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Abstract

This paper provides a novel framework to understand how innovation spillovers propagate
through dynamic supply chain relationships. I document that supply chain relationships im-
pact R&D expenditure and that innovation influences supply chain relationship formation. I
introduce a dynamic, heterogeneous-firm model that endogenizes many-to-many supply chain
relationships and innovation in general equilibrium. Complementarity in quality of supply
chain inputs generates positive sorting and innovation spillovers that increase innovation in-
centives and widen disparities between high and low quality firms. I validate the model using
quasi-exogenous variation from R&D tax credits and show that innovations by supply chain
partners predict increases in R&D, firm value, and returns to R&D. A 1 p.p. increase in in-
novation from a firm’s downstream network corresponds to a 1.3 p.p. and a 0.27 p.p. increase
in R&D intensity from trade relationships and knowledge spillovers, respectively. In the cali-
brated model, bidirectional spillovers across endogenous supply chains account for one-fifth of
aggregate output.
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1 Introduction

Understanding the drivers of economic growth and innovation is of significant interest for aca-
demic researchers and policymakers. A main takeaway from the innovation literature is that tech-
nology spillovers across firms are critical for understanding innovation and firm outcomes. The
insight that innovation spillovers propagate as firms interact and learn from each other has led to a
large focus on how horizontal strategic interactions and innovation spillovers from learning across
competitors impact innovation and rents (Romer [1986|, Grossman and Helpman [1993], Aghion and
Howitt [1992], Klette and Kortum [2004], Aghion et al. [2005]). In contrast, much less attention
has been paid to how innovation transmits vertically through dynamic complementary relationships
across the production network and how innovation impacts the development and persistence of these
relationships.

In this paper, I fill this void by developing a novel theoretical framework to study innovation
spillovers across the supply chain which emphasizes the dual importance of dynamic supply chain
relationships for determining firm value and facilitating innovation spillovers and of innovation
itself in shaping supply chain formation in general equilibrium. In the model, demand for products
increase with the quality of inputs along the supply chain.Hence, firm valuation depends not only
on a firm’s own innovation but also on the intangible capital embodied in its strategic supply chain
relationships. Complementarity in quality generates positive sorting between supply chain partners.
Innovation spillovers arise because when firms innovate, quality improvements of inputs increase
industry profits and valuations in sectors connected along the supply chain by increasing demand for
inputs, particularly high quality inputs, but widen the difference in profits and valuations between
high and low quality firms. This induces both supply chain partners and competitors to innovate

further in order to improve product quality.



The model not only rationalizes vertical spillovers but also innovation spillovers between com-
petitors due to shared supply chain partners, even in the absence of learning. I validate the main
predictions of the model using firm-level data to show that innovation by supply chain partners
propagate through trade relationships increase valuations for innovative firms and increase incen-
tives to innovate. Quantitatively, feedback arising from bidirectional innovation spillovers along
endogenous supply chains account for an important fraction of aggregate R&D and output.

The reliance of modern production on interactions between supply chain partners underscores
the importance of understanding innovation spillovers across these complementary relationships.
Products often contain innovative inputs from multiple firms and thus embody innovation across
several interconnected firms. Indeed, many firms at the technology frontier stress that their compet-
itive advantage depends, in part, on their supply chain relationships.! The importance of innovation
spillovers along the supply chain as illustrated by my model is evident when we consider the ex-
ample of recent technological advances in artificial intelligence (AI). Because training Al models
requires large amounts of computer processing power, firms such as Open Al, Google, and others
increased demand for high-performance computer processors, propelling Nvidia’s outsized success
in the semiconductor sector.? In the other direction, earlier innovations in computer processing
by Nvidia and its peers accelerated Al innovation and ultimately contributed to the commercial
success of Al firms, highlighting the importance of strategic complementarities in innovation along
the supply chain.?

Similar patterns underscore the importance of supply chains for innovation and firm value across

a broad range of industries. Using over 80,000 annual observations on supplier-customer relation-

“Apple will partner with TSMC, Samsung, Corning & Texas Instruments in ambitious US$600bn American

Manufacturing Program spanning iPhone chips to AI servers” (Apple Inc. [2025], Darley [2025])
2“Nvidia’s profit jumps 80% as company rides tech’s A.I. boom” (Mickle [2025])
3“Nvidia chips make gains in training largest Al systems” (Nellis [2025])



FIGURE 1 — Relationship between Upstream and Downstream Innovation
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Note: Using annual firm-level data on customer-supplier relationships and financials collected from Compustat and Factset (1980-2018),
panel la compares firm R&D intensity (R&D expenditure / lagged sales) with average R&D intensity of downstream supply chain
partners. Firm-year observations are binned into 100 groups based on the R&D intensity of downstream partners. Panel 1b compares
the percentile of R&D intensity within SIC3 sector each year for downstream and upstream partners. Supply chain relationships
observed annually are binned into 100 groups based on the percentile rank of the downstream firm.

ships among public U.S. firms spanning from 1980 to 2018, I document that firms’ innovation closely
co-moves with the innovation of their supply chain partners (left panel of Figure 1) Moreover, firms
exhibit positive sorting in innovation intensity between supply chain partners. Firms with higher
innovation intensity, relative to their peers, tend to match with more innovative partners, suggesting
that not only do supply chains impact innovation, but that, conversely, innovation plays a role in
supply chain formation (right panel of Figure 1).

Motivated by this, I develop a tractable, dynamic heterogeneous-firm model in general equi-
librium that endogenizes both the intensity of supply chain relationships and firms’ innovation
decisions. The model builds on standard ingredients from classic innovation models (Grossman
and Helpman [1991], Aghion and Howitt [1992]): firms compete monopolistically, producing dif-
ferentiated goods with linear technology and innovating to improve expected product quality and
increase profits. To capture the role of endogenous supply chains in shaping innovation spillover, I
add three new ingredients. First, firms compete monopolistically in either the upstream or down-

stream sector. Downstream firms produce differentiated products using their own blueprint and a



basket of upstream inputs purchased from the upstream sector. Critically, demand of products ulti-
mately depends on the quality of upstream and downstream inputs. This is different from standard
production network models which aggregate quantities.

Second, to tractably model many-to-many supply chain relationships and upstream market
power, downstream firms in the model optimally allocate across many imperfectly substitutable
upstream inputs, where increasing their allocations to higher quality upstream inputs increases
the overall quality of their products. Hence, the intensity of each supply chain relationship varies
endogenously with the quality of both the upstream and downstream firms and the price of the
upstream input. Third, to capture the idea that product quality is shaped by the quality of all inputs
used in production, final demand for downstream products increases not only with the downstream
firm’s own quality, but also with the quality of the bundle of upstream inputs it embeds into its
product, and these qualities also combine with complementarity.

In the model, innovation by upstream and downstream firms propagate through two primary
mechanisms. First, the endogeneity of the supply chain relationships gives rise to sorting. In partic-
ular, complementarity in the quality of inputs within a product (across sectors) and substitutability
in competing inputs (within sectors) are sufficient to induce positive sorting: higher quality down-
stream firms to optimally choose higher quality upstream inputs. Expanding the range in upstream
quality from which downstream firms choose increases downstream profits (particularly for firms
at the extremes of the quality distribution) and downstream innovation overall, but at the cost
of increased upstream markups. Second, relationships along the supply chain generate spillovers
since quality improvements by supply chain partners increase overall demand and returns from
innovation. These two mechanisms—spillover and sorting—interact to generate heterogeneity in in-
novation spillover across the firm quality distribution and create a feedback effect from bidirectional

spillovers across sectors.



Intuitively, from the perspective of downstream firms, improvements to upstream quality have
two spillover effects: Higher upstream quality increases demand and average downstream profits,
but inputs on average become more costly. If inputs are complementary in quality, high quality
downstream firms experience greater increases in demand from upstream quality improvements
compared to low quality downstream firms. For low quality firms, smaller increases in demand may
not offset increased costs, counterintuitively reducing profits.

Sorting exacerbates the extent which quality improvements upstream heterogeneously benefit
higher quality downstream firms. Increasing the proportion of high quality upstream firms offers
more choice across high quality inputs, effectively reducing the prices of inputs chosen by high quality
downstream firms. In contrast, upstream bundles by lower quality downstream firms become more
costly, so these firms may optimally reduce the quality of their upstream bundles, further reducing
profits. Moreover, upstream quality improvements incentivize downstream innovation, both in the
intensive margin, where currently innovating firms innovate more, and in the extensive margin,
where higher quality downstream products now become commercially viable.

In the other direction, from the perspective of upstream firms, an increase in downstream quality
improves demand for downstream products and thus raises overall demand for upstream inputs,
increasing upstream innovation. In the model, sorting is crucial for explaining heterogeneity in
these innovation spillovers: as downstream firms improve, they reallocate demand away from low
quality inputs toward high quality upstream inputs, increasing prices for high quality inputs and
depressing prices for low quality inputs. Consequently, downstream quality improvements benefit
high quality upstream firms but may erode profits for low quality upstream firms.

Taken together, these bidirectional spillovers generate a feedback effect: upstream quality im-
provements induce downstream firms to innovate more, increasing downstream quality, which in

turn incentivizes upstream firms to further innovate, amplifying the effect of a single upstream



or downstream innovation shock. In general equilibrium, the upstream and downstream quality
distributions together determine how profits vary with quality, and hence expectations over both
distributions across future periods determine optimal innovation decisions by upstream and down-
stream firms. These innovation policies, in turn, endogenously dictate how the distributions of
upstream and downstream quality evolve.

This feedback effect from vertical innovation spillovers also offers new insights into horizontal
innovation spillovers. In the short run, quality improvements by competitors erode profits not
only by decreasing demand but also by increasing input costs. In the long run, these quality
improvements induce innovation by supply chain partners, which then feeds back to the original
sector, increasing innovation and widening the gap between high and low quality firms in both
sectors. In this way, even without knowledge spillovers from learning across competitors, the model
generates strategic complementarities in innovation between competitors because high quality firms
benefit from innovations by competitors that encourage shared supply chain partners to innovate.

I corroborate the main predictions of the model using firm-level evidence from U.S. public
firms. Using exogenous variation in R&D expenditure arising from firm-level exposure to state
and federal R&D tax credits, following Wilson [2009], Bloom et al. [2013]|, Arque-Castells and
Spulber [2022], to account for correlated shocks unrelated to the supply chain relationship, I show
that innovation spillovers propagate across supply chains, increasing innovation, firm value, and
returns to R&D. To disentangle spillovers through the supply chain network that are attributable
to trade relationships from those arising through knowledge spillovers, I utilize the fact that within
an individual supply chain relationship, the intensity of the trade relationship may differ from the
technological relationship, as proxied for using the patent citation network.

I find that trade relationships are critical for innovation spillovers, even after controlling for

knowledge spillovers. A 1 p.p. increase in innovation from a firm’s downstream network corresponds



to a 1.26 p.p. increase in the firm’s R&D intensity attributable to trade relationships and a 0.27
p.p. increase attributable to knowledge spillovers. Innovation spillovers from supply chain partners
also predict increases in market valuation, as measured by Tobin’s ), and returns to R&D.

Consistent with supply chain relationships being endogenous and innovation being forward look-
ing, I find that innovation propagates not only from current partners but also from potential part-
ners. Each percentage point by which the innovation intensity of a firm’s current downstream
partners exceeds that of its downstream network corresponds to an additional 0.85 p.p. and 0.18
p-p- increase due to trade relationships and knowledge spillovers, respectively. Innovation spillovers
also transmit heterogeneously: firms that do not innovate do not experience increases in market
value from innovations by their supply chain partners. I further validate the robustness of these re-
sults by examining the effects of realized R&D outcomes as measured through patent issuances and
corresponding market valuations, following Kogan et al. [2017], and find evidence that innovation
spillovers by supply chain partners predict returns.

Finally, I use the model to quantify the importance of sorting and feedback arising from bidi-
rectional spillovers along the supply chain for aggregate output and R&D. I calibrate the model to
match patterns in aggregate R&D expenditure and GDP in the U.S. and the relationship between
R&D intensity of supply chain partners observed from firm-level relationships, and quantify the
impact of sorting and feedback when firms cannot choose their supply chain partners or respond to
their innovations I find that sorting and feedback jointly account for about one-fifth of aggregate
output and two-thirds of aggregate R&D.

The two channels interact to amplify spillovers along the supply chain. Without feedback in
innovation across the supply chain, sorting reduces output because higher quality upstream firms
can extract greater rents. Sorting improves the allocation of R&D investment. Without sorting,

feedback along the supply chain is less effective because higher quality firms are not matching more



with higher quality partners. Finally, I show innovation spillovers along the supply chain influence
the propagation of fiscal and monetary policy: feedback between supply chain partners increases
the impact of R&D tax credits for output growth five-fold and doubles the impact of a discount
rate shock on output.

The paper proceeds as follows: Section 2 introduces the model. Section 3 describes the model
results. Section 4 validates the main predictions of the model empirically. Section 5 describes the

quantitative exercises. Section 6 concludes.

Related Literature. This paper contributes to research on spillovers along supply chains. A
large literature studies how shocks propagate are amplified across interconnected sectors (Long
and Plosser [1983], Horvath [2000], Cohen and Frazzini [2008], Atalay et al. [2011], Foerster et al.
[2011], Acemoglu et al. [2012, 2016a|, Atalay [2017], Herskovic [2018], Oberfield [2018], Bigio and
La’0 [2020]) and across individual supply chain relationships (Javorcik [2004], Cohen and Frazzini
[2008], Barrot and Sauvagnat [2016], Dou et al. [2022], Grieser et al. [2024]). I add to literature
to show that innovation shocks, in particular, propagate along the production network both at
the sector level and through individual supply chain relationships, generating sizable spillovers.
My mechanism links micro-level firm relationships to sector-level propagation of innovation shocks,
providing a cohesive way to consider spillovers across both horizontal competitive relationships and
vertical supply chain relationships.

While prior work generally finds spillovers between supply partners to be positive, I document
that innovation spillovers along the supply chain propagate heterogeneously, only benefitting inno-
vative, high quality firms. I provide a mechanism by which innovations by supply chain partners
can instead erode firm profits. Moreover, consistent with relationships being endogenous, I show
that spillovers propagate not only along existing trade links but also potential relationships.

As in Boehm et al. [2019], Titman [2021], Elliott et al. [2022], and Aral et al. [2025], I find



supply chain are an important source of risk to firms. I show that these risks arise not only because
supply chain partners produce specialized necessary inputs, but also because innovations by supply
chain partners incentivize innovation among competitors and erode profits for firm producing lower
quality inputs, hence not only increasing the returns but raising the stakes from innovation.

The paper contributes to the large literature on innovation spillovers and technology diffusion
(Ellison et al. [2010], Bloom et al. [2013], Acemoglu et al. [2016b], Zacchia [2020], Han et al. [2024],
Herkenhoff et al. [2024]). Consistent with this work, I use patent citations to measure technological
proximity and exploit variation from R&D tax incentives to identify causal effects as in Wilson
[2009], Arque-Castells and Spulber [2022], and others. However, I highlight a mechanism distinct
from knowledge spillovers: innovation by one firm changes the innovation incentives of its trading
partners. My paper implies that some of the knowledge spillovers between competitors documented
in earlier work may be attributable to overlapping shared suppliers or customers rather than by
knowledge flows alone.

This paper contributes to a growing literature connecting innovation and production networks.
Chu et al. [2019] document that innovation by one firm affects directly connected supply-chain
partners; I similarly find firm-level spillovers, but I identify trade relationships and production co-
ordination as the central channels through which innovation incentives shift. Relatedly, recent work
using sector-level production network linkages (Acemoglu et al. [2023], Liu and Ma [2023|) shows
that innovation shocks propagate across industries. I complement these papers by focusing on the
endogenous innovation decision and jointly examining firm-level and sector-level spillovers, showing
how heterogeneity in firms’ innovation decisions and supply-chain positions shapes the distribution
and magnitude of innovation spillovers in equilibrium. Dasaratha [2023] studies innovation when
firms trade off gains from collaboration with benefits from secrecy. Casal [2025] considers a model

where supplier firms can invest in either lock-in or productive technologies which reduce costs. I



focus on innovations which generate quality improvements. In my model, higher quality inputs
are less substitutable with lower quality inputs, and hence suppliers can differentiate themselves
and generate persistent relationships through by improving the quality of their profit even without
supply chain frictions.

Furthermore, the paper contributes to research on innovation, firm heterogeneity, and dynamic
industry structure (Klette and Kortum [2004], Aghion et al. [2005], Acemoglu and Akcigit [2012],
Acemoglu et al. [2018]). I show that innovation shocks in one sector exacerbate firm concentration
and innovation intensity in related sectors. In the model, firm growth endogenously slows with age
as firms become more constrained by their supply chain partners.

I contribute to the large literature on heterogenous markups and product market competition
(Opp et al. [2014], Corhay et al. [2020], Peters [2020], Pellegrino [2025], Anderson et al. [2025]). In
my paper, prices for upstream inputs arise endogenously and are increasing as downstream quality
surpasses upstream quality. In addition, provide a mechanism by which inputs of similar quality
are more substitutable.

I contribute to the large literature on Schumpeterian growth, product market competition, and
creative destruction (Schumpeter [1939], Aghion and Howitt [1992], Bustamante and Donangelo
[2017], Garcia-Macia et al. [2019], Kakhbod et al. [2024]). I show innovation by supply chain part-
ners intensify horizontal competition, by increasing the risk of creative destruction and technology
obsolescence for producers of lower quality inputs and by increasing incentives for competitors to
innovate.

My paper relates to a growing literature on intangible capital (Eisfeldt and Papanikolaou [2013],
Crouzet and Eberly [2021], Ayyagari [2024], Jagannathan et al. [2025], Chen et al. [2025]). I find
that supply chain relationships are an important source intangible capital to firms. Innovations by

supply chain partners increase returns to investment in innovation and increase the value of capital
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embodied in past R&D expenditures.

My paper contributes to a large literature on specialized investments and hold-up problems
between supply chain partners (Anjos and Fracassi [2018], Frésard et al. [2020], Bena et al. [2023]).
Consistent with these and many other papers, firm investments in innovation do not fully internalize
positive spillovers to their supply chain partners. I show theoretically that firms may stop innovating
if the quality of their supply chain partners lags too far behind. In addition, my paper offers a
useful setting to consider the benefits and costs to vertical integration and M&A and frictions on
contracting.

I contribute to the literature on endogenous supply chains (Acemoglu and Azar [2020], Kopytov
et al. [2024]). I show innovation drives firm supply chain formation decisions and that evolving
supply chain relationships amplify innovation shocks. Finally, my paper contributes to our larger
understanding of endogenous sorting and feedback effects in economic relationships. A key insight
from the matching literature is that relationships between agents are endogenous, creating identifi-
cation challenges when estimating causal effects. Sgrensen [2007| addresses this in venture capital
markets by developing a two-sided matching model to separate the influence of VC expertise from
sorting effects, while Gabaix and Landier [2008] use an assignment model to show how CEO-firm
matching on complementary characteristics drives equilibrium pay. I build on this tradition by
developing a parsimonious two-sided matching model to disentangle the impact of sorting from firm
quality within the context of supply chains. A critical distinction in my framework is that firm
quality itself is an endogenous outcome of innovation decisions, creating a dynamic feedback loop:
innovation by supply chain partners impact sorting and incentivizes firm innovation. This relation-
ship between sorting and feedback distinguishes my work from prior matching models where agent

characteristics are treated as fixed.
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2 Model

To characterize and quantify the mechanism by which innovations propagate along the supply
chain, this section introduces a novel dynamic, heterogenous-firm model which endogenizes both
many-to-many supply chain relationships and firm innovation decisions in general equilibrium.

To illustrate how innovations spillover between firms in sectors connected through the supply
chain, I introduce a simple supply chain structure, with two intermediate sectors, an upstream and
downstream sector (e.g. a sector producing computer processors or “chips” and a sector producing
computers). Firms in each sector produce differentiated goods which vary in quality and firms can
innovate to improve quality in expectation. In the model, downstream firms produce intermediate
inputs supplied to the final goods sector using their own blueprint and measure one of the upstream
input. Downstream firms have a “love of variety” across differentiated upstream inputs and therefore
purchase from many or all upstream firms. Final demand for their product ultimately depends on
the downstream firm’s own quality and the quality of the upstream bundle it chooses, which aggre-
gates together with complementarity. When inputs are complementary in quality, higher quality
downstream firms optimally choose a higher quality bundle of upstream inputs and hence tilt their
allocation towards higher quality upstream inputs, endogenously generating positive assortative
matching in quality.

These relationships are critical to understanding the spillover of innovation by supply chain
partners to profits: due to the complementarity along the supply chain, innovation by supply chain
partners largely benefit firms producing higher quality products. Moreover, quality improvements
by supply chain partners not only impact current profits, but change firm incentives to innovate,
resulting in strategic complementarity in innovation between upstream and downstream firms. En-

dogenous sorting between the supply chain partners exacerbates the impact of innovation spillovers.
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Feedback between sectors and sorting across firms incentivize higher levels of innovation and am-

plifies the effect of aggregates shocks.

2.1 Agents and Technology
The model is a discrete time, infinite horizon model, with two monopolistically competitive
intermediate sectors and a perfectly competitive final good sector oriented vertically along the

production network.

Sectors.

1. The upstream (chip) sector contains atomistic, monopolistically competitive firms indexed by
k € K = [0,1] which supply differentiated inputs of quantity x7, to the downstream sector
and vary in quality zy,, where {z,ft} hek = @7 is the distribution of quality of upstream firms

in time ¢. Each unit of upstream input requires 1/°z;, of the final good.

2. The downstream (computer) sector contains atomistic, monopolistically competitive firms
indexed by i € I = [0, 1] which supply differentiated goods of quantity z¢ to the final goods
sector and vary in quality 2, where {zg el = ®¢ is the distribution of quality of downstream
firms in time ¢. Each unit of downstream intermediate good requires ¥“z§ of the final good

and measure 1 units of the upstream input.

3. The final goods sector contains a continuum of firms. Firms produce using downstream

intermediate goods and labor and operate perfectly competitively to produce the final good.

Representative Household. Given wages w; and dividends d$ and df, from downstream and

upstream firms, a representative household which owns the firms supplies labor L inelastically and
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consumes the final good where
1 1
Cy < wiL + / dSdi + / dy.dk
0 0

and have discount factor 5 € (0,1).

Final Goods Sector. Final goods, Y;, are produced by perfectly competitive firms with Cobb

Douglas production, using labor L; and a basket of intermediate downstream goods { ¢ .y Where

€ ! o=t ) 1
Yz:e—l (/0 Zit(%t) € dz)L;.

Intermediate goods produced by the downstream sector are assumed to be substitutes with elasticity

€ > 1. Given wages w; and downstream prices { pg}z cr the final good producers choose downstream

intermediate goods and labor to solve a static profit maximization problem,

1

max  Y; — / pgasgdi —wiLy.
c

Lt’{xit}ie[ﬂ,l] 0

Downstream Sector. Firms in the downstream (computer) sector indexed by ¢ vary in quality
2¢ and supply differentiated intermediate goods to the final good sector. Producing one unit of the
intermediate good requires 125 of the final good, consistent with higher quality blueprints being
more costly to produce, and a measure 1 of the upstream input. Downstream production requires

upstream units where quantity z¢ is produced according to production function,

z { yC z }
: it
T,y = 1MIn Z;
it Cc.Crvit (>
YOz
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where y$ is the quantity of final good used, 5 = fol x5,dk is the total quantity sourced from
upstream firms, and x5, is the quantity demanded by downstream firm i of firm k’s upstream input.
Upstream (chip) inputs are perfectly substitutable in quantity, but will vary and be imperfectly
substitutable in quality.

The downstream firm faces demand z§ = ( ;—é) ‘ L, from final good producers. Critically, demand

for the downstream product increases with in overall product quality,

v—1 —1 o—1
Y

= (e () 7 s ()

which depends on the firm’s own quality z$ and the quality of its chosen bundle of inputs ;.

If the quality of inputs along the supply chain are complementary (v < 1), then higher quality
upstream bundles will increase demand more for when paired with higher quality downstream
blueprints than with lower quality downstream blueprints. Intuitively, this reflects the idea that a
superior screen to a phone is most appreciated with a fast processor and an efficient battery.

The quality of the bundle of upstream inputs, z;, is a CES aggregate of the quality of inputs

sourced from the upstream sector,

where z, is the quality of upstream firm k in time ¢ and ¢ > 1, reflecting a preference for variety
over substitutable upstream inputs, and weight w;; = 5,,/25 is the share of the basket allocated
to inputs from firm k chosen by downstream firm ¢, so that fol widk = 1.

The downstream firm indexed by ¢ € I takes upstream prices {pft} ek and qualities { z,ft} ek

as given and chooses unit price p$, share of final goods v, and upstream inputs {xf}ct} vex O

15



maximize profits,

1
( Zit |CI)C (PS) max pzt — Y _/ pktxzktdk (2-1)
0

c [.9
PSS 7{xikt e

Given the production function, the profit maximization problem of the downstream profits can

instead be expressed as a choice over unit price p§, and upstream weights {w;x; } wexs such that

1
(25 | 9, 97) =  max 2l (pf, — Oz —py) st /0 widk =1, (2.2)

ip{wikt}ke](

where w;; = x5, /25 € 0,1] and p5, = fo Wikt P dk.

Upstream Firms. Upstream firms indexed by k € K vary in quality 25, and produce using linear
production at unit cost %2y, (again, consistent with high quality products being more costly to

S
produce). Quantity a7, is produced with linear production function, 23, = %t where y;, is the

V92,
quantity of the final good used in production. Upstream firms similarly compete monopolistically

and choose single price p, to maximize profits in period ¢ given downstream demand z3, = [; 25, di.

Hence, they solve profit maximization problem

(Zkt | (I)C CDS) = max (pkt wszkt) xkt (2.3)

pkt

Critically, downstream firms will vary in their price elasticity of demand for upstream inputs and
hence the price elasticity of demand faced upstream firms will depend on both the upstream and

downstream quality distribution.

Innovation. Firms operate over multiple periods and discount the future given discount factor,
B € (0,1), and exogenous probability of death v. Intertemporally, downstream firm’s quality 25 is

endogenous. A downstream firm in period ¢ with quality 2§ realizes period t + 1 potential quality,

16



c\ &
Z50 = 25 + 25dO§, where dOf is drawn from Poisson distribution with mean «; (Z—é) , where

it
n is innovation spending by the firm in units of final good, and ¢ € (0, 1), reflecting decreasing
returns to innovation. Note that both upstream and downstream profits depend not only on their
own quality, but also jointly on the upstream and downstream distribution ®; and ®¢. Hence, the
value function of downstream firm i in period ¢ can be denoted as V¢ (zg | ®F o7 ) and similarly

the upstream firm & in period ¢ denoted as V¥ (z5, | @, ®7).

In the model, downstream profits depend on upstream quality and may in fact not be monotonic

in downstream quality, z§. Hence, downstream value function V¢ (zg 41 | @gl,fbfﬂ) may also

. . . C C C S . . . .
be non-monotonic in quality. To ensure that future value V© (2, | %, ®7,,) is increasing in

innovation 1§, firms can choose next period’s quality z5 ; € [zg , 25 +1} to maximize firm valuation
such that

C c(.C C S
Y €arg - max VO (2 | Py, BFy).

zg+1€[zg,2g+1]
Given the probability of survival 1 — v, the downstream value function can be expressed as

ve (Zg | (I)f,@f) = mgch (Zg | (I)tca@f) — 5z + By [(1 —v) pV° (zz'(iﬂ | (I)tcjl-lvq)f—l-l)}

it

where f3 is the discount factor, and i§, = 15 /qS is the innovation intensity of the downstream firm.
Upstream firms with quality 2y, can similarly invest 77, in quality-improving innovation and solve

the following value function

Ve (Zlft | (I)tca (I)f) = mLE}XWS (Zlft | (I)tca (I)f) - il}qtzlft + Fi [(1 - U) BVS (stt+1 ’ q)grlv q)fﬂ”

Ykt
S

where ¥, = 1?2, /q2, is the innovation intensity of the upstream firm.

Aggregation. In each period, ¢, the following markets clear:

17



1. Final good market

1 1 1 1
+/ 1Z)ngdi—l—/ wszktdk}—F/ Zztzztd2+/ iv 20 dk =Y,
0 0

2. Labor market: L, = L

3. Market for intermediate goods produced by downstream firms:
For each downstream i in period t, the downstream firm i produces x¢§ which is used to

produce the final good.
4. Market for inputs produced by upstream firms: fol o di = a7, Vk € K

Stationary equilibrium and exogenous entry and exit. Every period, a fraction v of firms
in each sector exit with residual value 0 and are replaced with an equal measure of upstream and

downstream firms which begin with quality 2&. or z° . respectively. The stationary equilibrium

min min)

can be characterized by distributions ®¢ and ®°, quantities {xg ieﬁ{wfkt}ie[,ke[(’{xgt}kef( ,

prices {plt}zel , {pkt}keK’ and innovation intensities {z el {ift}keK such that

1. Each downstream firm i € I with productivity z5 chooses price p$/, quantity ¢, and upstream

allocations{zs, } rex b0 solve its static profit maximization problem.

2. Each upstream firm & € K with productivity zj, chooses price py, and quantity z7, to solve

its static profit maximization problem.

3. Innovation policy functions i (2§ | ¢, ®%) and i¥ (25, | ®°, ®°) solve upstream and down-

stream value functions, respectively.

4. Distributions, ®¢ and ®°, evolve according to innovation policy functions, i¢ ( | ¢ @ )

and % (z,ft | ¢ @ ), and given exogenous probably of exit v. Consistent with some firms
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FIGURE 2 — Downstream Allocation

(A) Allocation Across Upstream Inputs (B) Downstream Optimal Upstream Quality
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Note: For each desired quality bundle quality Z° on the x-axis, the left panel plots the median quality of the upstream inputs chosen by
the downstream firm and the 10-90 and 25-75 quality percentiles. For each downstream quality zic, the right panel plots the quality of
its optimal bundle z°. The blue and green dotted lines correspond to increased complementarity and decreased downstream
substitutability, respectively.

not innovating in the economy, a; € {aL ol } A fraction of firms begin the period with

a¥ = 0 and the remaining have skill o# > 0.

5. Markets for upstream and downstream goods clear.

3 Model Results

3.1 Static Equilibrium and Positive Assortative Matching

The downstream static profit maximization problem in Equation 2.2 provides insight into how

C

demand for upstream inputs vary endogenously with both downstream quality, 27", and upstream
quality, z7. For this subsection, I drop the period ¢ subscript since all choices and state variables in
the static problem occur in the same period. This is best illustrated in two steps: (1) Given target
bundle quality, z°, how does a downstream firm choose weights {wp} e across upstream inputs

chosen and what is the resulting per unit price p°? (2) Given current downstream quality z&, and

a price schedule across potential upstream qualities, what is the firm’s optimal bundle quality z
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and the resulting profits 7€ (zc)?

7

Definition 1. [Price Minimization Problem| Given upstream prices {pf and qualities {z,f

}kEK }k;eK’

function g characterizes the minimum price needed to achieve target upstream bundle quality z°

{wk}keK

S
! ! ¢ T 1
g(zs) = min / wipydk st [/ (wkZ,f) ¢ dk} = 7% and / wrdk = 1
0 0 0

where wy, is the relative weight allocated to upstream firm £’s product and yp is the multiplier on

constraint fol wrdk = 1.

In step one, definition 1, formally characterizes the price minimization problem of the down-
stream firm which chooses weights {wy}, ., to minimize the bundle price p° = g (ZS ) for targeted
quality z° for a given upstream distribution and associated upstream prices. Critically, because
downstream firms require measure one of the upstream input to produce a single unit, downstream
firms face the capacity restriction, fol wrdk = 1, which has shadow price pu. The restriction is
consistent with the idea that a firm cannot simply add more inputs in a single unit to generate a
higher quality bundle of inputs z° (nor can it use less than a single unit of the upstream input in
its product), and thus the maximum quality the downstream firm can attain is constrained by the
upstream quality distribution. For example the production technology of automobiles requires only
a single engine and steering wheel. An automobile company who wants to improve the quality of
their product will need to include a better engine, not multiple engines. Without it, the maximum

achievable z°is unbounded.

Proposition 2. [Optimal Allocation of Upstream Inputs| Given upstream prices and qualities, down-

stream firm i will chose optimal weights such that

- 1
(52
Wi P+ i z5

20




where p; is the shadow price of capacity constraint fol w;, = 1 associated with its desired upstream
bundle quality, z°.
If ¢ > 1, then y; is increasing in zy. If upstream prices are increasing in quality, then wy/ W

is increasing in (and hence in z7).

i

By taking first order conditions of the price minimization problem, for downstream firm ¢ and
upstream firms j, k € K, Proposition 2 characterizes relative weights wy,/w;;. Critically, if up-
stream inputs are imperfectly substitutable, ¢ > 1, and py > pf , then relative allocation w,/w;;
is increasing in the multiplier on the capacity constraint, ;. Notably, p; is increasing in z7. As
shown in Figure 2, when the downstream firm wants to achieve a higher quality bundle, the shadow
price on the capacity restriction increases. If upstream prices are increasing in quality, this induces
the firm to allocate greater weight to the higher quality input 2y > zf . The capacity restriction

is critical to creating allocations which vary with z7,

and as shown later, creating positive sorting
under complementarity. Without the constraint, if y; = 0, then all downstream firms would choose
the same relative weights invariant to z7, and there would be no positive sorting. Product substi-

tutability across upstream inputs also plays an important role: as ( decreases and upstream inputs

becomes less substitutable, relative weights w, /w;; increase and sorting becomes more pronounced.
Proposition 3. [Convezity of Upstream Price Schedule] If ( > 1, then ¢',¢" > 0.

To understand firm 4’s optimal choice of upstream quality z;, given downstream quality 2¢, I
first establish Proposition 3—when upstream inputs are imperfectly substitutable, ¢ > 1, the price
function ¢ is both increasing and convex in z%, because, to achieve a higher quality bundle, z,
the downstream firm must allocate greater weight to higher quality inputs, but this comes with
diminishing returns. Increases to the upstream quality distribution, decreases u (ZS ) and flattens

the price function g (25 ) Intuitively, achieving the same higher quality bundle is less expensive
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FIGURE 3 — Upstream Input Prices

(A) Price of Upstream Bundle g (2%) (B) fir Faced by Upstream Firms
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Note: The left panel plots the unit price p° =g (25) for given upstream bundle quality z5 for the baseline distribution (black) and
after an improvement to upstream quality (red). The right panel plots sufficient statistic zas a function of downstream quality (black)
and after an improvement to downstream quality (red) where optimal price is pf* = &wszf + g%lﬂk'

because the downstream firm suffers less from decreasing returns, and does not need to reach as

much for quality since its optimal allocation is closer to the upstream distribution.

Proposition 4. [Optimal Upstream Bundle Quality] Suppose € > 1, v < 1, and ¢',¢” > 0. Then
firms choose z{ such that MR (215) =J (ZZS) where W; = °z¢ + ¢ (Ef) 1s defined as the per unit
1—v

_1
cost and MR (ZZS) = S Viks (EZS) v (2;) ¥ is the per unit marginal return to increasing z7 and z¢.

If 28 > 25 then z7 > z5.

In the second step, given price schedule ¢ (Zf ), I consider firm i’s optimal choice of upstream
bundle 2z given its own quality 2. Defining unit costs as ¥; = 9“z¢ + ¢ (Zf ), and substituting

optimal price p¢ = —5¥;, the downstream profit function ¢ (Z-C) can be expressed as

7

7 (2€) = max (6 - 1>E L () (3.1)

€ e—1

Per Proposition 4, the downstream firm will choose upstream quality z7 by setting the marginal
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return from increasing z°, MR (Ef ) equal to marginal cost ¢’ (ZS ) > 0,

i

Intuitively, after an increase in upstream quality z°, the downstream firm faces a trade off: higher
quality inputs increase joint quality z; and hence increase demand from the final goods sector, but
higher quality inputs are increasingly more expensive (since g is convex). Due to complementarity,
(v < 1) between upstream in downstream inputs in joint quality z; , the marginal return to increasing

upstream quality z°, MR (ZZS ), is greater when downstream quality z¢ is higher.

1 1 1
dMR (z? SN\ 1- SNV 29\
é D ks () w4+ Ll hgne | Z) s
dz; e—1 i v

Hence, provided that ¢ > 1 and v < 1, as shown in Figure 2, higher quality downstream firms
choose higher quality upstream bundles. This result is most pronounced when downstream products
become less substitutable (e declines) or if complementarity increases (v falls). If { > 1 and upstream
prices are increasing in upstream quality, this is sufficient to prove positive assortative matching—
higher quality downstream firms allocate create unit weights to products by higher quality upstream

firms.

Proposition 5. [Upstream Optimal Price] Suppose ¢ > 1.
(1) Upstream firm will choose optimal price py = C—il/fbk + <E—1wsz,f where sufficient statistic fiy,

reflects the shadow price on the capacity restriction {ji;},.; faced the firm’s downstream customers,

_ [P afwy |1 <—1)(wsz£+ui)}1 |
_/0 s h*(c )|

(2) pi is increasing in 23 .
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(3) If all upstream firms are homogeneous in quality 2, then p; = 0 for all i and p; = Cf—l@bsz,f

Next, I consider the static upstream profit maximization problem and the optimal characterized
in Proposition 3.2. Upstream firm k which produces differentiated product with quality 2, chooses
prices py to maximize profits subject to demand x7 = fol x5 dk. Using 2 it is evident that because
downstream firms face a capacity restriction, the elasticity of demand varies with quality 2“—higher

quality downstream firms are less elastic,

Cdwp /e mR
Py /s Py A+

Indeed, firm k’s overall demand elasticity can be characterized as a quantity-weighted average of

demand elasticities from all downstream firms: duf/og _ f o (dz““/ x’“) di. The upstream firm
dpk/pk 0 T dpk

which solves the profit maximization problem in Equation 2.3 will choose optimal price p; such

that
1 1 S S _ S8
1 :/ Ti (p—ks 4 Z’f) di (3.2)
q 0 Tk P+ i
where p; can be characterized as
1 ¢
s - 5.8
3.3
Pk c 1Mk+g_1¢ 2, (3.3)

which is a a function of sufficient statistic ji;, which per Proposition 5, reflects an aggregate of
shadow price capacity restriction {4;},., faced by the firm’s customers. Recall that the shadow
price p; reflects the extent the downstream firm is constrained by the upstream quality distribution.
If overall, the upstream distribution lags in quality and downstream firms are more constrained,
this will lead to greater prices, p?, and markups, particularly for high quality upstream firms to

which the downstream firms will target their demand. Intuitively, we can think of prices and profits
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being greatest when the upstream firm is of higher quality relative to their peers and there is greater
demand from an even higher quality downstream distribution (consistent with Nvidia’s performance
following advances to Al technology). Observe that if p; = 0 for all firms, either because there is
no capacity restriction or because all upstream firms have equal quality, we return to the standard
result: py = C—flws z7. Finally, for ¢ > 1, as it follows from equation 3.2 that upstream prices p;

are increasing in quality z} .

Corollary 6. [Positive Assortative Matching] Suppose € > 1, ¢ > 1 and v < 1. If 26 > & and

S S
Zp > 27, then wip /Wi > Wk /Wiy

This leads to a key result: the minimal assumptions of substitutability between firms within the
same sector, {e,(} > 1, and complementarity in input quality across sectors, v < 1, can produce
positive assortative matching. Specifically, higher quality downstream firms will demand relatively
greater quantities from higher quality upstream firms, and analogously higher quality upstream
firms will sell more to higher quality downstream firms, consistent with the positive assortative
matching observed in the data. Moreover, as discussed previously, positive sorting hinges on the
capacity constraint binding implied by the production technology, and becomes most pronounced
when complementarity between inputs across sectors increases (v declines) and when substitutability
within sectors declines (e and ( fall).

In sum, upstream and downstream prices, quantities, and profits are jointly determined by
both the upstream and downstream quality distribution. When the upstream distribution is not
degenerate and lags behind the downstream distribution, this increases returns from sorting by

downstream firms but enables higher quality upstream firms to extract greater rents.
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3.2 Downstream Profits
This section first considers how downstream profits 7¢ (ZZC | ¢, ®° ) vary with its own quality,

2¢, and then examines how changes to the upstream quality impact downstream profits.

C
7 )

Definition 7. Given downstream quality 2z, upstream quality z7, and price schedule g (Zf), I

dn€ /7€
C) = 4" /" and the cross

define the elasticity of downstream profits to its own quality as ¢© (zl = GO

C) o dﬂ'ic/ﬂ'ic

elasticity of downstream profits to upstream quality as ¢¢ (zl = S

Proposition 8. [Downstream Profits| Suppose € > 1, v < 1, and ¢',¢" > 0. For given upstream

prices {pf } vk and upstream quality distribution {z,f = ®°, there exists threshold z¢* < z&**

}kEK

where (ZC*) =1 and ¢ (ZC**) = 0 such that

(1) Elasticity o is the sum of a positive demand effect and a negative cost effect

dzi/z; av,; /v,

C c\ _ i/~ N i 7

) = e T 079 g
demand c;;t

v—1
where 3270 = Ko (zl ) and gore = PU g

(2) For 2¢ < 2%, such that ©° (ZZC) > 1, downstream profits 7 (zzc) are increasing and convex

(3) For 2% < z& < 29, such that 0 < ¢© (2{) < 1, downstream profits are increasing and

)

C

concave in z; .

(4) For 28 > 2** such that ©© (zlc) < 0, downstream profits are decreasing z¢.

First, from the downstream profit function characterized in equation 3.1, we can see how down-
stream profits evolve with its own quality for a given upstream distribution ®° and corresponding

prices {pf } o Contrary to standard models, per Proposition 8, downstream profits are only
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monotonically increasing in quality 2~ up to maximum z¢**. Indeed, the elasticity of downstream
profits to downstream quality, ¢, can be expressed as the sum of two forces. First, increasing the
downstream firm’s own quality 2¢ increases demand, but has diminishing returns due to comple-
mentarity between 2z and the chosen upstream bundle. Second, due to linear input costs ¢°z¢,

increasing downstream quality z& increases unit costs U; at least linearly (since g is convex). For z&

C

small, the first dominates and ¢© and profits are increasing. However, as z¢ increases, the second

dominates, and downstream profits level out and then decline. In this region, since the upstream
distribution is fixed, the increased demand from greater joint quality, z;, is not sufficient to offset the
increased costs of production. Consequently, if downstream firms take the upstream distribution

and prices as fixed, they will not innovate beyond z“** where ¢¢ (zc**) =0.

C Clxx

7 )

Moreover, by examining dy®/dzS, one can see that as firms approach threshold 2“**, down-
stream profits become concave, suggesting declining returns to quality-improving innovation. In-
deed, downstream profits are concave as long as ¢¢ (ZZC ) < 1. However, when downstream quality

C*) = 1, profits are convex in quality. In this

is sufficiently small such that 2 < 2¢*, where ¢ (z
region, the downstream firm’s quality lags sufficiently behind the upstream quality distribution to
the extent that the higher input costs associated with higher upstream quality diminish downstream

profits, thereby discouraging innovation.*

Proposition 9. [Upstream Technology Spillover| Suppose € > 1, v < 1, and g convex and all firms

have upstream quality z; = z°, then

4A policy which introduced lower quality upstream inputs would increase innovation for these firms. While some
downstream firms may lag behind, as discussed in the subsequent section, upstream firms would not innovate such

that upstream quality outstrips all downstream firms.
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FI1GURE 4 — Diagram of Model Mechanism
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(1) Cross elasticity ¢ is the sum of a positive demand effect and a negative cost effect

dz;/zi av,; /v,
~C C i/~ 7 i
o0 () S /z° (1=¢) dzs/z%

d d h t ’

195}

v—1
dzi/zi 2\ v av; /¥, 1 (=S Z
where GZ57z5 = RS <21> and === =9 (z ) 7

(2) Threshold 2°** increases with upstream quality z°.
(3) Elasticity ¢ (ZZC ) increases with z° and cross elasticity ¢° (zZC ) increases with z°.

(4) There exists threshold z°*** such that for z& > 29 profits are increasing in upstream

quality ,p¢ (zlc ) > 0, and decreasing otherwise.

Second, I consider how upstream quality improvements impact downstream profits. For this

section, I consider downstream profits under the special case where all upstream firms have homo-
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geneous quality z7, and thus the aggregate bundle quality and price is 2° = 2 and p° = é@bs z5.

Three observations described in Proposition 9 become apparent: First, for v < 1 and € > 1, as up-

dz; [z
7 dz¢ /¢

av,; /v,

increase and PR

stream quality Z° increases

decrease, increasing ¢ (ZZC ) and threshold,
2¢** at which downstream profits are maximized: upstream quality constrains the set of economi-
cally feasible downstream z¢. Secondly, upstream quality impacts downstream profits. Specifically,

C

% is increasing in z¢

+ , meaning upstream technology spillover is heterogeneous, predominantly
benefiting higher quality downstream firms. The cross elasticity of downstream profits to upstream
quality, ¢¢, can be expressed as the sum of the positive demand effect, where increases to upstream
quality increase joint quality z; and hence demand, and the negative cost effect, since higher quality
inputs are more expensive. Indeed, for lower quality downstream firms the second force domi-
nates, leading to the third observation: for z& < 2“*** where ¢ (zc***) = 0, upstream technology
improvements reduce profits, and increase profits otherwise.

While the above analysis simplifies the problem to the case where all upstream firms have the
same quality, the results are qualitatively similar when the upstream distribution is not degenerate
and downstream firms have a choice over upstream basket quality z7. The appendix considers the
case where the firms in the upstream distribution can be of either high or low quality. Intuitively,
when the proportion over the higher quality upstream input increases, the maximum achievable

z° increases, and the price function g (ZZS) flattens. Higher quality downstream firms who had

previously been reaching for quality, benefit from lower prices and optimally choose a higher quality

basket z. In contrast, lower quality firms not only face higher input prices for their previously

chosen basket, but also optimally shift to a lower quality basket and thus face lower demand.
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FIGURE 5 — Upstream and Downstream Profits

(A) Downstream Profits (B) Upstream Profits
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Note: For a given upstream distribution, the black line of the left panel plots downstream profits as a function of its own quality and
the red line plots downstream profits after an improvement to upstream quality. The dotted line plots the percent change from the
upstream quality improvement. Similarly, the black line of right panel plot upstream profits as function of upstream quality with the
red line corresponding to an improvement to downstream quality and the dotted line the percent change from the downstream quality
improvement.

3.3 Upstream Profits
This section first examines how upstream profits 7° (z,f | ¢ @9 ) vary with its own upstream

quality 2 and second examines how changes to the downstream quality impact upstream profits.

_ dn /w8
dzg [z

Definition 10. I define the elasticity of upstream profits to its own quality as ¢° (z,f )

If all downstream firms have homogenous quality ¢ = 2°, then I define the cross elasticity of

o dﬂ]‘f/wf

downstream profits to upstream quality ¢° (z,f ) = e

Proposition 11. [Upstream Profits| Suppose €, > 1 and v < 1 and all downstream firms have
homogeneous quality z& = 2 with shadow price u; = u, quantity ¢ = x¢, and aggregate Ay = Ay.

(1) Elasticity ©° can be expressed as follows

o) == i+ wu]

SZS . .
(2) Profits are increasing in quality, if 1 + ¢Tk > 0 and decreasing otherwise. If p < 0, then
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profits are increasing provided z;j < 25 = —ﬁ,

(3) As z — 25, @9 (27]) is concave.

First, I consider how upstream profits vary with its own quality, 23, in the special case where
all downstream firms have homogeneous quality z& = 2“ and hence identical shadow price p; = p.
Substituting optimal price p; it is straight forward to characterize upstream profits as a function

of its own quality 27 and downstream quantity z¢, Ay, and pu.

sesy_ L (LN (20 (T 3.4
“@ =) (o) ) &

Examining elasticity ¢ (z,f ) as characterized in Proposition 11 provides insight into how upstream

profits and therefore innovation evolves with upstream quality, 2. As before, now the downstream
distribution acts as a limit on the range of upstream quality which is economically feasible. Observe
that upstream profits are increasing in quality, ¢° > 0, provided p is positive, meaning that
downstream firms would prefer higher quality inputs, or upstream quality is sufficiently small such

that 127 < —p. Indeed, if the downstream distribution is fixed, upstream firms will not innovate

Sk Sk o S

where 25" = —2&  Furthermore, dyp®/dz; < 0, suggesting that for g > 0 or z;

beyond z s

approaching z°**, upstream profits are concave in quality. As with downstream firms, as upstream

firm quality increases, returns from innovation decline.

Proposition 12. [Downstream Technology Spillover| Suppose €,( > 1 and v < 1 and all down-
stream firms have homogenous quality z& = 2°. Then

(1) Cross elasticity ¢° can be decomposed into a aggregate demand effect and a reallocation effect

LI,’C
5 (.S d (A_0> a ¢ dp
$° (2) = c —(¢-1 5.8 7.C
dz zC Yoz dz
X))~ iy
N——— reallocation
demand
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(2) Threshold 2°** increases with downstream quality z£.
(3) Elasticity ©° (z,f) increases with 2¢ and cross elasticity ¢° (z,f) increases with zy
(4) There exists threshold 25*** such that for z¥ > zC*** profits are increasing in downstream

quality ,p° (z,f) > 0, and decreasing otherwise.

Second, I consider how upstream profits vary with downstream quality z¢, again considering the
special case where all downstream firms have homogeneous quality as discussed in Proposition 12.
This delivers three key observations. First, the range of economically feasible upstream qualities, for
which upstream profits are increasing in upstream quality, is increasing in downstream quality z¢.

c

Recall that i reflects the extent the downstream firms are constrained. Hence as 2% increases so does

$** also increases. Second, technology spillover from downstream

. If pis negative, then threshold z
firms is heterogeneous, with profits increasing more for higher quality upstream firms. Indeed, cross
elasticity ¢° of upstream profits to downstream quality can be decomposed into a positive aggregate
demand effect, where downstream innovation increases demand for inputs equally, and a reallocation
effect. Under the reallocation effect, when downstream quality improves, complementarity means
that downstream firms shift relative demand to higher quality inputs, predominantly benefitting
higher quality upstream firms, and leading to the impact of downstream spillover as characterized
by cross elasticity »° to be increasing in upstream quality. Indeed, thirdly, for sufficiently low
quality downstream firms, the negative effect of reallocation dominates the positive demand effect.

Consequently for these firms, downstream technology improvement propagates negatively, reducing

profits.

3.4 Transition Path

To understand not only the partial equilibrium effect but also the industry equilibrium effect

of sorting, I consider the transition path of outcomes in the economy to observe the short- and
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FIGURE 6 — Transition Path After Permanent Quality Improvement Without Feedback

(A) Upstream Quality Shock (B) Downstream Quality Shock
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Note: The left panel considers the impact on aggregate moments of a permanent 10 percent increase the quality of all upstream firms
(compared to the stationary distribution) if downstream firms can respond and innovate, but the upstream distribution is held fixed.
The right panel considers the impact on aggregate moments of a permanent 10 percent increase the quality of all downstream firms

(compared to the stationary distribution) if upstream firms can respond and innovate, but the downstream distribution is held fixed.

long-run effects of innovation spillovers without two-way feedback

In the left panel of Figure 6, I consider the impact of a permanent improvement in upstream
quality when downstream firms respond but the upstream distribution is held fixed. In the short run,
the upstream quality improvements increase average quality of the final production, immediately
increasing output and average downstream profits. Due to product complementarity, higher quality
downstream firms benefit more from upstream quality improvements even as average upstream
input prices increases, while for low quality downstream firms, the increased input costs may offset
any increases to demand, reducing profits. Endogenous sorting exacerbates this. The upstream
quality improvement increases choice for higher quality upstream inputs and flattens prices of the
upstream bundle as a function of quality, decreasing average upstream markups. This further
benefits higher quality downstream firms whose previous upstream bundle is now cheaper, while
lower quality downstream firms previous upstream bundle may be more expensive, leading them
to optimally substitute to lower quality upstream firms, decreasing profits further. Downstream

firms are incentivized to innovated, leading to increased quality improvement and output growth
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following the initial shock. This increases upstream profits, predominantly benefitting higher quality
upstream firms as downstream firms reallocate towards higher quality upstream inputs.

Second, in the right panel of Figure 6, I consider the impact of a permanent improvement in
downstream quality when upstream firms respond but the downstream distribution is held fixed.
Reallocation arising from endogenous sorting is key to understanding innovation spillovers from
downstream quality improvements. Downstream quality improvements increase overall demand for
upstream inputs, increasing average upstream profits. However, since supply chains are endoge-
nous, these higher quality downstream firms optimally increase demand for high quality upstream
inputs, steepening upstream prices as a function of upstream quality and increasing markups. This
overwhelmingly benefits higher quality upstream firms which experience greater profit increases
than lower quality downstream firms. The downstream quality improvement increases upstream
incentives to innovate, both in aggregate, and by widening the disparities in profits between high
and low quality upstream firms. This leads to increases to downstream profits and further increases

to output over subsequent periods, as the upstream distribution evolves.

4 Empirical Evidence

4.1 R&D Spillover

To corroborate the main predictions of the model and to provide evidence of innovation spillover
along the supply chain, I use firm-level data on U.S. public firms from 1980 to 2018. I show that
innovation spillovers along the supply chain are quantitatively important, affecting innovation,
firm value, and returns to R&D. Moreover, the economic trade relationships between supply chain

partners drive much of this spillover, even after accounting for spillovers due to knowledge diffusion.
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Data and Sample Selection. I merge annual data on over 80,000 supply chain relationships
collected from Compustat and Factset with annual financial data from Compustat to identify inno-
vation spillover along the supply chain. These relationships correspond to over 46,532 supplier-year
observations reporting an average of 5.6 customers and 24,657 customer-year observations report-
ing an average of 64.7 suppliers. In three-quarters of these relationships one or both parties report

positive R&D expenditure and in over half both parties report positive R&D expenditure.

Challenges to Identification: Endogenous Supply Changes. Quantifying innovation spillovers
across supply chains poses several challenges. First, firms connected along the supply chain may
innovate in tandem for reasons unrelated to trade relationships and thus observed regression co-
efficients may reflect the impact of correlated shocks. For example, new research opportunities
that affect all sectors—e.g. electrification, computers, etc.—may induce connected firms to inno-
vate more in tandem. To address this, I instrument for spillovers using exogenous variation in
innovation arising from firm-level variation in exposure to state and federal R&D tax credits, and
instrument firm R&D expenditure on fluctuations in user costs, following Wilson [2009], Bloom
et al. [2013], Arque-Castells and Spulber [2022], among others to calculate Rd@sityjt, the R&D
intensity which correspond to a firm’s exposure to quasi-exogenous variation in R&D tax credits.
The Appendix includes the first stage and provides additional detail on the construction of R&D
user costs.

Second, since supply chains may evolve, innovation may spill over from not only current supply
chain partners but also from potential future partners. Hence, forward looking R&D investment
may respond to innovation by both existing partners and by potential partners in the anticipation
of future supply chain relationships. Several previous efforts to quantify spillovers across supply
chain partners focus on current supply chain relationships or implicitly assume that observed links

are static, at least in the short run, or occur for reasons unrelated to innovation, such as geographic
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proximity. This assumption overlooks the possibility that innovation spillovers may also arise from
potential partners, either through expectations of future relationships or through indirect spillovers
from current partners. Ignoring this channel may lead researchers to overestimate the role of
switching costs in explaining relationship persistence.

To address this issue, I take a simple approach to identifying potential partners. For each firm,
I define a firm’s downstream network for that year to include not only current or observed down-
stream partners, but to also potential downstream partners, which I define as competitors of current
downstream partners and the current downstream partners of competitors, where competitors are
defined as firms operating in the same 3-digit SIC sector. I similarly define a firm’s upstream net-
work as not only a firm’s current upstream partners, but also as any competitors to their upstream
partners or upstream partners of the firm’s competitors.

Then, to identify the innovation spillover from a firm’s downstream network and current down-
stream partners, 1 first define TradeSpill; and TradeSpillO; as the sales-weighted average R&D
intensity of firm i’s downstream network J;, and current downstream partners J;; C J/,, respectively.
Because I am interested in spillover due to the economic relationship, I weigh the R&D intensity of

each downstream firm by the average of their sales over the previous 5 years,

D e 7S alesthdI%Sityjt

)
Zjngt Sales;y

ZjeJit SalesthdWsityjt

TradeSpilly; = 5 Sale
j€Jit Jt

TradeSpill0;; =

Next, to isolate the innovation spillover from firms’ current relationships specifically, I similarly
define TradeSpillCurrenty; to reflect the extent innovation intensity by of a firm’s current down-

stream partners exceeds the innovation intensity of its downstream network, the wider set of both
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current and potential downstream partners

TradeSpillCurrent;; = TradeSpill0;; — TradeSpill;.

To estimate the impact of downstream innovation on firm R&D intensity, I regress firm R&D
intensity, RdIntensity;;, on contemporaneous spillover from ¢’s downstream network and current
partners, TradeSpill;; and TradeSpillCurrent;, respectively, controlling for firm and year fixed

effects, 0; and n;, respectively, and vector of firm controls I.

RdIntensity,; = By + P1TradeSpilly; + PoTradeSpillCurrent;, + U Xy + 0; + m¢ + € (4.1)

where (1 captures the response of firm R&D intensity to innovation by its supply chain network.
As shown in Column 1 of Table I, a 1 p.p. increase in innovation from current downstream
partners alone corresponds to a 45 basis points increase in firm R&D intensity. Column 2 of Table I
presents the regression results of specification 4.1. Here, a 1 p.p. increase in innovation from a firm’s
downstream network corresponds to a 35 b.p. increase in firm R&D intensity. However, individual
relationships are also important—each percentage point by which innovation from a firm’s current
downstream partners exceed its wider network corresponds to an additional 46 p.p. increase in a

firm’s innovation.

Challenges to Identification: Knowledge Spillovers. A second challenge to identification is
that technology spillover may occur across firms connected along the supply chain not only because
these firms are economically linked through the production network but because firms learn from
their supply chain partners—knowledge spillovers across the supply chain. To disentangle innovation

spillover from supply chain partners due to economic links versus knowledge spillovers, I exploit
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the fact that while production networks and citation networks, which are often used as proxies for
knowledge spillovers, may coincide, the intensity of a firm’s connection to their supply chain partners
through the citation network and its connection through the production network may differ. I define
the knowledge network using the citation network sourced from patent filings. Specifically, for firms
who filed patents in over the past 5 years, I similarly define downstream spillover from knowledge
spillovers, CitesSpill0;; and CitesSpill;;, as the citation weighted average of R&D intensity from
current supply chain partners and potential supply chain partners, respectively, where Cites;; is
the 5-year average number of citations by firm ¢ of patents produced by firm ¢ and similarly define

ClitesSpillCurrent;; as the difference between DownSpillCitesO;; and CitesSpilly.

Zje% C’itesjithIntensityjt
ZjEth OitGS]’it ’

Zje]it Cz’tesﬂth@sityjt
Zjejit Cit@Sﬂt

ClitesSpill;; = CitesSpill0; =

Column 3 of Table I presents the regression results for the following equation,

RdIntensity;; = Bo + P1TradeSpill;; + BoTradeSpillCurrent;; + B3CitesSpilly (4.2)

+ B4ClitesSpillCurrent;; + U X + 0; +m; + €3¢

After accounting for knowledge spillovers, a 1 p.p. increase in innovation from a firm’s down-
stream network corresponds to 34 b.p. increase in R&D intensity from economic links and 22 b.p.
from knowledge spillovers. Each b.p. the firm’s current downstream partners exceeds its down-
stream network corresponds to an additional 45 b.p. increase in R&D intensity from economic links
and 7 b.p. from knowledge spillovers from current downstream partners.

Columns 4 and 5 of Table I repeat the analysis in Column 2 and 3 for spillovers from economic

links alone and including knowledge spillovers, respectively, instrumenting downstream R&D inten-
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sity with exogenous variation in R&D user costs and including controls for a firm’s own exposure
to R&D user costs. As shown in Column 5, a 1 p.p. increase in innovation by a firm’s downstream
network results in a 1.26 p.p. and 0.27 p.p. increase in R&D intensity due to economic links and
knowledge spillovers, respectively. Each p.p. of innovation by a firm’s current downstream partners
which exceeds its network, results in a 0.84 p.p. and 0.18 p.p. increase in R&D intensity due to
economic links and knowledge spillovers, respectively.

Not only does downstream spillover through the supply chain increase firm innovation, but
we can evaluate whether, consistent with the model, downstream innovation contributes to R&D
productivity and firm valuation. I proxy for R&D productivity in two ways. First, I define R&D
productivity, PatentsPer$;;, as the average number of patents filed over the subsequent three
years, t + 1 to t + 3, divided by R&D expenditure in year t. Column 6 of Table I present the
impact of downstream innovation on PatentsPer$;;, where downstream innovation is instrumented
using exogenous variation in R&D tax credits as before. The regression results suggest that while
downstream innovation increases R&D productivity, this is largely attributable to the economic
relationship rather than due to knowledge spillovers. A 1 p.p. increase in innovation by a firm’s
downstream network contributes to a 2.1 percent increase in patents per dollar of R&D spent. Each
p.p- of innovation by a firm’s current downstream partners which exceeds its downstream network,
contributes an additional 1.3 percent.

In contrast, downstream spillover due knowledge spillovers does not significantly impact R&D
productivity. Since patents might vary in value, in Column 7, I instead define R&D productivity,
PatentV alPer$;;, as the total value of patents filed over the subsequent three years, ¢t + 1 to t + 3,
divided by R&D expenditure in year ¢, using patent valuations estimated by Kogan et al. [2017].
As before, a 1 p.p. increase in innovation by a firm’s downstream network corresponds to a 2.3 p.p.

increase in R&D productivity. However, the effect of a firm’s current downstream partners on R&D
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productivity, as defined using patent valuations, is no longer statistically significant.

Next, in Columns 8 and 9 of Table I, I evaluate the impact of downstream innovation on Tobin’s
Q for firms which invest in R&D expenditure, replacing the dependent variable with logT obinQ);;.
While a 1 p.p. increase in innovation by a firm’s downstream network corresponds to a 1.2 percent
increase in Tobin’s QQ, this is largely attributable to spillover from economic relationships rather than
knowledge spillovers. Moreover, the impact of innovation by firm’s current downstream partners
alone on Tobin’s Q) is insignificant. Taken together this suggests that for innovative firms, variation
in firm valuation from downstream relationship arises, not due to knowledge spillovers, but economic
relationships with the downstream network as a whole, not only existing partners. Finally, I evaluate
the impact of downstream innovation on Tobin’s () for non-innovative firms instead, defined as firms
which do not invest in R&D, focusing only on the impact of economic links, since the firms are
unlikely to produce patents. For these firms, downstream innovation, by either its wider downstream
network or current downstream partners, has no significant impact on valuation, suggesting that
a firm’s own innovation activity impacts the transmission of innovation shocks from downstream

partners.

Robustness. These results are robust to defining TradeSpill;; and TradeSpillCurrent; us-
ing equal-weighted rather than sales-weighted R&D intensity and are robust to bootstrapping
standard errors. Finally, we could proceed in a similar way to study the impact of innovation
spillover from upstream firms: I similarly define TradeSpilly, TradeSpillCurrent;,, CitesSpill;,
and CitesSpillCurrent;; to reflect the impact of innovation shocks through the supply chain and
through knowledge spillovers by firms upstream to firm ¢ in year ¢. Table A.2 in the AppendixB

presents the analogous results for the impact of upstream spillover.
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TABLE II — Impact of Downstream Technology Shocks on Firm R&D and Valuation

(1) (2) (3) (4) (5) (6)
LogRandD(t+1) LogRandD(t+1) InnovShock InnovShock ChgTobinsQ ChgTobinsQ

TradeSpill 0.990*** 0.909** 0.238"* 0.200"** 1.751% 1.722%**
(0.354) (0.354) (0.070) (0.069) (0.463) (0.464)
TradeSpillCurrent 0.073 0.039 0.014 -0.002 -0.002 -0.016
(0.051) (0.052) (0.010) (0.010) (0.061) (0.063)
CitesSpill 0.416™* 0.235"** -0.090
(0.065) (0.013) (0.085)
CitesSpillCurrent 0.124** 0.056*** 0.081
(0.056) (0.011) (0.069)
InnovShock 0.663*** 0.677***
(0.045) (0.046)
r2 0.975 0.975 0.698 0.706 0.546 0.546
n 16356 16356 17499 17499 7636 7636
F 3887 2930 516 458 477 383
Sample RandD>0 RandD>0 RandD>0 RandD>0 RandD>0 RandD>0
FE Firm, Year Firm, Year Firm, Year Firm, Year  Firm, Year Firm, Year

Standard errors in parentheses
*p<.10, " p < .05, *** p< .01

Note: This table presents the regression results for table 4.3. Column 1 show the impact of innovation shocks from trade relationships

firm’s downstream network and current downstream partners. Column 2 adds innovation shocks from knowledge spillovers. Columns 3
and 4 present the effect of downstream innovation shocks on upstream innovation shocks. Columns 5 and 6 show the effect of the same
downstream innovation shocks on upstream changes to firm valuation as measured by Tobin’s Q.

4.2 Patent Valuations

In this section, instead of looking at variation in R&D investment, I focus on variation in the
realized outcomes from past R&D spending, measured by the value of patents issued to firms. For
this, I lean on the data of patent valuations from Kogan et al. [2017] which uses daily firm-level
increases to equity prices upon the issuance of new patents to estimate the market value of each
individual patents. A key assumption is that each patent issuance reflects new information on the
realization of firm innovation not previously reflected in the firm’s market value. For each firm i,
I define a firm’s innovation shock, InnovShock;, as the total market value of all patents issued to
firm ¢ in period t, PatentV alue;, divided by the market value of firm ¢ as of the beginning of the

period, MarketV alue;;_1, winsorized at the 1 percent level.

PatentV alue;,
MarketValue;;_q

InnovShock;; =
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On average these firms experience a 1.7 percent increase to market value attributable to issued
patents each month. The distribution is naturally right skewed with the firm’s innovation shock
reflecting the change in the firm’s market value attributed to patent issuances.

I define firm ¢’s exposure to downstream innovation shocks by current partners, TradeSpill0;; as
the sales-weighted average innovation shock experienced in year ¢ by its current downstream firms
j € J;, where J; is these set of firms which invest in R&D known to be downstream of firm i as of
the beginning of year t. I similarly define TradeSpill;; as the sales-weighted average of innovation
shocks experienced by all firms in i's downstream network J; O J; where J] is defined as in the
previous section to include both current and potential downstream partners. As before, I define
TradeSpillCurrent;; to measure the extent which innovation shocks by a firm’s current partners

exceed that of its downstream network.

ZjeJ; Sales; InnovShock;
Zjejt/ Salesj ’

ZjEJt Salesj InnovShock;,
ZjeJt Sales

TradeSpill;; = TradeSpll0;; =

TradeSpllCurrent,; = TradeSpill0;; — TradeSpill;

As in the previous section, to define spillover from downstream firms j € J; to firm ¢ due to
knowledge spillovers, I weigh downstream innovation shocks by ¢’s dependence on each firm j as a
source of technology spillover using the 5-year average of citations of patents filed by firm ¢ of patents
filed by firm j. I similarly define DownSpillCitesCurrent;; as the difference between C'itesSpill0;

and CitesSpilly.

Zjngt Clitesj InnovShockj,
. )
Zje}{t Clites;it

ZjeJit Clitesji InnovShockj
ZjEJit O’it€8jit

ClitesSpill; = CitesSpill0; =

To understand how technology shocks from downstream supply chain partners due to economic links
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and knowledge spillovers impact future R&D, I regress future log R&D expenditure, LogR&D;; 1 on
TradeSpill;; and TradeSpillCurrent; to reflect spillover through economic links and ClitesSpill;
and CitesSpillCurrent;; to reflect spillover from knowledge spillovers. I include firm and year fixed
effects, d; and 7, respectively, and include vector of controls, I', for period ¢ and ¢t — 1 log R&D and

log sales.

LogR& Dy 1 =By + BiTradeSpilly + B TradeSpill Current, + B3CitesSpilly (4.3)

+ B4ClitesSpillCurrent;; + U Xy + 0; + n + €3

Columns 1 and 2 of Table II present the regression results. A 1 p.p. increase in the average
firm value of its downstream network due to innovation, correspond to a 0.91 percent increase in
R&D from the economic relationship and a 0.42 percent increase from knowledge spillovers. Each
additional p.p. increase to firm value from current partners corresponded to a 0.12 percent increase
in R&D due to knowledge spillovers. Columns 3 and 4 consider whether returns to innovation
increase with productivity improvements by supply chain partners, by replacing the dependent
variable of Equation 4.3 with, InnovShock;, the increase to firm ¢’s market value attributable to
patents in period t. A 1 p.p. increase in average value of a firm’s downstream network attributable to
innovation corresponds to a 0.20 p.p. increase in firm value attributable to patents issued in period
t due to economic links and a 0.23 p.p. increase from knowledge spillovers. Finally, columns 5
and 6 consider the impact on Tobin’s Q. Spillover from the downstream network through economic
links is both economically and statistically significant. Each p.p. increase in downstream value
attributable to patents corresponds to a 1.72 percent increase in firm value. In contrast, each p.p.
increase in a firm’s own valuation attributable to patents corresponds to only 0.68 percent increase

to firm value. Table A.3 presents the analogous results for spillover from upstream partners, with
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qualitatively similar results.

While the previous results demonstrate that economic links are critical to technology spillover
from supply chain partners, the following results suggest a firm’s own innovation decisions also im-
pact spillover. Table III interacts TradeSpill;; and TradeSpill Current;; with a dummy Positive R& Dy
if the firm itself invests in R&D and considers the impact of technology spillover on changes to firm
value over period t, ATobinsQ;, log sales in period t + 1, log Sales;; 1, and capital expenditure in

period t + 1, log Cap X411

Dependent;; =0y + S1TradeSpilly; + BoTradeSpillCurrents
+ B3TradeSpill;; x PositiveRD;; + ByTradeSpillCurrent;; x Positive R& D,

+ BsPositive R&D;; + BgInnovShock; + T' Xy + 6; + ny + €4 (4.4)

Columns 1 and 2 suggest that the positive impact of technology spillover accrue only to firms which
themselves innovation. In fact, downstream innovation shocks negatively predict future capital

expenditure for firms which do not innovate.

5 Quantitative Exercise

In this section, I use the model to understand the macroeconomic importance of sorting and
feedback. Subsection 5.1 discusses the calibration of the model. Subsection 5.2 considers the
impact of sorting—the ability of an individual downstream firm to choose its optimal bundle—on
the downstream firm’s value and innovation decision. Subsection 5.3 considers the impact of sorting
and feedback separately and together on output and R&D. Subsection 5.3 considers the impact of
feedback on the propagation of an innovation subsidy to firms in the downstream and upstream

sector, separately and together. Finally, subsection 5.5 considers the impact of a discount rate shock
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TABLE III — Heterogenous Impact of Downstream and Upstream Technology Shocks

0 @ ® @ ®) ©)
ChgTobinsQ LogSale(t+1) LogCapX(t+1) ChgTobinsQ LogSale(t+1) LogCapX(t+1)

Spill 0.157 -0.528 -1.753*** 0.320 0.155 -0.503
(0.567) (0.539) (0.668) (0.241) (0.183) (0.470)

SpillCurrent 0.129 -0.050 -0.082 -0.080 0.106*** 0.006
(0.116) (0.111) (0.138) (0.052) (0.035) (0.090)

Spill X Positive R&D 1.952%** 1.003* 3.057*** 0.019 -0.229 0.500
(0.588) (0.577) (0.715) (0.267) (0.191) (0.490)

SpillCurrent X Positive R&D -0.132 -0.022 0.139 0.124** -0.008 0.003
(0.128) (0.128) (0.158) (0.058) (0.039) (0.101)

InnovShock 0.671** 0.038 -0.013 0.409*** -0.016 0.087
(0.042) (0.049) (0.061) (0.039) (0.027) (0.070)

Positive R&D 0.078** -0.113*** -0.198*** 0.257*** -0.085*** 0.026
(0.033) (0.028) (0.035) (0.049) (0.027) (0.070)

r2 0.530 0.975 0.946 0.493 0.991 0.950

n 10571 24899 24899 5014 12488 12488

F 468 2780 1009 174 3776 992

Partner Downstream  Downstream Downstream Upstream Upstream Upstream

Sample All All All All All All

FE Firm, Year Firm, Year Firm, Year Firm, Year Firm, Year Firm, Year

Standard errors in parentheses
*p < .10, * p<.05 " p<.01

Note: This table presents the results of equation 4.2 for downstream and upstream firms. Column 1 evaluate the impact innovation
shocks by downstream partners interacted with a dummy corresponding to whether the firm innovates on the contemporaneous change
in firm valuation as measured by Tobin’s Q. Columns 2 and 3 evaluate the impact on next year sales and capital expenditure. Columns

4 to 6 evaluate the impact of innovation shocks by upstream partners.

FIGURE 7 — Calibration

Parameter Source//Target |
v 3 Across-Sector Elasticity of Substitution = Beta of Upstream to Downstream R&D Intensity = .45
ks,1l— ko .35 Coeflicient on Upstream Quality Upstream R&D/Total R&D = 40%
o A7 Coefficient on Innovation Production Fn Total R&D/GDP = 2.7%
/L% /L 0.004 Linear Cost of Production % of Profits of Top Decile within Sector = 39%

n,€ 4 Within-Sector Elasticity of Substitution Atkeson and Burstein (2008)
13 .5 Concavity of Innovation Production Fn Blundell, Griffith, and Windmeijer (2002)
B .97 Discount Factor Acemoglu et al (2013) and others
v .075 Probability of Exit % of Firms that Exit

pr (aH ) .75 Probability New Firm Innovates % of New Firms which Innovate

to innovation and output.

5.1 Calibration

I calibrate the model using a combination of parameter estimates common in the literature and
estimates derived from targeted moments as shown in Figure 7. I set an annual discount factor
of B = 0.97. I follow the innovation literature and set the elasticity of successful innovation as
¢ = .5, consistent with elasticities estimated by Blundell et al. [2002] and Hall and Ziedonis [2001].
Consistent with my Compustat sample, 1 set the probability a firm exits as 7.5 percent and the

probability a new firm is innovative as 75 percent. Following Atkeson and Burstein [2008] and
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FIGURE 8 — Impact of Sorting on Downstream Profits and Innovation

(A) Downstream Profits (B) Downstream Quality Over Time
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Note: The left panel compares downstream profits under four scenarios: (i) the downstream firm only has access to the bundle used by
the lowest quality downstream firm, (ii) the downstream firm only has access to the bundle used by the highest quality downstream firm,
(iii) the downstream firm uses an equal share of all upstream firms wy, = 1 and (iv) the downstream firm can flexibly choose its optimal
bundle given the upstream distribution. The right panel plots average quality z¢ over time for a downstream firm starting at Zr(r/:in‘

others, I use a within-sector elasticity of substitution for both sectors of n = € = 4.

I target four parameters in the data. First, I target the coefficient on the innovation production
function of innovative upstream and downstream firms o to match an average R&D to GDP over
the sample period of 2.7%. I target the normalized unit cost of production to match the percent
of profits within a period attributable to the top ten percent of firms within a sector of 39 percent.
I target the across-sector elasticity of substitution to match the regression coefficient of 0.45 as
estimated in Table I to reflect the coefficient on average R&D intensity of downstream partners
as it predicts upstream R&D intensity. Finally, financial and supply chain data from Computstat
suggest that about 40 percent of R&D and patents are produced by firms which list at least one
firm as an important downstream partner. I use this moment to target the coefficient on upstream

quality ks = 1 — k¢ to reflect R&D invested upstream as a fraction of total R&D.
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FIGURE 9 — Impact of Sorting on Downstream Value and Upstream Allocation

(A) Downstream Profits (B) Upstream Allocation
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Note: The left panel compares the value of a downstream firm for different downstream qualities under three scenarios (i) if it is

matched to the upstream bundle chosen by the worst quality downstream firm (ii) if it is matched to the upstream bundle chosen by the
best quality downstream firm and (iii) if it is able to choose its allocation across all upstream bundles. Values are expressed as a percent
of the value of the firm without sorting, if it must choose equal weights across all upstream firms. The right panel plots the trajectory of

a downstream firm which starts at Zl({:in’ again comparing (i) if it is matched to the upstream bundle chosen by the worst quality

downstream firm (ii) if it is matched to the upstream bundle chosen by the best quality downstream firm and (iii) if it is able to choose
its allocation across all upstream bundles and (iv) if it must choose equal weights across upstream firms. The arrows correspond to the
average movement across three periods.

5.2 Impact of Sorting for Downstream Firms

In the baseline model, downstream firms choose their optimal upstream quality across a range
of upstream qualities determined by the upstream distribution. This decision depends on both the
price schedule of the upstream bundle g (25 ) and, critically, the quality of the downstream firm’s own
blueprint. Because supply chain relationships are not random—higher quality downstream firms
endogenously choose higher quality suppliers—this poses a challenge understanding the relative
value of matching with higher quality suppliers. Within the context of the model, I can shut
down sorting—the ability of firms to choose their partners—and compare downstream value and
innovation to counterfactuals in which they are permanently matched to different partners.

To understand the partial equilibrium value of the supply chain relationship and the ability to
endogenously choose their partners from the perspective of individual downstream firms, in the left

panel of Figure 8, I compare profits of a downstream firm in the baseline economy (blue) which can
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endogenously sort with three counterfactuals where the downstream firm faces the same upstream
quality distribution and price schedule but must choose (i) the bundle chosen by the lower quality
downstream firm (gray), (ii) the bundle chosen by the highest quality downstream firm (black), and
(iii) an equal weighted bundle of all upstream firms (red). The right panel of Figure 8 plots across
time the average quality of a downstream firm which begins at the minimum quality, reflecting the
innovation decisions of the downstream firm.

As shown in the right panel of Figure 8, downstream firms which are permanently matched with
the higher quality upstream bundle innovate more and grow faster. Compared to being matched
with either the low quality bundle or the equal-weighted bundle, they achieve a higher maximum
quality. However, this comes at the cost of earlier profits, which are lower than if the firm were
matched with the equal-weighted or lower quality bundle. Endogenous sorting (blue) enables all
downstream firms to achieve weakly higher profits than compared to the three counterfactuals, with
benefits from choice accruing most to firms at the extremes of the quality distribution. However,
as shown in the right panel of 8, lower quality downstream firms initially grow slower.

The left panel of Figure 9 shows the value of sorting, comparing the value of the downstream
firm as a percent of firm value when matched with the equal-weighted bundle (i) with endogenous
sorting, (ii) if permanently matched to the low quality bundle, and (iii) if permanently matched to
the high quality bundle. As before, compared to the equal-weighted bundle, sorting benefits firms

at the extremes of the downstream quality distribution.

5.3 Impact of Sorting and Feedback on Output
In this subsection, I evaluate the impact of sorting and feedback on aggregate output in the
economy. Given that firms are atomistic, the broader economy is insulated from the outcomes of

any single firm. Therefore, to understand the iterative feedback between supply chain partners—
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FIGURE 10 — Impact of Sorting and Feedback
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Note: The left panel compares baseline output and R&D with both feedback and sorting to 3 counterfactual scenarios: (i) with
feedback but without sorting (ii) without feedback but with sorting and (iii) without feedback or sorting. Amounts are expressed as a
percent of the baseline. The right panel compares innovation in the economy with feedback but without sorting to the baseline for
different levels of downstream and upstream quality. Without sorting, R&D increases for lower quality downstream firms and higher
quality upstream firms.

specifically how innovation shifts profits and induces further development—a general equilibrium
perspective is critical. Hence in this section, I construct two counterfactual economies where I allow
either the downstream sector can innovate or the upstream sector can innovate separately. This
gives me R&D investment and distributions of the downstream and upstream sector, respectively,
without feedback between the sectors. I then construct a third counterfactual economy—the econ-
omy without feedback—for which aggregate output is calculated given the distributions generated
by these counterfactual economies. The third column of the left panel of Figure 10 presents output
in the counterfactual economy without feedback but with sorting as a percent of the baseline econ-
omy with both sorting and feedback. Compared the the baseline economy, overall R&D is much
lower and output is 29 percent lower, suggesting the amplification from feedback along the supply
chain is quantitatively important to understanding innovation and aggregate output.

In the previous subsection, I considered the partial equilibrium effect of sorting to an individual
downstream firm. However, if all downstream firms cannot endogenously choose their upstream

suppliers, but must instead source equal weights from all upstream firms, this will change the
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elasticity of demand faced by upstream firms and hence optimal prices—upstream firms will instead
set py = C%lws 2 asif fiy, = 0 for all k € K. Sorting has two effects: it increases allocative efficiency
from the complementarity across inputs, but may result in increased upstream markups. Indeed,
as shown in Figure 10, without sorting, output is 21 percent lower, but R&D is higher. The right
panel of Figure 10 compares upstream and downstream R&D at different quality levels with and
without sorting. Without sorting, lower quality downstream firms and higher quality upstream
firms innovate more.

Taken together, my results indicate that firm sorting and sectorial feedback account for approx-
imately one-fifth of output and they interact to amplify the impact of spillovers. Without feedback,
perhaps counterintuitively, enabling downstream firms to endogenously choose their upstream part-
ners, results in lower aggregate output because these upstream partners can command higher prices.
Without sorting, however, feedback is less effective, since sorting means that higher quality firms,

particularly downstream firms, are responding to higher quality partners, and thus innovating more.

5.4 Feedback on Propagation of R&D Tax Credits

In this subsection, I consider the impact of feedback on output and R&D for a 10 percent subsidy
to R&D expenditure by (i) downstream firms, (ii) upstream firms, and (iii) both upstream and
downstream firms. As in the previous subsection, to understand the impact of feedback, I consider
how each distribution evolves when the other distribution is held fixed. As shown in the left panel
of Figure 11, feedback serves to amplify the impact of the downstream R&D subsidy, increasing the
impact on output from 0.6 percent to 4.1 percent. When upstream firms also innovate, downstream
firms respond by innovating more, amplifying the effect of the initial tax credit. Furthermore,
feedback amplifies the effect of a R&D subsidy to both sectors, increasing the impact on output

from 2.2 percent without feedback to 10.5 percent with feedback. Finally, as shown in the left panel
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FIGURE 11 — Impact of R&D Tax Credits
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Note: The left panel plots the impact of a (i) a 10 percent downstream R&D subsidy (ii) a 10 percent upstream R&D subsidy and (ii) a
10 percent R&D subsidy to both upstream and downstream firms with and without feedback. The right panel plots the change in
profits after the R&D subsidy for downstream and upstream firms when there is innovation feedback.

of Figure 11, the uniform R&D tax credit has a heterogeneous effect on quality: profits increase

more for higher quality upstream and and downstream firms. For lower quality upstream firms, the

negative effect from reallocation dominates, resulting in lower profits.

5.5 Feedback on Propagation of Discount Rate Shock

The previous subsection demonstrated that feedback along the supply chain plays an important

role in the propagation of R&D subsidies. Moreover, due to the heterogeneous impact of innovation

spillovers, R&D subsidies which are uniform across firms, can differentially benefit higher quality,

more innovative firms. In this subsection, I consider the impact of a transitory shock with perfect

foresight to the discount factor, increasing the discount factor by 1 p.p. with a decay rate of 0.9,

on aggregate output. To understand the impact of feedback, in Figure 12 I consider the change

to output under the baseline economy with feedback where both sectors innovate and evolve to

three counterfactuals: (i) the downstream sector innovates and the upstream distribution does not

change (blue), (ii) the upstream sector innovates and the downstream distribution does not change
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FIGURE 12 — Impact of Discount Rate Shock
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Note: The left panel plots output after a transitory discount rate shock under the baseline economy with feedback compared to output
if (i) only downstream firms innovated (ii) only upstream firms innovated and (iii) without feedback. The right panel plots difference
between the change in profits for high R&D and low R&D upstream and downstream firms with and without feedback.

(red), and (iii) without feedback (dotted line) where the downstream sector and upstream sector
evolve as in (i) and (ii). If only the downstream sector innovates, the increased patience from
the discount rate shock has a muted effect because returns to innovation by downstream firms are
still constrained by the upstream distribution. Upstream firms similarly innovate less when the
downstream sector does not evolve.

Comparing the baseline with feedback to the counterfactual without feedback, we see that
feedback along the supply chain amplifies and prolongs the impact of the discount rate shock,
since the upstream and downstream distributions are slow moving, reinforcing an increased level of
innovation even after the shock has dissipated. Furthermore, as shown in the right panel, profits of
higher quality, innovative firms, benefit more from the discount rate shock, and this is due in part
to the feedback effect along the supply chain.

Finally, consistent with feedback being important for the propagation of discount rate shocks, I

consider whether the value of firms with more innovative supply chain respond more fluctuations in

the discount rate. For each firm, I estimate the beta of the firm’s log returns over a 5 year window

53



FI1GURE 13 — Impact of Partner Innovation on Response to Discount Rate Changes
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Note: For each firm-year, monthly log returns for the subsequent 60 months are regressed on changes to discount rates inverse of the
CAPE-Shiller index. Then firm-years are sorted into 100 bins based on downstream R&D intensity. Each circle reflects the average
coefficient after controlling for the firm’s own R&D intensity.

on changes to the discount rate as measured by the inverse to the CAPE-Shiller index. Figure
13 plots a binscatter of this beta against the average R&D intensity of each firm’s downstream
partners over the same period controlling for the firm’s own R&D intensity. Consistent with the
model, valuations of firms with more innovative downstream partners respond to discount rate rate

fluctuations.

6 Conclusion

This paper advances our understanding of both innovation and production networks by introduc-
ing a novel framework to understand innovation spillover along endogenous supply chains, offering
insights into how supply chains impact firm value and how innovation spillovers propagate both at
the sector level and at the firm-level.

Given motivating evidence of innovation spillovers along the supply chain and positive assorta-
tive matching in innovation by supply chain partners from U.S. public firms, I introduce a tractable,
dynamic, heterogeneous-firm model which endogenizes both the intensity of the supply chain rela-

tionships and the innovation decisions of firms in general equilibrium. Firm value depends not only
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on the firm’s own decisions and intellectual capital but also on the intangible capital embodied in
their supply chain relationships. Innovation along the supply chain impact firm returns and inno-
vation. Complementarity of product inputs in two dimensions along the supply chain—quantity
and quality—interact to generate both positive sorting in supply chain relationships and innovation
spillover. This complementarity which creates innovation spillovers as quality improvements by
supply chain partners increase returns to innovation, also results in decreasing returns to improving
firms’ own quality, since the firms are constrained by the quality of firms connected along the supply
chain, meaning firm growth endogenously slows with age.

The paper underlines the importance of supply chain choice for input prices, firm value, and
innovation propagation. Downstream production requires upstream inputs which are perfectly
substitutable in quantities but imperfectly in quality. This provides a tractable means of modeling
many-to-many supply chain relationships which endogenously vary with upstream and downstream
quality. In the model, observed elasticity of substitutions between upstream inputs depends on
both upstream and downstream quality, since upstream firms which are similar in quality are
effectively more substitutable. Because complementarity means that higher quality downstream
firms are less price elastic, the model endogenously generates variation in upstream markups, where
markups increase with the difference between upstream and downstream quality—price increases
reflect downstream firms reaching for quality which enable high quality upstream firms to extract
greater rents. Counterintuitively, increased choice in quality by downstream firms across upstream
inputs increases upstream prices and markups.

Endogenous supply chain relationships combined with product complementarity provide an im-
portant mechanism by which innovation spillovers induce reallocation along supply chain relation-
ships and change input prices as a function of quality, impacting firm valuation and returns to

innovation. Downstream (upstream) quality improvements steepen (flatten) this price schedule.
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Both widen the distance in profits and valuations between high and low quality firms and further
increase incentives to innovate.

Empirically, the paper validates the main predictions of the model and provides evidence that
trade relationships are important to innovation spillovers along the supply chain. Using firm-level
variation in R&D tax credit, I provide evidence that innovations by supply chain partners propa-
gate through trade relationships to increase firm innovation, valuations, and returns to innovation,
and that these results are robust to controlling for knowledge spillovers. Consistent with supply
chain relationships being endogenous and innovation being forward looking, I show that innova-
tion spillovers can propagate from both current and potential supply chain relationships and that
spillovers propagate heterogeneously, improving firm value only when the firm itself innovates.

The model also provides a vehicle for understanding the importance of endogenous relationships
for firm-level outcomes and the importance of sorting and feedback for aggregate outcomes in general
equilibrium. I show that when downstream firms are able to endogenously choose their partners,
they achieve higher profits, and innovate further, but may innovate less at lower quality levels.
Sorting ultimately benefits firms at the extremes of the quality distribution. The paper offers novel
insights into how sorting and feedback together are crucial to understanding aggregate outcomes.
In the model, both quality distributions determine profits which influence innovation decisions
which in turn endogenously shape quality distributions. Without feedback, sorting might reduce
output since upstream firms can command greater rents. Without sorting, feedback is less effective
because high quality downstream firms cannot match and respond more to high quality upstream
firms. These mechanisms have important implications to industrial policy and anti-trust, fiscal and
monetary policy, and asset pricing. Supply chain relationships are a valuable source of intangible
capital and firms benefit from coordination along the supply chain, providing incentives for vertical

integration. Spillovers along these relationships amplify efforts from industrial and fiscal policy to
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increase growth through innovation subsidies. Endogenous sorting and feedback along the supply
chain impact the propagation discount rates shocks, with aggregate and cross-sectional implications

relevant to both monetary policy and asset pricing.
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A  Model

A.1 Price minimization problem g

A.1.1 Solution to price minimization problem

The price minimization problem is

1 1 -1 =1 1
g (Ef) = min / wikpfdk st {/ (wikz,f) ¢ dk} = Zl-s and / wi =1
0 0 0

{wik}keK

B

Let A; and p; be the multipliers on each constraint. Then

¢

Al

=1 _ _
PE 4= (29)° (28) © (win) ¢ = wi =25 (5) () (0 + )

Summing across k, gives us the following relationships between ﬁf, Wi, and Ag:
B+ = Az

1= )\giiS.AoZ'
P = (o) " A

where Ag; = fol (z,f)gfl (pf + ,ui) ¢ dk and Ay = 01 pf (z;?)cfl (pf + ,ui) ~¢ dk are functions of ;. Thus

the weight to firm k& can be expressed as
_ —1 -
wie = (A5") ()" (P + )

Thus for any ZZS we can find u; which solves

1 < 1 1 25
70 = (Aio) ST [p° + ] = [(Aio)Z pi + (Aig)e Ail} -

The multiplier on the constraint takes values ;g € (—ﬁiin, OO) where ﬁiin = mingeg pg ) ZZ-S and ﬁf are

monotonically increasing in p;o (proven later). Note, if ®° is discrete with probability weights {qﬁf} keK

for qualities {z,f then w;, = wik/d)f where wﬁf is the allocation to type k.

Frex
A.1.2 Domain of g
Observe that g has domain z° € [0 z5

) max] where

1 1 (T 1
Eflax = max [/ (wisz) ¢ dk] st / widk =1
0 0

{wz‘k}keK

which has solution
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Since the downstream firm must choose measure 1 of the upstream input, and firms are atomistic, z
if the firm allocates w;; = 1 to goods from a single firm. However, with the minimum per unit price
piin = min {pf } heK: At that price, if the set of firms which offer the minimum prices is not atomistic, the
firm might be able to achieve a higher 2%, which it would strictly prefer. Indeed, the relevant domain of g

is 29 € [zmm,fflax] where

¢
1 (-1 -1 1 1
Eflin = max {/ (wzkz,f) ¢ dk} st / wikpfdk :ﬁiin and / wipdk =1
0 0 0

{wik}keK

This has solution

P = (Aoi) " Ay

_ _ _ _ < 1
where Ags = J1 (=) (o 4+ 1)~ b and Ay, = J7 9 (o)1 (o + )~ dband 255, = (55 4+ 11) 5T (Ao) .
A.1.3 g is convex, p° and z° increasing in u

Proposition. Define price minimization function g as

1 1 -1 =1 1
g (ZZS) = min / wikp;jdk: st [/ (wikzlf) ¢ dk] =z and / wirdk =1
0 0 0

{wik}keK

P

If ¢ > 1, then g is convex.

Proof. Define z° (w;) and p° (w;)as the aggregate quality and price achieved given allocation w; = {wik }ye -

s ! s\ = s Lo
zZ° (w;) = [/ (w,-kzk) ¢ dk] p° (w;) :/ wikpr dk
0 0
1
Let m (w;) = fol (wikz,f ) ¢ dk. The Hessian matrix of m is diagonal matrix with elements

1—¢ 1y, g L
S ()T ¢
2 (wik) ¢ (Zk)
Since for ¢ > 1, all elements are non positive, m is quasi-concave. Hence monotonic increasing transforma-
. S . . _ . . .
tion 2% (w;)=[m (w;)] 7 is quasi concave. Since z° (w;) is homogeneous of degree 1 and quasi concave, it
is also concave. The inverse of the downstream firm’s price minimization problem can be characterized by

quality maximization problem h = ¢!

¢
1 =1 -1 1 1
h(zf) = max [/ (wzkz,‘g) ¢ dk} st / wikpgdk :ﬁf and / wip =1
0 0 0

{wik}keK
It is straightforward to show h is also concave. Consider ,?Og =h (ﬁg ) and 215 =h (ﬁf ) where ﬁf > ;Bg
with optimal allocations wg and wq, respectively. Trivially, 2‘19 > 269 . Consider A € (0,1) and allocation

S

wy = (1 — A) wg + A\w;. Since z° is concave

729> (1N 25 + Az



We can also verify

Zwkk—lf ZkaJr)\Zwlk—l

keK keK keK
Py = dpewae = (1-X) > prwor + A > prwip = (1= A)pj + Ap?
ek ek ek

Hence h is concave. Since g = h™!, g is convex. m

S S

Corollary. On domain z° € [Zmin,fflax], price function p° = g (Zs) 18 monotonically increasing and

CONVET.

Proof. A convex function achieves at most 1 minimum. Since this occurs at Zriinv g is monotonically
ZS

increasing and convex on domain 7% € [ZS o ax

min’ ] u
Proposition. If { > 1, then % >0
Proof. Recall that p% = (Ag) ™' A;. Thus

dp®

e ¢ (Ao) ™ [p% (A2) — (A3)]

where Ay = [ (29)°7" (pf + 1) dk and Ay = [} (=5) (of + ) dk
and A3z = 01 Py (35)4*1 (p + 1) "' dk. Since ¢ > 1, and Ay > 0, it is sufficient to show that p% (Az) —
(A3) > 0. Define

W= / ) dk
wzk—W(Zf)C_ (0f +p) "

Then

1 1
p° (A2) — (A3) —/ 55 —pf) (5) 0 )k = W/ (p° — i) Windk
0 0

Observe that since ¢ > 1
1 1
P’ = / prwdk > / Py dk
0 0

Proposition. If{ > 1, then >0

Thus 5% (As) — (A3) >0 =

Proof. Note that 2% = (.Ao)C T (p +P)]C T where Ay = fo (Zk> (pk + ) “Cdk. As ¢>1,and Ay >0,

S
it is sufficient to show that u + p is increasing in pg. Since OET it follows that dzu ]

A.2 Positive Assortative Matching
Proposition. If{ > 1, pk > p], and z5 > z , then wig /wij > Wk /Wm;

Proof. The first order condition of the price minimization problem, given target ZZS , gives

(25) T (wi) T

=

pf-i—,ui =\ (EZS)

3



Thus for firms k,j7 € K

(-1 —
Wik _ 2 PR+ i
Wij ZJS p;-q + i
=S S

If pf > pj, then z’; increasing in p;. Since z; increasing in p;, then Z’)—z’; increasing in z;’. =

Proposition. Suppose € > 1 and v < 1, and price function ¢’ (ZS) >0 and g" (z ) > 0. If 2§ > 2C, then

Zfl* > ZZ-S *. (The optimal upstream basket is increasing in downstream quality).

Proof. The downstream firm solve profit function

() Ao

€

v—1 v—1 o—
where z; = (nc (zzc) v 4+ Kg (25)7> " and v, = wczc +g ( ) Optimal basket choice z satisfies

5 dz 75 4,
1—¢)t =0
2 sz + ( ) v, déf

This equation can be rewritten as F' = eF} + (1 — €) F» = 0 where

55 S\ v S’ 55
z? dz zZ2\ v ayv; zZ; g
P = = Kg <1> and = - qJ (%
zi dz? % \If dz? wczf +g (Ef)g ( ’ )
Since v < , gfg > 0, since ¢/,¢"” > 0°, and dF2 < 0. Recall € > 1.
S
Hence = <0 and d e > 0. Thus by the Implicit Function Theorem, jzc = —% >0. m

C%luk + Cjwszk where [i solves

_ el 1 <—1> <wsz,§+m>]‘l.
1‘/0 P [c*( A ET VI

Proof. Upstream firm k with quality zk faces demand :L‘k = fO di where :1:5c = wikazic and

Proposition. Upstream firms choose pf =

wh = af (st)c_l (Aio) " (pf + m)_c

Upstream firms take a: , Ao, and p; as given for all ¢ € I and set the ratio of revenue to gross margin equal

to elasticity of demand
Pi _ dxk / l’k
- 7/15215 / P

The price elasticity it faces is a quantity-weighted average of downstream price elasticity of demand

dpy) /pk 0 dpk /pk

5Since ¢ convex, elasticity of price with respect to upstream quality % is increasing in upstream quality

Zi

]



where elasticity of demand of ¢ for firm k’s input is increasing in pf and decreasing in p;. That is, demand

by higher quality downstream firms is less responsive to price.

dxfk/sz pf
dpf /oy Cpp

1,8 S S8
1:/ %<pk—w %)di
¢ Jo g \ pY 4w

Substituting p = Cl Tk + stzk , then

1.8 . ) S5\ 1L
1:/ %<1+<C 1) “’+¢Sz’g> di
0 Lk ¢ ¢ i+ z,

Hence the optimal price satisfies

[
Proposition. p? is increasing in 22
p - Pk g k-

Proof. Recall that upstream firms choose pf such that

1 /1x ( — 52 ) ,
== S di
C 0 Ly p]g_’_lu'z

c

Note xf = fol xicl;di where zj; = wlk:czc Thus the previous equation can be rewritten as follows where
F=0.

~1 ~1] .
F= / S, { — o 2) T = (pf + i) } di
Recall that w;;, = ( S)C_1 (.Aio)_1 (pf%—ui)_g. Substituting (Zf%f = ((—-1) 7“;’%5“, CZ’;%’“ = _Cp,fj—km’ and

F =0, we can evaluate 2 d—s and j—f;

dF Lo Y 5,8\2
dz"f:/o Z; ’U)ikf (pk.—d) Zk) dl

Since pf—wsz,‘j> ’ds > 0. Next, 4 dS = —1; — (Zs where
e 1 s 5.5 —2 s -2| .
0

1 1 _ B B .
o= [ L) ) - 08 )

By Jensen’s Inequality Z; > 0. Then Zs > 7y — (Z; where

1
T —CT = (pf] —052) F+ (¢ — 1)/ oCwi, (pf + i) i > 0
0



dF .. . dpy
s <0 Thus, by Implicit Function Theorem, —% =
Dy dzy,

NoteF—Oandpf+ui>0and§>1 Hence

dF/dzg
Proposition. [Positive Assortative Matching] Suppose €, > 1 and v < 1. If z > z and zk > zs then

Wik /Wij > Wink /Wiy -
Proof. Since ¢ > 1, pk, > pS Since € > 1 and v < 1, if 2§ > z then optimal basket 25 > z SO fhm > L.

]
, and price schedule g ( ) define

Thus wik/wij > Wk /W
A.3 Downstream Profits
Definition. Given downstream quality z

unit costs faced by the downstream firm as
U =92 +g (27)
W;, profits for a downstream firm with

, chosen upstream quality z

€
= (%) L and optimal price p;

i

Substituting demand =
blueprint quality z;” can be expressed as

-1\ 1
<€ : > I3 (Zz)e (\I/i)l_e
c /. C
C) = Cflzlc;?c , can be expressed as

)

dzi [z
1 _
U9 Gere

The elasticity of downstream profits to its own quality, ¢© (z
dv; /v,
Cc(.C % 7
e = €
v (=) d2C /2

can be expressed as

dzi/zi g = av; /¥, ¢
where dszZ,LC = ko (%) and C;z wcz\y—i.
Cc /. C
The cross elasticity of downstream profits to upstream quality, ¢€ (zzc ) = Cfgsg% ,
dz;i/zi av; /v,
~C (.C i/ < % A
z)=e——<+ (1 —¢)———=<
P = e T
dv; /v, _g\ 27
(%) ;-
S SzS
_ d\I/Z \Iji fdj z
°z°, then dzisézf =< 1%_
Frex

dzi/z; Z; v
where diisjzzs = RS (%) and dz? |z}
If all downstream firms choose z° = z° with price g ( )
Proposition. Suppose e > 1, v < 1, g convex, and e+ (1 — €) wc < 0. For given upstream prices {pk

C
7

¢

and upstream distribution ®°, there exists threshold 2¢* < zC** such that
1. For z& < 2¢*, downstream profits 7€ (zzo ) are increasing and convex in z
(2

¢
03 )
2. For 2¢* < 2¢ < 2¢** downstream profits are increasing and concave in z

3. For zl-C > 20** downstream profits are decreasing z



— 0

) j;;gg , j‘;gg’g — 1, and ¢© (zzc) — (1 —¢) < 0. Thus there exists z&** where
A 7 7 7 c

@€ (zc**) = 0. Moreover, for zic < 20 7¢ (ZZC) are increasing in z;”, and decreasing otherwise. The

Proof. As ziC — 00

second derivative of profits can be expressed as

Gl K G e dp® (=)
T e - g
where $C €
c(,C B o\ "y 2
de (5 ) _ ot =L (Z) fog )
dz; Zi PpC2C
(1+5)

. dp© (2
Since € > 1 and v < 1, % < 0. As zlc — 20 (ZZC) — 0. Hence dcfgcf < 0. Observe that for
7 Zi

ik o 0, establishing lower threshold z¢*. Intuitively, when ®° is

(=€)

held constant, there are decreasing returns to increasing ziC . However, increasing z

% (zZC ) sufficiently large, such that

C

7 is accompanied by

linearly increasing blueprint cost. For zic > 2¢** the latter dominates the former. m
Proposition. Suppose € > 1, v < 1, and g convex and all firms use bundle quality z° with price g (ZS) =
4751 555

1. Threshold z¢** increases with upstream quality z°.

2. Elasticity ¢¢ (zzc ) increases with z° and cross elasticity ¢ (zZC ) increases with zic .

3. There exists threshold z¢*** such that for zic > 20" profits are increasing in upstream quality

p¢ (zlc ) > 0, and decreasing otherwise.

Proof. (1) If the upstream distribution is degenerate then, all downstream firms use bundle z° with price
p° = &1/}5 7%, Since v < 1, j;ggg increases with z° and dﬁé;;
2¢** such that ¢ (zc**) = 0 must increase.

(3) Note that

de© (¢ 1— O\ /35\ T 1 S pOpS 20
y )

decrease with z%. Since € > 1, threshold

dzs

Zi

v—1 v—1
dpC () 1 ONT B\ vyt
) _, Vﬁms(%) <> R o LA
” )

dzic 2

(2) As 2¢ =0, ¢ — 1 — € < 0. Since ¢ is continuous and increasing in zic, there exists 2¢*** such that
for z& > 20 3% (2¢) > 0, and ¢ (2F) > 0 otherwise. m

A.4 Upstream Profits

ops .. . . S (.S dnf /md
Definition. Define the elasticity of upstream profits to its own quality as ¢ (zk) = . If all down-

dzf /28
stream firms have homogenous quality zic = z¢, then define the cross elasticity of downstream profits to
S /S
upstream quality ¢° (z;? ) = g:é?:é



Proposition. Suppose €, > 1 and v < 1 and all downstream firms have homogenous quality ziC = 2% with

shadow price p; = p, quantity ¢ = ¢, and aggregate Aip = Ao.

S, S
(1) Profits are increasing in quality, if 1 + d}% > 0 and decreasing otherwise. Define z5** as this
threshold.
Proposition 13. (2) As z,f — 29 S (z,‘j) 18 concave.
Proof. Since all downstream are identical, upstream firm k£ with quality z,‘j optimally chooses pf = C%lu +

Cfglws z;j and face demand

of = (D)0 o (o I+ 0]

Upstream profits can be expressed as a function of its own quality z,f and downstream moments z€, Ao,

S (.8 _ ..C(. S s.sy_ L C_Cxc z’? o
™ (2) = @i (k= Zk)—g_1<c—1) <Ao> <u+w52,§)

-1

and p.

Th .. . S /.S wszf . oy . wszl‘g
us elasticity of profits to upstream quality ¢ (zk) =(C-1)|1+ e is positive provided 1—1—7 >

0. Since < g )
d 2 S,S7
dzy, o
S 25 de (27 L . .
and ¢ > 1, for 1+ Tk > 0, o5 < 0 and the profit function is concave in quality. =
k
(55)/(35)
Proposition. If{ > 1 and p; > wsz,f, then elasticity LT >0
C/.C ) .
Proof. The demand effect can be expressed as the difference between ilélcglc and d:li’_cojféo
AL
d <Tw) / (ﬂ) B deC/mZC _ dAo/Aio
dz¢ /2¢ dz¢ ) 2¢ dzf /2¢
Each term can be expressed as
v—1
dzf Jzf [ deifzi dpic/pic} B ke (29) B PC2E
c/,C c/.C c/,C| v= v= C =S
dz{ [z dz{ [z7  dzf )2 ke () - + kg (25) o Y +p

dAo/ A; ! - ¢\ ¢ - du; ¢
o _ ¢ ( [ 1dk> () ()

C C
dl i / Tq
dz§ [z .. dAio ) A; (Aio) (Aio)
Note djggic always positive. If y1; > ¥92¢ then dzig;zico < 0. Thus B >0 m

Proposition. Suppose €, > 1 and v < 1 and all downstream firms have homogenous quality zzc = 2C.

Then



1. Threshold z°** increases with downstream quality zl-O .

2. Elasticity ¢° (z,f ) increases with z¢ and cross elasticity @ (z,f ) increases with z,f

3. There exists threshold z%*** such that for zf > 20%* profits are increasing in downstream quality

R (z,f ) > 0, and decreasing otherwise.

S increases.

Proof. Recall that since e,¢ > 1 and v < 1, 2% is increasing in both z° and p. Hence z
Cross elasticity of upstream profits to downstream quality can be characterized as the sum the demand

effect which impacts all upstream firms equally and the reallocation effect which benefits higher quality

firms.
d aC c c
5.8y \A) =z 1 z dp
2 (Zk)* dzC (xC)—(C— )mdzic
Ao
S— reallocation
demand

ince i de® (27 dp® (=5
Since 7= > 0, ——~ > 0 and e >0

G G RPN PO . I TR

dz¢ U (p)? dz¢

d® (2}) s 29 dp

—s ==y 5.0 >0

dz (1 +9Sz)" dz
S.S

Observe that for 1 + LA 0, the demand effect is positive, and for sufficiently high zf , P (z,f ) > 0.
Hence for z,f > 25 where ¢ (zs***) = 0, upstream profits are increasing in downstream quality. m

A.5 Upstream firm quality z,f € {z@q, zf}
Suppose the upstream distribution is discrete with K qualities. Given allocation w where wi = ¢pwy,

upstream basket quality and price can be expressed as
=S s, sk - S
27 (w) = [Z P (Zk ¢5> ] ) P (w) = Z Wk Pk
keK k keK

Consider the special case where upstream firms can be either high or low quality: z,f € {z()g ,zf }, with

fraction ¢° of upstream firms having higher quality zf > z@g . Then

=

5 () = [(¢§) (o) T+ (65) (wlsz?]

p° (w) = wopfy + wip?
1 =1 1 =1
Define m (w) = (¢§) ¢ (woz5) ¢ + (¢7)¢ (w1zf) ¢ . Then
sy SN S S
dm (w) _ _1 (woz(]) 13 +} <w1?> 3 PN uu? WOZ()
doy ¢\ &3 ¢\ o7 b7 b0



S
Hence there exists threshold wi* = Zi(bs such that for w; > wi™, dz;gw) ¢(1 “) > 0.
§+25 %
97

If prices do not change with qb then neither does p° (w). Note that z° is monotonic in w;. Thus

as @7 increases, there exists threshold z5** = 2% ([1 — wi*, wi*]) such basket z7 becomes less expensive if

75%* and vice versa. Since z-C

Cxx

z >z is increasing in optimal basket zS there exists threshold z¢** such that

for z > z%**. Since downstream firm ¢ can achieve the original basket zi at lower cost profits under its
original w serve as a lower bound, and any changes to w must improve profits. For these firms, profits are

. L dr®
increasing in ¢7: G > 0. Note that

dd)c
dl C =S V: dzs ¢° S
aoem oA Z +(1- ) ¢
dlog qbf % dqbc B v, d(;S
Downstream profits are increasing in qﬁf provided
dz? 1
de-S:d¢f> e—1 2 i ”>0
dﬁf ZZ;Z € U,kg \ 2
1
where
=1 =1
dZ;g _ 1 [Zs]% <OJ1ZIS> ¢ _ <(JJ02’OS> ¢
dof  ¢-17" 7 a
dp; _ . d§ .t
oS~ Vdgd T ags
1 1 1
If wi < wi™, 7 ¢S < 0: as ¢ increase firm 4 chooses lower basket quality zS Note that 7 ¢S < 0 and
dp0

365 > 0: as the share of high quality upstream firms increase prices of competing high quality firms fall.
1

. . .. dp? z5 dn© (2
In this region, if % > 0 then % < 0 so ﬂdés ) < 0.

A.6 Sorting

Measuring Relationships Persistence

Defining A;i as the expected percent of the relationship that is lost from period ¢ to ¢t + 1

Wikt — Wikt+1
A= [ (M 221 )
Wikt

If neither firms innovate, if the economy is at its stationary equilibrium, then
Ajge =1—(1-9%) (1-¢%)

where ¢° and ¢© is the exogenous probability the firm exists. If the firm innovates, then A, increases.
Then

M= (1= (=09 (0] + (L= 8) (1= 0%) 37 307 (50 56 7 (e | 5 e (2282 )

Wikt

C S
1—bothsurvive bothsurvive Zit+1 Fhi41
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This measure can be aggregated to the firm and sector level

1
AY = / Wikt A dk
0

1
Af‘:/ ASdi
0

Limits to Sorting
Alternatively, suppose instead of being fully flexible, downstream firms cannot choose fraction 7 of their
suppliers. Then

d}ik:T—l-(l—T)wik

Suppose firms act disjointly and choose wjy, as if solving the original problem. Then

1 ¢-1 ¢—1
Pad (wg) = [/ (T+ (1 —7)wg) ¢ (z;g) < dk]
0
1 1
P ) =7 [ ik (=7 [l
0 0
Recall w;, = (.Aail) (z;?)c_l (pg -+ ,ui) . Then

e () =7 (&) @) S+ 1= (Aa) ()T (o )
N—————

1 1
T = / inkdi = / ’lf)kxicd’i
0 0

S S\¢—1 S\ —¢ ! C i: Sy¢—1 ! “1\ C /.S —C .
ap = () (%) /Oxidl+(zk) (1—7)/0 (AG) of (PR + )~ di

Hence demand can be expressed as

and upstream firms solve
S (S S.S
max xj, (pk — Zk)

S dl’f S 1SS\ _
xk+dp£ (pk —¢72) =0
day sye1 o sv—-1 [T oo sve1 (1o s -1 .
= DT [ ca - DT [ A o€ o ) e
k

Then pf solves

1 1
7 (p7) C/O w?di+(1—7)/0 (A 28 (pf + i)~ di

1 1
—C (pf —0%28) [T )~ / 2Cdi+(1—1) / (A 28 (pf + ) <M di| =0
0 0
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Recall that previously

1 =1
o= | [T T = ) @)

and Wy min = q%sl {pf = min {ps}}.

B Empirical Evidence

B.1 Construction of R&D tax credits

Since supplier and customer firms R&D investment decisions may coincide for many reasons, including
changes to the technology space, this poses an identification challenge. In order to identify the spillover
from the existing supplier customer relationship, I exploit plausibly exogenous firm-level to the user cost
of R&D investment arising from differential firm exposure to state and federal R&D tax credits, following
Wilson [2009] Bloom et al. [2013], and others. I use a two stage approach, where I first instrument each
firm’s R&D intensity on its state and federal user cost of R&D, and then regress the firm’s R&D intensity
on its customers’ predicted R&D intensity.

Firms are differentially exposed to state R&D tax credits due to differences in state-level corporate
income taxes and R&D subsidies rates in conjunction with firm-level differences in exposure to each state.
I follow Bloom, et. al. 2013, and assume each firm’s state user cost of R&D , pst, is proportional to a
weighted average of the state-level user cost of capital, ps, weighted by, Ops, the firm’s R&D exposure to
state k. To measure Oy, | use the the proportion of unique inventors located in state k corresponding to
patents produced by the firm ¢ in the previous 5 years. That is, the firm’s state user cost of R&D, p3,, is
the weighted

50
piy = log (Z 9kstﬁst>
k=1

While federal corporate tax rates and subsidies vary across time, firms also have different federal R&D
user costs cross sectionally due to non-linearities in the percentage of R&D which qualifies for the credit.
Since the goal of this tax credit was to induce additional R&D investment, the subsidy was applied to R&D
only above the firm’s tax applicable base, which at different points in time was a function of either past
R&D or past sales. Moreover, the subsidy was not available to R&D exceeding twice the base. These rules,
among others, induced differences in a firm’s user cost of R&D arising from federal R&D tax credits, pift,
due the firm’s past sales and R&D differences, as well as changes to the tax code over time. I largely follow
Bloom et al. [2013] and Arque-Castells and Spulber [2022] in their estimation of firms’ R&D user cost from
federal R&D tax credits. I use Wilson [2009] and Arque-Castells and Spulber [2022] estimates of state and
federal level corporate tax rates and R&D subsidy rates. With the state and federal user costs in hand,
in the first stage, I project each firm’s R&D expenditure and R&D intensity as predicted by the state and
federal user costs.

lerdy = Yo + y1epis + ’72t,0£5 + it = lardy
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lxrd;

lrdir@ityit =
lsale;;

As before, I define the firm’s instrumented customer R&D intensity as the average predicted R&D intensity

of its customers k =1,..., N

N
S 1 —
customer _lrdintensity; = N ,;_1 Irdintensityi:

In the second stage, to estimate the role of customer R&D on a supplier’s R&D, I regress a firm’s R&D
intensity on the predicted customer R&D intensity. I control for the firm’s own exposure to state and
federal R&D user costs and, to capture changes to the industry environment which may impact innovation,

I include for industry (SIC3) by year fixed effects d;;. Standard errors are bootstrapped.
Irdintensity; = o + Blcustomerﬁntensityit + Bapi; + 53,014; + it + €31
B.2 First Stage

TABLE A.1 — Impact of State and Federal Variation in R&D User Cost on R&D Expenditure

(1) (2) (3)
LogR&D LogR&D LogR&D

LogUserCostState -2.89"*  (0.19)  -3.04**  (0.18)
LogUserCostFederal ~ -1.03***  (0.02) -1.28**  (0.02)
r2 0.93 0.90 0.92
n 49599 65804 145956
F 1102 270 6478
Fixed Effects Firm Year Firm Year Firm Year

Standard errors in parentheses
*p<.10, ¥ p < .05, " p < .01
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TABLE A.3 — Impact of Upstream Technology Shocks on Firm R&D and Valuation

(1) (2) (3) (4) (5) (6)
LogRandD(t+1) LogRandD(t+1) InnovShock InnovShock ChgTobinsQ ChgTobinsQ
TradeSpill 0.327* 0.144 0.227% 0.206™** 0.437** 0.437**
(0.197) (0.201) (0.045) (0.046) (0.205) (0.206)
TradeSpillCurrent 0.016 -0.025 0.015** 0.017* 0.039 0.013
(0.030) (0.039) (0.007) (0.009) (0.033) (0.042)
CitesSpill 0.215%* 0.023* -0.019
(0.052) (0.012) (0.056)
CitesSpillCurrent 0.015 -0.013 0.057
(0.047) (0.011) (0.047)
InnovShock 0.463*** 0.468***
(0.047) (0.047)
r2 0.978 0.978 0.809 0.809 0.525 0.525
n 8238 8238 8551 8551 3051 3051
F 2391 1803 389 305 162 130
Sample RandD>0 RandD>0 RandD>0 RandD>0 RandD>0 RandD>0
FE Firm, Year Firm, Year Firm, Year Firm, Year  Firm, Year Firm, Year

Standard errors in parentheses
*p <10, " p < .05, ** p < .01

B.3 Impact of Upstream R&D Spillover

TABLE A.2 — Impact of Upstream R&D on Firm R&D Intensity

1) 2 ®3) 4) (5) (6) () (8) 9)

RdIntensity RdIntensity RdIntensity RdIntensity RdIntensity PatentsPer PatentValPer  TobinsQ TobinsQ

TradeSpill0 0.02***

(6.20)
TradeSpill 0.02** 0.02** 0.01** 0.01** 0.04*** 0.31*** 0.25*** 0.11**
(2.27) (2.19) (2.54) (2.50) (3.64) (9.61) (8.13) (4.57)
CurrentTradeSpill 0.02*** 0.02*** 0.00** 0.00** 0.00 0.00 0.04*** 0.02*
(6.13) (5.99) (2.51) (2.45) (0.08) (0.54) (4.64) (1.89)
CitesSpill 0.02 0.02 -0.01 -0.29** 0.12
(1.02) (0.73) (-0.15) (-2.08) (1.48)
CurrentCitesSpill 0.01 0.01 -0.04* -0.26*** 0.05
(0.71) (0.85) (-1.68) (-3.47) (0.86)
N 9114 9114 9114 9114 9114 4257 4257 3655 4440
F(trade) 38.39 19.21 18.28 4.90 4.64 6.66 46.54 41.82 10.47
F(cites) 0.56 0.41 1.44 6.54 1.10
F(current) 37.64 18.68 6.29 3.17 1.42 6.21 11.45 3.58
Sample RandD>0 RandD>0 RandD>0 RandD>0 RandD>0 RandD>0 RandD>0 RandD>0  RandD=0
FE Firm, Year Firm, Year Firm, Year Firm, Year Firm, Year Firm, Year = Firm, Year = Firm, Year Firm, Year
v No No No Yes Yes Yes Yes Yes Yes

t statistics in parentheses
*p<.10, " p<.05 7 p<.01
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