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Resumo

Esse trabalho propoe diferentes métodos para medir o impacto de choques a um fator co-
mum a todos os retornos de ativos sobre o crescimento do consumo agregado. Utilizando
um estimador de fator estocastico de desconto e o combinando com diferentes estratégias
de identificacao da literatura de SVAR é possivel modelar o impacto desses choques no con-
sumo agregado. Documentamos um impacto significativo desses choques que afetam o fator

estocastico de desconto sobre o crescimento do consumo.

Palavras-chave: Consumo, SVAR, Fator Estocdstico de Desconto, CAPM



Abstract

We propose different methods to measure the impact of shocks to the common factor of
all asset returns and use these shocks to identify a long-run component in consumption
growth. By utilizing a valid stochastic discount factor, a link between consumption and asset
returns, and integrating it with different identification strategies from the SVAR literature,
we are able to model and assess the effects of these shocks on consumption. We document
a significant impact of shocks to the stochastic discount factor on aggregate consumption

growth.

Keywords: Consumption, SVAR, Stochastic Discount Factor, CAPM
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1 Introduction

Consumption is arguably one of the most critical economic variables in macrofinance. As
its name suggests, it is the cornerstone of the Consumption Capital Asset Pricing Model
(CCAPM) (Breeden| (1979))) and many models originated from its core ideas. Despite its
central role, consumption remains one of the most puzzling macroeconomic variables. The
most prominent models in the macrofinance literature make different assumptions about
the consumption process, some treat consumption growth as an i.i.d. process (Campbell
and Cochrane, (1999))), while in the long-run risk model (Bansal and Yaron (2004))) it has a
persistent AR(1) component. For example, in the original calibration of long-run risk model,
this component is the main driver of asset prices fluctuations. A natural question is how to
validate this assumption and model consumption growth.

The main issue is identifying this persistence, if consumption growth has an AR(1) com-
ponent as in the original long-run risk model we could potentially capture this with tradi-
tional univariate methods, but as illustrated by Bryzgalova et al|(2021]), when we simulate
a consumption growth process as one from the long-run risk models and we try to capture
this behaviour using traditional techniques, such as fitting an autoregressive model with
the current historical sample size available, we are not able to capture it using data from
consumption growth only.

Therefore, it is useful to search for information from consumption that can be captured
through other variables that may be helpful to measure this component. As noted, by
Bryzgalova et al.|(2021)), in most macrofinance models asset prices reveal information about
state variables. It is, in fact, a feature in the long-run risk model that asset prices should
predict consumption growth, therefore we can leverage this information to learn more about
consumption growth.

This approach aligns with recent literature, which explores the interaction of consumption
and asset returns to better capture their joint dynamics. We use a valid estimator for a

stochastic discount factor (SDF) without relying on consumption data. We then use this



factor, which is intrinsically linked to consumption, to explore how shocks to the SDF, that
is, shocks affecting the cross-sectional returns of all assets in the economy affect aggregate
consumption, utilizing different identification strategies. This allows us to capture a more
nuanced and richer dynamics connecting consumption and asset returns.

I employ a VAR to jointly model the stochastic discount factor and consumption, estimat-
ing the shocks to determine the extent to which these innovations also impact consumption
growth. My analysis includes a comparison of different identification methods, drawing on
insights from previous literature. I focus on three specific approaches to better leverage the
estimated stochastic discount factor (SDF) in understanding consumption, its reactions to

these shocks, and the behavior of the SDF itself. The three strategies considered are:

(i) a bivariate SVAR with the SDF and consumption growth long-run restrictions like
Blanchard and Quah| (1989)

(ii) the "monetary policy approach” using data closer to the literature estimating shocks

from monetary policy and using short-run restrictions

(iii) an optimization approach as proposed by [Pinter (2020) where we use the SDF to iden-
tify the linear combination of reduced-form shocks to consumption giving the highest

price of risk when regressed against our estimated SDF.

Combining a VAR to model consumption and the estimated SDF jointly allows us to
measure the impact of the shocks not captured by CCAPM. Therefore, we can anwser how

shocks to this missing component in the pricing kernel affects consumption growth.

Summary of Findings - We find evidence, using different specifications and even infor-
mation sets, that consumption reacts slowly to shocks to the level of cross section of returns.
That is, these shocks to the stochastic discount factor can affect consumption with a business

cycle frequency in line with recent evidence from Bryzgalova et al. (2021)).



The rest of this dissertation is organized as follows: Section 2 [Related Literature| we
cover related works trying to model consumption and asset returns which also provides
motivation for some choices made on the identification strategies used here. Section 3 [Data]
I describe all the data used in the empirical applications, Section 4 [Empirical Strategy]
discusses the various methods employed to derive insights from the SDF estimator, aiming
to capture the impact of SDF shocks on consumption, it also brings an brief explanation for
each one of three methods. Section 5 [Results] we provide the results from the estimation and
discuss its implications for consumption and how it relates to previous literature. Section 6
[Conclusion] concludes the papers with a brief overview of everything we did and the main

findings from these exercises.



2 Related Literature

This work is related to the literature exploring the relation between consumption and asset
returns using the stochastic discount factor to learn more about consumption.

Hansen and Singleton| (1983) is one of the first papers to estimate the time-series behavior
of asset returns and consumption jointly. Not only their framework is useful to understand
the link between consumption and asset returns and how can the SDF help us model con-
sumption, but it’s also the framework used by |Araujo et al. (2024) to explain their SDF
estimator which will be used here.

Starting for the asset-price equation

Ei 1 (MRy) = 1 (1)

Where M, is the stochastic discount factor and R;; is the gross return of asset 7. They
assume an representative agent with CRRA utility and log(M;Ry)|I;—1 ~ N (i, 02), with
the lognormal distribution assumption, we are able to rewrite the relation implied by the

asset-pricing equation and show that every return in this economy can be written as:

1
Tit = =My — 501-2 + Vit (2)
Where r; = log(Ry) and my = log(M;) and vy = (my + rit) — Ey_q(my + 7)) with
vit| Ii—1 ~ N(0,02). One can see that m; is a common feature (Engle and Kozicki| (1993))
of every asset return as noted by |Araujo et al| (2024), this is a key component to papers
trying to extract shocks spanned by asset returns, including our work and other recent

contributions in the area. One of the challenges of the literature aiming to understand SDF

shocks is exploring methods to estimate and understand the behaviour of this common-



feature among asset returns. Notice in their model m; is a function of consumption growth
and it is using consumption data that Hansen and Singleton| (1983)) estimate the structural
parameters linking consumption growth and the SDF. This is also true for the majority of
models trying to estimate the stochastic discount factor, but it has many drawbacks, some
issues related to the use consumption data as mentioned earlier, but mainly for imposing
strong assumptions on their joint dynamics via utility functions which limits the potential
to study the reverse relation as we do in this paper, that is understanding the impact of
stochastic discount factor shocks to consumption.

To circumvent this problem, |Araujo et al.| (2024]) propose a valid and consistent estimator
for the pricing kernel which will be used here. They illustrate their estimator using the same
framework from |[Hansen and Singleton| (1983), although the log normality is not necessary.

The main assumptions are:

Assumption 1. No-arbitrage opportunities across assets for all time periods
Assumption 2. Joint weak-stationarity and ergodicity of log(M,), log(R;) and log(M; R;;).
Assumption 3. E;(v;) = 0, where vy is from equation [2| and E; is the unconditional

mean operator across assets.

The first assumption gives a necessary condition for Equation [I| to hold and existence of
at least one positive SDF and the second disiciplines the data in order to make estimation
possible. The main insight for their valid SDF estimator is the third assumption, which
imposes the cross-section mean of the error term from Equation [2] to be equal to zero. As
they illustrate, this is a sufficient condition to no-arbitrage and consequently Equation
to hold. Assumptions 1-3 within the framework proposed by Hansen and Singleton! (1983))

identify M; with some algebraic manipulation from Equation 2] we get the following equation:

exp(—E;(ry))

M= R erp(Barn) B (Ra)




From Equation , they are able to propose an estimator M, using the sample analogue

of this equation.

S G
~ R,

t %ZRtGRtA )

Where RtG the geometric mean of the inverse of returns and RtA is the arithmetic mean
of returns. As mentioned before, what makes the use of this estimator compelling for this
study is the fact that it provides an ”agnostic” approach to shocks spanned by asset returns.
It is a simple non-parametric function of asset returns only, which makes it convenient if you
want to study how these shocks affect consumption without imposing a strict relation via
utility function specifications.

Ghosh et al.| (2017) present a general representation that encompasses almost all SDF

forms presented in the literature:

M, = m(0,t) x (5)

Where m(0,t) is usually a function of consumption growth and ; is what has been
called the missing factor from the CCAPM model, usualy obtained residually. In our VAR
framework, we model the SDF as a function of consumption growth and we are able to obtain
these shocks left unexplained by consumption from the SDF as well. Moreover, while many
studies have focused on the shocks captured by CCAPM, there is relatively less information
documented about the macroeconomic effect of shocks on the SDF related to factors not
captured by consumption.

Bryzgalova et al. (2021) model consumption as a function of shocks spanned by asset

returns:



Acy = p° +Xpjfij + 0} (6)

Here f; is the common shock to all excess returns and consumption growth, p¢ is the un-
conditional mean and of is the idiosyncratic shock to consumption growth, orthogonal to f;.
Notice the common shock is the innovation impacting all asset returns contemporaneously.
Therefore one can draw a clear link between this f; component and the stochastic discount
factor as in [Hansen and Singleton (1983). Particularly in this model, one can see f; as a
subset of innovations to the SDF, and as such they propose the following SDF from their

specification:

my = 1— bfft — bggt (7)

Here, the g; would be the equivalent to the component not explained by the CCAPM in
our SDF and one of our goals here is try to learn more about the impact of these shocks on
consumption.

A different approach to learn from innovations in the SDF was proposed by [Pinter| (2020))
where he uses the VAR residuals from a set of macroeconomic variables to approximate SDF
innovations. That is, he proposes an optimization approach to select the linear combination
of residuals that maximize the R? from a Fama-Macbeth procedure, a two-step estimator
widely used in finance. We take advantage of this idea, but rely on our estimated SDF

instead of approximating using the Fama-Macbeth estimator.



3 Data

To estimate the stochastic discount factor (]\th) data used in the estimation is composed
of returns from a broad class of assets following |Araujo et al| (2024). The estimation is
done monthly, from 1980:MO01 to 2020:M12 collected from over a 100,000 assets divided in
four different classes: mutual funds, stocks, real estate REITs and government bonds. In
the applications below, we aggregate the data to quarterly frequency to match the other
macroeconomic variables and use the CPI index to deflate the nominal series.

The macroeconomic variables used in the VAR estimation are the following: the consump-
tion data is the total personal consumption expenditure, the GDP measure is the seasonally
adjusted real GDP, for the Price Level we use the consumer price index for all urban con-
sumers and the interest rate is the Fed Funds Rate. The data period is the same from the

stochastic discount factor.

Figure 1: Macroeconomic Variables included in the VAR

CPI Federal Funds Rate
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Cluarterly Data from 1980031:202004

This figure shows all 4 macro variables used in the exercises with the VAR, they are presented
in levels. They are included in the last two exercises where we run VARs in log levels. Data
from 1980:Q1 to 2020:Q4



For the first bivariate SVAR estimation, the data is estimated using log-consumption
growth and the log of the stochastic discount factor. Using the monetary policy information

set I estimate the models in log levels.

Table 1: Description of Macroeconomic Variables

Variable Description Mean s.d.

CPI Inflation rate for all urban consumers in percentage 0.71 0.70
points
Output Growth Seasonally adjusted GDP - Quarterly Growth Rate 0.74 1.12
in percentage points
Federal Funds Rate  The average of daily figures for the federal funds 4.56 4.05
rate measured in percentage points
Consumption Growth Total personal consumption expenditure growth 0.72 1.15
rate in percentage points




4 Empirical Strategy

Using a valid SDF estimator

We use the estimator from Equation {4| from Araujo et al.| (2024) which consists of non-

parametric and non linear function of asset returns only:

Figure 2: Stochastic Discount Factor - Quarterly Frequency
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Estimated SDF - The estimation was done in monthly frequency from 1980:1 to 2020:12
using over 100,000 assets across mutual funds, stocks, real estate investment trusts and
government bonds and then aggregated to quarterly frequency.

Long-Run Restriction

The first exercise is a simple bivariate SVAR using log consumption growth and the log
of the stochastic discount factor. Here, we propose a simple long-run restriction to the SDF
like Blanchard and Quah| (1989). The main motivation for this identification strategy comes
from |Alvarez and Jermann (2005), since they show we can decompose the stochastic discount
factor into two components, a permanent and a transitory one. We make the assumption

there are two types of shocks and only one of them can affect the SDF in the long-run.

10



my
We have Y, = , without loss of generality we can write the system as VAR(1) and
ACt

get the following:

Thus, the cumulative impact of a shock can be obtained as

b c11 ¢
Yo=Y ®BU = (I-®)'BU,=| |0 9)
J=0 C €21 Co22

We impose a restricton on the C matrix, in this case c¢;o = 0, which implies the shock
from consumption does not affect the stochastic discount factor on the long-run.

We know only the first term from the product that forms C which is (I — ®)~!, but now
identification is possible since CC’ is known and positive-definite symmetric, therefore it will
admit a unique Cholesky Decomposition (CC’ = PP' = C' = P), now we can solve the

equation for B.

C=(I-®)'B=B=(I-9®)C (10)

Highest Risk Premium Shock

In this exercise the SDF is not included on the VAR, but it is used to identify a shock
to consumption that has the following property: it has the highest price of risk on a single

factor regression of the form m = bf, where b represents the risk price for factor f (the

11



reduced-form shock from consumption) which is the approach proposed by |Pinter| (2020) as
mentioned previously but using our estimated SDF. To clarify, we want to see the impact of
the shock to consumption with the highest R? when regressed against our estimated SDF,
which in practice is looking for a shock to consumption which is the best approximation to
our pricing kernel. The method is an optimization approach to identify this particular shock
from the VAR with macroeconomic variables.

In a certain way, this method is reminiscent of the sign restriction identification approach
(Uhlig (2005))) in the sense we make the use of rotations to generate different reduced-form
residuals, but here we are able to pin down a single shock by selecting a specific rotation
from a optmization problem.

To illustrate, consider a VAR(p)[f] model:

Xt - (I)lXt—l + (I)QXt_Q... "‘ (I)pXt—p + Ut (].1)

Where U; are the reduced-form shocks from the VAR and Uy ~ N(0,X) and

Ut = Bet (12)

Since we don’t know B from data alone, we can’t recover the structural shocks e; without
some assumptions. A simple way of trying to recover the structural shocks is assuming
B = chol(X) which was the identification strategy in (ii) which, in economic terms, implies
short-term restrictions.

But notice any orthonormal transformation to B such as B* = B(@), where @ is an

orthonormal matrix (which implies Q@' = I) is also compatible with the observed variance

In our case, the vector X; contains the macroeconomic variables listed in the Data section: Total
Consumption, Output, CPI and Fed Funds Rate. In the Short-Run Restriction approach we also include
the SDF into the model

12



on the data since:

B*(B*) = BQQ'B=BB=Y% (13)

Then, the point is to find a way to generate different matrices B* and maximize the price
of risk using our estimated SDF. There are two approaches as explained in Pinter (2020):

drawing random matrices and finding Q’s from QR decomposition or Givens Rotation.

The step-to-step approach to the maximization problem is given below:

Step 1: Draw a k x k random matrix L from the multivariate standard normal distri-

bution

Step 2: Compute the orthonormal matrix Q from the QR decomposition of L

Step 3: Calculate B* = BQ

Step 4: Recover the orthogonal shocks associated with B*: f = Uy(B*)™!

Step 5: Regress the stochastic discount factor m on the consumption shock from f as

the only factor (as in m = b'f)

Step 6: Run N times and select the shock in consumption with the highest R?

In practice we can create an optimization setup where we find the optimal angles from
a Givens rotation as the Q matrix (instead of generating randomly), this is simply a faster
approach to optimization since it allows us to skip Step 1 and 2 and generate new matrices
B* using different rotations (changing angles, instead of drawing random matrices from the

normal distribution).

13



Example: a 4-variable VAR (as the ones I estimated) needs 6 angles EI Then, one usually
calculates a Givens matrix as the product of different rotations. In this case, you have six
different ways of writing these matrices. You can combine them in pairs and form a three-
matrix product which is convenient for optimization ﬁ, after this we can find the optimal

angles in Q that give us the highest price of risk.

Q= £Q12 X Q342><£Q13 X Q242>< £Q14 X QQ23)
@ Qe Qs

The angles are not of much importance per se, they are simply useful to optimize our
objetive function, since in practice to calculate impulse responses we only need to know the
optimal B*.

Short-Run Restriction

Using the monetary policy information set, I also use the SDF directly in the VAR and
identify the shocks using a simple Choleksy Decomposition, that is, I assume the matrix
B from the previous example is lower triangular, which in practice imposes short-run re-
strictions based on assumptions and findings from previous work in the literature estimating
shocks to consumption. For instance, Bryzgalova and Julliard (2024) impose that shocks
spanned by asset returns do not affect consumption growth at the same quarter they occur.
On a similar note, Pinter (2020) provides some evidence, his identification producing the
highest risk premium shock identifies a shock that impacts consumption with a delay of
a quarter. Therefore, I order the variables in the VAR so consumption is not affected by
the SDF shocks contemporaneously, to be more specific, I order the variables in a way that
consumption is the least affected while the stochastic discount factor reacts fast to shocks

from all other variables.

n(n—1)

2A n-variable VAR requires ™

difficult
3Each matrix in the product the forms Q is composed of two angles, that is: Q1(61,6s),

Q2(03,04),Q3(05,06)

angles, therefore including too many can make optimization more

14



5 Results

Long Run Restricion

Figure 3: Bivariate VAR - Impulse Response Function of Consumption Growth

Cumulative Impulse Response to a SDF Shock - Consumption Growth
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Quarters
This graph is the cumulative impulse response from a bivariate VAR (4) using long-run
restrictions. This is the response of log consumption growth to a standard deviation shock
to the stochastic discount factor, which in this model is the long-run shock. The average
cumulative impact to consumption growth is between 6-8 quarters. Shaded area is the 95%

confidence interval.

We start from the bivariate VAR as proposed in Equation [8 This first exercise measures
the impact of the long run shock (¢L) to the stochastic discount factor on consumption.
Figure |3| shows the impulse response of a standard deviation shock on consumption growth.
Remember these are the shocks to our estimated SDF which are uncorrelated to consumption
growth. In other words, we are looking for the shocks to the v, (from equation [5)) component
from the estimated SDF. For example, it is well known with CRRA utility (with parameter

) and representative agent we obtain the following SDF":

15



-5 (%) (1)

Notice in this case ¥y = 3. One way to interpret this SDF shock unexplained by consump-
tion growth would be changes to this intertemporal discount factor with agents becoming
more or less impatient over time.

We also can think of it as positive shock to the marginal utility of wealth, where the
agent values future consumption more relatively and therefore lower his consumption to buy
more assets. We can see these SDF shocks affect consumption for over a year which is again
evidence of slow reaction of consumption to shocks spanned by asset returns, regardless of
their relation to consumption or other unknown factors driving the level of the cross-section
of returns.

The persistence of shocks extending over a year when using total consumption growth
is documented in other studies. Nonetheless, this persistence is difficult to identify with
consumption data alone, particularly due to weak identification from the slow reaction of
consumption. This observation is consistent with findings from other studies, such as Bryz-
galova et al. (2021) and Parker and Julliard (2005), which also highlight similar issues in
identifying long-term dynamics using consumption data alone as pointed in the introduction.

While our strategy does not allow us to recover what drives these shocks to the stochastic
discount factor, since they are obtained residually we can try to match this evidence with
other observed shocks in the literature which have similar characteristics. For instance, Ko-
gan and Papanikolaoul (2014)) document the impact of Investment-Specific Techology Shocks
(ISTs). They find these shocks to investment are a systematic source of risk premium left
unexplained by consumption increase the household’s marginal utility and therefore carry

negative risk premia.

16



Figure 4: Bivariate VAR - Impulse Response Function of SDF to the long-run shock

Cumulative Impulse Response to a SDF Shock - SDF

Stochastic Discount Factor
g
T
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This graph is the cumulative impulse response from a bivariate VAR (4) using long-run
restrictions. This is the response of log SDF to the long-run shock (the same shock as in

Figure 3). Shaded area is the 95% confidence interval.

Furthermore, these shocks do not have a statistically significant contemporaneous effect,
which supports the short-run restriction applied in the next estimation. This finding aligns
with related literature, such as Bryzgalova et al.| (2021)), who model consumption and asset
returns under the assumption that shocks to returns affect them only contemporaneously.
Consistent with their approach, our results show (Figure [4]) that while shocks to the stochas-
tic discount factor have a positive long-term impact on the estimated pricing kernel, they

adjust fast, resulting in a nearly flat cumulative impulse response.

17



Short Run Restricion
Figure 5: Short-Run Restriction (Cholesky Identification)
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This graph is the impulse response of log consumption to a standard deviation shock to the

log SDF using Cholesky Decomposition identification (Short-Run Restriction). Shaded area

is 95% confidence interval.

For the VAR model using macroeconomic variables commonly employed in the literature
on monetary policy shocks, we identify the shocks through short-run restrictions. These
restrictions are motivated by previous research on estimating risk premium shocks and doc-
umenting the gradual response of consumption to shocks reflected in asset pricing. As
mentioned before, we also observe this in our initial bivariate VAR estimation, in which
short-run effects were unrestricted, but consumption growth did not react at the same quar-
ter the shocks occur.

Therefore we use a straightforward Cholesky ordering where the main restriction is: con-
sumption doesn’t react contemporaneously to shocks from SDF (in fact, it is the least affected
variable in the model) while the SDF, which is a function from asset returns, can (potentially)
react to all innovations at the same quarter they occur reflecting the fast adjusment from

asset markets. We can see a gradual response from consumption across several quarters.

18



Interest Rate and Stochastic Discount Factor Shocks

Figure 6: Comparing the short-run restriction shock (red) with Fed Funds Rate Shocks
(black)

Cholesky SDF Shocks vs Interest Rate Shocks - Consumption
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Figure 6 shows the impulse response function of log consumption to a SDF (red) and Fed

Funds Rate (black) standard deviation shock. Shaded Area is the 95% confidence interval
for the Fed Funds Rate impulse response.

Pinter| (2020)) identifies a close relationship between risk premium shocks and interest
rate shocks. To explore this further, we examine whether the shocks identified by short-run
restrictions exhibit similar characteristics. Figure [6] presents the impulse response functions
(IRFs) for these shocks. While both sets of shocks display a similar shape, the shocks to
the stochastic discount factor have a stronger impact on average, particularly in the initial

quarters following the shock.
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Highest Price of Risk Shock

Figure 7: Comparing Shocks - Highest Price of Risk (blue) vs Cholesky SDF Shock
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Figure 7 compares the impulse response from Figure 5, which is the log consumption reaction

to a SDF shock (black) using the short-run restriction, and the shock from consumption
identified using the highest price of risk approach (blue). Shaded area is the 95% confidence
interval for the SDF shock

Figure |7 contrasts the impact of two types of shocks affecting the stochastic discount
factor. The first type comprises shocks to consumption with the highest risk premia as
measured by our estimated SDF and identified using the optimization approach. The second
type involves shocks attributed to the 'missing factor’ in the CCAPM, as in |Ghosh et al.
(2017).

One can see that in all applications using the estimated SDF, the main lesson from
different identification strategies is: consumption reacts slowly to stochastic discount factor
shocks with the range going from 6 months to over 3 years. The findings here support the
evidence found in previous papers such as Bryzgalova et al.| (2021)) and |Pinter| (2020) which

also document this slow reaction from shocks spanned by asset returns. It also supports
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models featuring consumption growth with a persistent component such asBansal and Yaron
(2004), since the evidence here can be seen as some external validation to assumptions
made to this crucial variable in macrofinance modelling. Furthermore, we are also able to
identify the shocks to the SDF which are left unexplained by consumption and their impact
to macroeconomic variables which is, as far as I know, left unexplored in most empirical

exercises measuring risk premium shocks.

6 Conclusion

In this dissertation we investigate the impact of stochastic discount factor shocks on con-
sumption using identification methods from the SVAR literature. Instead of the conventional
approach of studying asset returns from consumption data, we reverse the process: we first
estimate a SDF from asset returns using a valid and consistent stochastic discount factor es-
timator. Subsequently, we examine how these innovations in asset prices influence aggregate
consumption within the VAR framework.

We build on existing literature to propose a range of identification restrictions and com-
pute impulse response functions for each one of them. Our approach includes three identifi-
cation schemes: (i) long-run restrictions, (ii) short-run restrictions, and (iii) an optimization
method introduced by Pinter (2020). The third scheme allows us to estimate the impact
of shocks spanned by macroeconomic innovations directly, while the first two schemes help
uncover the 'missing factor’ not explained by consumption alone. Our findings indicate that
consumption reacts gradually to these shocks, with a significant long-term impact.

We are able to capture persistent shocks affecting consumption growth that would be
difficult to identify using consumption data alone, this work relates to the previous literature
using information from asset returns to understand shocks affecting consumption, similar to
Bryzgalova et al. (2021) which also leverage information from asset prices to learn about

consumption. The main difference from our work is that we estimate a SDF first using a
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wide range of assets and only then use it to learn more about consumption which allows
us to use the traditional VAR toolbox. Nonetheless, consistent with our results, they also
find that shocks to asset returns to have a persistent effect on consumption growth. As
mentioned earlier, this is a major component of the long-run risk model of Bansal and Yaron
(2004) and the results here provide some evidence of this persistence being better captured
by information from asset returns.

This evidence can be an useful indication regarding consumption growth assumptions in
macrofinance models with the empirical exercises favoring specifications in which consump-
tion growth shows a slow-moving and long-run component. We hope this empirical exercise
and its findings can motivate work to better understand the macroeconomic drivers of these
shocks affecting the level of cross section returns, especially the ones not explained directly

as a function of consumption growth.

References

Alvarez, F. and Jermann, U. J. (2005). Using asset prices to measure the persistence of the

marginal utility of wealth. Econometrica, 73(6):1977-2016.

Araujo, F., Galvao, A. F., and Issler, J. V. (2024). A no-arbitrage approach to asset pricing

using panel data. Working Paper.

Bansal, R. and Yaron, A. (2004). Risks for the long run: A potential resolution of asset

pricing puzzles. The journal of Finance, 59(4):1481-1509.

Blanchard, O. J. and Quah, D. (1989). The dynamic effects of aggregate demand and supply

disturbances. American Economic Review, 79(4).

Breeden, D. T. (1979). An intertemporal asset pricing model with stochastic consumption

and investment opportunities. Journal of financial Economics, 7(3):265-296.

22



Bryzgalova, S., Huang, J., and Julliard, C. (2021). Consumption in asset returns. Awvailable
at SSRN 3783070.

Campbell, J. Y. and Cochrane, J. H. (1999). By force of habit: A consumption-based
explanation of aggregate stock market behavior. Journal of political Economy, 107(2):205-
251.

Engle, R. F. and Kozicki, S. (1993). Testing for common features. Journal of Business &
Economic Statistics, 11(4):369-380.

Ghosh, A., Julliard, C., and Taylor, A. P. (2017). What is the consumption-capm missing?
an information-theoretic framework for the analysis of asset pricing models. The review

of financial studies, 30(2):442-504.

Hansen, L. P. and Singleton, K. J. (1983). Stochastic consumption, risk aversion, and the

temporal behavior of asset returns. Journal of political economy, 91(2):249-265.

Kogan, L. and Papanikolaou, D. (2014). Growth opportunities, technology shocks, and asset
prices. The journal of finance, 69(2):675-718.

Parker, J. A. and Julliard, C. (2005). Consumption risk and the cross section of expected

returns. Journal of Political Economy, 113(1):185-222.
Pinter, G. (2020). Risk premium shocks. Working Paper.

Uhlig, H. (2005). What are the effects of monetary policy on output? results from an

agnostic identification procedure. Journal of Monetary Economics, 52(2):381-419.

23



	Introduction
	Related Literature
	Data
	Empirical Strategy
	Results
	Conclusion

