “An Equilibrium Guide to Designing Affine
Pricing Models,” Mathematical Finance, 18(4), 519-543.

GABAIX, X. (2011): “The Granular Origins of Aggregate Fluctuations,” Econometrica,
79(3), 733-772.

GOFMAN, M., G. SEGAL, aND Y. WU (2020): “Production Networks and Stock Returns:
The Role of Vertical Creative Destruction,” Review of Financial Studies, 33(12), 5856—
5905.

GRIGORIS, F., Y. Hu, anp G. SEGAL (2022): “Counterparty Risk: Implications for
Network Linkages and Asset Prices,” Review of Financial Studies, 36(2), 814-858.

Herskovic, B. (2018): “Networks in Production: Asset Pricing Implications,” Journal
of Finance, 73(4), 1785-1818.

27



Hona, H., W. Torous, anp R. VALKANOV (2007): “Do industries lead stock mar-
kets?,” Journal of Financial Economics, 83(2), 367-396.

Hou, K. (2007): “Industry Information Diffusion and the Lead-Lag Effect in Stock Re-
turns,” Review of Financial Studies, 20(7), 1113-1138.

Huang, S., C. M. C. LEE, Y. SONG, anD H. X1ANG (2022): “A Frog in Every Pan:
Information discreteness and the lead-lag returns puzzle,” Journal of Financial Eco-
nomics, 145(2), 83-102.

Huang, X. (2015): “Thinking Outside the Borders: Investors’ Underreaction to Foreign
Operations Information,” Review of Financial Studies, 28(11), 3109-3152.

KEeLLY, B., S. MALAMUD, AND L. PEDERSEN (2023): “Principal Portfolios,” Journal of
Finance, 78(1), 347-387.

Leg, C. M. C.; S. T. SuN, R. WANG, anD R. ZHANG (2019): “Technological Links
and Predictable Returns,” Journal of Financial Economics, 132(3), 76-96.

Lo, A. W., anp A. C. MACKINLAY (1990): “When Are Contrarian Profits Due to Stock
Market Overreaction?,” Review of Financial Studies, 3(2), 175-205.

MENZLY, L., anp O. OzBAS (2010): “Market Segmentation and Cross-predictability of
Returns,” Journal of Finance, 65(4), 1555-1580.

Parsons, C. A., R. SABBATUCCI, AND S. TITMAN (2020): “Geographic Lead-Lag Ef-
fects,” Review of Financial Studies, 33(10), 4721-4770.

PETTENUZZO, D., R. SABBATUCCI, AND A. TIMMERMANN (2020): “Cash Flow News
and Stock Price Dynamics,” Journal of Finance, 75(4), 2221-2270.

PETTENUZZO, D., R. SABBATUCCI, AND A. TIMMERMANN (2024): “Financial State-

ments and Macroeconomic Dynamics,” Working Paper.

RAMIREZ, C. A. (2024): “Firm Networks and Asset Returns,” Review of Financial Stud-
ies, 37(10), 3050-3091.

Rizova, S. (2013): “Trade momentum,” Journal of International Financial Markets,
Institutions € Money, 24, 258-293.

SCHERBINA, A., AND B. SCHLUSCHE (2020): “Follow the Leader: Using the Stock Market

to Uncover Information Flows between Firms,” Review of Finance, 24(1), 189-225.

SCHLAG, C., anp K. ZENG (2019): “Horizontal industry relationships and return pre-
dictability,” Journal of Empirical Finance, 53, 310-330.

28



WACHTER, J. A. (2013): “Can Time-Varying Risk of Rare Disasters Explain Aggregate
Stock Market Volatility?,” Journal of Finance, 68(3), 987-1035.

WALDEN, J. (2019): “Trading, Profits, and Volatility in a Dynamic Information Network
Model,” Review of Economic Studies, 86(5), 2248-2283.

YAN, J., anp J. YU (2023): “Cross-stock momentum and factor momentum,” Journal
of Financial Economics, 150(2), 103716.

29



A Sketch of the model solution

In the following, we sketch how to solve the model in Section 2. For further details, we
refer the reader to Branger, Konermann, Meinerding, and Schlag (2021) who apply the
approach proposed in Eraker and Shaliastovich (2008) to a pure jump model featuring

dynamic shock propagation.

A.1 Market prices of jump risk

The vector X = (€51, Lsns Lr1s- s Lins Ysts - - s YSns YTl - - - Yrn) follows the affine

jump process
dXy = p(Xy) dt+&dN,

where pu(X;) = M+ KXy, by = (b1, lon, b1y b)) = Lo+ 11 Xy, and € are de-

fined accordingly. The continuous-time version of the Euler equation can be written as
d In M;+In R. . . .
0= % E, [%] , where R is the return on the claim to aggregate consumption. The

logarithm of the pricing kernel has dynamics dln M; = —§60dt — (1 —60) dIn R, — %dyt.
We apply the usual affine conjecture for the log wealth-consumption ratio, v; = A +
(Bsi, .., Bsn, Bri, - .., Brn) ¢, and use the Campbell-Shiller approximation for the return
on the consumption claim d1n R; = k, o dt + k, 1 dvy — (1 — ky 1) ve dt + dy;. Combining the
Campbell-Shiller approximation, the affine guess for v;, the dynamics of the log pricing ker-

nel and the Euler equation, we get a system of equations for A, Bgs1, ..., Bsn, Bri, ..., B,
k?%() and kv,l-

Analogously to Equation (7), we can write the dynamics of the pricing kernel as

dM.
T = redt—[1— o (=N (N, — Ludt)
t
with A = (7, (1—0) ko1 Bsi, ... (1 —0) k1 By,
/
(1—0) ko1 Bri,....(1—0) k;v,lB[n,o,...,o) ,
where the jump transform is o (u) = (exp (v &s14) 5. ., exp (W Egne) ,exp (W €y) - .. exp (v §1n7t))’

since the jump sizes are all constant. We can read off the market prices of risk from these
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dynamics:

MPJRg; 1 —exp(—yK +ky1 (0 —1) By 51)

MPJRg,, 1 —exp(—y K +ky1 (0 —1) B, Bn)
— -o(-N)] =

MPJR; 1 —exp(—yK)

MPJRy, 1 —exp (=7 K)

Since signal asset S; propagates cash flow shocks to investment asset I;, S;’s market price
of risk contains an additional term, k,1 (6 — 1) By; 8. The coefficient B;; captures the

response of the wealth-consumption ratio to changes in /;’s jump intensity ¢;;.

A.2 Jump exposures and expected excess returns

To obtain the expected excess returns on the cash flow claims, we follow the same ap-

proach as for the consumption claim. The continuous-time Euler equation again reads
d eln Mi¢+I1n Ri,t

0= é E, MR R |- Applying this Euler equation, the Campbell-Shiller approxima-
tion dIn R; 4 = kiodt + ki1 dviy — (1 — ki 1) v dt + dy;; and the usual affine guess for the
log price-cash flow ratio, v;; = A; + (Cisi1,...,Cisn,Cist,- .., Cim) l, we arrive at a
system of equations for the coefficients A;, C; = (Cis1, ..., Cisn, Cin,- .., Cim) and the
log-linearization constants k;o and k;;. Analogously to Equation (8), the return of the

individual cash flow claim 7 follows
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We define the selection vectors 9, ; via dy;; = 6;71- dX;. From this we can read off the jump

exposures:
JEXPg1, 51 JEXPs1,9n JEXPgsin JEXPg1,1n (0(8y.51 +ks1,1Cs1) — 1)
JEXPSn,Sl JEXPSn,Sn JEXPSn,Il JEXPSn,In o (Q (5y,Sn + kSn,l CSn) - ]]-)/
JEXP;1 51 JEXPri1,sn JEXPrin JEXPri1n (0(6y.11 +kr11Cr1) — 1)
JEXPr, 51 JEXPrn,sn  JEXPrn JEXPrn,1n (0(Sy.1n + kin1 Crn) — 1)
exp (L+k5171 C51,11 ﬂl) -1 exp (kSI,l CSl,In ﬂn) -1 0o ... 0
_ exp (kSn,l CSn,Il 51) -1 €xXp (L + kS’n,l CSn,In ﬁn) -1 0
exp (kr1,1 Cri,n Bi) — 1 exp (kr1,1Crim Bn) —1 exp(L) —1
exp (krn,1 Crn,n B1) — 1 exp (krn,1 Crn,in Bn) — 1 0 exp(L)—1

The expected excess return can be represented as

1
dt

Jj=1

— B [dRiy) =1, = > LlsjsMPJRs; JEXP;s; + > {15, MPJR; JEXP; ;.

Jj=1

A.3 First-order approximations

We reshuffle the nonlinear equations for the coefficients Bgq, . .

i) BSnyBlla s 7BIn men-

tioned in Appendix A.1, apply the approximation exp (z) = 1 + z + O (2?), and expand

terms involving Leontief inverse matrices as (I — )" = I + o' + o2 4 ... to arrive at the

following representation of the market prices of risk vector:

MPJR
with spread

A
B

= 1—exp{A+Bspread+ O (5°)}

— (Br,- -, Bny0,...,0)
_ K (33)
_ (0=1) (A —exp{K (1-9)}) (34)

9 [(1—,@)—&}

where O(3%) denotes polynomial terms in the 3; of order 2 or higher. We then define

MPJR};
MPJR};

= 1—6Xp{A+Bﬁ]},
= l—exp{A}.
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For each ¢, we reshuffle the nonlinear equations for the coefficients C; s1,...,Ci sn, Ciz1, ..., Cim
mentioned in Appendix A.2, apply the approximation exp (z) = 1+ z + O (2?), and ex-
pand terms involving Leontief inverse matrices as (I — @) " = I + o' + o2+ ... to arrive

at the following representation of jump exposures:

[ exp{L+Csi i +0 (8%} —1 for j=Si,
JEXPg;; = exp{Csi B + O (B*)} —1 for j =SV, i #1,

0 forj=1Ii,4=1,...,n,
exp{L+O(B*}—1 forj=Ii

0 forj=1i, i #1,

JEXPp,; = =17
exp{Dy 5; + O (6%} —1 for j = Si,
L exp {Cr; B + O (B*)} —1 for j =SV, i #1,
1-&L 1 - K (1-7)} - K
with ¢, — 7 [1—exp{K ( Y)H exp {—K 7} (37
1—r— ki1
1— 511 - K (1—-7)} - L-K
D, — 7 1 —exp{K ( ’7)1}] exp { 7} (38)
1—rk— Rl
D, _C = exp {—ffv} (1 —lexp {L}) (39)
R ki1

We then define

(exp{L+Cg 3;} —1 for j=Si,
JEXPG ; = o exp{Cs; By} — 1 for j = Si, i #1, (40)
L 0 forj=1ii=1,...,n,
( exp{L} —1 forj=1Ii,
0 for i — il i' £
JEXPY — or j=1Ii', 7 #1, (41)
’ exp{Dy; B;} —1 for j = S5i,
exp{Cri B} — 1 for j = Si', i #1,
B Proofs

B.1 Proof of Theorem 1

B.1.1 First-order approximations of expected excess returns

The expected excess return of asset ¢ is given in Equation (6). Assuming (A2) and using
the first-order approximations of the market price of jump risk in Equations (51) and (52)

as well as S;’s jump exposures in Equation (53), the expected excess return of signal asset
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S; simplifies to

EERgi: = 4 [l —exp{A+BpS}] [exp{L + Csi:} — 1]

+6 Y [L—exp{A+BB} [exp{Csi 8} — 1.

j=1,j#i

Applying the first-order approximation exp (8;) = 1+ 6; + O (BJZ), exp (A) = 1+ A, and
exp (L) ~ 1+ L yield

EERsi; = —4 [A+BB+0 (8] [L+0 (8]

~le Y [A+B3;+0(5)] [Csi8+ 0 (57)] -

Jj=1

As in Equation (9), we can then define

EERY, = CFi+S88i+Hsie » B,

j=1
St = _gt B L
Hsir = —4 ACg;.

Assuming (A2) and using the first-order approximations of the market price of jump risk
in Equations (51) and (52) as well as I;’s jump exposures in Equation (54), the expected

excess return of investment asset I; simplifies to

EER[@t = ft [1 — exXp {./4 + Bﬁz}] [eXp {Dlz 61} — ]_]

n

0 > [L—exp{A+Bp;}| [exp{Cri B} — 1]
J=Lj#

+0 [1—exp{A}] [exp {L} —1].

Applying the first-order approximation exp (5;) = 1+ ; + O (57), exp (A) &~ 1 + A, and
exp (L) ~ 1+ L yield

EER;; = —4 [A+BBi+0(6)] [DrBi+0(8%)]

n

—6, > [A+BB+0(82)] [Cr B+ 0 (5Y)]
J=14#i

—4 [A+0(8%)] [L+0 (8]
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As in Equation (10), we can then define

EERT, = CFi+ RupisBi + Hiiy Z B;,

=157
Rli,t = _gt ADIz
HILt = _gt ACI’L

B.1.2 Signs of the coefficients in Equations (9) and (10)

e CF;>0: We have L < 0, v > 1 and K < 0 by assumption. From this, we can
deduce that A, given in Equation (33), is positive.

e S; > 0: From 0 < k < 1, which is part of assumptions (A1), we know that ﬁ >1—k

U
because kl =
v,1 e

ratio. From this, we conclude that B > 0 in Equation (34) because # < 0, K < 0,

> 1, where e¥ denotes the steady-state wealth-consumption

and v > 1 by assumption. Moreover, we have L < 0 by assumption.

o Hgi; < 0: We have already shown that .4 > 0. So we only need to prove that Cg; > 0

in Equation (37). To see this, we start from

1— % 1 —exp{K (1—7)} —exp{—K~}

Csi = I
1—r— ksi
~exp{—K~} [§ (exp{K~} —exp{K}) +exp{K} —1]
= : .
1—r— ksi
Since 0 < kK < 1, we again have ﬁ > 1 — k by assumption. Moreover, we have

exp{—K~} >0 and

(exp{K v} —exp{K})+exp{K} -1 < %(exp{K*y}—l)—i—eXp{K}—l < 0,

| -

where the first inequality follows from 0 < —% exp{K} < —3. To sece the last

inequality, define

f(K) = exp{K~}—1—(exp{K}+7) (exp{K}—1)
= exp{K 7} —1—exp{2K} —yexp{K}+exp{K}+~
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fIK) = yexp{K~}—2exp{2K} — v exp{K} +exp{K}
= 7 (exp{K~} —exp{K}) +exp{K} -2 exp{2K}

If ¥ >1and —In(2) < K <0, which is part of assumptions (Al), then f' (K) <0
which implies f (K) > 0. In particular,

exp{K~}—1
exp{K}—1

< exp{K}+~y < —0.

For v > 24 — 1 which is part of assumptions (A1), the latter inequality is satisfied
and, thus, Cs; > 0 and Hg;; < 0.

Hyir < 0: The proof is identical to the one for Hg;,

Rt > 0: We have already shown that A > 0. So we only need to prove that Dy; <0

in Equation (38). To see this, we start from

1- % 1 —exp{K (1-7)}] —exp{L— K}

D =

1—r— klli 1
s +exp{—K~} [(1—3) exp{K} —exp {L}]
_ 0 0 ‘
1—r— kl
Ii,1
As before, since 0 < k < 1, we have ﬁ > 1 — k by assumption. Moreover, we have
1 1
= 0 +exp{—-K~} {(1 — 5) exp{K} —exp {L}] >0
1 1
& exp{—K~} [(1—5> exp{K} —exp{L} >=7
1 1
& <1—§> eXp{K}—i—geXp{Kfy}—exp{L} >0
1
© (exp {K} —exp{L}) + 5 (exp {K 7} — exp {K}) >0.

For L < K which is part of assumptions (A1), v > 1 and 6 < 0, the last inequality
is satisfied and, thus, Dy; < 0. O

B.2 Proof of Theorem 2

Assumption (A3) states that Cs; = Cgy for all ¢ and i’. Therefore, we have Hg; = Hgir =

Hsir . Consequently, the difference between the expected excess returns of signal assets
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S; and S; simplifies to

EERS;, — EERg,, = C.Ft—i-Stﬁi—i-Hs,tZﬁj— C}—t‘i‘Stﬁi/‘i‘HS,tZﬂj

J=1 J=1
= St (ﬁz - ﬁi’)a

which coincides with Equation (11) in Theorem 2. Without loss of generality, we as-
sume that signal assets are ordered in such a way that EERS) , > ... > EERg, ,. Since
EERS;, > EERG; ;, the left-hand side of Equation (11) is thus positive. From Theorem 1,
we know that &; > 0. We thus conclude that (5; — 5y) has to be positive.

Assumption (A3) states that C;; = Cpy for all 4,4¢'. Therefore, we have H;, =
Hrir = Hryy. Assumption (A3) also implies Dy; = Dy (because kri1 = kry 1) which
gives Ry = Rpur = Rivs. Consequently, the difference between the expected excess

returns of investment assets I; and I; simplifies to

EER}, —EER};, = CF +RuBi+Hre >, B

=1
— |CFe+ Ry B +Hiy Z Bj]
J=L,ji
= Rl,t (51— ‘f‘HIt ( Z 5] Z BJ)
J=1,j#i J=1,j#1

= (RI,t - Hl,t) (@ - 51’) s

which coincides with Equation (12) in Theorem 2. From Theorem 1, we know that R;; > 0
and Hry < 0, ie., (Rry—Hre) > 0. Given that (8; — ) > 0, we thus conclude that
EER7;, — EERZ;, > 0. O

Remark on the sign of D; — C;. From Equation (39), we have

exp{~K 1} (1= exp{L})

1—k— 2
ki1

The numerator is positive: exp{—K~} > 0 and 1 —exp{L} > 0 since L < 0. The
denominator satisfies 1 — x — k—ll < 0, as established above. Therefore D; — C; < 0 under

assumptions (A1). Combined with A > 0 and ¢; > 0, this gives

Rl,t — Hl,t = —ét.A (D[ — C[) > 0,
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since A > 0 and D; —C; < 0 yield A- (D; —C;) < 0, and the leading minus sign then gives
a positive result. The same sign pattern applies in Corollary 2, where LAB (D;—Cy) > 0
because L < 0, A >0, B> 0, and D; —C; < 0 together yield an even number of negative

factors.

B.3 Proof of Theorem 4

To prove the theorem, we need to determine the signs of the coefficients A, B, and D; —C;
under the alternative parameter restriction L > K > 0. In short, all these coefficients

switch sign, implying that the signs of CF;, §; and R;; — H,; remain unchanged.

To see this, we start from the definitions of the coefficients:

= 7K (42)
g~ UW-1d—exp{K (1-7)}) (43)
0 [(1 —K)—
o - 1—%1[1—6)@;[}( (1=} —exp (K7} (44
R ki1
D, — 1- &1 [1—exp{.1f(_(t—_’y)i]—exp{L—K7} (45)
o _ SP{-K} (- () )
C 1—k-— kil ’

The signs can be determined along the lines of the proof of Theorem 1 outlined in
Appendix B.1. When K switches sign and becomes positive, we have that A < 0 and B <
0. The latter inequality follows because the term (1 —exp {K (1 —~)}) in Equation (43)
switches sign when K switches sign, whereas all other terms remain unchanged. From this,

we conclude that the signs of CF; and S; remain unchanged, as compared to Theorem 1.

Similarly, the sign of D; —C; flips because the term (1 —exp {L}) switches sign when
imposing L > K > 0. As a result, we have that R,; — H;: = —0A(D; — C;) is again

positive, as in Theorem 1. [
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B.4 Proof of Theorem 5

The solution of the slightly adjusted model outlined in Section 4.1 is symmetric to the

solution presented in Appendix A. The market prices of risk are given by

MPJRg; = 1—exp{A}, (47)
MPJR}; = 1—exp{A+Bp;}. (48)

The jump exposures are given by

/

exp{L} —1 forj =51,
0 for i — Si'. i' £
JEXPE,, — oIS A (49)
’ exp{Dg; i} —1 for j = Ii,
exp{Cs; fir} — 1 for j=1i, i' #1,
0 forj=S5" i=1,...,n,
JEXP7;; = exp{L+Cp; 5} —1 forj=1Ii, (50)

\ exp{Cr; By} —1 for j =1, ' #1i.

Analogously to Equations (9) and (10), the expected excess returns can then be approxi-

mated as

EERG;;, = CFi+ RsitBi + Hsis Z Bj,

J=Lj#

EER};, = CFi+ S Bi+Hriy Z B;,

with CF, = —{;,AL "
Rsir = —4: ADg;
Hsir = —4: ACg;
S = —4:BL
Hir = —lACy.

Similar to Theorem 2, the expected excess return differentials are then given by

EE ;t — EE E‘z’,t - (RS,t - HS,t) (ﬁz - /Bi’)
EER};, —EER, = & (Bi—By).

With the same arguments about the signs of the coefficients as in Theorem 2, the proof

then goes through as in Appendix B.2. O
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B.5 Proof of Theorem 6

The solution of the extended model outlined in Section 4.2 is a combination of the solutions
presented in Appendix A and B.4. Applying the same approximation steps, the market

prices of risk are given by

MPJRS, = 1—exp{A+Bfs,}, (51)
MPJR}; = 1—exp{A+Bfs,}- (52)

The jump exposures are given by

([ exp {L+CsifBrs}—1 forj=Si,
JEXP® . — exp {Cs; B} —1 for j =Si', i #1, (53)
Siod exp{Ds; fs,1,} —1 for j=Ii,

exXp {Csz' Bszf.,[;} —1 forj=1i i #1i,

exXp {D]Z 5]1.751.} —1 for ] = SZ,
JEXP** o eXp {CI’L 6[{,5;} - 1 for .] = Si/’ Z./ 7é 7:7 (54)
T exp{L+Cy; Bs,1,} —1 for j=Ii,

exp {Cu 65;71;} —1 forj=1i i #1i.

The expected excess return of signal assets can then be written as

EERSi,t =l [1 — exp {A + Bﬂji’si}] [exp {L + CSz’ﬁIi,Si} — 1]

+4 Z [1 —eXp {A + Bﬁlj,sj H [exp {CSi /BIJ‘»SJ'} - 1}
J=1,j#1
+€t [1 — exXp {"4 + BBSiJi}] [eXp {DSZ Bsz’Ji} - 1]

n

+4 Z [1 — eXp {'A + B/BSJ'JJH [eXp {CSi 55j71j} - 1} )

j=1.j#i

resulting in the approximation

EE Zz;"t - C’*Ft + St ﬁli,Si + Rsi,t /BSZ'Ji + %Si,t Z /BIJ‘,SJ' + HSi,t Z BSj,[j?

j=1 j=Lji
with CF, = -V, AL
Rsit = —( ADsg;
Hsie = —Li ACs;
S = —U:BL.
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Symmetrically, the expected excess return of investment assets becomes

EERY, = CFi+ S Bsir + Riix Br,.s; +H11t2651 + Hrig Z Br,.555
J=1,j#i
with R[@t = —ft .A Dlz
Hiy = —bACr.

Assuming (A3), the difference between the expected excess returns of two investment

assets I; and I (or two signal assets .S; and Sy) is given by

EER; , — EER} , = S (Bsizi — Bsirgir) + (R — Hre) (Brisi — Brirse)  (55)
EERS; ; — EERGy ;, = S (Brisi — Brirsir) + (Rse — Hsi) (Bsiri — Bsirgir) - (56)

With the same arguments about the signs of the coefficients as in Theorem 2, the proof

then goes through as in Appendix B.2. O

B.6 Proof of Theorem 7
Term (i) > 0:
t t+A
Cov ( / (EERS; ,— EERG ) du, / (EER;;,— EER}; ) du)
t—A t
t t+A
= LAB (DI - CI) / / Cov (@fsi,s - Bi’gsi/,m 51‘511-@ - ﬁi’gli/,u) ds du.
t—A t

The integral term is positive under Assumption (A5):

t t+A
/ / COV (B’L 651',,8 - /61" ES,L-/,& 6’5 gli,u - Bi, gli’iu) du ds
t—AJt

t t+A
= (Bi— 51")2 / / Cov (¢, £,) duds
t—A Jt
t t+A
= (B — 51')2 / / Var (£) e =) du ds
t—A t
t t+A
= (B — Br)* Var (6)/ / e " (=8) du ds
t—A Jt

= (6 - B’ Var<>(ﬂ)2 -0

R

since the process {/,} is stationary on [t — A, t + A] with the autocovariance function
Cov (€, £,) = Var (£) e *lv=sl for s,u € [t — A, t + A. O

41



Term (ii) = 0: To see this, we make use of Assumption (A5) which implies that the
expected excess returns have a factor structure. The EER differential formulas of The-

orem 2 hold at every instant s in both windows, with a common scalar factor process

{‘es}se[t—A,t—l-A]:

EERst EERst = —LBYl (i — By), (57)
EERj;, - EER}), = —A (Dr—Cp) b (B - f). (58)

This assumption extend Assumption (A2) from the single portfolio formation date ¢ to

every instance throughout both windows. It implies that

t t+A
Cov (/ (EERst EE Sz s) dS, / (‘C’:Ii,u - 5Ii’,u) du)
t

t+A
= / / Cov,(EERS; , — EERG , €riu — €1iru) duds
t—A

- L

ERS; , — EERS | - [eriu — €1i7u])

—E, (EER%;, — EERY, ) B, (criu — gm)] duds

0
([EERG;, — EERS, ] [eriu — €104]) duds

t
/t—A

t—A

= 0,

/ s EERSz s EERE’;/,S] Fu [6[1"71 — 6Ii/’ul du ds

~
=0

where we make use of the martingale property of € and the law of iterated expectations.
O

Term (7ii) < 0:
t t+A
Cov ( / (€sis — €sir.s) ds, / (EER];, — EER}; ) du)
t+A
= / / COV 85,8 €5 s, EERIzu EER;: u) duds
= / / Cov (esi,s — €sirs, —A (Dr —Cp) (Bi — Bir) L) duds
t—A Jt

t t+A
— _A(Di—Cr) (i B) / / Cov (e510 — Esv00 L) duds
t—A Jt ~ ~~ o

< 0.
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The last inequality follows from the properties of our cash flow processes. Realized noise
shocks g, increase the aggregate jump intensity ¢, and this effect is stronger for S; than
for Sy because [3; > [;. O

t t+A
COV (/ (5Si,s - E':Si’,s) dS, / (gli,u - gli’,u) du)
t—A t

t t+A
= / / Cov (€si,s — €8ty Eliu — Er1iru) duds
t—A t N ~~ d

>0

Term (iv) > 0:

> 0

The last inequality holds for a similar argument as for Term (ii7) above. O
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