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Abstract

Economic models with input-output networks assume that firm or sector growth is driven
by a combination of trade partners” growth and idiosyncratic shocks. This assumption gener-
ates unrealistic restrictions on network weights. Allowing for correlated shocks exposes units to
additional risk that captures their ability to substitute away from supply and demand shocks.
We provide evidence that substitutability between trade partners is related to technological and
product dispersion that is not captured by standard firm and industry definitions. We propose
a production-based asset pricing model in which supply chain substitutability depends on pro-
duct/technology dispersion and shock correlation driven by shared suppliers and customers.
The model predicts that assets positively exposed to upstream and downstream shocks are use-
ful hedges and earn lower average risk premia than less exposed peers. This is confirmed by
estimated return spreads of -11.4% and -4.2% and a negative association with aggregate growth.
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1 Introduction

The total value of intermediate inputs flowing through production networks in the United States
was more than $81 billion in 2023.! Recent research finds that production networks play an impor-
tant role in shock propagation, business cycles, and systematic risk in asset markets. However, the
relationship between network linkages and comovement in economic risk is not yet entirely clear,
especially at a granular level. Features of the input-output network are crucial to understanding
the relationship between firm or industry-level risk and economy-wide aggregate risk.

The benchmark network model assumes that idiosyncratic shocks are drawn independently
across units (firms or industries) in the network, and then propagate to connected units as a
function of network weights. Network weights capture the relative importance of each connec-
tion (edge) between units. As a result, shocks to any individual unit can have systematic effects.
Acemoglu et al. (2012) argues that heavy tails in the distribution of network weights can inhibit
diversification and amplify the systematic effects of idiosyncratic shocks. Similarly, Gabaix (2011)
shows that skewness in the firm size distribution also inhibits diversification away from shocks.

In this work, we argue that the assumption that shocks are idiosyncratic is not consistent with
realistic input-output network models of the economy. More specifically, we consider a general
reduced-form equation for static propagation of shocks, which links each unit’s growth to the
growth of its network connections plus a unit-specific shock. This reduced-form is consistent
with a broad class of structural economic models that assume Cobb-Douglas aggregation of in-
termediate inputs in a production function. In this equation, imposing a diagonal structure on
the variance-covariance matrix of shocks generates implicit restrictions on the network weights
permitted in the model.> More specifically, the set of permissible input-output networks has
weights which are overly sparse, economically uninteresting, and/or unlikely to hold empirically
at the firm and industry levels. For example, the idiosyncratic risk assumption might constrain
researchers to studying economies in which pairs of firms that use each other’s inputs can only
use each other’s inputs.

As a result, we argue that researchers should account for correlation in shocks when making
use of network models. Practically speaking, there are several reasons why shocks to units in the
input-output network might be correlated, especially as the unit definitions become less granular.
For instance, two firms which produce the same goods should experience correlation in demand
shocks at the product level. If the two firms also produce using similar inputs and/or technolo-
gies, then supply-side shocks are likely to be correlated as well. Hoberg and Phillips (2016) show
from text data that firms that produce similar products often belong to different industries, which
suggests that industries should also experience some degree of comovement in demand shocks.
Along these lines, Hottman et al. (2016) show using scanner data that 69% of firms, which ac-
count for 99% of their industries” output, supply multiple and intersecting product varieties. In
other words, industry and firm definitions are too broad for the idiosyncratic risk assumption to
be reasonable.

Like product similarity, technological and geographic proximity might also generate comove-
ment in supply and demand shocks. Bloom and Shankerman (2013) shows that regional shocks to
research and development (R&D) incentives have correlated effects on the growth of firms who
operate in closely related technology spaces. Similarly, firms operating in nearby locations are

I This is equivalent to 74% of GDP according to data from the U.S. Bureau of Economic Analysis (See e.g., link to FRED)
2We provide both mathematical and numerical evidence in support of this.



likely to be exposed to the same underlying geographic shocks. For instance, Autor et al. (2013)
and Mian and Sufi (2014) provide evidence that local employment shocks have correlated effects
within a region, and Tuzel and Zhang (2017) studies correlated exposure to regional risk associ-
ated with changes in local prices for factors of production. Even local climate risk could expose
multiple firms to the same regional risks (see e.g., Barrot and Sauvagnat (2016) and Kruttli et al.
(2019)).

When shocks are idiosyncratic, each unit’s growth rate variance is the sum of unit-specific
shock variance and a network-weighted sum of shock variances of its trade partners. Of course,
the former term is unrelated to the presence of network connections. In the homoskedastic case,
the second term simplifies to a constant times a concentration measure across each unit’s trade
partners. Acemoglu et al. (2012) show that aggregate volatility shocks to this component decay
at a rate slower than /n when network weights follow a power law distribution. Herskovic et al.
(2020b) focus on concentration of firm reliance on customers, and argue that increases in concen-
tration are related to increases in firm size dispersion. Unlike these papers, this is the first work
to investigate, both empirically and theoretically, the relationship between exposure to correlated
shocks in the production network and realized variance.

In particular, when allowing for non-negligible correlation in unit-level shocks shocks, the ex-
pression for growth rate variance gains an additional covariance component, denoted concentra-
tion “between” trade partners. This new term captures the ability of each unit in the network to
substitute away from correlated shocks to its trade partners. In particular, units are more substi-
tutable (less concentrated) when they diversify trade between partners that are exposed to nega-
tively correlated shocks. When units trade with partners that experience correlated shocks, they
are more concentrated when the relative importance of those trade partners is similar.

Building on this intuition, we estimate concentration between trade partners using panel data
at the industry level. Consistent with theory, we find that this new component explains a sig-
nificant amount of variation in the panel of realized industry variance. More concentrated (less
substitutable) industries are more volatile both in terms of market returns and output growth.
This relationship is robust to controls for relevant industry characteristics such as size, centrality,
concentration across trade partners, vertical position in the supply chain, and durability of output.

This finding alone does not provide any insight on the underlying source of correlated risks
between trade partners. Diving deeper, we consider the results of Acemoglu et al. (2016), who
argue that total factor productivity (TFP) shocks primarily propagate downstream while govern-
ment spending shocks primarily propagate upstream from customers to suppliers. Consistent
with this finding, we show that the elasticity of realized variance to concentration between trade
partners is more precisely estimated on the supply-side when constructed using pairwise industry
correlations in TFP growth. On the other hand, the elasticity of realized variance to concentration
between customers is more precisely estimated when using correlations in federal procurement
demand shocks.

Additionally, we suppose that correlation between upstream and downstream propagating
shocks is driven by proximity of industries on a latent surface capturing final good varieties. As a
tractable simplification, we assume that correlation between demand shocks is a function of prod-
uct similarity, while correlation between supply shocks is a function of technological similarity.?
we proxy product similarity using the text-based scores from Hoberg and Phillips (2016) and tech-

3This is no the only valid source of correlation. In principal, other factors such as input/raw-material similarity or
geographic proximity generate correlation in firm-level shocks. A more general model for this is left for future work.



nological proximity following Bloom and Shankerman (2013). Similarly, we find that the elasticity
of realized variance to between concentration is more precisely estimated on the demand-side us-
ing product similarity and on the supply-side using technological proximity.

These findings suggest one structural foundation for incorporating correlation in supply and
demand shocks in network models of the economy. To fully investigate the risk implications of
this correlation, we propose a production-based asset pricing model with input-output networks
in which firm-level technology shocks propagate downstream from suppliers to customers and
demand shocks propagate upstream from customers to suppliers. Firms are both customers and
suppliers. Unlike most existing models, we account for both directions of propagation.* Addition-
ally, we introduce a novel mechanism for correlation in shocks in which the propensity of shock
transmission is a function of customer and supplier substitutability at the firm level.

In particular, we define substitutability as network weighted sum of latent distances between
a firm’s trade partners. Product distance characterizes customer substitutability, while techno-
logical distance characterizes supplier substitutability. Shared customers and suppliers between
firms induce comovement in substitutability and thus correlation in propagated shocks. The pro-
portion of firms that are affected by network propagated shocks is related to the changes in average
propensity and average supply chain substitutability. Importantly, the model predicts that average
propagation in the upstream and downstream directions represent distinct and negatively priced
sources of systematic risk in the economy.

We test this prediction by calibrating the model and constructing empirical analogues of up-
stream and downstream network propagation risk factors. Consistent with theory, we confirm
empirically that upstream and downstream propagation risk factors are negatively related to ag-
gregate consumption growth, output growth, and dividend growth.® Moreover, a trading strategy
which buys the highest and sells the lowest quintile upstream (downstream) propagation beta-
sorted portfolio generates excess returns of -11.42% (-4.18%). These factors survive the standard
set of robustness checks.

The paper is structured as follows. Section 2 provides theoretical evidence that the idiosyn-
cratic risk assumption is overly restrictive in network models. Section 3 provides empirical evi-
dence that correlated shocks can explain heterogeneity in the industry panel of realized variance.
Section 4 proposes an asset pricing model which incorporates supply-chain substitutability. Sec-
tion 5 verifies the predictions of the model in the data. Section 6 concludes.

1.1 Related Literature

This work most closely relates to the literature on static shock propagation through input-output
networks, and more specifically recent work on asset pricing in the presence input-output net-
works. In both areas of research, one foundational assumption is that shocks originate idiosyn-
cratically at the firm or industry level. As far as we know, this is the first work to directly challenge
this assumption both theoretically and empirically.

Acemoglu et al. (2012) focus on static production network economies and show that the rate
of decay of idiosyncratic supply-side shocks depends on the structure of the input-output con-
nections. Several studies also study upstream propagation of idiosyncratic shocks (Shea (2002),
Ozdagli and Weber (2017), Kramarz et al. (2020), Herskovicetal. (2020b)). Acemoglu etal. (2016)

4For example, Shea (2002) and Kramarz et al. (2020), andHerskovic et al. (2020b) focus on upstream propagation of
demand shocks, while Acemoglu et al. (2012) focus on downstream propagation.
5This links the model to a large class of consumption-based asset pricing models.



allow for both directions of propagation in the static model and argue both theoretically and empir-
ically that idiosyncratic technology shocks mostly propagate downstream, while demand shocks
mostly propagate upstream. This work is most similar to Acemoglu et al. (2016), as it studies
both directions of shock propagation. However, unlike these papers with idiosyncratic shocks, we
allow for correlation in the rm or industry level shocks which propagate through the network.
we am also the rst to prove that the idiosyncratic shock assumption in the static network model
implicitly lead to overly restrictive network weights which are inconsistent with the data.

Many papers study the role of the network structure in driving systematic uctuations. Ace-
moglu et al. (2012) focuses on volatility decay and the network weight distribution. Herskovic
et al. (2020a) study the relationship between customer concentration and aggregate volatility. In
nancial markets, Herskovic (2018a) proposes two network-based systematic risk factors, termed
concentration and sparsity. One general theme in this vein is that more concentrated networks
leads to less diversi cation of risk. ® However, these works do not account for correlation in shocks
when proposing measures of network concentration. This work proposes a hovel notion of \con-
centration and substitutability between" trade partners, which depends on both network weights
and correlations in shocks between shared trade partners.

This work also relates to the production-based asset pricing literature with input-output net-
works. Herskovic (2018a) proposes asset pricing factors which depend directly on the network
structure. Ram rez (2017) proposes a model for shock propagation between rms and provides a
theoretical foundation for Ahern (2013)'s result that more central networks earn higher risk pre-
mia. This work introduces upstream and downstream network propagation as systematic risk fac-
tors which capture the average ability of rms to diversify away from shocks propagating through
the network. Like Ram rez (2017), we explicitly introduce correlation in shocks, which is driven
by product and technological dispersion.

This reasoning is closely tied to recent literature on new measures of rm-level similarity and
competition. Hoberg and Phillips (2016) propose a text-based measure of product similarity, and

nd that product similarity implies rm-level clusters which do not always align with industry
clusters. Similarly, Hottman et al. (2016) show from product-level data that most products or ser-
vices are produced by multiple rms. On the technology side, Bloom and Shankerman (2013)
show that shocks to research and development (R&D) have correlated e ects on the productivity
and growth of rms with similar production technology. Finally, several papers propose geo-
graphic location as a relevant source of rm-level correlations. These correlations might be gener-
ated by local labor markets (see e.g., Autor et al. (2013), Mian and Su (2014)), local factor prices
(Tuzel and Zhang (2017), Grigoris (2019)), local technological progress (Ober eld (2018)), or
local weather events (Barrot and Sauvagnat (2016), Kruttli et al. (2019)).

2 ldiosyncratic Risk in Input-Output Networks

In an economy where sectors or rms are connected through a network of input-output linkages,
shocks to any individual unit might generate larger systematic e ects. Intuitively, rms or indus-
tries with close trade relationships should also experience some degree of comovement in risk.
Recent research proposes several approaches for modeling the spread of small shocks from rms

6Note that these papers assume networks are determined exogenously. This work does not really discuss the relation-
ship between macroeconomic forces and endogenous network formation (e.g., Bagaee (2018), Taschereau-Dumouchel
(2020))



or disaggregated sectors! Since input-output networks are observed in the data, these approaches
are often the foundation for empirical studies on the importance of various channels of shock prop-
agation.®

The benchmark model studied in much of the literature involves static propagation of shocks
through a deterministic network. ° The main idea is that a sector or rm's growth rates depend
on a network-weighted sum of growth rates of trade partners and an idiosyncratic shock which
is drawn independently from the other units. Network weights capture the importance of direct
trade relationships between sectors and are generally non-negative. Moreover, if the entries of the
matrix are sales or purchase shares of inputs, these weights are also bounded above by 1 and in
most cases assumed to sum to 1 or less than 1 for every unit. Typically no additional restrictions
are imposed on the input-output network structure (e.g., symmetry or sparsity).

However, in this section we show that in this benchmark model, the assumption of idiosyncratic
shocks across units is not consistent with such a general class of networks. In particular, new
results show that stronger restrictions on the input-output network weights are required when
the variance-covariance matrix of idiosyncratic shocks is diagonal. These additional restrictions
are inconsistent with almost all empirically observed input-output networks at the industry or
rm levels, and cannot be relaxed by adding omitted macroeconomic factors or by accounting
for multiple networks. Additionally, even if these restrictions are satis ed, there is no de nitive
empirical evidence that supply and demand shocks have zero pairwise correlation across all pairs
of units.

After formally establishing this result, we explore the implications of accounting for correlated
shocks in this static framework. In this modi ed setting, sectors and rms are still exposed to
risk from direct and indirect trade partners, but now can also substitute away from risk by having
trade partners that are di erentially exposed to supply and demand shocks. More speci cally, the
variance of a sector's growth rate inherits the standard network component which is related to the
concentration of risk across trade partners, but also two additional components which capture a
trade-o of concentration and substitutability betweertrade partners. Intuitively, higher concen-
tration implies less diversi cation in supply-chains and should imply higher volatility. On the
other hand, high substitutability implies that units can better diversify away the e ects of shocks
across customers or suppliers. In the following sections, we provide both theoretical and empirical
motivation that researchers should account for correlated shocks when studying risk in network
economies.

2.1 Networks and Risk Comovement

In this section, we argue that realistic input-output models of the economy should account for
correlation in supply and demand shocks across units. In the benchmark static model of sectoral
shock propagation, we nd that the set of stable input-output networks that are consistent with the
idiosyncratic risk assumption exhibit properties that are empirically implausible. Mathematically,
in this broad class of reduced-form linear models, additional restrictions are required on the input-
output network weights to be consistent with an arbitrary covariance matrix of sector or rm-
level growth rates and an arbitrary diagonal covariance matrix of shocks. Although this result

"See e.g., Gabaix (2011), Acemoglu et al. (2012), Taschereau-Dumouchel (2020), and Bagaee and Farhi (2019) for dis-
cussion on how microeconomic shocks can generate macroeconomic e ects.

8Generally the studies which rely on static models focus on propagation at business-cycle frequencies.

9Some examples include Acemoglu et al. (2012), Acemoglu et al. (2016), Ozdagli and Weber (2017), Herskovic (2018b),
Herskovic et al. (2020b).



is not immediately intuitive, the assumption of idiosyncratic shocks implicitly generates a strict
relationship on the interaction between network weights and elements of the variance-covariance
matrix of growth rates.

To illustrate this point, we start from the general reduced-form model of shock propagation
in which a rm's output growth is driven by a network component and rm-speci ¢ shocks. 101n
Appendix A, we show that this model is consistent with the equilibrium outcome of a constant
returns to scale economy in which Cobb-Douglas producers experience productivity shocks that
propagate downstream from suppliers to customers and demand shocks that propagate upstream
from customers to suppliers. In particular, for an n-rm economy, consider the commonly used
static relationship:

y =Wy +u; 1)

where y isthen 1vector of rm-level output growth, W isthen n network matrix capturing
interactions between industries, and u isthen 1vector of rm-speci ¢ supply or demand shocks.
This framework is compatible with either direction of propagation, upstream from customers to

suppliers or downstream from suppliers to customers. The following two assumptions require

that the propagation matrix W implies is stable, and that rm-speci ¢ shocks are idiosyncratic,
respectively.

Assumption 2.1 (Stable Weighting Matrix) . The weighting matriX 2 M is non-negative, and has
bounded spectral radiugW) 1.

Assumption 2.2 (ldiosyncratic Shocks) . Firm-speci ¢ shocks; P (0; 2) are drawn independently
across rms wheré?; 2 L2 has nite second moments. In other words, there exists a positive diagonal
matrix D 2 M, such thatE[uu®]= D.

In the following proposition, we characterize a set of additional necessary restrictions on the matrix
W 2 M, to satisfy Assumption 2.2 and (1). This is a novel result.

Proposition 2.3 (Necessary Restrictions on W ). Any weighting matrixW which satis es 2.1 and 2.2
must have that for any pair of o -diagonal nodes with i 6 j, eitherw; w;;  lorw; > Oandw; =0.

Proof. See Appendix C.1.

This proposition highlights a key limitation of equation (1). To apply network models in a way
that is consistent with industry and rm-level data, researchers must either restrict their focus to
a very speci c set of networks or allow for correlation in sectoral or rm-level shocks. Under
Assumptions 2.1 and 2.2, consistent networks have only one-way connections or entries which
are empirically implausible. In the structural model developed in Appendix A, the entries of W
are primitives of the production function and depend on each unit's sales and cost shares. For
example, To capture the e ect of demand shocks propagating from j to i, the implied weight is
wij = Sz'zlzglj . The rst restriction in Proposition 2.3 is that  w;; wj; = S"’;';IZ‘S’IJ' Si';i‘;] L 1forall
i 6 j, whichimplies that sectors which use each other's inputs can only use each other's inputs. If
we believe that bilateral trade is possible and rms have multiple customers and suppliers, then
this restriction is already violated. When weights are less than 1 (e.g., trade is shared across mul-
tiple partners), then the second restriction ( wj > Oand w;; = 0) implies that no rm or industry

10similar models are used in Acemoglu et al. (2012), Acemoglu et al. (2016), Herskovic (2018a) and Herskovic et al.
(2020b).



can serve as both a customer and supplier. Input-output data in the US at both the industry and
rm-levels do not satisfy these restrictions.

Intuitively, one might argue that the static network model in (1) is too parsimonious to capture
all the sources of risk comovement in the economy. Although this is likely true, the restrictions
on W cannot be relaxed by adding omitted macroeconomic factors driving common variation in
risk nor by adding an omitted network component. Moreover, Proposition 2.3 implies that there
is no su cient statistic that can be obtained from W which fully characterizes cross-sectional vari-
ation in granular risk, even in a world where sectoral shocks are identically distributed. Another
interpretation of this result is that rm and industry de nitions are too broad for the idiosyncratic
shock assumption to be viable. See Appendix F for supporting numerical evidence. In the remain-
der of this section, we explore the implications of allowing for correlation in demand and supply
shocks across units.

2.2 Granular Variance with Correlated Shocks

We investigate the variance predictions of (1) when shocks u; are allowed to be correlated across
units i (i.e., var(u) is not diagonal). Practically speaking, there are several reasons why supply
and demand shocks to units might be correlated, especially at the granular level. For example,
two sectors or rms that produce related goods or services are likely to experience correlated de-
mand shocks. If the two sectors produce using the same inputs, then supply-side shocks might
be correlated as well. Hoberg and Phillips (2016) show that rms with similar products might
belong to di erent industries (according to SIC or NAICS classi cations). ! In the even more sim-
ple setting where multiple rms produce the exact same goods and services, supply and demand
shocks at the product level mechanically generate correlation in supply and demand shocks at the
rm level. Hottman et al. (2016) provide empirical evidence that this is generally the case, with
69% of rms, which account for 99% of industrial output, supplying multiple (and intersecting)
products.

Like product proximity, both technological and geographic proximity might also generate cor-
relationin rm and sectoral shocks. For instance, Bloom and Shankerman (2013) show that shocks
to research and development (R&D) have correlated e ects on the productivity and growth of

rms with similar technologies. Similarly, industries or rms operating in nearby geographies are
exposed to the same underlying shocks associated with local labor markets (see e.g., Autor et al.
(2013), Mian and Su (2014)), local factor prices (Tuzel and Zhang (2017), Grigoris (2019)), local
technological progress (Ober eld (2018)), or local weather events (Barrot and Sauvagnat (2016),
Kruttli et al. (2019)).

In the benchmark network model with uncorrelated shocks, the variance of growth rates de-
pends solely on the concentration of risk across independent suppliers and/or customers. Her-
skovic et al. (2020b) provide theoretical and empirical evidence linking rm volatility and cus-
tomer concentration in terms of size dispersion in this setting. However, allowing for correlated
shocks implies two additional variance components. These components capture the concentration
and substitutability of risk betweertrade partners, respectively. The distinction between concen-
tration \across" and \between" trade partners is important. Concentration across refers to the

1More speci cally, Hoberg and Phillips (2016) nd that rms in the newspaper, printing, and publishing industry (SIC3
271) are similar to rms in the radio broadcasting industry (SIC3 483) and argue that this is driven by common customers
who demand advertising services. They also nd that Disney and Pixar have similar products (movies) although they are
in di erent industries (business services (SIC3 737) and motion pictures (SIC3 781) industries, respectively). In this case,
the di erences in industry stem from the production method and not the product o ering.



composition of a unit's reliance on any particular customer or supplier, while concentration be-
tween refers to the distribution of reliance on a set of customers or suppliers that are exposed to
the same shocks. On the other hand, substitutability between customers and suppliers captures
the distribution of reliance on a diversi ed set of customers or suppliers that are exposed to shocks
of the opposite sign.

In other words, concentration between customers and suppliers captures compounding e ects
of positively related shocks to similar trade partners, while substitutability captures mitigating
e ects of spreading reliance on trade partners that are exposed to negatively related shocks. Intu-
itively, a supplier with major customers that tend to reduce demand at the same time is more risky
than a supplier with some customers that increase demand when the others reduce it. To see this
mathematically, de ne [h; J; to be the set of entries in the Leontief inverse matrix H := (I W) 1!
and recall that equation (1) can equivalently by written as y = Hu . Note that in this setup the
element h; captures the percent change in unit i's growth after a 1% shock to unit j. Then the
variance of unit i's growth rates can be written:

X
i var(uj )+ hij hik COV(U] ;Uk):
j=1 j=1 i6k

X0
var(yi) = var hij Ui = h|2

The rst term is the standard expression for variance in this network model (see e.g., Acemoglu
et al. (2012)), while the second term is only non-zero when inter-industry shocks are correlated.
Next, we de ne the scalar sj to be the sign of the pairwise correlation between shocks to j and k
(i.e., sik = sgn( )  sgn(cov(u;;ux)) where sgn(:) is the sign function). To build some more
intuition on the additional terms, we can further decompose the covariance term as follows:

X . X X
var(yi) = r {z } hij | + hj hix —  + hij hic (2)
. [6ksjk =1 6ksj =
S At 20 S bl R }
concentration \across" concentration \between" substltutabllity

Consider a rst order approximation of the Leontief inverse matrixsuchthat H 1+ W ,where
the weights in the propagation matrix W are related to sales shares when modeling downstream
propagation supply-side shocks, and purchase shares when modeling upstream propagation of
demand-side shocks!? Suppose also that units are homoskedastic such that var(uj) = 2 for all j
andcov(uj;ux) = sy forall j 6 k,where and are positive scalars. In this case, the rstterm
(hi 2= 2)isunrelated to the network and captures the variance of supply or demand shocks
to sectori. On the other hand, the second component (concentration across network linkages) is
non-negative and large when reliance is highly concentrated across trade partners. Similarly, the
third term (concentration between network linkages) is hon-negative and large when reliance is
concentrated between trade partners who experience positively correlated shocks.

Finally, the last term (substitutability of network linkages) is always non-positive and is large
in magnitude when reliance is spread equally between trade partners who are likely to experience
shocks of opposite sign. Additionally, the sum of the nal two terms captures explicitly the trade-

0 between concentration and substitutability of correlated supply or demand shocks. Although

12\More speci cally, the weight of downstream propagation of supply-side shocks from supplier  j to customer i is cap-
tured by Wi‘jj = salesj, j=purchases; and the weight of upstream propagation of demand shocks from customer j to

supplier i is captured by WiLj’ = salesj; j=sales;. In general, these weights are both asymmetric (i.e., wj 6 w;; ) and

di erent depending on the direction of propagation (i.e., wh* 6 wd ).



this simpli cation is useful for building intuition, the more realistic version of the variance decom-
position should also take into account unit heteroskedasticity. That is, two sectors with an equal
set of input-output weights have di erent network-implied variance only if their trade partners
are exposed to di erential volatility in supply or demand shocks.

Consider for example the Printed Circuit Boards industry (SIC 3672), whose top 3 major man-
ufacturing industry customers include Electronic Components (SIC 3679) and Electronic Com-
puters (SIC 3571), and Communications Equipment (SIC 3669). At rst glance, these customers
appear very similar, and one might suspect that a negative demand shock to one customer is likely
to be correlated with a negative shock to the other, which ampli es upstream propagation to their
shared supplier. In other words, the Printed Circuit Boards industry has high concentration be-
tween customers and a harder time substituting away from upstream e ects demand shocks to
its major customers.'® On the other hand, the three most important customers of the Jewelry and
Precious Metal industry (SIC 3911) include Watches, Clocks, and Clockwork Operated Devices
(SIC 3873), Perfumes and Cosmetics (SIC 5048), and Drawing and Insulating of Nonferrous Wire
(SIC 3357). In this case, customers produce seemingly unrelated goods (both durable and non-
durable) and there is evidence the demand shocks have zero or negative pairwise correlation. *4 In
other words, the Jewelry and Precious Metal industry is able able to substitute away from demand
shocks propagating upstream from any individual customer.

There are similar examples of high concentration and substitutability on the supply-side. For
instance, the Computer Storage Devices industry (SIC 3572) has a highly concentrated customer
base composed of Electronic Components (SIC 3679), Electronic Coils, Transformers, and other
Inductors (SIC 3677), Semiconductors and Related Devices (SIC 3674), and Electronic Connectors
(SIC 3678). This industry is thus more exposed to correlated supply-side risk. On the contrary,
the Meat Packing Plants industry (SIC 2011) can more easily substitute away from supply-side
risk, with a more diversi ed set of major suppliers like Poultry Slaughtering and Processing (SIC
2015), Plastics Film and Sheet (3081), and Paper Mills (2621).

Although these network variance components are intuitive and theoretically justi ed if supply
and demand shocks are correlated, an important practical concern is that granular supply and
demand shocks are not easily identi ed from available data, especially at a high frequency. In the
following section, we address this challenge and propose an empirical methodology for estimating
customer and supplier concentration and substitutability at the industry and rm levels. We show
that both supply and demand channels explain cross-sectional heterogeneity in risk exposure,
beyond what can be explained by other determinants of variance identi ed by the literature.

3 Empirical Evidence

In this section, we provide empirical estimates of the network-implied variance components mo-
tivated in equation (2). This requires granular data on input-output relationships and estimates
of the variance-covariance matrix of supply and demand shocks. Consistent with theory, we nd
that these additional components explain important variation in realized volatility, controlling for
characteristics such as size, centrality, concentration across trade partners, vertical position in the

Bwe nd that the average product similarity score between these customer industries is in the top 10% (based on the
similarity score developed in Hoberg and Phillips (2016)). Additionally, we nd signi cant positive correlation in demand
shocks to these industries such as changes of newly awarded federal defense procurement contracts.

14The average pairwise correlation in federal procurement shocks and Chinese import penetration shocks is -37% and
-22%, respectively for the full set of Jewelry and Precious Metal customers.
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supply chain, and durability of output. These results hold at both industry and rm levels. The
main takeaway here is simple. When accounting for input-output linkages and non-negligible cor-
relation in supply and demand shocks, heterogeneity in risk exposure is at least in part driven by
di erences in the ability of network units to substitute away from correlated supply and demand
shocks.

3.1 Setup

Consider the n-sector network model from equation (1) and add a time subscript t. Suppose that
in each period we obtain estimates for the n  n Leontief Inverse matrices A gt and the variance-
covariance matrices of supply and demand shocks Aq;t where q = u for upstream propagation
and g = d for downstream propagation. Then for both supply and demand-side shocks, we can
compute three empirical network-implied variance components, denoted by \self-originating”,
\across", and \between" risk. The nal component sums the nal two covariance terms from

(2) and captures the concentration/substitutability trade-o between trade partners. Low values

of concentration between customers and suppliers implies high substitutability. Then for each
industry, direction, and time triple (i; g; t), we compute self-originating risk as:

Aizqt;self = [ﬁqt]ﬁ /\i2; (3)
and across and between risk as:
X
Ai%qt;acr = [ﬁqt]ﬁ Ajz; (4)
i§i
nwet = [Dadi Mgdic " (5)
i6k

In the next section, we provide details on the data sources, assumptions, and methodologies used
to estimate A qt and n qt- While the former can be observed directly, we need to make some assump-
tions to identify the latter from available data sources. Then we compute all three components at
the industry-level and study their empirical relationship with realized industry variance. We nd
that the elasticity of realized variance to all three components is signi cant and positive for both
directions of propagation, controlling for a variety of industry characteristics.

3.2 Upstream and Downstream Propagation Networks

We begin by constructing the network of input-output linkages at the disaggregated industry level
from the Make and Use tables published by the Bureau of Economic Analysis (BEA). The goal is
to build a directed weighted network which captures the importance of trade relationships over
time and for the population of industries. > Network weights represent the strength of each unit's
reliance on customers and suppliers, and the network is directed to capture di erences in shock
propagation in the upstream (customer to supplier) and downstream (supplier to customer) di-
rections. In particular, the BEA publishes these tables annually between 1997-2020 for 66 industry
groups.

More speci cally, we construct downstream and upstream propagation matrices W 4 = [wgl;

15As far as we know, this is the most disaggregated database on the entire population of input-output relationships.
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and W = [wy];j with entries:

sales ;
costs

sales j .

Wyl = sales (6)

; Wyl =
where sales, ; represents gross trade ows from i to j, and sales and costs represent the total
sales and costs of industry i, respectively. The downstream (upstream) weights are non-negative
and capture the direct reliance of industry i on supplier (customer) j. When weights are large,
direct e ects of propagated shocks should also be large. To account for higher order (indirect)
network e ects as well, we calculate the strength of network propagation based on the Leontief
inverseHq := (1 W) !ofthe propagation matrices fW 4 : g2 u;dg.!® The entries of H q = [ hq];
capture the total percent e ect on i of a 1% shock toj traveling in the g-stream direction when
accounting for all weighted direct and indirect connections.

Appendix D.2 reports summary statistics for observed input-output connections. At the 66-
industry granularity, tables are updated annually. We nd that both propagation and Leontief
inverse weights are highly persistent with an average annual autocorrelation of more than 95%
for each entry. The cross-sectional correlation is about 8.55% between upstream and downstream
weights and about 11.08% between upstream and downstream Leontief matrix entries, suggesting
that propagation occurs di erently in either direction.

3.3 Variance-Covariance Matrix of Supply and Demand Shocks

Unlike the sectoral input-output network, there is no de nitive data source on supply and demand
shocks and their variance-covariance matrix. As a baseline, we implement an empirical analog of
the reduced-form equation in (1). In particular, consider the spatial panel regression:

X0 X
Vit = t+ Yt 1+ Wuij Wit + d Wasij Y5 + it (7)
i=1 i=1
where yi = log(yit =¥t 1) is output growth in industry i at quarter t and wg;; is the (i;j ) entry
of the g-stream propagation matrix W 4. Assuming the variance-covariance matrix of residuals
is static, then " is the empirical variance-covariance matrix of estimated residuals ;. To ensure
that my estimates for network components (4) and (5) are robust to estimation error in ", we
calculate the average value over samples in which we randomly drop 10% of pairwise non-zero
correlations.'’” See Appendix E for more details and alternative speci cations.

Pairwise correlation in residuals is centered with a mean value of 0.5% (0.4%) and a standard
deviation of 25% (26%). The largest positive pairwise correlation is 82% between the Primary
Metals (BEA Code 331) and Wholesale Trade (BEA Code 42) and 81% between Housing (HS)
and Educational Services (61). On the other hand, the largest negative pairwise correlation is
-80% between Primary Metals (331) and Federal Reserve Banks, Credit Intermediation, and Re-
lated Activities (521Cl) and -72% between Food and Beverage and Tobacco Products (311FT) and
Wholesale Trade (42).

16see e.g., Bagaee and Farhi (2019) and Herskovic et al. (2020a) for discussion on the importance of higher order network
e ects.

1"Note that estimation error from q is magni ed in estimated network components (4) and (5) at a rate proportional
to the number of nonzero row entries in the Leontief inverse matrix Hgq.

N
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3.4 Network Determinants of Realized Variance

After relaxing the idiosyncratic shock assumption, the benchmark input-output propagation model
predicts that realized variance should depend positively on three network risk components: risk
that is self-originating, risk across trade partners, and risk between trade partners. In the baseline
setup, this might hold mechanically for self-originating risk since it is estimated from the variance
of residual output growth in equation (7). However, both risk across and between trade partners
contain only variance-covariance information associated with other industries. We verify these
predictions empirically using panel regressions of the log of realized industry variance on the log
of network components, controlling for a variety of characteristics such as size, centrality, durabil-
ity of output, and industry cluster and time xed e ects. 8 We measure realized industry variance
using both stock market and output growth data. We de ne market variance as the annual re-
turn variance of an equal-weighted industry portfolio and fundamental variance as the variance
of quarterly year-on-year output growth. We obtain similar results when using idiosyncratic vari-
ance as the dependent variable!® Although the annual variance across quarterly year-on-year
output growth and monthly returns are fairly noisy proxies for true realized cash- ow variance,
the results are robust for several speci cations.

We summarize the main results in Table 1. Consistent with theoretical predictions in equation
(2), the elasticity of realized industry variance to concentration across and between customers are
both positive and signi cant in all speci cations. This holds for both market and output growth
measures of variance. Conditional on both directions of propagation and all controls, increas-
ing concentration between customers from the median to the 90" percentile increases industry
sales growth variance by over 45% (about 0.37 standard deviations) and market variance by 15%
(about 0.09 standard deviations). Similarly, increasing concentration between suppliers from the
median to the 90" percentile increases industry sales growth variance by over 20% (about 0.17
standard deviations) and market variance by 19% (about 0.11 standard deviations). Without con-
trols, downstream network risk explains 23% of time series variation in market variance and 22%
of time series variation in output growth variance. Similarly, upstream network risk explains 22%
and 31% of market and output growth variance, respectively. Both directions of propagation are
important for explaining the panel dynamics of industry variance.

Consistent with the rm-level ndings of Herskovic et al. (2020b), we nd that industry vari-
ance has a positive elasticity to concentration across customers and a negative elasticity to average
size. A new but related result is the positive elasticity of variance to concentration across suppli-
ers. Additionally, Ahern (2013) argues that more central industries have greater market risk since
they are more exposed to aggregate shocks, and thus earn higher returns on average. On the other
hand, my results suggest that more central industries have less volatile stock returns, but also have
less exposure to aggregate volatility risk and lower idiosyncratic volatility. 2° My results are thus

18\ adjust network components by a constant to ensure that the minimum value is positive so the log is well de ned.
Industry clusters are de ned by major industry groups (2-digit NAICS code).

19we de ne idiosyncratic market variance as the variance of equal weighted residual returns from a Fama and French
three-factor model. Similarly, we de ne idiosyncratic output growth as the residual of industry output growth after a
regression on aggregate output growth. Results also replicate for value-weighted industry portfolios, or industry sales
growth, which is constructed as the year-on-year change in the sum of quarterly sales (reported on Compustat) for all
public rms in the industry.

20We nd that industries in the highest average upstream (downstream) centrality decile have 31% (21%) less exposure
to systematic volatility risk than the lowest decile. Average upstream and downstream centrality are positively correlated
(56% cross-sectionally), and industries who are in the top decile for both average centrality measures have a 52% lower
exposure to aggregate volatility risk than industries in the bottom decile for both. Moreover, top centrality decile stocks
have 25% lower idiosyncratic volatility, on average.
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consistent with Ahern (2013), since stocks with lower exposure to aggregate volatility risk and
lower idiosyncratic volatility earn higher returns on average (see e.g., Ang et al. (2006)). Table
7 shows that there is no signi cant relationship between centrality and concentration between or
across trade partners.

3.5 Sources of Correlation in Network Propagating Shocks

So far, we have established both theoretically and empirically the importance of accounting for
correlation in shocks that propagate through the input-output network. In particular, we show
that concentration between trade partners explains a large amount of variation in the industry
panel of realized variance. However, statistical estimates for the variance-covariance matrix of
shocks do not provide much insight on the underlying sources of correlation between industries.
In this section, we argue that correlation in supply-side shocks that propagate downstream can be
explained by technological proximity between sectors, while correlation in demand-side shocks
that propagate upstream can be explained by product similarity.

3.5.1 Observed Supply and Demand Shocks

Acemoglu et al. (2016) argue that productivity shocks primarily propagate downstream while
government spending and trade shocks primarily propagate upstream. In this case, these shocks
might help to capture di erences in inter-industry correlations which are speci c to the direction

of propagation. Along these lines, we construct an annual industry panel of 5-factor total factor
productivity (TFP) growth between 1959-2018 from the NBER-CES Database (Becker et al., 2016).
Since this measure of TFP controls for materials, it does not mechanically encode any information
related to downstream e ects such as changes in price and/or quantity. Similarly, we construct a
monthly panel of newly awarded federal procurement contracts between Jan 2000-Jan 2021 from
the universe of contracts published in the Federal Procurement Data System (FPDS).?2.

To focus on inter-industry correlations which are unrelated to common aggregate factors (e.g.,
the secular decline in several manufacturing industries), we estimate the variance-covariance ma-
trix of residuals after an OLS regression on the cross-sectional average of shocks??> We then es-
timate the corresponding network components using equations (4) and (5) and study their rela-
tionship with realized variance. Table 8 shows that the elasticity of realized variance to supplier
concentration is positive and more precisely estimated when calculating supply-side shock co-
variance as a function of productivity growth. On the other hand, Table 9 reports more precise
estimates for the elasticity of variance to customer concentration when calculating demand shock
covariance as a function of federal procurement shocks. This suggests that productivity growth is
more informative about upstream network risk, while changes in government demand are more
informative about downstream network risk. This is consistent with the results of Acemoglu et al.
(20186).

21we also consider other observed shocks in Appendix E

22The cross-sectional mean approximates the rst principal component of shocks when there are missing values. For
shocksdz;, we calculate the covariance between sectorsk and j as cov(uy ; Uj; ) where uy is the residual in the regression
dze = + dz:+ + uy . Endogeneity of shocks is not a major concern assuming any confounding shocks largely
propagate in the same direction in the network. Given such a confounder, my estimate for the variance-covariance matrix
of shocks can be written as the true estimate plus some measurement error.
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3.5.2 Technological and Product Proximity

Suppose now that correlation between supply and demand-side shocks is a function of underlying
rm and industry characteristics. Intuitively, we might assume that correlation in demand shocks
propagating upstream is driven by product similarity and/or geographic proximity of customers,
while correlation in supply shocks propagating downstream is driven by technological similarity
and/or geographic proximity of suppliers.

More generally, we assume that each industry is associated with a vector of positions in some
latent surfacezy 2 , RYand that the correlation between industry shocks can be written as a
function of the distance between these latent vectors.?® Under the assumption of a factor structure
of risk (see e.g., Herskovic et al. (2016)), aggregate movements in this latent space be interpreted as
factor innovations. Following McCormick and Zheng (2015), we suppose that industry positions
zit lie on the surface of a p-dimensional latent surface on the p + 1-dimensional unit hypersphere
SP+L | This implicitly implies that latent positions follow a uniform distribution across the sphere's
surface. Moreover, since the hypersphere has bounded surface area, the distance between any two
points is bounded. We further assume that points in the same position have correlation 1 and
points on opposite sides of the sphere have correlation -1.

In practice, we experiment with constructing latent positions of industries using several com-
binations of industry variables. For simplicity, my main results rely on univariate distances in
product and technology space.?* We measure product distance using use the text-based scores
developed in Hoberg and Phillips (2016) and technology distance using patent-based technolog-
ical proximity scores along the lines of Bloom and Shankerman (2013). Since both of these scores
are available at the rm-level, we rst construct a rm-by- rm product distance network where
distances are inversely related to proximity. To get the distance between sectors, we use the me-
dian length of the shortest weighted path between rms in the two sectors, rescaled such that the
furthest pairwise distance is 1 and the shortest pairwise distance is zero. We calculate the shortest
pairwise path between any two nodes using Dijkstra's Algorithm. We calculate these measures
annually.

Transforming distances to correlations, we rescale by the variance estimates from residuals in
equation (7) and recompute network components. When using product distance to calculate net-
work risk, the elasticity of realized variance to concentration between customers is signi cant and
positive. On the other hand, the analogous elasticity to concentration between suppliers is signif-
icantly negative, which suggests that product similarity across suppliers actually indicates better
substitutability away from supply-side shocks. When approximating correlations based on tech-
nological distance, realized variance has a positive elasticity to concentration between suppliers
and customers, but the elasticity is more precisely estimated on the supply side. Taken together,
these results suggest that technological proximity is a good proxy for correlated exposure to sup-
ply shocks propagating downstream, while product proximity is a good proxy for correlated ex-
posure to demand shocks propagating upstream. Along these lines, Table 2 shows that average
technological proximity between sectors is closely related to correlation in TFP growth shocks,
while product similarity is closely related to correlation in federal defense procurement shocks.

23 atent surface models are often used to impute network relationships in microeconomic applications (see e.g., Mc-
Cormick and Zheng (2015), Breza et al. (2020)).
24Moreover, contours of the sphere present some calibration di culties in higher dimension.
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3.5.3 Accounting for Dynamics

To account for potential time-variation in industry correlations, we also compute pairwise inter-
industry correlations using the dynamic conditional correlation (DCC) estimator from Engle (2002).
In particular, we estimate bivariate DCC models for all pairs of industries using Bayesian MCMC
following Fioruci et al. (2013). Since product and technological proximity are computed at an an-
nual frequency, we are thus able to obtain a one-to-one comparison between correlation in spatial
panel residuals, observed shocks, and distance based measures. Table 2 shows that accounting for
dynamic changes in industry correlations actually strengthens the consistency between network
components estimated in di erent ways.

More speci cally, we nd that networks components constructed using the dynamic TFP variance-
covariance matrix are more highly correlated with technological-proximity-based components
than their static variance-covariance counterparts. Similarly, network components constructed us-
ing the dynamic procurement variance-covariance matrix are more highly correlated with product
proximity than their static counterparts. This suggests that there are meaningful dynamics under-
lying these components which show up both in observed shocks and uctuations in latent product
and technology space.
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Table 1: Network Determinants of Industry Variance

Panel A: Market Return Variance

@ @ 3 4 ®) (6)
Self-origin (demand) 0.055** 0.056** 0.003 0.017
(0.022)  (0.024) (0.028)  (0.028)
Across (demand) 0.094** 0.083** 0.081** 0.072**
(0.036)  (0.030) (0.024)  (0.021)
Between (demand) 0.147*** 0.122** 0.197*** 0.089**
(0.051)  (0.049) (0.053)  (0.038)
Self-origin (supply) 0.072**  0.073**  0.067** 0.083**
(0.021)  (0.023)  (0.022)  (0.023)
Across (supply) 0.216**  0.156**  0.160*** 0.154*
(0.056)  (0.054)  (0.060)  (0.067)
Between (supply) 0.416%*  0.317** 0.210** 0.196**
(0.093)  (0.095)  (0.088)  (0.073)
Size -0.378%* -0.361*** -0.289***
(0.094) (0.091) (0.104)
Upstream centrality -0.182* -0.289*** -0.232**
(0.103) (0.095) (0.101)
Downstream centrality -0.051 -0.086** -0.023
(0.054) (0.043) (0.054)
Durability -0.167 -0.404 -0.637
(0.573) (0.662) (0.615)
Vertical position 1.550** -0.756** 1.970%*
(0.701) (0.332) (0.710)
Constant -6.279 -3.26 -4.692 -1.082 -5.005 -3.608
Obs 1484 1484 1484 1484 1484 1484
Adj R2 0.231 0.292 0.159 0.223 0.245 0.330

Panel B: Output Growth Variance

@ @ 3 @ ®) (6)
Self-origin (demand) 0.034 0.006 0.026 0.006
(0.026) (0.026) (0.030) (0.028)
Across (demand) 0.159* 0.074 0.157* 0.095
(0.069) (0.024) (0.070) (0.057)
Between (demand) 0.210*** 0.281*** 0.196*** 0.280***
(0.064) (0.078) (0.065) (0.082)
Self-origin (supply) 0.081** 0.072 0.017 0.042
(0.021) (0.022) (0.024) (0.025)
Across (supply) 0.128** 0.114** 0.098** 0.091**
(0.053) (0.033) (0.021) (0.031)
Between (supply) 0.332* 0.241*** 0.221** 0.198*
(0.098) -0.079 (0.103) (0.092)
Size -0.046 -0.185* -0.110
(0.099) (0.098) (0.106)
Upstream centrality -0.127 -0.096 -0.131
(0.108) (0.095) (0.111)
Downstream centrality -0.218*** -0.067 -0.222%*
(0.056) (0.042) (0.056)
Durability 0.115 -0.038 0.024
(0.647) (0.643) (0.703)
Vertical position 1.545** 0.181 1.375**
(0.654) (0.355) (0.682)
Constant -5.088 -6.954 -6.818 -5.327 -6.17 -6.718
Obs 1484 1484 1484 1484 1484 1484
Adj R2 0.221 0.382 0.198 0.319 0.277 0.412

Notes This table reports panel regressions of realized industry variance on a variety of characteristics including the log variance of supply and demand shocks (self-origin), log
concentration across trade partners, log concentration between trade partners, log total output (size), log centrality of the upstream and downstream propagation networks,
durability of output, vertical position in the supply chain, and industry cluster and year xed e ects. In Panel A, the dependent variable is the log variance of annualized
monthly returns on an equal-weighted industry portfolio. In Panel B, the dependent variable is the log variance of total quarterly year-on-year industry sales growth. We obtain
return data from CRSP and GDP data from the BEA. Concentration between and across trade partners is calculated as the average value of estimates obtained using equations.
4 and 5. We calculate the variance-covariance matrix of shocks using residuals from equation 7 and calculate the average value of components over 1000 random samples
each randomly dropping 10% of pairwise correlations. Following Ahern (2013), we compute industry centrality as the eigenvector centrality of upstream and downstream
propagation adjacency matrices. We calculate durability as the proportion of sub-industries classi ed as durable by Gomes et al. (2009), and we calculate vertical position of
each industry following Antr as et al. (2012) and Gofman et al. (2020). . ,and indicate signi cance at the 1% and 5% and 10% levels, respectively. Standard errors
are clustered at the BEA major 15 major industry group level. Sample is at an annual frequency from 1997 to 2019 for 66 BEA non-government industries.
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Table 2: Sources of Correlation in Supply and Demand Substitutability

Panel A: Upstream Supplier Substitutability (static)

Covariance Method Spatial TFP Procurement Prod Similarity Tech Proximity

Spatial 1 0.59 0.37 0.30 0.48
TFP 1 0.31 0.35 0.46
Procurement 1 0.62 0.39
Prod Similarity 1 0.27
Tech Proximity 1

Panel B: Downstream Customer Substitutability (static)

Covariance Method Spatial TFP Procurement Prod Similarity Tech Proximity

Spatial 1 0.55 0.61 0.43 0.35
TFP 1 0.27 0.20 0.48
Procurement 1 0.69 0.40
Prod Similarity 1 0.24
Tech Proximity 1

Panel C: Upstream Supplier Substitutability (dynamic)

Covariance Method Spatial TFP Procurement Prod Similarity Tech Proximity

Spatial 1 0.61 0.40 0.34 0.49
TFP 1 0.35 0.39 0.48
Procurement 1 0.65 0.42
Prod Similarity 1 0.25
Tech Proximity 1

Panel D: Downstream Customer Substitutability (dynamic)

Covariance Method Spatial TFP Procurement Prod Similarity Tech Proximity

Spatial 1 0.57 0.68 0.45 0.30
TFP 1 0.22 0.27 0.52
Procurement 1 0.70 0.38
Prod Similarity 1 0.30
Tech Proximity 1

Notes: This table reports the correlation across di erent measures of upstream and downstream substitutability measures
(negative of concentration \between"). Substitutability is calculated as the negative value of the log of (5) (plus a large
enough constant) and correlation between two measures xj and y; is de ned by ~ from the regressionyi = X i + uj ,
where xj; andyj; are transformed to have mean zero and standard deviation one. Panels A and B rely no a static assumption
for the variance-covariance matrix across shocks, while Panels C and D estimate a dynamic conditional variance-covariance
matrix a la Fioruci et al. (2013). Panels A and C report results in the upstream (supply-side) direction and Panels B and D
report results in the downstream (customer-side) direction. Spatial covariance is based on the panel model in equation (7).
TFP covariance is based on TFP growth measured in Becker et al. (2016), procurement based on federal government shares
interacted with the procurement proxy in Briganti and Sellemi (2022), product similarity using the latent distance method
and scores from Hoberg and Phillips (2016), and tech proximity constructed following Bloom and Shankerman (2013).
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4 Dynamic Network Model of Supply-Chain Substitutability

In this section, we incorporate the supply chain substitutability-concentration trade-o and my
empirical results from the previous section in a structural dynamic asset pricing model detailed in
Appendix A. This model builds on existing production-based models with input output networks
(see e.g., Ramrez (2017), Herskovic (2018b), or Gofman et al. (2020)). Unlike existing models, we
introduce a correlation structure in shocks to rm growth rates which propagate both upstream
and downstream in an input-output network. 2° Firms are subject to both productivity shocks
which propagate downstream and demand shocks which propagate upstream. Shocks are drawn
from a joint distribution with nite second moments and in which correlation across rm-level
shocks is induced by shared variation in rms' input-output substitutability. More speci cally,
rms' ability to substitute away from productivity (demand) shocks is inversely related to con-
centration of trade partners in latent technology (product) space and correlated between rms
who share trade partners.

4.1 Setting

Consider a discrete-time economy with n distinct goods and n rms. Output goods are char-
acterized by vector in product-technology space, which is xed exogenously for each good. Firm
output (cash ow) depends on aggregate economic conditions and the cash ows of its customers
and suppliers. There are two kinds of random shocks in this economy, productivity shocks which
propagate downstream from suppliers to customers, and demand shocks which propagate up-
stream from customers to suppliers. The input-output network is captured by two sequences of
graphs with n nodes for each rm and weighted directed edges capturing the importance of rm-
to- rm trade relationships. In the customer (supplier) network, the edge from i toj represents
the relative reliance of j on customer (supplier) i.

For tractability, we assume that trade relationships are exogenously determined at the start of
each period. Additionally, the model features a representative investor with constant relative risk
aversion (CRRA) preferences who owns all rms and lives o labor wages and dividends. Next,
we describe the process for rm cash ows, the network structure, and the mechanism of shock
propagation through the input-output network. Then we derive equilibrium consumption growth
and asset prices. For ease of exposition, we provide details on the production side of the economic
since that is the primary source of risk. Further details are left to Appendix A.

4.2 Substitutability and Firms' Cash Flows

Firms are exposed to undiversi able aggregate risk factors and risk from trade partners which can
be mitigated with diversi cation of customers and suppliers. Every rm is both a customer who
purchases inputs from other rms, and a supplier who produces a single nal good. Final goods
are characterized by a latent position in technology-product space, which uctuates according to a
persistent stationary process discussed in Appendix B.28 Latent position dynamics are exogenous
to rm and household decisions and can be interpreted as random changes in product di erenti-
ation. For example, Syverson (2004) argues that the same products might be perceived di erently

25To my knowledge, this is the rst network model to feature both correlated shocks and two directions of propagation.
26This assumption is justi ed empirically by the results of Section 3, which suggest both that distances in product space
and technology space change over time.
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as a result of intangible factors like delivery speed, documentation, product support, or branding
and advertising.

In reduced-form, rm cash ows are determined by random shocks each period which propa-
gate stochastically both downstream to customers and upstream to suppliers. The probability that
a shock propagates through the supply chain is a function of rms' customer and supplier substi-
tutability. Consistent with the empirical results from Section 3, we assume that a rm's customer
substitutability depends on the product diversity of the goods sold by its customers. Likewise on
the supply-side, a rm's suppliers substitutability depends on the technological diversity of its
suppliers. When supply chains are highly substitutable, shocks are less likely to propagate.

In particular, rm cash- ow growth has the following reduced-form equation:

Yit+1 =  Zig+1 + Gir+1; (8)

where  zt+; =l0g(zit+1 =2 ) is a shock to productivity and gt +1 = log(git +1 =0t ) is a shock
to government demand. we assume that dependence across shocks is determined by both the
rm's input-output network and the relative location of its nal good in product-technology space.
Productivity growth follows the process:

Zit+1 = u S41 u it 41 9

where a; g N (0; 2)is aggregate productivity growth at time t, , and  are positive scalars,
and "j,t is a Bernoulli shock that negatively a ects productivity and originates upstream. Simi-
larly, government demand growth follows the process:

Oit+1 = d O+t d idit +15 (10)

where ¢ g N (0; 5) is aggregate growth in government spending attime t, 4 and 4 are pos-
itive scalars, and "ig; is a Bernoulli shock which negatively a ects demand and originates down-
stream. In other words, "ig ("iut ) iS equal to one when rm i experiences a demand (supply)
shock which originates at i and/or propagates from its downstream customers (upstream sup-
pliers). Shocks propagating in di erent directions are independent (i.e., "ig ? "iut forall i and

).

4.3 Network Structure

The propagation of shocks depends on the sequence of input-output network connections be-
tween rms, de ned as follows. The sequence of upstream and downstream graphs (Gy..t )n and
(Ghat )n are n-node graphs with weighted edges given by wj; and Wi‘j’t , respectively. Weights
capture the importance of the directed relationship i ! | from the perspective of i and are xed
exogenously at the start of period t.

To ensure that the input-output network is realistic, we assume that all weights are between 0
and 1 and introduce some additional restrictions on the growth rates of input-output connections
relative to the number of rms. In particular, we assume that the number of shared customers
and suppliers between two rms cannot grow at a rate faster than the total number of rmsin the
economy n, and that the maximum number of rm suppliers or customers must grow slower than

the total number of possible edges. First consider the following de nitions.
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De nition 4.1 (Paths). A k-path between nodesi and j in graph Gis a length k-sequencef a- g_;
where a; = i,a = j,andwa.4,, > Oforall * =1;::5k 1. Denote by Aj (G) the set of paths
between nodesi and j and by A; := fk: A (G) 6 ;g the set of nodes for which a path to i exists.

De nition4.2 (Maximal Dependency) . The maximal dependency of an n-vertex graph G, is given
by:

Mn(G) :=sup card Ai(G)\ Aj(G) (12)
1)

De nition 4.3 (Maximal Degree) . The maximal (unweighted) degree in an n-vertex graph G, is
given by:

X
Dn(Gy) =sup card Aji (&) (12)
i j=1

If 0”||:Y direct connections exist, then M, (G,) = supj; P 2:1 ltwy >0gltwy, >0g @nd Dn(G) =
sup j":l 1tw; > og- Giventhese de nitions, the following assumptions formally restricts the growth

rate of input-output connections as the number of rms n grows. These assumptions are fairly
general and relevant for deriving tractable theoretical properties of the model.

Assumption 4.4 (Bounded Growth Rate of Maximal Degree Sequence). For allgandt, the maximal
degree sequence grows at a rate strictly less tifan

Dng = 0(n?)

These assumptions are intuitive and weaker than the restriction that no rms can serve as
a customer or supplier to all other rms. In this case, both the maximal dependency and the
maximal degrees must grow at a rate slower than n.

Assumption 4.5 (Bounded Growth Rate of Maximal Dependency) . For all g andt, the maximal
dependency sequence grows at a rate strictly lessrthan

Mpgq = o(n)

4.4 Shock Propagation Mechanism

For tractability, productivity and demand shocks propagate in a single direction within period
t and die out in the following period. Network connections induce correlation across rm-level
shocks. At the start of period t, shocks are drawn from distributions "jq Bernoulli (pigt ) and
"t Bernoulli (piyt ) where pigr and pjy: represent time-varying propensities for rms to experi-
ence downstream (demand-side) or upstream (supply-side) shocks, respectively. Propensities are
a function of the network structure and rm substitutability, both of which are xed exogenously
at the start of each period.

Intuitively, rms with more substitutability across customers (suppliers) should have a lower
average propensity pig: (piut ) to experience shocks. Mathematically, we assume propensities fol-

low a logistic (sigmoid) curve:
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1
1+exp Kigt (Sigt Xigt) ,

Pigt = 9(Siqt ; Kiq s Xiq) = q2fu;dg; (13)
where si: (Sigt ) is the supply-side (demand-side) substitutability of rm i, Kigt is the sen-
sitivity (steepness) of rm propagation to substitutability, and  Xiq is a scalar midpoint. The
cross-sectional normalization ensures that rms with substitutability  xiq; have a 50% chance of
being shocked. Substitutability captures network-weighted dispersion in i's supplier-technology
(customer-product) space, while Xiq: and kig: jointly characterize the rm-speci c risk of rm .
Inverting terms in the \between" concentration measure from (5), we assume substitutability can
be written:

X
St =log Wi Wi s (14)

i6k
where wi?t represents the importance of trade betweenj and i in the g-stream direction and j?« is
normalized distance between industries j and k in latent product ( g = d) or technological ( g= u)
space. See Appendix B for details. Shared customer and supplier connections induce correla-
tion in substitutability sjq; across rms. This also implies the shock transmission propensities pig
are also correlated. Time-variation in rm product di erentiation generates correlated changes
in substitutability across rms who share customers and suppliers. When there are no network
connections, rms are hit by shocks with probability piqt =1=(1+ exp( Kigt Xiqt )). FOr remaining
sections, we assume thatki: = Kig and Xijqt = Xjq are time invariant.

4.5 Consumption Growth and the Stochastic Discount Factor

We assume that representative households in this economy own shares in each rm and have the
following preferences:

. /A .
u(Cat; Gt 1) = 1 Gyt ") (15)
i=1

where ¢; is the consumption of good i with preference weights ; suchthat |, ; =1, isrisk
aversion, and ' (:) is a decreasing and di erentiable function capturing disutility of labor ~ “¢. In
Appendix A, we show that equilibrium consumption growth and output growth are equal such
that ~Gt+1 :=109(Cit+1=Gi) = ~Vit+1 forall i and t. We also derive an appropriate prliace nor-
malization such that equilibrium consumption expenditure is givenby C; = ~, ¢,/ = PGt

for a given set of positive prices pi; . Finally, the following proposition derives the expression for
growth in aggregate consumption expenditure under the same assumptions.

Proposition 4.6 (Aggregate Consumption and Output Growth) . Assuming ; = 1=nfor alli and
under the price normalization in Appendix A, aggregate consumption growth can be written:

~C+1 = u &+1t d Gn u Wyt d Wi+, (16)

P ..
T "w andWg = 20 L " and ; 45 u; g are positive scalars.

wherew,; = 1 | =

Proof. See Appendix C.2.
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This proposition decomposes aggregate consumption growth into four components. The rst
two components capture innovations to aggregate productivity and demand growth (  a; and g,
respectively), both of which are positively related to output and consumption growth. On the
other hand, the next two components are negatively related to output and consumption growth
and capture the average impact of bad shocks to productivity originating upstream ( W\ ), and the
average impact of bad shocks to demand originating downstream ( Wy ). Combining this result
with (35), the log stochastic discount factor (SDF) can be written:

M+ = log u &t+1 T d G+ u W+ d Watr+ (17)

where is the intertemporal discount factor and s risk aversion. This implies that aggregate
productivity and demand growth have a positive price of risk while average upstream and down-
stream propagation have a negative price of risk.

4.6 Additional Theoretical Results

This section summarizes some additional relevant theoretical results from the model. The follow-
ing proposition states that the conditional distribution of consumption growth in this model is
asymptotically normal as the number of rms grows.

Proposition 4.7 (Distribution of Consumption Growth) . Under Assumption 4.4, the sequence of con-
sumption growth is asymptotically normal as! 1 , conditional on time for all t:

~Ci+1! N ( ct+1; g;t+1)§ (18)

where:

X
Ei~al = (Piut + Pidt );

1

ct -

S|k

G van[~al= S+ Z+van(Wy + Wg):

Proof. See Appendix C.4.

Although the conditional mean of consumption growth is known in this model, there is no closed
form expression for the conditional variance term. This follows from the fact that shock trans-
mission propensities follow a logistic normal distribution (see Appendix B). After deriving the
asymptotic distribution of consumption growth, the next corollary characterizes the probability
the Wy deviates from its cross-sectional mean when propensities are known.

Corollary 4.8 (Concentration of Network Factors) . Under Assumption 4.5 and iM ,qt > 1, the prop-
agation factoWq: can be written:

Whgt = ngtjt + nqtjt (19)
1P .2 .
where nqtjt = & i Pigtjt and nqeje N (0; nqtjt) where:
M nqt
r%qtjt r:q* = o(1) (20)
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Moreover, for angk > 0, the magnitude of,:;; can be upper bounded as follows:

. . 1
Pr J"nqtjtJ 2k(M qt:n) K2

Proof. See Appendix C.3.

5 Testable Implications

Inthis section, we verify the main quantitative predictions of the model using nancial and macroe-
conomic data. According to equation (17), innovations in average supply and demand shock prop-
agation have a negative price of risk. In addition, level changes in these components should be
negatively correlated with aggregate consumption growth.

5.1 Data and Calibration

We construct a panel of rms between 1997-2019 whose North American Industry Classi cation
System (NAICS) are in the set of industries for which BEA Input-Output accounts are available.
We obtain annual and quarterly rm variables from Compustat and stock return data from CRSP
for share codes 10, 11, and 127 We obtain aggregate time series of Total Factor Productivity
growth from Fernald (2012), government demand growth from the procurement proxy in Briganti
and Sellemi (2022), and annual market and risk-free returns from Kenneth French's Website.

We begin by computing input-output propagation factors, denoted by W,; and Wy, . In Section
3, we introduce a latent distance approach to compute the panel of industry concentration and
substitutability between customers and suppliers from equation (5). Assuming that substitutabil-
ity is the same for rms in a given industry, we can then directly compute  $; for any rm with
industry data available. The expression for Piqt = 9(8iqt ; Kiq ; Xiq) follows directly from equation
(13) conditional on scalar parameters kiq and xiq. To calibrate these parameters, we rst estimate
the following panel regression:

~Vit+1 = uds1 t dGer + CONIOIS + 41 (21)

where ~yi +1 IS year-on-year sales growth, a;+; is TFP growth, and g;+1 is growth in the federal
defense. Controls include year and industry xed e ects, lagged rm size, age, and return on
assets to ensure that changes in i +1 is unrelated to aggregate economy-wide or industry-level
forces or trends in large, young, or pro table rms. 28 Then let~\; +; denote residual sales growth,
and let !, (!iq) denote the average cost share (sales share) of intermediate inputs in i's industry,
and choose values ofki; Oand sig 2 R such that:

exp(kiq (Sig  Xiq)) L+exp(kiq(sq X)) ~.
1+exp(kiq(Sq  Xiq)) ~

ar(Mig+1) = and ! =

1+exp( KigXig)) ?

P . . . . .
for g 2 f u;dg where siq = Ti ¢ Sigt IS rm i's average substitutability over time. The rst re-

striction is based on equation (8) and ensures that the variance of a typical Bernoulli( piqt ) shock
is equal to residual sales growth variance, while the second restriction requires ! j; proportion of

27Firm and return variables are winsorized at the 1% level unless otherwise speci ed.
28|Industry xed e ects are at the two-digit NAICS granularity.
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this variance to be attributed to network propagation. Together, the system of equations uniquely
identify kiq and xjq. Table 16 summarizes the calibrated parameter values. We then approximate
each realized network propagation factor with its cross-sectional empirical mean as follows:

Wit

1 X
- Biqt ;

i=1

q2 fu;dg;

(22)

where P is the empirical propensity. We use the cross-sectional mean since realized shocks can-

not be identi ed even when rm propensities

Piqt are known. In practice, this is not alarge concern,

as Proposition 4.8 shows that the measurement error can be bounded arbitrarily by increasing the
sample size?® We plot the estimated series in Figure 1 and report summary statistics in Table 3.

See Appendix H for more details.

Table 3: Descriptive Statistics Network Propagation Factors

Wt Sut Wit Sat O at ¢ W & kt AC(1)

Wt 1 -0.81 013 0.17 0.25 -0.20 -0.38 -0.31 0.26
Sut 1 -0.36 -0.03 -0.21 -0.16 0.62 0.52 0.20
Wt 1 -0.44 -0.05 -0.13 -0.22 -0.06 0.01
Sat 1 -0.15 -0.17 0.13 -0.14 0.04
O 1 0.05 0.00 0.26 0.62
a 1 -0.19 -0.43 0.30

fi" 1 0.53 -0.30

mkt 1 -0.21

t

Notes: This table reports the time-series correlation and rst-order autocorrelation of network propagation factors

Wy and

W , average industry substitutability S,; and Sq; , procurement demand growth g, , productivity growth a; , innovations to

civ

, and innovations to market volatility

{“k‘ . We calculateg; asthe rstlog di erence in

common idiosyncratic volatility

the federal procurement proxy from Briganti and Sellemi (2022), a: asthe rstdi erence inthe TFP series from Fernald (2012),
innovations in common idiosyncratic volatility as the rst log di erence in the rst principal component of rm volatility
following Herskovic et al. (2016), and innovations in market volatility as the rst log di erence in market return volatility.

(a) Panel A: Propagation Factors

(b) Panel B: Innovations in Avg Substitutability

Figure 1: Network Propagation Risk Factors

Notes: This gure plots the time series of network propagation risk factors (Panel A), the cross-sectional average industry
substitutability (Panel B). Shaded regions indicate NBER-dated recession periods.

29As a heuristic evaluation of this bound, suppose we restrict our sample to only rms that show up in the Customer
Segments database Mngt = 149 and n = 12489), then the probability that the measurement error more than 10% is less

than 1%.
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5.2 Asset Pricing Tests

To verify the prices of risk predicted in (17), we sort stocks based on their exposure to factors and
form quintile-sorted portfolios. In particular, for every stock i we regress annual excess returns
ri rg onaconstant, aggregate demand and productivity growth, and additional controls. 39 The
main regression is given by:

fie e = i+ aact g+ wWa+ iaWa + "it; (23)

where equation (17) implies that stocks with high i3 and iy should have higher expected excess
returns and stocks with high j, and iy should have lower expected excess returns. For each year
t, we compute stock exposure to factors on a 15-year rolling window from t 14to t using (23),
and then sort stocks into ve portfolios on each beta both separately (one-way sort) and pairwise
(two-way sort). Then we construct value and equal-weighted portfolios over the subsequent year

t + 1 and compute average out-of-sample excess returns for each portfolio.

Table 4 provides evidence of a signi cant return spread in one-way beta sorted portfolios. In
particular, the highest quintile upstream propagation beta portfolio earns -11.42% lower annual
returns than the lowest quintile portfolio, while the highest quintile downstream propagation beta
portfolio earns -4.18% lower annual returns than the lowest quintile portfolio. Both return spreads
are statistically signi cant, although more pronounced for upstream propagation beta sorted port-
folios.3! This is consistent with Herskovic et al. (2020b), who argue that upstream propagation is
the more important channel.

We also observe a return spread in post-sample alphas from the CAPM and Fama and French
(FF3) three factor models, which implies that network propagation risk is not captured by market
returns or FF3 factors. In light of the variance results of Section 3, we also verify that return spreads
are not explained by market volatility or idiosyncratic volatility factors in Table 17. 32 Additionally,
return spreads cannot be explained by di erences in return volatility, average size, or average book-
to-market ratios. Finally, the average correlation between upstream and downstream propagation
betas is 8.6%, suggesting that the two network factors are distinct sources of risk.

Return spreads are robust to the choice of trailing window length, equal or value weighting in
portfolios, control variables, and show up in double-sorted portfolios as well. See Appendix H for
more details.

30We test several speci cations including controlling for lag factor levels. Results are robust to several speci cations on
the set of controls, including the baseline without controls.

31we also test for monotonicity of returns in upstream and downstream propagation betas, following Patton and Tim-
mermann (2010). We reject this null hypothesis at the 10% level for upstream beta sorted portfolios, but fail to reject for
downstream beta sorted portfolios.

32\We measure market volatility as the annual volatility of market returns and idiosyncratic volatility following Herskovic
et al. (2016).

26



Table 4: One-Way Sorted Portfolios on Network Propagation Factors

Panel A: One-way sorts on upstream propagation beta (controlling for a; and g;)

1 (Low) 2 3 4 5(High) H-L t(H-L) MR p-val
E[r] r¢ 18.10 12.81 1059 9.42 6.69 -11.42  -13.22 0.07
capm 0.29 -0.1 -0.23 -0.31 -1.02 -1.32  -15.71 0.05
i 3 0.08 -0.09 -0.22 -0.29 -0.54 -0.63 -8.61 0.09
Volatility (%) 15.54 13.89 13.59 13.03 19.66 - - -
Book-to-market 0.52 056 053 0.55 0.50 - - -
Market value ($bn) 6.46 16.99 10.62 15.15 9.11 - - -
Panel B: One-way sorts on downstream propagation beta (controlling for a; and g;)
1 (Low) 2 3 4 5(High) H-L t(H-L) MR p-val
E[r] r¢ 13.54 13.23 11.02 9.77 9.36 -4.18 -7.56 0.25
capm -0.04 -0.18 -0.28 -0.38 -0.60 -0.56 -4.78 0.00
i 3 -0.11 -0.14 -0.23 -0.28 -0.36 -0.25 -3.62 0.03
Volatility (%) 15.44 1395 18.58 12.99 13.88 - - -
Book-to-market 0.52 056 055 0.53 0.51 - - -
Market value ($bn) 15.84 745 454 176 12.72 - - -
Panel C: One-way sorts on upstream propagation beta (no controls)
1 (Low) 2 3 4 5(High) H-L t(H-L) MR p-val
E[r] r¢ 15.15 1261 11.46 9.44 7.23 -7.91 -11.57 0.07
capm 0.09 -0.15 -0.17 -0.28 -1.09 -1.18  -17.53 0.26
i 3 -0.12 -0.14 -0.18 -0.22 -0.58 -0.46 -9.96 0.31
Volatility (%) 15.26 14.23 13.57 12.61 20.97 - - -
Book-to-market 0.54 0.58 052 0.52 0.50 - - -
Market value ($bn) 6.87 17.48 10.92 16.38 6.56 - - -
Panel D: One-way sorts on downstream propagation beta (no controls)
1 (Low) 2 3 4 5(High) H-L t(H-L) MR p-val
E[r] rs 12.66 11.94 118 834 5.13 753  -8.65 0.42
capm -0.15 -0.18 -0.19 -04 -0.64 -0.49 -11.37 0.41
i 3 -0.10 -0.21 -0.21 -0.29 -0.32 -0.22 -4.76 0.44
Volatility (%) 14.09 13.9 14.44 1322  31.95 - - -
Book-to-market 0.54 049 058 051 0.54 - - -

Market value ($bn) 15.97 1279 6.33 16.88 6.34 -

Notes: This table reports average excess returns and post-sample alphas in annual percentages for value-weighted portfolios
sorted into quintiles on annual upstream and downstream propagation factors. Sample is between 1997-2021 for more than
10,000 stocks belonging to the BEA 66 non-government industry classi cations. Panels A and B control for productivity growth
and federal procurement demand growth, while Panels C and D have no controls. We also report average return volatility,

book-to-market ratio and market value for each portfolio. To test for signi cant return spreads, we report

Xrs = xr i, where xr  is the average return of the qth quintile single sorted portfolio.

null hypothesis Hyg :
4, calculated via bootstrap following Patton and Timmermann (2010).

report p-values forthe test Ho : xr g+1 < xr ¢8q
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5.3 Verifying Macroeconomic Predictions

Equation (16) predicts that upstream and downstream propagation factors should be negatively
correlated with consumption, output growth, and aggregate dividend growth. To test this, we
construct aggregate series between 1997-2021 for consumption and output growth from the Na-
tional Income and Product Accounts (NIPA) and corporate dividend growth from BEA data. Then
we regress each outcome on network propagation factors, controlling for aggregate productivity
and federal procurement demand growth. We standardize each variable to have zero mean and
unit standard deviation. Consistent with the predictions of the model, Table 5 reports negative
and statistically signi cant coe cients on both upstream and downstream propagation risk fac-
tors. The factors explain a large portion of time variation in consumption, output, and dividend
growth with R? values of 56%, 68%, and 26%, respectively.

The coe cients on downstream propagationare -0.17 ( t = 1:89),-0.60 (t = 2:57), and-0.01
(t = 0:52) for aggregate consumption, output, and dividend growth regressions, respectively.
On the other hand, the coe cients on upstream propagation are not signi cant for aggregate con-
sumption and output growth regressions, although the coe cient in the dividend growth regres-
sionis 0:03(t = 1:80). Additionally, the coe cients on upstream propagation are signi cant
when the dependent variable is limited to only durable consumption or output growth, -0.111
(t= 239and-1.38(t = 2:39), respectively. This suggests that durable consumption is more
sensitive to upstream (supply-side) risk.

Table 5: Network Propagation and Macroeconomic Factors

Variable C G Vi yiur oy Dt

Wt 0.003 -0.111** -0.158  -0.112 -1.383* -0416  -0.033*
(0.103) (0.048) (0.087) (0.275) (0.607)  (0.229)  (0.021)

War -0.174% -0.031  -0.022 -0.598* -0.387  -0.058  -0.010
(0.074) (0.054) (0.101) (0.222) (0.684) (0.267) (0.021)

a 0.321%* 0.128*  0.197* 1.018* 1607* 0520  0.018
(0.114) (0.055) (0.108) (0.271) (0.689) (0.285)  (0.010)

o 0271 0056 0604  -0011 -0.704 1592  0.029
(0.332) (0.276) (0.638) (0.956) (3.450) (1.682)  (0.109)

Intercept  -0.485  -0.111  -0205 1218 409 2023  0.042

Obs 24 24 24 24 24 24 24

R? 056 0537 0376 0679 0537 0376  0.257

Notes: This table reports results of OLS regressions of aggregate consumption growth, output growth, and dividend growth
on input-output network propagation risk factors, controlling for productivity and federal procurement demand growth. The
columns represent di erent dependent variables corresponding to aggregate PCE growth, durable consumption growth, non-
durable consumption growth, output growth, durable output growth, non-durable output growth, and dividend growth. All
series are standardized to have zero mean and unit variance. Sample is at an annual frequency between 1997-2021.

6 Conclusion

In this work, we prove that the idiosyncratic shock assumption in network models with static shock
propagation generates empirically implausible restrictions on the network structure. Empirical
evidence con rms the importance of correlation in shocks for explaining variance dynamics. As
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an alternative to the standard model, we propose a production-based asset pricing model with
input-output networks, in which correlation in rm level supply and demand shocks is driven by
technological and product proximity. This model implies upstream and downstream propagation
systematic risk risk factors which we nd are negatively priced in the cross-section of returns, and
are associated with lower aggregate consumption, output, and dividend growth.

Future work might investigate in more depth the sources of correlation in supply and demand
shocks and generate more granular estimates of the agents' ability to substitute away from them.
Moreover, an open question is whether there exist rm-level clustering in which the idiosyncratic
shock assumption might be consistent with empirical data.
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Appendices

A General Equilibrium Model of Input-Output Linkages

In this section, we show that (1) can be cast as an outcome of a production-based asset pricing
model. This model provides a structural foundation for the theoretical contributions of this work
and is closely related to Acemoglu et al. (2012), Acemoglu et al. (2016), Ram rez (2017), and Her-
skovic (2018b). Consider a competitive economy with n production units ( rms or industries)
with Cobb-Douglas technology, representative households with constant relative risk aversion
(CRRA) preferences over a basket of goods and who work and own shares in all rms and live

0 wages and dividends, and a government that nances purchases with a lump-sum tax. In this
economy, Hicks-neutral productivity shocks propagate downstream from suppliers to customers,
while government demand shocks propagate upstream from customers to suppliers.

A.1 Production

Production unit i's output is a constant returns to scale function of labor and intermediate inputs:
Y
i =exp(zie) s X" (24)
j=1
where xj;; is the amount of product j used as input by industry i attime t, “j; is labor input, and z;
is a Hicks-neural productivity shock, respectively. We assume that for all i and t, the labor share
of production is positive (i.e., ; > 0) and intermediate input shares are non-negative ( wj;  0)
and sum to the capital share of production (i.e., ( J-“:l wiir =1 i)
Taking both spot market prices and input shares as given, production units optimize dividends
(denoted Dj; ) as a function of input and labor purchases:

X
Dy = max  — Pit Yit Pit Xijt Pwt it (25)

fXie ooy it i=1

subject to (24) and " 2 (0;1). Suppose further that M., is the stochastic discount factor (SDF)
that prices all assets in the economy. Then the cum dividend value of rm i (denoted V;; ) satis es
the following Bellman equation:

Vit = Dit + Et[Ms1 Vig o I: (26)

A.2 Government

The government purchases goodsG;; from each unit i attime t and nances them via alump-sum
tax T;. Taking prices as given, the government's nancing constraintimpliesthat T; = i”:l pit Git .

34



A.3 Households

Assume that the representative household owns shares in each unit and has the following prefer-
ences:

1 y 1
u(Cu; it ) = 1 | Gy’ a(’1); (27)

where ¢ is the consumption of good i with preference weights ; such that P i i=1and g(}) =
(1 ") isadecreasing and di erentiable function capturing disutility of labor. Households also
have a time-discount factor of and cannot store goods from one period to another. In equilibrium,
households hold a zero net position in a risk-free asset and choose to own #;; in each unitaccording
to the following budget constraint:

. X X0 xo
Te+ Put ¢+ Pit Gt + #ir+1 (Vi Di) = #it Vit (28)
i=1 i=1 i=1

where the right hand side is total value of investments and the left hand side is the sum of taxes
paid, wages earned, cost of consumption, and unrealized capital gains, respectively. The house-
hold's optimization problem satis es the Bellman equation:

U = max ui)+ Et[Uia 1; (29)

feir #i +1 390

subject to (28).

A.4 Equilibrium
The competitive equilibrium of the economy consists of spot market prices fpj g, , consumption
bundles f ¢; g , share holdings f #;; g , labor supply "¢, wagespw: , and input bundles f xi; g{}j -1
such that both production units and households exhibit optimal behavior and good/asset markets
clear.
A.4.1 Market Clearing
In equilibrium, all good markets clear such that:

Yit = | &:} + Xijit + @} ;

nal consumption demand 1 :_{Z_} government consumption

intermediate demand

and all asset markets clear#;; =1 forall i and t.

A.4.2 Producer Optimality

Taking prices as given, unit i's rst order dividend maximizing conditions satisfy

_ Bt Xijt sales
Wit =
Pit Yit sales

(30)
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and

= Pwt it
I Pit Yit

(1)

A.4.3 Consumer Optimality

Given the Cobb-Douglas aggregation in preferences over goods (i.e., C; := Qi c;' ), utility max-

imizing households consume ; of income on good i and hold shares xed at #; = 1. More
speci cally, letting  ; be the Lagrange multiplier for the period t household budget constraint, the
rst-order condition for consumption is written:

C
s @)
This implies that equilibrium consumption satis es:
X
PicCt = i Pwt ¢t Dig Tp : (33)
j=1
where °; solves:
i 'Q\I\ﬁ\t _ \tg?(‘t) (34)
Pwt ¢ + =1 Dig Tt a(’t)
A.4.4 Asset Prices
From (32), the stochastic discount factor can be written:
M, = U = Ci+1 Pt @G1 =@ +1 : (35)

t C Pit+1 @@

Following Herskovic (2018a), we assume that prices are normalized such that p; = @G @, or

equivalently that bl =] forall i and t. This implies the the utility aggregator is equal to

the household's consumption expenditure C; = in:l Pie Gt .23. Then (35) simpli es to:
" P
M = pL A 36
o inzl Pit Cit (36)

A.4.5 Shock Propagation

We now derive closed form expressions for the e ects of productivity and government demand
shocks on output growth in this model. The main takeaway is that output growth is captured by
the following reduced form expression:

dlogy: = Hgownt dz¢ + Hypt dGy;

where H.. aren n Leontief inverse propagation matrices. We provide a derivation for each
component separately.

33\We further assume that C; = pwt 't.
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Productivity Shocks  Totally di erentiate the expression in (24) to obtain:
. X
dlogyir = dzz + pdlog™y +  wy dlogXxi (37)
j=1
Totally di erentiating (30), (31), and (33) and plugging in to this expression yields:
. X
dlogyi = dz; + jdlog’x +  wj; (dlogyi + dlogpy  dlogp; )
j=1

X0
=dz + j(dlogyx dlogci)+  wi (dlogyy dlogc; + dlogg ):
j=1

Given constant returns to scale ( + +
follows:

j Wi = 1), this expression can be further simpli ed as

X
dlogc = dz + wir dlogg
j=1

or in vector notation:
dlogc, = dzy + Wdlogcy;

where W, has entriesw;; . Note that market clearing and pro t maximization conditions together
imply that:
i _ .. C Vit

=1+ Wijt
Git i=1 i Git

which implies that equilibrium consumption growth is equal to equilibrium output growth:
dlogc: = dlogy; (38)
and thus that:
dlogy: = (I W) ‘dz¢; (39)

where Hgownt = (1 W) 1isthe Leontief inverse of W . Here, the W ; matrix determines the
strength of downstream propagation of productivity shocks.

Demand Shocks To study the e ects of government spending shocks in the model, normalize
Z; = 0 and consider the unit cost function for i:

Yoo .\
Cit (P;Pwt) = APyt Py ; where Ay = W,
j=1 j=1

37



The zero productivity normalization implies zero dividends for production units, and combined
with the price normalization for wages, this implies that:

X
logpt =log A + wiit log pjt
j=1

Conditional on productivity vector z; and de ning the vector a; with entries logAj , prices are a
function of the network and cost but not government purchases:

logp: = (1 Wy) la:

P
Setting =1 Then (34) and the factthat T, =, pix Gi implies that:
c_1 ox
t=5%5 P Git (40)
and thus:
. i X
PitGt = ilPwt t Ttl= > 1 pit Gjt
j=1
Di erentiating and combining with the resource constraint and pro t maximization conditions

yields:

d(pit yit) _ X Wi d(pit Yit + dG; JX] d(pit Gjt ) .
Mt it —— L+ o L L LA

Pit Yit i=1 Pit Yit Yit 2 i=1 Pit Yit
Since prices are constant (i.e.,d(pi Yit )=pt Yit = dlogyj ), we can write in vector notation:
dlogyt = Huypt dG; (41)
where H pt = (1 W7{) ! {isthe upstream propagation Leontiefinverse and . is a scaling ma-

trix with diagonal entries (1~ j=2)=p; Yit and o -diagonal entries  ( {=2)=p: Y;t for row indices
i.
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B Product Varieties in Latent Space

Suppose that each industry (or rm) is associated with a random position  z; := (cos i ;sin i)
on a circular surface on the 3-dimensional hypersphere SP*! . Suppose that the surface represents
the space of varieties in production technology space. We also assume each unit corresponds to
a position in latent product variety space, and that product positions are independent of techno-
logical positions. The stochastic process for positions is the same in both spaces and depends on
changes in the angle j; as follows:

it = i1t it i ia N(O; 2); (42)
where j is measured in radians. The distance between two points i and j can then be written:

1

ijit = 2*] it jt - (43)

This implies a correlation structure in the distances between units as follows:
8
<0 ifi2fksmg\j2fkmg

: ; (44)
-1 ifi2fk;mg[j 2fk;,mg;

corr( ijt ; kme) =

or equivalently that:
8
< e . ; R
ifi 2fk;mg\ j 2 fk;mg;
g\ 9 . (45)

0
cov( jjt; kmt)= . p . . '
-~ var( g )var( kme ) ifi2fk;mg[j 2fk;mg;

where:

22 (4=) 2,
1 2 1 rz°

Fi=var( )= var( )+ var( i) Bl il =

De ne the set of i's g-stream located trade partners by Ajgt := fk : Ay (Gyt) 6 ;9. Note that in
technology space, g refers to upstream propagation. Combining with equation (14) yields:

X X

CoV(Sigt s Sigt ) Wikt Wit Wimt Wipt  COV( Kkt 5 mpt )
k6" mép
X
= Wikt Wit Wime Wipt 5 1f(M 2 Aige) [ (P2 Aigt)9
k;‘ 2A\qt ;m;p 2qut

Additionally, siq: are jointly distributed as a folded truncated normal with variance-covariance

matrix g = [CoV(Sigt; Sjgt )]j and meanvector o =[ iq]i with entries:

p X
igt := E[Siqt]l= ¢ 8= Wijt Wikt
j<k ik 2 A

Wheni = j, we can further simplify as follows:

X
var(siqt) =4 § (Wit Wikt )?:
j<k jk 2 Aigt
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Next, using equation (13), we can write the log-odds function as follows:

. 1 X 1
liqt = log % =K Sigt 0 sig = k & ﬁ; Sqt
i=1

where &, istheithcolumnofan n nidentity matrixand ,isann 1vectorofones. Equivalently,
the vector lgt := (l1gt; 25 Ingt)” can be written:

>
lgg= K In ”n“ St N Bin

R> .
qthk;n thk;n )

where Byn := k(In  n 7 =n). Notice that piqt = F (liqt) Wwhere F(x) = (1+exp( x)) *and thus

the vector pq has a logistic normal distribution and thus no closed form representation for its
mean vector and variance-covariance matrix. However, we can write median (pqt) = F(Bkn o)
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C Proofs

C.1 Proof of Proposition 2.3

We begin by characterizing the family of matrices W 2 M, that are consistent with Assumptions
2.1and 2.2 with a sequence of if and only if relationships. Firstde ne := V[y]to be the variance-
covariance matrix of sectoral production, and notice that Assumption 2.2 implies that  , = (|
W) D(I  W?) lisnon-negative. This is because  is the product of non-negative matrices
by de nitionsince (I W) '=1+W +W?+W?3+:: 0OandD 0. The former decomposition
is only possible when (W) 1. Rearranging terms, we obtain:

D=V[I W)yl=(l W) (1 W7):

For ease of notation, leth; := 1;i-;4 w; and j ; j tobethe(i;j)entriesofH := 1 W and
v, respectively. Then the matrix Q, := HH ~ =[g; ] is diagonal with entries:

XX
gj = hik Njm km k m
k=1 m=1

Notice that Q. is symmetric and since it is also diagonal, then the following must hold:

Y X X
det Qn = hik Nim km k m
i=1 k=1 m=1

Additionally, PQ,P~ is also diagonal for any permutation matrix P 2 M, so we can exchange
the ordering of units without loss of generality. Consider the Laplace expansion of Q. by minors
along row i. Seti = 1 arbitrarily and notice that:

X
det Qn = a1 det Qu[L;1] + (1) oux det Qq[Lik] ;
k=2
where Q,[i;j ]isasizen 1sub-matrix of Q, obtained by deleting row i and column j. Since the
principal sub-matrix Qn[1;1]is also diagonal, its determinant is {‘:2 gi and thus the second term
in the above expression must be zero. This implies that the determinant for any size 2 principal
sub-matrix of Q, withsize n  2index set and entries a; must satisfy:

det Qn[ ] = anaxp appaxn = ajjax

Note that the indices (1,2) refer without loss of generality to any arbitrary pair of sectors in the
setf1;:::;ng, and all of the following results must hold for all nC2 pairwise combinations of units.
Substitute terms and notice that all principal sub-matrices of a symmetric matrix must also be
symmetric (i.e., a;» = az;) to obtain the equivalent restriction:

_ _ 2 2
O=ap=Wp 5 12 1 2(1+ WorWio)+ Wor 1
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Or identically:

w21 V[yi] + wiaV[yz]  cov(yr;y2)(1+ wipwp;) =0; (46)

where V [y;] and cov(y;;y; ) are the (i;i)th and (i;j )th entries of , respectively. we consider two
di erent cases.

Case 1. Atleast one of wyp; or wys is zero. If both are zero, then (46) holds trivially. However, if
w; =0 forall i 6 j,thenW no longer has full rank. If only one is zero (e.g., w2 = 0), this implies
that cov(yz; y2) = w21 V[y1] which is consistent with (1).

Case 2. Both wy; and wy, are positive. Rede ne y = ylzp Wp1 and y» = y2:p w2 and apply
the Cauchy-Schwarz Inequality:

(VIyal + V[y2))?
(W21w12) (1 + W2iWip)?

= cov(y1;¥2)®  V(¥1)V(¥2) (47)
For now write € := Wa1Wio(1 + Wo1Wio)2:

VIl + V2l +2VulViyel  cV(r)V(y2)
Vil + VP +(2 V[Vl 0

The left hand side is a quadratic equation in R2 of the variables V [y1] and V [y»]. Suppose without
loss of generality that V[y1] = V[yz] > O, then c must satisfy:

@ oVl o
which implies that ¢ 4, or equivalently:
WorWap(1+ WipWa1)® 4

Recall that sinceW is a non-negative matrix, any pair of weights which satisfy this inequality must
have wio,w,; 1. Note that due to (47), this restriction is necessary but not su cient. Moreover,
since the spectral radius (W) 1, there must be at least one row or column bounded above by
one (see e.g., Theorem 8.1.22 in Horn and Johnson (2013)).
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C.2 Proof of Proposition 4.6

P
Assuming ; = 1=nforall i, equilibrium consumption expenditure is givenby C; = i”:l pit Gt =

i”:l cﬁ:”. Given the price normalization in Section A.4.4. from Appendix A, we can write:

1=n
Y Cit +1

Cit

C+1 = 1log(Ci+1=G) = log

i=1

1 X
o log(Cit +1 =Gt )
i=1

1 xXo
o log (Vi +1 =Vit )

i=1

Plugging in the reduced form from (8) yields:

1 X
Ci+1 = n Zit+1 t Git+1
i=1
1 X X 1 X X
= n ar+1 t 4 n Ot+1 Uy “iut +1 d o "idit +1

i=1 i=1 i=1 i=1

C.3 Proof of Proposition 4.8

The proof of Proposition 4.7 established the asymptotic normality of Wyq; for all gand t. We omit
subscripts and write:

2 1 X 1 X
n=var(Wa)= 5 varllil+ 5 cov("ii"
i=1 i6]
1 X 1 X B
= P p)*+ 5 cov(ii"y) 1fLfi] 2 Ai(Ga)\ Aj(Gr)gg
i=1 i6]

When n > 1. This quantity can be bounded above by:

1. M M
22+ 42— =o(1);
noo — = o1);

n

where the nal equality follows from Assumption 4.5. Moreover, for  k > 0Chebyshev's Inequality
yields:

. . . ) 1
Pr W, E[W,]i 2kMp=n Prijw, E[W,]li k q 2
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C.4 Proof of Proposition 4.7

This proof is an application of Theorem 2 from Janson (1988). Fix t and g and omit the time-
subscript without loss of generality. Since "iq Bernoulli (piq ), the mean and variance of rm
cash ow shocks conditional on pjq can be written:

E["iq] = Pig» Var("iq) = Pig 1 piq);
and the covariance between rm shocks can be written:

COV("iq;"jq) = E["iq "jq] E["iq]E["jq] = l:)r("iq = il?; “ig = 11 Pig Pig > O:

= Pijg

P
Therefore, the mean and variance of Wpq = 1

n n H .
= =1 'ig can be written:

1 X 1 X
ng = EWngl= = E["q]= = Pq
i=1 i=1
, X 1 X N
ng = var Wnq = var["ql+ 5 cov("iq:"jq)
i=1 i6]
1 X
— var["ig1;
2 q
%
1
= —  pg@ pq)
2
n i=1
1 .
n mim Piq

Let D,q denote the maximal number of edges incident to a single vertex in graph G,q. Theorem
2 from Janson (1988) requires that X,.m = o(1) for some integer m, where X,y is given by:

. . n 1=m an _ Dr]{q 1=m 1 Drjiq 1=m.
MM Dig N ng n N g n
Assumption 4.4 implies:
Xn:2 = 0(1);

and therefore:
(qu nq): ng! Rl 0;1)

Combine this result with the assumptions that a, N (0; 2)andg N (0; 2) to getthe nal
distribution of consumption growth.
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D Upstream and Downstream Propagation Matrices

D.1 Construction from BEA Data

In this section, we discuss a simple method for constructing from the data the upstream and
downstream propagation matrices developed in the previous section. 34 These matrices capture
the strength of a connection between an industry and its customer or supplier industries. Shocks
transmitted from customer i to supplier j (supplier i to customer j) should depend on the strength
of the connection in the upstream (downstream) direction. We construct these matrices directly
from the BEA make and use tables described in Horowitz, Planting, et al. (2006). Consider again
an economy with n industries.

The Make Table We extract from the BEA make table an n  n industry-by-commodity matrix
with entries:

(MAKE )j = OUT;, j dollar value of commodity j produced by industry i

Note that the BEA makes a slight distinction between commodities and industries, since in princi-
ple an industry might produce another industry's commodity as a by—Fproduct of its own output.
Next, we denote the total production of commodity j by OUT; := inzl OUT;: j. Using the no-
tation in Horowitz, Planting, et al. (2006), we de ne the market share matrixvith the following
entries:

_ (MAKE ); OUT;

(MKTSHARE ); = OUT = 50T
i j

Here, the (i;j ) entry describes the share of industry i in the total production of commodity j.
Equivalently, we can write MKTSHARE = MAKE (n S)where denotesthe Hadamard
(elementwise) productand S =(OUT, L. ou T, Y isthel n scaling vector.

The Use Table Similarly, we extract from the BEA use table an n  n commodity-by-industry
matrix with entries:

(USE);j = INj; j dollar value of commodity i used as input by industry j

De ne the total output of industry i by y;.3®> Then we construct the input requirement matrixby
rescaling the value of an industry's inputs by the industry's total value as measured by output.
The entries of this matrix are given by:

(48)

(INPUTREQ); = (USB)i _ INivj,
Yi Y,

The (i;j ) entry of the above matrix describes the importance of industry j's inputs from industry
i relative to j's total size.

34Similar procedures are discussed in Acemoglu et al. (2016), Ozdagli and Weber (2017), and Gofman et al. (2020).

35We calculate total industry output from the BEA use table as the sum of total intermediates, scrap, and value added.
An industry's value added is de ned by the BEA as the \market value it adds in production, or the di erence between the
price at which it sells its products and the cost of the inputs it purchases from other industries".
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Scrap Adjustment  The BEA input-output tables include scrap as a commaodity which includes
any by-products of production with zero market demand. We therefore rede ne the total output
of an industry as the non-scrap output. Mathematically, this adjustment is implemented using the
non-scrap ratio, calculated as follows:

_Yi scrap; |
i 7%

where scrap; denotes the total scrap produced by industry i. We then write the entries of the
scrap-adjusted market share matrix as follows:

(MKTSHARE ); = OuT. ; 1

OouT; i

Direct Requirements  From the market share and input requirements matrices, we then construct
the industry-by-industry direct requirement table, denoted by W :

RQ/} = MKT%?E} fINPU{'IZ'REQ?:

industry industry industry commodity commodity  industry

To understand this construction, consider the entries of W :

X0 -

(W) = i 7OOUUT” X m{%‘_} :
Wkt |f&—l} use of k by j
share ofi in producing k
Here, the (i;] ) entry capturesindustry | 'stotal dependence oninputs from industry i relative toit's
total output y; . The key assumption here is as follows. Ifindustry j purchasesX of commodity K,
then the proportion of K coming fromindustry i isequaltoi's adjusted market share of production
of K. This is a reasonable assumption on average. Given this assumption, the following identity
holds:

SALES), |
SALES;

_ SALES;,

(W)ij 0 (W) = SALES,

The downstream weighting matrix is thus de ned:
A Wgown = W7;

whose (i;j ) entry in the above matrix represents the dependence of industry i oninput from indus-
try j (i.e., shocksto supplier j propagate downstream to customer i according to the corresponding
downstream weight). The sum of row i in this matrix is equal to x;=y; where X; isindustry i's total
input purchases relative to its size (normalized by i's total output). For the upstream weighting
matrix, we require the intermediate rescaling matrix R with entries (R); = y;=yi. The upstream
weighting matrix is thus de ned:

A> Wy =W R;

where is the Hadamard (elementwise) product. The (i;j ) entry in the above matrix represents
the dependence of industry i on sales to industry j (i.e., shocks to customerj propagate upstream
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to supplier i according to the corresponding upstream weight)

_ SALES; ;.

W R SALES;

D.2 Descriptive Statistics

(a) Kernel Density (b) Empirical CCDF
Figure 2: Weighted In-Degree Distribution

This gure visualizes the empirical distribution of weighted in and out-degrees across 66 non-government industries as de ned in the
Bureau of Economic Analysis (BEA) Make and Use Tables. The left panel shows the Gaussian kernel density estimate of the distribution,
and the right panel shows the empirical counter-cumulative distribution function.

(a) Kernel Density (b) Empirical CCDF
Figure 3: Weighted Out-Degree Distribution

This gure visualizes the empirical distribution of weighted in and out-degrees across 66 non-government industries as de ned in the
Bureau of Economic Analysis (BEA) Make and Use Tables. The left panel shows the Gaussian kernel density estimate of the distribution,
and the right panel shows the empirical counter-cumulative distribution function.
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(a) Kernel Density (b) Empirical CCDF
Figure 4: Distribution of Downstream Centrality

This gure visualizes the empirical distribution of weighted log eigenvector centrality of the upstream propagation matrix across 66 non-
government industries as de ned in the Bureau of Economic Analysis (BEA) Make and Use Tables. The left panel shows the Gaussian
kernel density estimate of the distribution, and the right panel shows the empirical counter-cumulative distribution function.

(a) Kernel Density (b) Empirical CCDF
Figure 5: Distribution of Upstream Centrality

This gure visualizes the empirical distribution of weighted log eigenvector centrality of the upstream propagation matrix across 66 non-
government industries as de ned in the Bureau of Economic Analysis (BEA) Make and Use Tables. The left panel shows the Gaussian
kernel density estimate of the distribution, and the right panel shows the empirical counter-cumulative distribution function.
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