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Abstract

This paper studies the conditions for the democratic enactment of industrial policy and
how they compare with the welfare criterion of a social planner. We develop a two-sector
model that integrates learning-by-doing, inter-sectoral spillovers, technological synergies,
and labor-market monopsony. The set of policies supported by the taxed majority is strictly
smaller than the set of welfare-improving policies, opening the possibility that welfare-
improving policies may fail democratically. Enactment requires strong inter-sectoral learning
spillovers, low synergy costs, and a small subsidized sector; monopsony power broadens
support by channeling rents to shareholders through diversified equity holdings. Using
U.S. firm-level customer-supplier data and a novel IV strategy, we identify a small set of
industries—transportation equipment, computer and electronic products, primary metals,
and chemicals—for which industrial policy is politically feasible, aligning with the historical
U.S. policy targets over the past seven decades.
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1 Introduction

In the United States, industrial policy has repeatedly returned to a remarkably stable set of
industries. Transportation equipment has been supported by Department of Defense and NASA
procurement since the 1950s, and remains central to interventions ranging from the 2009 auto
bailouts to the electric-vehicle credits in the 2022 Inflation Reduction Act. Semiconductors were
developed in part through military contracts authorized under the Defense Production Act of
1950, and are now the explicit target of the $52.7 billion CHIPS and Science Act of 2022. Primary
metals have long been protected through the Buy American Act of 1933, Section 232 national-
security tariffs, and successive executive orders, most recently in 2025. Across Democratic
and Republican administrations alike, the United States has repeatedly intervened in the same
narrow slate of manufacturing sectors while leaving most others largely untouched. Why are
these industries politically viable targets of industrial policy when most others are not? And are
the resulting interventions welfare improving?

These questions are difficult because industrial policy is inherently redistributive and it
requires democratic support from voters in non-beneficiary sectors who finance subsidies to
beneficiary sectors (Acemoglu and Robinson, 2008). Voters in the non-beneficiary sectors bear
the costs directly, while benefiting only indirectly from any productivity gains that the subsidies
may eventually generate. Whether welfare-improving industrial policy secures democratic
support therefore depends on how such gains propagate through the economy—via learning-by-
doing in subsidized sectors, technological spillovers across sectors, and the allocation of rents in
imperfectly competitive markets.

This paper develops a unified framework for analyzing these issues and disciplines it using
new data. We build a two-sector, two-period model that incorporates four mechanisms central
to the welfare and political economy of industrial policy: within-sector learning-by-doing,
intersectoral learning spillovers, technological synergies that depend on relative productivity,
and labor-market monopsony power. Industrial policy is modeled as a budget-balanced transfer
to the beneficiary sector, financed by a tax on the non-beneficiary sector. We derive the conditions
under which workers in each sector and a utilitarian social planner support the policy. We then
estimate the structural parameters governing these mechanisms using newly assembled firm-
level customer-supplier data from Compustat and FactSet, covering more than 360,000 customer-
supplier pairs and 18,000 U.S. firms from 1976 to 2020. To identify the synergy and spillover

parameters, we introduce two instruments—pre-relationship flows of senior managers between



firms and pre-relationship size-distance between trading partners—that exploit exogenous
variation in the initial productivity gap at the formation of the trading relationship.

Three findings stand out and together reframe the debate around industrial policy. First,
from a welfare perspective, we show that industrial policy is justified when the beneficiary sector
generates sufficiently strong inter-sectoral learning spillovers, exhibits low synergy costs from
productivity gaps that impair technological synergies, and is small relative to the rest of the
economy. However, the political support condition for workers in the non-beneficiary sector
is more demanding as it requires resulting spillovers to be large enough to offset not only the
cost of the sectoral productivity gap but also the direct tax burden on the non-beneficiary sector.
A non-trivial range of industrial policies is therefore welfare-improving yet democratically
infeasible, and a separate range is politically attractive yet socially suboptimal.

Second, labor-market monopsony power in the subsidized sector—typically viewed as a
distortion to be corrected—acts in our framework as a political lubricant: by channeling rents to
diversified shareholders, it partially offsets the tax burden borne by workers outside the sector
and broadens the democratic support.! This result stands in sharp contrast to the standard result
that treats monopsony and other similar market powers as a market failure to be eliminated.

Third, when we map our industry-level estimates to three-digit NAICS sectors, the small
set of industrial policies that enhance welfare and simultaneously garner democratic support—
Fabricated Metals, Transportation Equipment, Machinery, Computer and Electronic Products,
Primary Metals, and Chemicals—coincides closely with the historical targets of U.S. industrial
policy over the past seven decades. The historical pattern of U.S. industrial policy, in other
words, closely resembles the set of sectors our model identifies as both welfare improving and
politically viable.

Our identification strategy exploits firm-level heterogeneity within narrowly defined sectors.
Within a given three-digit NAICS industry, firms can be ranked by productivity and matched
with customers and suppliers of different productivity ranks. The central identification challenge
is that the productivity gap between a firm and its trading partners is endogenous to unobserved
firm characteristics—organizational capital, technological sophistication—that also influence
performance. We address this with two instruments that predict the productivity gap at the time

the trading relationship was first formed. Pre-relationship flows of senior managers between

'We use labor market monopsony as a tractable stand-in for market power more broadly: any force that
channels a share of profits distributed to shareholders—whether it originates in the labor market or, alternatively, in
product-market markups—generates the same political-economy mechanism we study below.



firms increase the likelihood of matches between firms of similar productivity, providing a
plausibly exogenous source of assortative matching. Pre-relationship differences in firm size
capture a structural trade-off in which large, established firms accept less productive partners in
exchange for scale. Standard diagnostics verify the validity of our IV strategy.

Our study makes one contribution—a quantitative political-economy theory of industrial
policy that connects to data and explain history—built on three pillars. The first is a formal
characterization of when democratic voting yields welfare-improving industrial policy. We
embed heterogeneous, sector-specific workers in an explicit voting framework, derive a closed-
form condition under which the taxed majority supports the policy, prove that this condition
is strictly stronger than the social planner’s welfare criterion, and show how monopsony rents
systematically widen the political-feasibility region. The second pillar is an identification strategy
that uses firm-to-firm trading-relationship data to estimate the spillover and synergy parameters
that govern the welfare and political analysis. The combination of customer-supplier panel
data, and pre-relationship instruments yields causal estimates of both quantities at the firm and
industry level. The third pillar is the mapping from theory to empirical evidence: by computing
the conditions for democratic support at the three-digit NAICS level, we identify the small
set of welfare-improving and politically feasible interventions and show that this set tracks
remarkably well seven decades of U.S. industrial policy. The three pillars together show not only
when industrial policy is welfare-improving in principle, but under what conditions democratic
majorities enact it in practice, and show that those conditions have been met in U.S. history.

The paper builds on and is distinguished from three influential recent contributions on
industrial policy. Bartelme et al. (2025) provide the textbook welfare case for industrial policy
in a quantitative trade model and estimate sector-specific learning rates from international
trade variation. We share their focus on the structural foundations of industrial policy but ask
a complementary question: under what conditions is a welfare-improving industrial policy
politically feasible in a democracy that must finance subsidies through visible taxation? The
gap between welfare-improving and politically feasible policies is the central object of our
analysis. Liu (2019) characterizes optimal sectoral subsidies in a production-network model
under a benevolent planner with lump-sum taxes and treats market power as a distortion
to be corrected. We retain the production-network intuition but model industrial policy as a
budget-balanced tax-and-subsidy scheme that imposes a visible cost on the taxed majority and
requires democratic support. We show that labor-market monopsony generates rents whose

redistribution garners democratic support that makes the policy possible. Juhdsz and Lane (2024)
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provide a comprehensive assessment of the political economy of industrial policy and emphasize
state capacity and time-inconsistency as central frictions; we provide a formal, quantitative
framework that derives the voting condition, identifies the structural parameters from firm-level
data, and maps the resulting support sets to observed U.S. industries. Our work also links to
the seminal contribution of Fernandez and Rodrik (1991) on resistance to reform: where they
show that ex-ante uncertainty over individual outcomes can block welfare-improving change,
we show that even under full information and transparent redistribution, the political feasibility
is more demanding than the welfare criterion, with implications that can be quantified industry
by industry.

We also contribute to the empirical literature on learning-by-doing and productivity spillovers
and we contextualize the importance of these forces for industrial policy. Building on seminal
work documenting within-industry learning (Irwin and Klenow, 1994; Bartelme et al., 2025)
and firm-level spillovers (Barrios and Strobl, 2004), we provide novel estimates of inter-sectoral
learning using firm-to-firm trading relationships. Critically, we argue that within-sector learning
alone cannot justify industrial policy since subsidizing one sector inevitably impedes learning
opportunities in taxed sectors. The potential for inter-sectoral spillovers becomes the decisive
economic rationale, and our instrumental variables strategy—using manager transitions and
size-distance trade-offs—provides new and powerful identification of these spillover effects.

Finally, we formalize the economic case for industrial policy rooted in learning externalities
and productivity spillovers, a theme closely linked to development economics (Chenery, 1960;
Pack and Westphal, 1994). Like Stiglitz et al. (2013), we emphasize spillovers as a core market
failure justifying intervention. Our contribution is to embed empirically-grounded estimates of
productivity transmission (Amiti et al., 2023; Irwin and Klenow, 1994; Kong and Dhyne, 2025)
within a formal political economy model that we use to interpret industrial policy in the U.S,
demonstrating how these spillovers interact with voter preferences to determine both welfare
implications and political viability.

The remainder of the paper proceeds as follows. Section 2 develops the theoretical model.
Section 2.5 derives the voting conditions and the social planner’s welfare criterion and character-
izes the parameter space in which industrial policy is welfare-improving, politically feasible, or
both. Section 5 presents the empirical strategy, the customer-supplier data, and the instrumental-
variables approach to estimating synergies and inter-sectoral learning. Section 6 estimates
industry-specific parameters and uses the framework to study the enactment of industrial policy

in U.S. history. Section 7 concludes.



2 Model

We develop a two-sector, two-period model to analyze the welfare and political economy
implications of industrial policy. The model incorporates four mechanisms central to both
the economic rationale for, and the democratic feasibility of, such interventions: within-sector
learning-by-doing, inter-sectoral learning spillovers, technological synergies that depend on rel-
ative sectoral productivity, and labor-market monopsony power. Industrial policy is embedded
in an explicit voting framework in which households in each sector decide whether to authorize
a subsidy to one sector, financed by a tax on the other sector under a balanced-budget constraint.

The timing of the model is as follows. In period 1, the government proposes an industrial
policy consisting of a sectoral tax and a sectoral subsidy, which is put to a vote by households in
both sectors. If ratified (i.e., supported by the majority of households), the tax and subsidy rates
are set, production takes place. Capital input in period 1 determines sectoral productivity in
period 2 through the learning mechanisms described below. Period 2 has no taxes or subsidies;

tirms produce using the productivity levels that result from period-1, and all output is consumed.

2.1 Production Technology

The economy operates over two periods, t € {1,2}, and has two sectors, i € {A, B}. Each
sector comprises a continuum of homogeneous firms indexed by j € [0, Nj|, where N; is the
measure of firms in sector i.
Intermediate goods production. The output of firm j in sector i follows a Cobb-Douglas

production function:

Vijr = Zigly; k10 (1)
where z; ; is sectoral productivity (common to all firms in sector i), /; j ; is the labor input of firm
j at time ¢, k; ;; its capital input, and & € (0,1) is the capital share. Both sectors have equal
productivity in the first period: z4 1 = zp;1 = z1. Productivity in period 2, z;,, accumulates
through the learning mechanisms described below.

Intermediate goods firm’s problem and monopsony power. An intermediate goods firm in
sector i chooses labor and capital to maximize after-tax profit:

max (1 —1)pi1Yij1 — Lijiwij1 — kij1,
lij1kija

subject to the production function (1). The firm exercises monopsony power in the labor market,



which we capture in reduced form through the wage-setting rule:
wij1 = (1 =x)(1 = 5)pi1 - MPLy

where MPL;j; = (1 —a)z1kj; [, | denotes the marginal product of labor. The parameter
k € [0, 1] measures the degree of monopsony power, interpreted as the wage markdown below
the marginal revenue product of labor. When x = 0, the labor market is competitive and workers
are paid their full marginal revenue product; when x > 0, the firm pays a fraction (1 — «) of
the marginal revenue product and retains the residual x as monopsony rents, which constitute
tirm profit. A higher x thus corresponds to a lower labor income share and a higher profit share.
Since aggregate labor supply is fixed in the baseline model, this monopsony power is purely
redistributive rather than distortionary at the aggregate level. In Appendix E, we relax this
assumption by allowing labor supply to be elastic, which introduces a deadweight loss from
monopsony power; the core political economy insight of the paper is unchanged.

Labor is immobile across sectors, and each worker supplies one unit of labor inelastically.
The population of sector i is N;, which coincides with the measure of firms.? In equilibrium, each
firm hires exactly one worker: /;j; = 1. Firms purchase capital from the competitive final goods
market, where capital goods are converted from the final good one-for-one. The final good is the

numeraire, so capital good price is one. Capital constitute a cost to firms and does not accrue to

households as rental income.? The first-order condition for capital is:
kiji=a(l—1)piiyij 2)
which shows that a higher tax rate reduces the firm’s capital input.

Final goods production. A competitive final goods sector combines the outputs of the two

intermediate sectors:

yp = e ln(zA,t)*ln(zB,t)Iy?lg‘flxtygi , 3)
or in log form:
In(yt) = x — y[In(zas) —In(zpe)| + xaIn(yar) + x5 In(yse), (4)

where x4 and xp are the factor shares of the intermediate goods, with x4 + xp = 1, x is the

2Throughout the paper, N; denotes both the measure of firms in sector i and the sector’s population. Below,
we additionally impose N; = x;, where ; is the sector’s factor share. We discuss this normalization when it is
introduced.

3Alternatively, one can think of capital supplied through a competitive rental market by agents outside the two
sectors who hold the economy’s capital stock.



exogenous component of aggregate TFP (assumed constant), and y € [0, 1] captures the degree
of synergies between sectors.? As mentioned, the final good serves as the numeraire and its
price p; is one.

The synergy parameter y measures the extent to which productivity dispersion between
sectors reduces aggregate final output. When « = 0, sectors are fully independent and produc-
tivity gaps impose no aggregate cost. When y > 0, the term —y|In(z4;) — In(zp;)| penalizes
disparities in sectoral productivity, capturing complementarities or coordination frictions that
arise when one sector’s technology lags substantially behind the other’s. This reduced-form
specification is motivated by a growing body of evidence that productivity mismatches between
sectors generate efficiency costs at the aggregate level.”

Final goods firm’s problem. Final goods producers operate in perfectly competitive markets and
take prices as given. Their profit maximization, given the Cobb-Douglas production function (3),

yields the standard factor share condition:

XiYt = YitPit- (5)
where p; ; denotes the price of sector i’s output. This condition states that expenditure on each
intermediate input equals its factor share times total revenue.

Sectoral aggregation. All firms within sector i face a common sectoral productivity z; ;, output
price p;;, and tax rate 7;, and each hires one unit of labor in equilibrium (I; ;; = 1). Given these
common objects, the symmetric first-order condition for capital (2) and the production function
(1) yield a unique solution of (k; ¢, y; ), implying that all firms within the sector choose identical
capital inputs and produce identical output. Sectoral output is obtained by aggregating across

tirms:
Ni ; l1-aa
Vit = /0 Vijrdj = zigl; ki, (6)
N; . N; .
where li,t = fO li,j,t d] = Ni and ki,t = fO ki,j,t d] = Niki,j,t-
For tractability, we impose the normalization N; = x;, equating each sector’s population—the

number of firms and workers—to its income share in final goods production. This normalization

4An alternative specification would nest sectoral productivities in a CES aggregator, with the elasticity of substi-
tution governing the degree of complementarity. We instead adopt the reduced-form penalty e~711n(za)~In(z5,)]
because it maps directly onto our empirical strategy (Section 5 and Appendix D). A CES aggregator would instead
require structurally estimating an elasticity of substitution between sector-level productivities, a more demanding
exercise given our firm-to-firm trading data.

5See Fernandez-Villaverde et al. (2021, 2025a,b) and Jones (2011) for theoretical and empirical analyses of inter-
sectoral synergies. See Acemoglu et al. (2024); Jones and Tonetti (2025) for a recent discussion of how inter-sectoral
synergies may constrain aggregate productivity growth.



ensures that, in the absence of taxes, both sectors attain identical per capita income in the decen-
tralized equilibrium, providing a natural reference point in which workers have no incentive to
move across sectors even if mobility were permitted. A formal proof of this result is provided in
Appendix A. Without loss of generality, we designate sector A as the smaller sector (x4 < xB).
Sector A represents a nascent or targeted industry that may warrant industrial policy support,
while sector B represents the rest of the economy, which would bear the tax burden of funding
such a policy.

From the capital optimality condition (2) and the factor share condition (5), sectoral capital
inputis: ki = Nik; j; = Nia(1 — 1) pisyijr- Using yip = Niyije, Ni = xi, and p;yi e = Xiy: from

equation (5), this simplifies to:

kip = (1 =) xiyr (7)
Substituting equation (7) into equation (6) and using /;; = x; gives sectoral output as a

function of aggregate output and sectoral productivity:
Yie = zig [0(1 =Ty xi 8)
2.2 Learning by Doing and Spillovers

Productivity in period 2 evolves through two channels, both of which operate as sector-level
externalities: within-sector learning-by-doing and inter-sectoral learning spillovers.
Within-Sector Learning-by-Doing. Higher per capita capital in period 1 raises productivity in
period 2 through learning-by-doing:

In(zj2) = In(z1) + ¥ In(ki1/ Ni), ©)
where ¢ > 0 is the elasticity of productivity with respect to per capita capital—the within-sector
learning rate. The variable Z; ; denotes the productivity that sector i would attain through its own
learning-by-doing in the absence of spillovers from the other sector. This mechanism formalizes
the classic infant-industry argument that production experience raises productivity over time.

For parsimony and because sector-specific learning rates cannot be reliably estimated with
available data, our baseline model imposes symmetric learning-by-doing across the two sectors
(Y4 = ¥p). In Appendix B, we relax this restriction and analyze how sector-specific rates
(¢4 # yp) affect our results. Allowing the subsidized sector to learn faster renders the conditions
for democratic support less restrictive, as the taxed majority anticipates larger future spillovers.
This quantitative adjustment preserves the qualitative logic of our findings.

Inter-Sectoral Learning Spillovers. A sector can raise its productivity by learning from the other



sector when that sector is more productive:

In(z;p) = In(zj5) + ¢ max{In(z_;») — In(Z;,),0}, (10)
where ¢ € [0,1] is the inter-sectoral learning rate and z; , denotes the final productivity of sector
i in period 2, net of spillovers.6 When the other sector is more productive (z_;, > Z; ), sector i
closes a fraction ¢ of the productivity gap through knowledge spillovers. When ¢ = 0, spillovers
are absent; when ¢ = 1, sector i fully converges to the productivity level of the more advanced
sector. This specification is consistent with a well-documented empirical pattern: firms learn
from more productive trading partners through multiple channels, including technology transfer,
knowledge diffusion, exposure to superior management practices, and the stronger innovation
incentives induced by stricter technical and quality standards imposed by high-productivity
partners.

Because productivity is determined at the sectoral level while individual firms are atomistic,
both learning mechanisms operate as sector-level externalities that lie beyond the control of any

single firm. This externality provides the potential efficiency rationale for industrial policy.

2.3 Households

Household income consists of two components: a sector-specific wage and an equal per
capita share of aggregate corporate profits. Each household holds a fully diversified portfolio
of equity in all intermediate goods firms in both sectors, so dividend income is identical across
households irrespective of their sector of employment.” Final goods firms earn zero profits
under perfect competition, so their ownership is irrelevant.

The utility function of sector i’s representative household is
Ui = In(ciy),

where ¢; ; is per capita consumption in sector i at time . We abstract from labor disutility because
labor supply is fixed and inelastic. Households maximize lifetime utility over the two periods,
U; = u(cj1) + Pu(ciz), where g € (0,1) is the discount factor.

To obtain closed-form voting conditions, we abstract from household saving or borrowing

decisions; households consume their period income each period. In Appendix C, we show

®Following the literature, we assume that the rate of technology spillover is independent of sector size.

"We abstract from heterogeneity in equity holdings. This assumption is consistent with our political-economy
interpretation: the households most influential and most responsive to industrial policy are those with financial
stakes in its outcomes (Leighley and Nagler, 2013). Our representative household is thus best understood as the
politically influential segment of each sector.
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that allowing for consumption smoothing does not alter our main results: when log-linearized
around the no-policy equilibrium, the conditions in the consumption-smoothing case coincide
with those in the benchmark model.® The consumption of a representative household in sector i
is:

Cit:wit+;<27mﬂ+z7{3]‘t>, (11)

’ " Na+Np\izz " & 7

where w;; is the sectoral wage and 71; ; is the period-t profit of firm j in sector i. The term
in parentheses is total dividend income, which is divided equally across the total population
N4 + Np. Labor income is sector-specific, but dividend income is pooled and equally distributed

across all households.

2.4 Government and Industrial Policy

The government levies an output tax on one sector and uses the proceeds to finance an output
subsidy to the other. Sector i’s period-1 output is taxed (or subsidized, if T; < 0) at rate 7;. The
government operates under a balanced-budget constraint, so that total tax revenue equals total

subsidy expenditure in period 1:

TAYA1PAL + TBYB1PB1 =0, (12)

where p; 1 is the price of sector i’s output in period 1. No taxes or subsidies apply in period 2:
the intervention is temporary and aims solely at jumpstarting learning in sector A.

Equation (12) makes transparent the redistributive nature of industrial policy in our frame-

work: every dollar of subsidy to one sector must be financed by a dollar of tax revenue from the

other. We focus on a policy that subsidizes the smaller sector A by taxing the larger sector B:
T4 <0, T3>0

The subsidy to sector A stimulates capital usage and production in that sector in period 1,
raising its within-sector learning-by-doing and potentially generating spillovers to sector B in
period 2. At the same time, the policy may widen the productivity gap between sectors, which
reduces final output through the synergy mechanism described above. The central questions are
whether the learning gains dominate the synergy costs of the induced productivity dispersion,

and whether such a policy would secure democratic support from workers in both sectors.

8Intuitively, in the no-policy equilibrium, per capita income is identical across sectors, so the saving/borrowing
margin is inactive. Around this point, the voting conditions with and without saving are locally identical.
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2.5 Aggregate Output, Consumption and Lifetime Utility

We now derive the model’s equilibrium allocations. We proceed in three steps: first, we solve
for period-1 aggregate output and consumption; second, we determine period-2 productivity,
output, and consumption; third, we compute lifetime utilities, which form the foundation for
the voting analysis in Section 4.

2.5.1 Period 1: Equilibrium Allocations
Aggregate output. Substituting the sectoral output expressions (8) into the final goods produc-
tion function (4) yields aggregate output in period 1:

x+In(zy) +aln(a) + Y xiIn(x;
ln(y1) — ( 1) : _(03 Zz Xi (Xz)
where the tax terms cancel out due to the government’s balanced budget constraint. Hence,

, (13)

industrial policy has no effect on the level of aggregate period-1 output; it affects only its sectoral
composition.
Firm profits. From the monopsony wage-setting rule, the profit of firm j in sector i is the fraction

x of the labor revenue product:

Mij1 = K(1—a)(1 =) piyi -
Using the factor share condition x;y1 = y;1p;1 and y;1 = Niy;j1 = XiVi,j1, per capita profit in
sector i simplifies to:

migp = ;1 = k(1 —a)(1 — )y (14)

Dividend income. Since households hold a fully diversified portfolio, dividend income per

capita is identical across sectors. Aggregating profits using equation (14) yields:
Y ximia=x(1—a)y1 Y _xi(1—7) =x(1—a)y, (15)
i i

where the final equality follows from the balanced budget constraint. Thus, every household
receives the same dividend income regardless of its sector of employment.
Labor income. The labor income per worker equals the fraction (1 — «) of the labor revenue

product:

Lijawijir = (1— 1)1 —x)(1—a)y:. (16)

Consumption. Consumption per capita in sector i is the sum of labor income (equation (16))

12



and dividend income (equation (15)):
c1=1-1)1-x)1-a)y1+x(l—a)y; =1 -1+ 7%)(1 —a)y;.

Taking logs and applying the normalization x = 0 and z; = 1 from equation (13) yields:

In(c;1) = In(1 - @) + In(1 — 7 + ) + S0 00, (17)

Equation (17) encapsulates a central tension in the political economy of industrial policy.

A tax on sector i (T; > 0) reduces per capita consumption in that sector through the term
(1 — 7; + 1;x). However, higher monopsony power « partially offsets this reduction: the rents
extracted from the taxed sector’s labor market accrue to all households as dividend income via
their diversified equity portfolios. As we will show, monopsony power, conventionally viewed
as a distortion to be addressed by industrial policy, renders industrial policy more palatable to
the taxed majority.
2.5.2 Period 2: Productivity, Output, and Consumption

In period 2, taxes and subsidies are set to zero. Sectoral output is determined by the produc-
tivity levels attained through the learning mechanisms described in Section 2.2.
Within-sector learning. Substituting the per capita capital expression from equation (7) into the
within-sector learning equation (9) yields:

In(a) + ¥ xiIn(xi) | (18)

In(zip) =9 |In(1-7) + Ty

This shows that a higher tax rate reduces second-period productivity by dampening capital
input and learning-by-doing, while subsidies increase productivity.
Inter-sectoral learning spillovers. Since sector A receives a subsidy (74 < 0) and sector B is

taxed (1 > 0), equation (18) implies Z4 » > zp . Therefore, only sector B learns from sector A:

In(za2) = In(Za2), (19)
11’1(232) = (1 — (P) 11’1(232) + QDIH(EAIQ)
— (1= ¢)In(— 1) + pIn(1 — ) + D& +1Z_i f’ In(x)] (20)

Aggregate output. Substituting the productivity equations (19) and (20) into the final goods
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production function equation (4) yields aggregate output in period 2:

(1—a)In(yz) = (1 + %) [ln(zx) -+ in In(x;)

+¢[xa+oxs— (1—¢)v]In(1—74)
+ (1 —¢)(xg+7)In(1 — 13). (21)

The first term captures the direct effect of period-1 capital on productivity in the absence of policy.
The second and third terms capture the additional effects of the subsidy and tax, operating
through the synergy and spillover channels.
Consumption. With no taxes in period 2, household income per capita consists of labor income,
(1 —x)(1 —a)y,, and dividend income, x(1 — a)y,. Consumption per capita is therefore the sum
of these two terms:

cio = (1—a)y,

which is common across sectors. In log form:

In(cip) = In(1 —a) + In(yz). (22)
2.5.3 Lifetime Utility

Combining period-1 consumption equation (17) and period-2 consumption equation (22)

with the output expression equation (21), the lifetime utility of a household in sector i is:

Ui =In(1-17+7x) + ﬁlp L Xatoxs —(1-¢)7]In(l —14)

+ 20— ) +fy> In(1 - )+, @)

where ( is a constant that does not depend on policy:

{=(1+8)In(1—a)+ 11 +/3( “ilp]

In the absence of industrial policy (4 = 3 = 0), both sectors achieve identical lifetime

) + ZXi ln(Xi)] : (24)

utility, Uy = Up = {. This ¢ term serves as the foundation for the voting analysis that follows.

3 Voting Conditions

We now derive the conditions under which workers in each sector support industrial policy,

together with the welfare criterion of a utilitarian social planner.
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3.1 Voting by Sector B Workers

Households in sector B support industrial policy if it increases their lifetime utility relative to
the no-policy baseline, i.e., if Up(t4 < 0,73 > 0) > Up(0,0) = ¢. Using the utility expression

equation (23), this condition is:

In(1 — 75 + x7p) + 15_—"’“(1 — ) (x5 +7)In(1 — 75)

+ 2% et gxs — (1 - @)l in(1— 4) >0 (25)

Applying the approximations In(1 — 7;) ~ —1; (valid for small |7;|) and the government
budget constraint x 474 + xpTs = 0, which implies 73 = —(x 4/ XxB)7a, condition (25) simplifies

to:

G “)[(;P_ XA (1~ g)y < g (26)

The first term on the LHS of condition (26) is the tax burden on sector B workers. It increases

with the size of sector A (xa) and is partially offset by monopsony power (k). The second
term is the synergy cost arising from the productivity gap, which is partially mitigated by
learning spillovers. The RHS captures the benefit to sector B workers from inter-sectoral learning
spillovers (¢xB).

Interpretation. Condition (26) reveals the forces that make sector B workers more likely to

support industrial policy:

* x4 islow: A small subsidized sector minimizes the tax burden on sector B.

7 is low: Weak synergies reduce the cost of the productivity gap created by the subsidy.

¢ is high: Strong inter-sectoral learning generates substantial spillover benefits to sector B.

« is high: Greater monopsony power partially offsets the tax burden on sector B workers

through increased dividend income.

« is high: A higher capital share attenuates the tax cost on sector B via reduced labor

income.
¢ Bis high: Patient households place greater weight on future productivity gains.

* ¢ is high: Strong within-sector learning amplifies the productivity effects of the subsidy.
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The role of monopsony power deserves particular emphasis. When « is high, taxing sector
B reduces its workers’ labor income but generates profits that flow back to them (and all other
households) as dividends. This redistribution channel makes industrial policy more appealing

to the taxed majority.

3.2 Voting by Sector A Workers
Households in sector A support industrial policy if Us(t4 < 0,73 > 0) > U4(0,0) = .

Following the same steps as above, this condition can be derived as:

(1— )y < g+ L™ "‘)[SP_ KXE, 27)

The first term on the left-hand side and the first term on the right-hand side of condition (27)

are the synergy cost and the learning benefit, respectively. These are the same as in condition
(26) because workers in both sectors are proportionally affected by the policy’s impact on the
aggregate economy, owing to the fixed factor share in the final goods production function. The
second term on the right-hand side is the direct subsidy benefit to sector A workers. It increases
with the size of the taxed sector (x ) and is partially offset by monopsony power (k).
Interpretation. Condition (27) is strictly weaker than condition (26) for sector B workers,
indicating that sector A households are more likely to support industrial policy than sector B
households. This is intuitive: sector A workers receive direct subsidies, while sector B workers
bear tax burdens.

Condition (27) is more likely to hold when:

XB is high: A large taxed sector provides a broader tax base to finance the subsidy.

¢ < islow: Synergies are weak, so the productivity gap created by the subsidy imposes lower

cost on aggregate output.

* ¢ is high: Inter-sectoral learning is strong, generating substantial productivity spillovers

that benefit sector A workers through higher future aggregate income.

* x is low: Monopsony power is low, so the subsidy flows primarily to workers as higher

labor income rather than being captured as profits.

* u is low: The labor income share is high, so sector A workers capture a larger fraction of

the subsidy through wages.
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¢ Bislow: Impatient households place greater weight on the immediate consumption gains
from the subsidy than on future productivity benefits that are partially shared with sector
B.

* ¢ is low: The immediate consumption gains from the subsidy becomes more important

than the productivity benefits that are shared with sector B.

The last two conditions may appear counterintuitive but have a clear economic interpretation.
The benefits of subsidies accrue to sector A workers primarily in period 1 through higher labor
income, while the period-2 benefits from stimulated learning-by-doing are shared with sector B
through spillovers. When sector A workers are impatient (low p) or learning is weak (low ),
they care more about immediate consumption gains than future productivity gains.

3.3 Social Planner

We now study the conditions under which industrial policy improves aggregate social welfare
from the perspective of a utilitarian social planner who maximizes the population-weighted

sum of utilities across sectors:
U= xala + xgUs, (28)

where we have imposed the normalization N; = ;.

An industrial policy raises U relative to the no-policy baseline whenever:

1— 7}+x {x — 1—-¢)y| >0. (29)
l[J —(1-9) B |PXB =gy 1p - (1-9)
The xaxg/ (BY) terms with opposite signs cancel, yielding the compact condition:

(1—¢)r < Pxs. (30)

Interpretation. The social planner’s condition (30) depends on only three parameters. The

XA |PXB + XB B

inequality is satisfied when the subsidized sector is small (x4 low, equivalently xp high),
synergies are weak (y low), and inter-sectoral learning is strong (¢ high).

The social planner’s condition is independent of monopsony power x. In the baseline
model with fixed labor supply, « is purely redistributive in nature and therefore does not affect
aggregate welfare. In Appendix E, we relax the assumption of inelastic labor supply and show
that monopsony power introduces a deadweight loss that renders the social planner’s condition
more restrictive; the fundamental political economy tension, however, is unchanged.

A comparison of the three conditions establishes their relative restrictiveness. The social

planner’s condition (30) occupies an intermediate position: it is weaker than the condition for
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sector B workers (condition (26)) but stronger than the condition for sector A workers (condition
(27)). This ordering yields two central implications. First, there exists a non-empty region of the
parameter space in which industrial policy is welfare-improving (satisfying conditon (30)) yet
tails to secure political support from sector B workers (violating condition (26)). Second, sector
A workers support industrial policy over a broader range of parameter values than is socially
optimal, reflecting their direct receipt of subsidies while bearing only a fraction of the aggregate

cost.

3.4 Numerical Illustration

To build intuition, we present a quantitative illustration of the theoretical results calibrated
to empirically grounded parameter values. Although the key parameters are estimated from
microdata in Section 5, the illustration serves to crystallize the trade-offs between political
feasibility and social welfare, demonstrating that, under plausible parameterizations, industrial
policy can be welfare-improving yet politically unattainable, or politically viable yet socially
inefficient.

Calibration. We calibrate the key parameters as follows. The within-sector learning elasticity
is set to i = 0.25, following Bartelme et al. (2025), who estimate the elasticity of productivity
with respect to production scale from international trade shocks. The inter-sectoral learning rate
is set to ¢ = 0.21, based on the empirical estimates reported in Section 5.

The monopsony power parameter « is calibrated to capture the share of the surplus that
accrues as pure profit to shareholders, after accounting for the cost of capital. In our model,
the firm’s period-1 profit is 77; ;1 = x(1 — «)(1 — 7;)pi1yij1 and labor income is w;;1l;;1 =
(1 —7)(1 —x)(1 —a)pi1yij1, so k represents the fraction of the non-capital residual that is
captured as shareholder surplus rather than paid to workers. Empirically, we measure « for each

industry i using U.S. national accounts as:

Operating Surplus; — (r + 6;)K;

Ki (31)

- Employee Compensation; + Operating Surplus; — (r + §;)K;’
where the numerator is profit —the excess of operating surplus over the full cost of capital
services— and the denominator is the sum of profit and employee compensation. Operating
surplus is the gross return to capital, measured as value added less employee compensation.
Capital cost is the user cost of capital, (r + ;) K;, where K; is the capital stock, r is the real interest

rate, and J; is the depreciation rate.? For our numerical illustration below, we estimate the

9Data are from the BEA 2002 benchmark Input-Output Accounts and Fixed Assets Accounts. Specifically, value
added equals operating surplus plus employee compensation; operating surplus equals capital cost plus profit;
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aggregate monopsony power as the average value of k; weighted by industry value added,
which is approximately 0.21.

The subjective discount factor is set to f = 0.974, which implies a steady-state real interest
rate of approximately 2.6 percent, close to the sample average of 2.56 percent. Finally, the synergy
parameter is set to v = 0.25, based on the empirical estimates reported in Section 5.

As discussed in Section 5, these parameters exhibit substantial heterogeneity across industries,
which can affect the political feasibility of industrial policy in different sectors. We exploit this
heterogeneity in Section 6 to evaluate industrial policy proposals for the U.S. manufacturing
sector. The numerical illustration in the present section serves to isolate the key trade-offs
generated by the theoretical framework.

Parameter space analysis. Figures 1, 2, and 3 illustrate the region of the parameter space in
which each of the three decision-makers—sector B workers, sector A workers, and the social

planner—supports industrial policy.
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Figure 1: Parameter Range for Sector B’s Support (Equation 26)

Sector B support (Figure 1). The figure illustrates the parameter combinations satisfying the
voting condition for sector B to support industrial policy in sector A (equation 26), which is the
necessary condition for the policy to pass democratically. The shaded regions represent parameter
combinations where sector B would vote in favor. As predicted by our theory, support for

industrial policy increases when:

and capital cost is proxied by (r + §)K. The capital stock is the net stock of private fixed assets; the depreciation
rate is the ratio of consumption of fixed capital to the net capital stock; and the real interest rate of 2.56% is the
average of the Federal Reserve Bank of Cleveland'’s real interest rate series over 1982-2020. We use 2002 to maintain
consistency across all BEA sources.
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¢ Inter-sectoral learning (¢) is strong, allowing sector B to benefit substantially from knowl-

edge spillovers
* Sector A is small () 4 is low), minimizing the tax burden on sector B

* Monopsony power is high (x is high), increasing sector B’s dividend income from holding

sector A’s equity

x and & x and ¢

X X

Figure 2: Parameter Range for Sector A’s Support (Equation 27)

Sector A support (Figure 2). This figure shows parameter combinations where sector A supports
industrial policy in its own sector (satisfying inequality 27), which is the necessary condition for the
policy to be proposed. The shaded regions are substantially larger than in Figure 1, confirming that
sector A’s support is much broader. This reflects the fact that sector A receives direct subsidies
while bearing only a fraction x 4 of the aggregate tax burden.

At the estimated synergy parameter of y = 0.25, sector A supports the policy across a wide
range of parameter combinations, although higher values of oy would shrink the support region.
Opposition from sector A’s own workers arises only in corner cases: when monopsony power
is very high, so that the bulk of the subsidy is captured as rents by shareholders rather than
flowing to workers, or when the sector is extremely large, making the aggregate inefficiency of
the subsidization too costly even for its direct beneficiaries.

Figure 2 reveals a strong inherent bias in favor of sector-specific industrial policy: workers in

any given sector have a powerful incentive to seek subsidies for their own industry. That such
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proposals are not ubiquitous in practice is consistent with the strategic anticipation that workers

in other sectors would refuse to bear the associated tax burden.
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Figure 3: Parameter Range for Social Planner’s Support (Equation 30)

Social planner support (Figure 3). This figure displays parameter combinations satisfying the
social planner’s condition (equation 30), which is the necessary condition for industrial policy to
be welfare-improving. The social planner’s condition is intermediate in restrictiveness between

sector A’s and sector B’s conditions. Support increases when:
¢ Inter-sectoral learning (¢) is strong

* Sector A is small (x4 is low), amplifying the per capita effect of subsidies on learning-by-

doing

Comparison and discussion. A joint reading of the three figures yields several insights:

First, as the direct beneficiary of subsidies, sector A supports industrial policy across a wide
range of parameter values. Condition (27) is strictly weaker than condition (26), reflecting sector
A’s structurally advantageous position as the recipient of transfers.

Second, as the taxed sector, sector B imposes the most stringent conditions for supporting
industrial policy. The parameter region generating sector B’s support (Figure 1) is substantially
narrower than that generating sector A’s support (Figure 2). Sector B workers require clear
evidence of economy-wide spillover benefits to justify the tax burden they must bear.

Third, the social planner supports industrial policy when aggregate benefits exceed aggre-

gate costs, a condition that is more demanding than sector A’s support condition but less
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demanding than sector B’s. A comparison of Figures 1 and 3 reveals a non-trivial region of the
parameter space in which industrial policy is welfare-improving yet fails to pass democratically,
underscoring a fundamental tension between economic efficiency and political incentives.

The central political-economy tension—beneficiaries strongly favor subsidies while the taxed
majority demands tangible spillover benefits—implies that many welfare-improving industrial
policies are likely to be politically infeasible under majority voting, while many policies proposed

by beneficiaries are likely to be welfare-reducing.
4 Equilibrium
For analytical completeness, we now characterize the equilibrium of the model.

Definition 1 (Decentralized equilibrium). Given a policy (Ta, Tg) satisfying the government budget
constraint (12), a decentralized equilibrium is a collection of prices {pj;}it, wages {Wij}i;s firm

allocations {11, ki, Yit )i and household consumption {c;;}; s such that:

(i) Intermediate goods firm optimization. Tuking (p;, T;) as given, each firm chooses l; ;1 and k; ; ;
to solve the profit-maximization problem of Section 2, setting wages according to the monopsony

rule.

(ii) Final goods firm optimization. Tuking {p;} as given, the representative final goods producer

chooses {y;;} to maximize profit subject to production technology equation (3).

(iii) Labor market clearing. Each sector’s labor market clears at l;; = N;, consistent with inelastic

unit labor supply.

(iv) Household consumption. Each household in sector i consumes the total income, the sum of labor

income and dividend income.

(v) Goods market clearing. The final good market clears, y; = Naca + Npcps + &y, where the

last term is the capital input.

Sectoral productivity {z;,}; evolves across periods according to the learning-by-doing and spillover

equations (9)—(10), taking period-1 equilibrium capital k; 1 as given.

5 Empirical Strategy: Estimating Synergies and Inter-Sectoral

Learning

This section presents our empirical approach for estimating the synergy parameter -y and the

inter-sectoral learning rate ¢ that are key parameters of our theoretical model. We first discuss

22



the core intuition behind our identification strategy, then describe the new data constructed by
merging different datasets, and finally present the estimation results. While the estimation in this
section is focused on the aggregate economy, Section 6 applies the same empirical methodology
to estimate these parameters separately for each three-digit Naics industry, enabling us to

evaluate which industrial policies would receive support from different stakeholder groups.

5.1 Identification Strategy

Estimating synergies and inter-sectoral learning at the sectoral level is challenging (Griffith
et al., 2004; Bernstein and Nadiri, 1988; Keller, 2002; Bloom et al., 2013; Fernandez-Villaverde
et al., 2025b). The direct comparisons of productivity levels across sectors are problematic be-
cause sectoral productivity measures may reflect fundamental differences in technology, capital
intensity, or market structure rather than the presence of synergies or learning potential. For
instance, while the finance sector typically exhibits higher measured productivity than manufac-
turing, this does not necessarily imply that (i) finance employs more advanced technologies from
which manufacturing could learn, (ii) manufacturing acts as a bottleneck in joint production
with finance, or (iii) productivity gaps between these sectors generate meaningful synergy costs.

To overcome these challenges, we exploit firm-level heterogeneity within sector pairs. Our
identification strategy relies on the premise that within a given industry, firms can be ranked
by their productivity. By focusing on changes in productivity rankings, which are independent
of sectoral factors, we can identify and quantify the distinct channels of synergies and inter-
sectoral learning. We then examine how the productivity rankings of trading partners is linked
to firm performance and productivity growth. This approach allows us to isolate the effects of
productivity gaps and learning opportunities from other sector-specific factors.

Consider two illustrative trading relationships: a high-productivity R&D firm supplying
a low-productivity manufacturer, versus the same R&D firm supplying a high-productivity
manufacturer. If synergies matter, the productivity gap in the first relationship should create bot-
tlenecks and reduce output more severely. If inter-sectoral learning occurs, the low-productivity
manufacturer should grow faster, narrowing the gap with its high-productivity partner relative
to peers facing the same industry shocks. Testing these two predictions with firm-level trading
data lets us estimate the magnitude of synergies (y) and the rate of inter-sectoral learning (¢)—
the key parameters of our theoretical model. Appendix D derives the formal mapping from these
tirm-level coefficients to the sector-level parameters y and ¢ in the aggregate production function

and the inter-sectoral learning equation. The remaining concern is that mismatch formation
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may be endogenous to unobserved firm characteristics; We address this with an instrumental

variables strategy based on exogenous predictors of mismatch.

5.2 Data

Our empirical analysis integrates three distinct datasets to develop comprehensive infor-
mation on inter-firm trading relationships and firm performance in the U.S. The first is the
Compustat Segment data, which documents customer-supplier relationships for all publicly listed
U.S. firms. Since disclosure regulations require firms to report trading partners accounting for
more than 10% of their annual sales, this dataset identifies 72,694 distinct partner relationships
among approximately 18,000 firms over the period 1976-2020. The second is the FactSet Supply
Chain Relationships data, which compiles trading relationships from public sources including SEC
10-K filings, investor presentations, and press releases. For the period 2003-2020, this dataset
provides details on 289,239 distinct partner-supplier relationships.'’

We merge both datasets with Compustat Fundamentals Annual data, which provides firm-level
information on output (sales), employment, capital, and financial positions. Our integrated
dataset enables us to link trading relationships with firm performance and productivity mea-

sures.

5.3 Synergies and productivity gaps

This subsection studies how synergies and mismatches in productivity between firms and
their trading partners are linked to firm performance. Our theoretical framework shows that
synergies arise when firms with similar productivity levels collaborate, and large productivity
gaps create bottlenecks that reduce output. We test these hypotheses using firm-level data on
customer-supplier relationships.
5.3.1 Empirical specification

We examine productivity gaps from both the customer and supplier perspectives using two

symmetric empirical specifications. For the customer side, we estimate:
Vit = ?C”SZ;;’S + Bzj + 17 X decile (z]”fs> + firmj + xt + €4, (32)

where y;; and z;; denote firm j’s log value-added and log productivity in year ¢, respectively.

A]C-/Z;S measures the average productivity gap between firm j and its customers, and decile (z]‘?”t‘s )
controls for customers” average productivity level.

10See Xu et al. (2025) for a detailed description of the FactSet Supply Chain Relationships data.
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For the supplier side, we estimate an analogous specification:

Yie = FUBG + B2y + 1y x decile (2347 ) + firm; + xi + €, (33)
where Z;Ltlp measures the average productivity gap between firm j and its suppliers, and
decile (z;;lp > controls for suppliers” average productivity level.

In both specifications, productivity is measured in the following way. For goods-producing
industries (e.g., construction, manufacturing), we use total factor productivity (TFP) estimated
via the enhanced Wooldridge-Levinsohn-Petrin method, which corrects for simultaneity bias
and functional dependence in production function estimation (Levinsohn and Petrin, 2003;
Wooldridge, 2009). For service-providing industries (e.g., professional and business services),
we use labor productivity (LP), defined as value added per employee, given the greater difficulty
in accurately measuring capital inputs in these sectors.

The key explanatory variables Z;IIZS and Z;;lp capture the average productivity gap between
tirm j and its customers or suppliers, respectively. For each partner k, the mismatch is defined
as Aj; = |decile (zj;) — decile (zjx) |, which ranges from 0 (perfect alignment) to 9 (maximum
mismatch). Here, decile (zj;) and decile (zjy) represent the decile of productivity ranking
within the firm’s three-digit Naics industry. We compute firm-level averages Z;j;s and Z;Lt[p
across all of firm j’s customers or suppliers.

We use decile ranks rather than log-productivity levels because deciles are more comparable
across industries with different productivity distributions. Appendix D formalizes the mapping
between decile mismatches and the log-productivity gap < that enters the theoretical model,
and shows that under our estimated scaling factor the two are approximately equivalent, so
the regression coefficients below can be interpreted directly as (the negative of) the structural
synergy parameter.

We control for the average productivity decile of partners, decile (z]'?ft‘s ) or decile (zjs-f;p > , to
account for the possibility that firms systematically match with higher- or lower-productivity
partners for reasons unrelated to synergies. Firm fixed effects (firm;) absorb time-invariant
firm characteristics, while year fixed effects (x;) capture common macroeconomic shocks. The

~CUs

coefficients of interest, 7°** and 7°"?, measure the effect of productivity gap on firm output from

customer and supplier perspectives, respectively. Consistent with the synergy hypothesis, we

~ACUs

expect ¥** < 0 and y**P < 0: larger mismatches should reduce firm output.
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5.3.2 Instrumental variables strategy

A key identification challenge is that productivity gap may be endogenous. Firms might
select trading partners based on unobserved characteristics that also affect output, leading to
biased estimates of ¢ and 4*“?. For example, better-managed firms are both more productive
and more adept at forming well-aligned partnerships, creating a spurious correlation between
mismatch and performance. To address this concern, we implement an instrumental variables
(IV) approach using two novel instruments that plausibly influence productivity gap but are
exogenous to unobserved determinants of firm output.

The first instrument is prior inter-firm manager transitions, which counts senior managers
who have worked at both firms prior to the formation of the trading relationship. We define
senior managers as workers in seniority levels 5-7 under Revelio Labs’ 7-tier taxonomy, which
standardizes job titles into an integer scale from 1 (most junior) to 7 (most senior). Levels 5-7 cor-
respond to director-, executive-, and senior executive-level roles (e.g., Head of Legal, Managing
Director, COO/CEO). The taxonomy is constructed using Revelio’s dataset, which aggregates
career histories from over 33 million U.S. LinkedIn profiles. Since managers tend to move
between firms of similar productivity levels, this variable facilitates more assortative matching
through enhanced mutual understanding. Consequently, we expect the initial productivity gap at
the formation of trading relationsip to be negatively correlated with the pre-relationship flow of
senior managers. Because mismatch is highly persistent over time, pre-relationship manager
flows also predict current productivity gap, making our IV relevant.

The second instrument is size-distance, defined as the absolute difference in sales deciles be-
tween the firm and its partner in the year before the match formed: |decile (y]-/to,l) —decile (yj,k,to—l) |,
where t; denotes the initial year of trading relationship. The intuition is that highly productive
tirms may accept less productive partners if those partners are substantially larger, creating a
trade-off between productivity alignment and the opportunity to work with large, established
tirms (which presumably offer greater business stability conditional on productivity).

Both instruments are averaged across all partners to construct firm-level measures. Table 1
reports the first-stage results, confirming that our instruments are strong predictors of mismatch.

A central feature of our identification strategy is to exploit the high persistence of produc-
tivity gaps, i.e., the productivity gap observed at relationship formation (Ay,) strongly predicts
productivity gap several years later (A;). Because our instruments affect Ay, they therefore affect

Ay through this persistence channel. In the language of dynamic panel data models, we are
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effectively using Kto (the fitted initial mismatch) as an instrument for A;. This logic is analogous
to using lagged endogenous variables (A;,) as instruments, though our instruments yield a more

credible exclusion restriction.

Table 1: First-stage regression results for instrumental variables

(1) ()
Dependent variable Productivity gap (A;+)
Pre-relationship senior manager transition -0.0056"**

(0.0014)
Pre-relationship size-distance 0.0469***
(0.0085)

Time fixed effect Yes Yes
Firm fixed effect Yes Yes
Adjusted R? 0.448 0.445
Observations 61,368 58,118

Note: Sample: 1976-2020. The table reports first-stage regressions for the instrumental variables used in equations
(32) and (33). Column (1) shows the regression of productivity gap on the number of senior managers in both firms.
Column (2) shows the regression of productivity gap on size-distance mismatch. The number of senior managers in
both firms is the count of senior managers (seniority level higher than 4 out of 7) who have worked at both firms
prior to the trading relationship, using data from Revelio Labs. Size-distance mismatch is the absolute difference
in sales deciles between the firm and its partner in the year before the match formed. Robust standard errors in
parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

5.3.3 [Estimation results

Table 2 presents the IV estimation results for both customer and supplier specifications.
Column (1) shows the results for supplier firms, where the dependent variable is supplier log
sales and the key explanatory variable is Z]C;S (customer productivity gap). Column (2) shows
the results for customer firms, where the dependent variable is customer log sales and the key
explanatory variable is Z]S-,L;p (supplier productivity gap).

For supplier firms in column (1), we find a highly significant negative effect: ¥° = —0.413
(significant at the 1% level). This indicates that a one-unit increase in the average customer
productivity gap reduces supplier sales by approximately 0.413 log points. The economic
magnitude is substantial: moving from perfect alignment (mismatch = 0) to the maximum
mismatch of 9 would reduce supplier output by about 3.7%. For our numerical illustration in the

prior section, we therefore used 0.25, the negative of the two columns’ average, as the calibrated

synergies parameter.
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Table 2: Output decline with productivity gap

1) )
Dependent variable Supplier firm’s log sales Customer firm’s log sales
AP -0.413***
7.t
(0.073)
ALY -0.086
(0.279)
decile (z]”;s) -0.110***
(0.021)
decile (z;jp) 0.007
(0.014)
Zjt 0.305*** 0.561*
(0.046) (0.327)
Time FE Yes Yes
Firm FE Yes Yes
Observations 16,205 14,440
Identification tests for IV specifications:
Underid. test (KP rk LM) 69.518*** 5.329*
(0.000) (0.070)
Weak id. test (CD Wald F) 59.100 2.296
Weak id. test (KP Wald rk F) 35.025 2.078
Overid. test (Hansen J) 0.562 1.054
(0.453) (0.305)

The data span 1976-2020. The dependent variable is log sales for the firm receiving the productivity gap effect:
supplier firms in column (1) and customer firms in column (2). Both columns report IV estimates. Robust standard
errors are in parentheses. For identification tests, p-values are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

For customer firms in column (2), the estimated effect is smaller and statistically insignificant:
4P = —0.086. This suggests that supplier productivity gaps have a less pronounced effect on
customer performance compared to customer mismatches on supplier performance.

The identification tests support the validity of our instruments for the supplier regression.
The Kleibergen-Paap rk LM statistic of 69.518 rejects underidentification (p < 0.001), and the
Kleibergen-Paap Wald F-statistic of 35.025 exceeds the Stock-Yogo critical value for 10% maximal
IV size (19.93). The Hansen ] test does not reject instrument validity (p = 0.453). For the customer
regression, however, the identification is weaker, with a Kleibergen-Paap LM statistic of 5.329
(p = 0.070) and a Wald F-statistic of 2.078, which falls below conventional critical values.

~Cus

The negative coefficients on both 4** and 4°*F provide empirical support for the synergy

mechanism in our theoretical model. When firms collaborate with partners of similar produc-

28



tivity levels, they avoid bottlenecks and coordination frictions, leading to higher output. The
asymmetry in the magnitude and significance of the effects suggests that customer mismatches
may be more consequential for firm performance than supplier mismatches, potentially because

customers often drive production requirements and quality standards in supply relationships.

5.4 Inter-sectoral learning from customers and suppliers

This subsection studies whether firms can enhance their productivity by learning from
higher-productivity trading partners, a central mechanism in our theoretical model. We test this
hypothesis using two complementary approaches: learning from customers and learning from
suppliers.

5.4.1 Empirical specification
We examine learning from both customers and suppliers using symmetric empirical specifi-

cations. For learning from customers, we estimate:
. su . Su n .
decile (zj,kﬁ+5> — decile (Zj,ki> = QAT+ firmg 4+ Xt + € (34)
where the dependent variable represents five-year productivity decile growth for firm j’s kth
supplier. The learning potential for this supplier (from customer j) is defined as

AS'E, = max [O, decile (zj,;) — decile (Z;Llipt)] ’

which ranges from zero (when firm j’s productivity ranking equals or exceeds its customer’s) to
nine (maximum learning potential).
For learning from suppliers, we estimate an analogous specification:
decile <z§/‘,‘§t+5) — decile (z;”,ft> = ¢S””Z]S.Il;(,pt + firmjg + Xt + €j k.t (35)
where the dependent variable is the five-year productivity decile growth for firm j’s kth customer.

A;L;ft measures the learning potential of this customer from supplier j, defined analogously:

Z;L;ﬁ = max [0, decile (zj/t) — decile (Z;Liist)}

In both specifications, we control for the firm fixed effects for both firms (firm;) and year
fixed effects (x;). The coefficients of interest, fﬁ”‘s and $S”P, measure the effect of learning
potential from customers and suppliers on productivity growth, respectively. We expect ¢4 > 0
and 7 > 0: firms with higher-productivity partners should experience faster productivity

growth due to learning opportunities.
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The measures of learning potential may be endogenous if unobserved firm characteristics
influence both partner selection and productivity growth. For instance, more innovative firms
might both attract higher-productivity partners and experience faster productivity growth for
reasons unrelated to learning. To address this concern, we employ an instrumental variables (IV)
approach with two instruments similar to those used in the synergy analysis. The first instrument
is prior interfirm manager transitions (described in Section 5.3.1), which counts senior managers
who have worked at both firms prior to the trading relationship. The second instrument
is adjusted size-distance, defined as max [0, decile (y;;) — decile (y;x)]. These instruments
address the endogeneity concern by providing exogenous variation in learning potential that is
driven by factors related to the formation of trading relationships rather than firms” inherent
growth trajectories.

5.4.2 Estimation results

Table 3 presents the IV estimation results for both learning specifications. Column (1) shows

the results for learning from customers (supplier productivity growth), while column (2) shows

the results for learning from suppliers (customer productivity growth).

Table 3: Productivity increases with partner’s productivity

€)) (2)
Supplier’s prod. growth Customer’s prod. growth

Dependent variable

A]C”]ft 0.216**
(0.099)
e *
A 0.203
(0.110)
Time FE Yes Yes
Firm FE (both sides) Yes Yes
Observations 43,793 51,692
Identification tests for IV specifications:
Underid. test (KP rk LM) 146.353*** 86.049***
(0.0000) (0.0000)
Weak id. test (CD Wald F) 131.195 56.683
Weak id. test (KP Wald rk F) 66.554 38.735
Overid. test (Hansen J) 1.160 0.454
(0.2815) (0.5006)

The data span 1976-2020. Both columns report IV estimates. For identification tests, p-values are in parentheses.
*p < 0.10, **p < 0.05, ***p < 0.01.

For learning from suppliers, the IV estimate in column (1) yields ¢°* = 0.216 (significant

at the 5% level). This indicates that a one-unit increase in learning potential from suppliers
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raises customers’ five-year productivity growth by approximately 0.22 percentage points. For
learning from customers, the IV estimate in column (2) yields ¢**? = 0.203 (significant at the 10%
level), indicating that a one-unit increase in learning potential from customers raises suppliers’
tive-year productivity growth by approximately 0.20 percentage points.

The identification tests support the validity of our instruments in both specifications. For
learning from suppliers, the Kleibergen-Paap rk LM statistic of 146.353 rejects underidentification
(p < 0.001), and the Kleibergen-Paap Wald F-statistic of 66.554 exceeds the Stock-Yogo critical
value for 10% maximal IV size (19.93). The Hansen ] test does not reject instrument validity
(p = 0.282). For learning from customers, the instruments are also strong, with a Kleibergen-Paap
LM statistic of 86.049 (p < 0.001) and a Wald F-statistic of 38.735, which also exceeds conventional
critical values. The Hansen ] test shows no evidence of overidentification (p = 0.501).

The economic magnitude of these effects is meaningful. Moving from no learning potential
to the maximum learning potential of 9 would increase five-year productivity growth by approx-
imately 1.9 percentage points for suppliers learning from customers and 1.8 percentage points
for customers learning from suppliers. These effects translate to annual productivity growth
improvements of approximately 0.38 and 0.36 percentage points, respectively.

The positive coefficients on both ¢°** and ¢**? provide empirical support for the inter-sectoral
learning mechanism in our theoretical model. Firms indeed learn from higher-productivity
trading partners, whether they are customers or suppliers. The similar magnitudes for customer
and supplier learning suggest that knowledge flows operate symmetrically in both directions
within buyer-supplier relationships. Suppliers may learn from customers about market require-
ments, quality standards, and product specifications, while customers may learn from suppliers
about production processes, technological innovations, and efficiency improvements. These
bidirectional learning effects provide empirical proxies for the inter-sectoral learning parameter

¢ in our theoretical framework.

6 Electoral support for industrial policies

In this section, we apply our theoretical framework and empirical estimates to assess which
industrial policies would garner political support. We consider each three-digit NAICS industry
as a potential subsidized sector (industry A) and evaluate whether subsidizing that industry
would: (i) improve aggregate welfare from a social planner’s perspective, (ii) receive support
from workers in the subsidized industry, and (iii) receive support from workers in the rest of the

economy (industry B).
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Our theoretical analysis in Section 2.5 identifies distinct determinants of support for each
group. For the social planner, support depends primarily on the balance between inter-sectoral
learning spillovers and synergy costs. The social planner condition (1 — ¢,)Y, < ¢px—p (equa-
tion 30) indicates that industries with high inter-sectoral learning rates (¢,) and low synergy
costs (yp) are more likely to receive support, as they generate substantial productivity spillovers
to the rest of the economy while minimizing coordination frictions. Appendix D provides
the theoretical derivation of how the firm-level estimates 7", ’ﬁup 4>C”S and (/ﬁfgup map to the
sector-level parameters v, and ¢, used in these conditions.

For workers in the rest of the economy (sector B), support requires an additional consid-
% + (1 =p)rp < Ppx—p
highlights that high monopsony power (x,) in the subsidized industry makes sector B more

eration: the immediate tax burden. The sector B condition

likely to support industrial policy. This occurs because sector B workers, as shareholders of
diversified firms, benefit from the redistribution of profits when monopsony power is high. The
tax burden on sector B is partially offset by increased dividend income from sector A’s profits.

Workers in the subsidized industry (sector A) has the loosest support condition for industrial

policy targeting their own sector, as they receive direct subsidies while bearing only a fraction of

A=rp)x—p
Py
Our empirical evaluation proceeds in two steps. First, we estimate industry-specific parame-

the costs. The sector A conditionis (1 —¢p)yp < Ppx—p +

ters using U.S. data: the synergy parameter 7, the inter-sectoral learning rate ¢, industry size
X A,p, and monopsony power k;,, and calibrate the conventional parameters that apply uniformly
to all industries. Second, we apply these estimates to the three support conditions derived in
Section 2.5 to identify which industries would receive support from each stakeholder group.
Estimating industry-level synergies and learning. We estimate industry-specific parameters by
applying the methodology from Section 4 separately to each three-digit NAICS industry. For
each industry p, we estimate the following regressions using only firms (indexed by j) in that
industry:
Yip = T9Bj) + Bpzji +11p x decile ( Cus) + firmj+ xi + €,

——Su 3 7 .
Yit = "y\;”ijltp + Bpzjt +1p X decile (z;;’p> + firm;+ xt + €4,
Zj 145 — <PcuSAcuS + Bpzji + firm; + Xt + €jt,
Zjt+5 — (PSMPASHP + :BPZ] t+ fzrm] + Xt + €jt-

Variables and instrumental variables are defined as in Section 5. Coefficients that are not
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statistically significant at the 10% level are set to zero.

For each industry, we construct aggregate parameters by combining customer- and supplier-
side estimates. The overall synergy parameter is v, = —[wp7,** + (1 — wp)7p "] and the overall
learning rate is ¢, = wp(/ﬁ,f,us + (1 - wp)(f;”p , where the weight w; represents industry p’s
downstream orientation in the supply chain, measured as the fraction of inter-sectoral sales to
downstream industries using U.S. input-output tables.

Calibrating industry size and monopsony power. Industry size x is measured as the industry’s
share of total value added in the U.S. economy, averaged over 2010-2020 using data from the
BEA. The size of the rest of the economy is x—, = 1 — x,. Monopsony power x;, is measured as
the industry p’s profitability using BEA data, as in equation (31).

Evaluating support conditions. Using the estimated parameters for each industry, we evaluate

the three conditions from Section 3:

1. Social planner support: Equation (30) requires (1 — ¢,)vp < ¢pX—p-

2. Sector B (rest of economy) support: Equation (26) requires % + (1 =p)rp < PpX—p-

3. Sector A (subsidized industry) support: Equation (27) requires (1 — ¢,)7p < ¢px—p +
(I—xp)X—p
Py

6.1 Results

We present our main results in three figures that visualize the support conditions across all
three-digit NAICS industries. Each figure plots the difference between the right-hand side and
left-hand side of the corresponding support condition (equations 30, 26, and 27). A positive
value indicates support for industrial policy, a negative value indicates opposition, and zero
represents indifference.

Figure 4 presents social planner support across all three-digit NAICS industries. Only a
minority of industries yield positive net benefits from the social planner’s perspective. The
supported industries include: Fabricated Metal Product Manufacturing (332), Transportation
Equipment Manufacturing (336), Machinery Manufacturing (333), Computer and Electronic
Product Manufacturing (334), Primary Metal Manufacturing (331), Support Activities for Mining
(213), Petroleum and Coal Products Manufacturing (324), Chemical Manufacturing (325), and

Miscellaneous Manufacturing (339).
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Social Planner

15

Figure 4: Social planner support for industrial policy across three-digit NAICS industries. The

vertical axis shows the net social benefit ¢px» — (1 — ¢p)7p from subsidizing each industry
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(equation 30). Positive values indicate industries that would receive support from a welfare-
maximizing social planner, as inter-sectoral learning spillovers exceed synergy costs.

These industries share common characteristics: they exhibit strong inter-sectoral learning

spillovers (¢, is high) that generate positive externalities for the rest of the economy, while their

synergy costs (7,) are sufficiently low.

Figure 5 displays support from workers in the rest of the economy (sector B). The pattern

of support closely mirrors the social planner’s preferences but is more restrictive. This is

because these industries that receive social planner’s support are predominantly those that are

would be welfare-improving, sector B workers oppose them due to the substantial tax costs they

would bear. Notably, there exists a broad range of industries for which the social planner is

indifferent (net benefit near zero) because estimated synergies or inter-sectoral learning effects
34

relatively small (), is low), which minimizes the immediate tax burden on sector B workers
and receive their support. Hypothetically, for much larger industries, even when subsidies



Voters from the Rest of Economy (Industry B)
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Figure 5: Support for industrial policy from workers in the rest of the economy (Sector
The vertical axis shows the net benefit ¢,x—» —

B) across three-digit NAICS industries.

JXp 4 (1- %)’y,,} to workers in the rest of the economy (equation 26). Positive values

(1—xp
Py

|

indicate industries that would receive sector B support.

are not statistically significant. Despite the absence of significant social benefits or costs, sector B

workers oppose subsidies to these industries, reflecting their aversion to bearing taxes without

clear compensatory spillovers.

Our finding that sector B workers would support industrial policies targeting Transportation

Equipment, Computer and Electronic Product Manufacturing, and Primary Metals is consistent

with the historical trajectory of U.S. industrial policy. The Transportation Equipment sector

has received sustained government support for over seven decades. The aerospace industry

benefited from Department of Defense procurement contracts beginning in the 1950s and NASA’s

establishment in 1958, while the automotive sector received emergency support through the

Emergency Economic Stabilization Act of 2008 and the American Recovery and Reinvestment

Act of 2009 (Klier and Rubenstein, 2012). More recently, the Inflation Reduction Act of 2022
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provided substantial tax credits for electric vehicle production and adoption (IRA, U.S. Congress,
2022).

The Computer and Electronic Product Manufacturing sector, particularly semiconductors,
similarly emerged from government intervention. Military procurement contracts under the
Defense Production Act of 1950 and Department of Defense research funding in the 1960s-1970s
cultivated the early semiconductor industry (Flamm, 1996; Mowery, 1999). Contemporary
policy has reinforced this pattern: the CHIPS and Science Act of 2022 allocated $52.7 billion for
semiconductor manufacturing subsidies and R&D (CHIPS, U.S. Congress, 2022).

Primary Metal Manufacturing has received protection through Section 232 national security
tariffs imposed in 2018 under the Trade Expansion Act of 1962, which levied 25% tariffs on
steel and 10% on aluminum imports (Bown, 2021). “Buy American” provisions, codified in the
Buy American Act of 1933 and strengthened through subsequent executive orders, have further
sheltered this sector (McGuinness and Manuel, 2017). Chemical Manufacturing benefits from
strong intellectual property protection under the Bayh-Dole Act of 1980 and receives indirect
support through defense and energy programs (Mowery et al., 2004). Even Petroleum and Coal
Products have received support through tax provisions in the Energy Policy Act of 2005 and the
Strategic Petroleum Reserve established in 1975 (Bordoff and Losz, 2020).

This historical pattern demonstrates that the sectors our model identifies as generating
substantial inter-sectoral learning spillovers while imposing limited synergy costs are precisely
those that have attracted sustained policy intervention. This empirical consistency validates
our theoretical framework’s ability to rationalize observed industrial policy choices through the
political economy lens of voter preferences and welfare effects.

Figure 6 illustrates support from workers in potentially subsidized industries (sector A). As
anticipated, sector A workers exhibit near-universal support for industrial policy targeting their
own industries. The only exceptions occur in rare cases where synergy costs are exceptionally

equation (27) represents the indirect benefit to sector A workers from reduced monopsony

high and inter-sectoral learning is negative or negligible. The additional term

power in the rest of the economy, further bolstering their support.

The divergence between sector A’s support (near-universal) and sector B’s support (highly
selective) reveals a fundamental tension in the political economy of industrial policy: direct
beneficiaries strongly favor subsidies regardless of aggregate welfare effects, while the taxed ma-
jority requires demonstrable economy-wide spillovers to lend support. This tension implies that

welfare-improving industrial policies may nevertheless fail to achieve democratic majority sup-
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Voters from the subsidized industry (Industry A)
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Sector A worker support for industrial policy across three-digit NAICS industries. The

Figure 6

(1—xp)x—

£ — (1 — ¢p)7p to workers in the subsidized

industry (equation 27). Positive values indicate support.

vertical axis shows the net benefit ¢, x -, +

Py

substantial

and clearly communicate

port, and that politically viable policies must generate

7 Conclusion

spillover benefits.
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Appendix

A Sectoral Symmetry Under the Population-Income Share Nor-

malization

In the main text, we adopt the normalization N; = );, equating each sector’s population—the
number of firms and workers—to its income share in final goods production. This appendix
formally demonstrates that this normalization ensures identical per capita outcomes across
sectors in both periods in the absence of industrial policy (74 = 73 = 0). This result justifies
using the no-policy equilibrium as a symmetric benchmark in which workers would have no

incentive to move across sectors even if labor mobility were permitted.

A.1 Period 1

Sectoral output is given by the aggregation of firm-level output:
yig = z1l}1 kS,

where ;1 = N; and k;; = Nik; ;1. Substituting these expressions yields:

yi1 = 21N} % (Nik;j1)* = z1Niki ;1. (A-1)

Firm-level capital is k; ;1 = a(1 — 7;)x;y1/N;. With no taxes (t; = 0) and x; = N;, this

becomes k; ;1 = ayi. Sectoral output is therefore: y;1 = z1 N;(ay1)". Sectoral output per capita is:

y% = z1(ayp)". (A-2)
1
As already shown, capital per capita in sector i is:
k:
= Kija=ayr. (A-3)
1

For consumption per capita, labor income per capita in sector i is (1 — 7;)(1 — x)(1 —
a)x;y1/N;. With no taxes and N; = y;, this becomes (1 — «)(1 — a)y;. Dividend income
per capita is k(1 — a)y1 Y5 xs(1 — 75), which simplifies to k(1 — a)y;. Consumption per capita is

therefore:

(;i]—l =(1-x)1—-a)yr +x(1 —a)y; = (1 —a)y1. (A-4)
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Equation (A-2)-(A-4) show that output, capital, and consumption per capita are identical

across sectors in period 1.

A.2 Period 2

Given the identical per capita capital across sectors in period 1 (k41/Na = kp1/Ng), the

within-sector learning equation (9) yields identical within-sector productivity in period 2:
ZA2 = ZBp. (A-5)

With the same derivation as in period 1, we can show that output, capital, and consumption per
capita are identical across sectors in period 2.

The normalization N; = yx; delivers a clean symmetric benchmark. In the absence of industrial
policy (ta4 = 13 = 0), per capita capital, output, and consumption are identical across sectors
in period 1. Because per capita capital is identical in period 1, within-sector learning yields
identical productivity across sectors in period 2. With no productivity gap, inter-sectoral learning
spillovers are absent, and final productivity is identical, resulting in equal per capita consumption
across sectors. This symmetry implies that workers in both sectors achieve the same lifetime
utility in the absence of policy, providing a natural reference point from which to evaluate the

welfare effects of industrial policy.
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B Sector-specific rate of learning by doing

We now extend our baseline model to allow for sector-specific within-sector learning-by-
doing parameters, 4 and ¥p. This captures the empirical reality that different industries may

have different capacities for learning from their own production experience.

B.1 Modified Productivity Dynamics

Under this extension, the within-sector learning equations become sector-specific:

In(Zaz2) = a {1“(1 —T4) + @) +1Z_i}uc¢i : (Xi)} ’ (A-6)
In(Zp2) = 5 [hl(l —Tp) + In() +12_i)§; i (Xi)] : (A7)

The inter-sectoral spillover equation remains unchanged:

In(z;p) = In(Zj2) + ¢ max{In(z_;») — In(Z;,),0}. (A-8)

Given that 74 < 0 and 13 > 0, we still have Z4 » > Zp 5, so sector B learns from sector A:

ln(ZA,Z) = IH(EAlz) =1a [ln(l - TA) + C] , (A-9)
In(zpp) = (1 —¢)In(zp2) + ¢In(z42)
= (1—=¢)yp[In(1 — 1) + C] + ¢pa [In(1 —T4) + C], (A-10)

_ In(a)+Y xi In(x;
where C = (@) 1_25 ()

B.2 Modified Aggregate Output and Voting Conditions

The aggregate output in period 2 is:
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In(y2) = —y[In(zap) —In(zp2)] + xaIn(za2) + xpIn(zpp)
=—7(1—¢) [paln(l —74) — YpIn(1 — 75)]
+xaPaIn(l —t4) + x5 [(1 — @)Y In(1 — 18) + ¢4 In(1 — T4)] + constant. (A-11)

The lifetime utilities for the two sectors are modified accordingly. Using the approximations
In(l1-7) ~ —1and In(1 — 7 + 7jx) = —7;(1 — k) for small 7;, and the government budget
constraint x 474 + xpTs = 0, we obtain the following modified voting conditions:

B.2.1 Support Conditions with Heterogeneous Learning Rates

The voting conditions for sector A (subsidized) and sector B (taxed), along with the social
planner’s welfare criterion, can be expressed in comparable forms that highlight how relative
learning rates modify the political calculus. When learning rates differ (4 # ), the conditions
become:

Sector B (taxed majority) supports policy if:

(A—m)xa | ¥a ]
Bys | (1—=¢)r < ¢xs . (A-12)
Sector A (subsidized sector) supports policy if:
_ Ya . (A—K)xs )
(1—=¢)r < ¢xs s + Bys (A-13)

Social planner supports policy if:

(1 —¢)(xB+7)xa < Yaxsxa+oxs—(1—¢)v]. (A-14)

These conditions reveal how relative learning capacity 14 /1p enters the political economy
of industrial policy.

First, spillover benefits are scaled by relative learning rates. The right-hand side of inequalities
(A-12) and (A-13) includes the term ¢xp - (¢ 4/¥p). When the subsidized sector learns faster
(Ya/Pp > 1), the perceived spillover benefit grows, making support more likely. When it learns
slower (4 /1p < 1), the benefit shrinks.

Second, immediate costs are weighted by the taxed sector’s learning rate. The tax-burden

term (1 — x)xa/(Byp) in condition (A-12) is divided by 5. A higher ¢p reduces this cost term,
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reflecting the fact that taxing a fast-learning sector imposes a larger opportunity cost in forgone
learning.

Third, dividend benefits are also weighted by the taxed sector’s learning rate. The additional
benefit term in condition (A-13) is divided by . This captures how the taxed sector’s learning
capacity influences the dividend channel.

Fourth, the social planner’s condition is more complex, incorporating both learning rates
through the product terms on both sides. When ¢4 = ¢ = 1, condition (A-14) simplifies to
(1 —¢)v < ¢xp, which matches the main text.

When ¢4 = g = 1, the conditions reduce exactly to their symmetric counterparts in the

main text:

(1-x)xs
By 7

(1—x)xa

+(A=¢)y<¢xs, (1—¢)y<¢xs+

The ordering of restrictiveness remains: sector A workers support industrial policy over the
broadest parameter range, the social planner’s condition is intermediate, and sector B workers
require the strongest evidence of net benefits. However, the exact thresholds now depend on the

ratio ¢4 /¢p, which can significantly expand or contract the politically feasible parameter space.

B.3 Implications

The introduction of sector-specific learning rates modifies the analysis of industrial policy in
several meaningful ways.

First, the relative magnitudes of learning rates now shape the conditions for political support.
The decision to subsidize a sector no longer depends solely on its absolute learning capacity,
but rather on how its learning rate compares to that of the taxed sector. A sector with a high
P, relative to 1, is more likely to gain support from both the social planner and workers in
the taxed sector, because the productivity gains from subsidizing it are larger relative to the
opportunity cost of taxing a sector that could otherwise have learned rapidly on its own.

Second, changes in learning rates have asymmetric effects on political support. An increase
in 1, makes industrial policy more appealing to workers in the taxed sector—the right-hand side
of condition (A-12) rises—but it also makes the policy slightly less attractive to workers in the

subsidized sector, because the right-hand side of (A-13) rises as well, tightening the inequality.
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In practice, however, the direct beneficiaries in sector p almost always favor subsidies, so this
second effect is usually minor. Conversely, an increase in i, reduces the appeal of industrial
policy to taxed workers—the left-hand side of (A-12) grows—while making it more attractive to
subsidized workers, as the left-hand side of (A-13) falls.

Third, applying this extension empirically would require estimating within-sector learning
rates industry by industry. One could, for example, regress productivity growth on lagged
measures of production scale or capital input at the industry level, using instrumental variables
to address endogeneity concerns. Such estimates would help identify which sectors possess high
intrinsic learning capacity.

Finally, the policy implications become more nuanced. Industries that combine strong within-
sector learning (i) with strong inter-sectoral spillovers (¢) are especially compelling targets for
industrial policy, both in terms of economic efficiency and political feasibility. However, even a
sector with high 1, may struggle to gain political support if the rest of the economy learns even

faster (-, > 9;), because the opportunity cost of taxation is then prohibitively high.

B.4 Numerical Illustration of Heterogeneous Learning Rates

To illustrate how heterogeneous learning rates affect the political feasibility of industrial pol-
icy, we simulate the support condition for sector B—the taxed majority—across three scenarios:
1. ¢, = 04 > ¢, = 0.2 (the subsidized sector learns faster); 2.y, = ¢, = 0.25 (the symmetric
baseline, matching our main analysis). 3. i, = 0.2 < _, = 0.4 (the taxed sector learns faster).
We hold other parameters at their baseline values as in the original calibration.

Figure B.1 displays the parameter space for sector B support in the first scenario, where the
subsidized sector has a higher learning rate. The left panel varies the subsidized sector’s size
(x) and monopsony power (x), holding inter-sectoral learning fixed at baseline value; the right
panel varies x and ¢, holding « fixed at baseline value. Black regions indicate combinations
where sector B supports the policy; white regions indicate opposition.

Three patterns stand out. First, sector size matters less than in the symmetric benchmark: the
black region extends further to the right along the x-axis. When the subsidized sector learns
quickly, the taxed majority is willing to accept a larger sector because the spillover benefits

compensate for the higher tax burden. Second, greater monopsony power (k) expands the
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Figure B.1: Parameter space for sector B support when ¢, = 0.4 > ¢, = 0.2. Black regions
indicate support; white regions indicate opposition. Left: Variation in x (subsidized sector size)
and x (monopsony power). Right: Variation in x and ¢ (inter-sectoral learning).
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Figure B.2: Parameter space for sector B support in the symmetric case (y, = ¥—, = 0.25),
matching our baseline analysis.

support region, as before, because taxed workers benefit from dividend income. Third, inter-
sectoral learning (¢) remains important—higher ¢ enlarges the support region—but even at

moderate values (¢ ~ 0.3-0.4) substantial support exists when 1, > ¢_.
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Figure B.2 shows the symmetric baseline, which reproduces exactly the parameter space from

the main analysis (Figure 1). This provides a benchmark for the asymmetric cases.
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Figure B.3: Parameter space for sector B support when ¢, = 0.2 < ¢, = 0.4. Support (dark
region) is substantially more restrictive than in Scenarios 1 and 2.

Figure B.3 presents the third scenario, where the taxed sector learns faster. The support
region shrinks dramatically. Sector B now backs the policy only for very small subsidized sectors,
because taxing a fast-learning sector entails a high opportunity cost. Monopsony power still
helps, but its effect is muted; the dominant factor is the loss of own-sector learning. Moreover,
support emerges only at very high inter-sectoral learning rates, implying that nearly perfect
knowledge transfer is needed to justify taxing a rapidly learning sector.

Together, these numerical results underscore the central role of relative learning rates. When
the subsidized sector learns faster (y, > ), taxed workers view the policy as an investment in
tuture productivity: the forgone learning in their own sector is outweighed by direct spillovers,
indirect gains from a more productive economy, and dividend income. When the taxed sector
learns faster (, < ¢ ), industrial policy becomes a hard political sell, because taxed workers
bear a triple burden—immediate taxes, lost learning opportunities, and limited spillovers from a
weaker sector.

While allowing for sector-specific learning rates enriches the theoretical framework and

better captures real-world heterogeneity, the core political-economy tension remains: workers in
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the subsidized sector almost always favor subsidies, while workers in the taxed sector require
clear evidence of substantial spillover benefits. The threshold for those benefits, however,
now depends critically on the relative learning capacities of the two sectors. Future empirical
work that estimates industry-specific i parameters could therefore yield more nuanced policy

recommendations.
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C Allowing for Household Saving and Borrowing

In the main text, we abstracted from household saving and borrowing decisions to focus
on the redistributive and productivity channels of industrial policy. In this appendix, we relax
this assumption and allow households to smooth consumption across periods by saving or

borrowing at a common real interest rate r.

C.1 Household Problem

The household in sector i solves:

max In(c;1) + BIn(c;io)

Ci1,Ci2

subject to the intertemporal budget constraint:

The first-order conditions yield the Euler equation:

C‘
2 = B(1+7).
Cil

From the budget constraint and the Euler equation, period-1 consumption is:

1 .
Ci,l = m (.1/1',1 + 1y—li/_2r) .

Substituting the income expressions y;1 = (1 — 7 + k) (1 — a)y; and y;» = (1 — &)y, from

the main text gives:
Ci1 = !
1,1 - 1 _I_ ‘B

Period-2 consumption follows from the Euler equation:

{(1 — T+ 7x) (1 —a)y; + %} . (A-15)

Cip = ﬁ(l + r)ci,l-

A.10



C.2 Modified Voting Conditions

With saving and borrowing, lifetime utility can be derived as:
Ui = (14 p)In(ci1) + pIn(B(1 + 7)),

where period-1 consumption is given by equation (A-15).

Households in sector B support industrial policy if Up(t4 < 0,75 > 0) > Up(0,0). Following
the same log-linearization procedure as in the main text, we approximate In(cp 1) around the
no-policy equilibrium (14 = 73 = 0). Let

(1 - a)ya(7)

Xp(t) =1 -1+ 185)(1 —0)y1 + T4+

denote the term inside the logarithm in the expression for cp ;. Log-linearizing In(Xp) around

T = 0 gives:

In(X5(7)) — In(X5(0)) ~ XBl(O) (3‘2? Ta+ %f: TB) .

Using the derivatives of y, from the main text, the government budget constraint x 474 +

xBTg = 0, and the approximation In(1 — 7;) &~ —7;, this simplifies to:

(1—a)(1—x)xal+r

m 2 +(1—¢)y < pxs,

where ¢ = 9/ is the growth factor of aggregate output in the absence of policy.
To compare this with the benchmark model, note that in the no-policy equilibrium, the Euler
equation implies ¢ = ¢;»/c;1 = B(1 + r). Substituting B(1 +r) = g into the condition above

yields:
(1—a)(1 —K)xa
Py

which is identical to the benchmark condition (26) from the main text.

+ (1 —¢)y < dxs,

Similarly, sector A workers support the policy if:

(1-a)(1 —x)xs
Py

7

(1—=¢)y < Pxp+
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which is identical to the benchmark condition (27).

The social planner’s condition remains unchanged from the main text:

(1—=¢)r < Pxs-

Thus, when log-linearized around the no-policy equilibrium, the voting conditions with and
without saving are identical. The intuition is straightforward: in the no-policy equilibrium, per
capita income is identical across sectors, so households have no incentive to borrow or lend
across sectors. The saving/borrowing margin is therefore inactive at the point around which we

log-linearize, and the local voting conditions coincide.
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D Mapping Firm-Level Estimates to Sector-Level Parameters

The empirical analysis in Section 5 estimates four firm-level coefficients for each three-digit

~

and ﬁup, and learning parameters ¢;,* and a)\;up.

This appendix provides the theoretical bridge between these firm-level estimates and the sector-

~CUs

NAICS industry p: synergy parameters 7

level parameters <y and ¢ that enter the aggregate production function (4) and the inter-sectoral
learning equation (10).

We start with a set of common assumptions that underpin both mappings.

Shared Assumptions

(A1) Common distributional shape. For any two sectors i and j, the log-productivity distribu-

tions are identical up to a location shift with common dispersion ¢

F(Inz) = G(@) , 1=AB,

where G is a baseline CDF with density ¢ = G and y; is the geometric mean (so y; = In Z;).
This assumption is plausible for mature industries within the same country and period,

and it is testable in the data.

(A2) Local linearity of decile ranks. For any firm j in sector i, its decile rank satisfies
decile(zj) ~ 10 Fi(Inz;) ~ 10 G(0) + 6 (Inz; — p;),
where 6 = 10¢(0) /0. Consequently, for any customer-supplier pair (j, k),
decile(z;) — decile(z;) =~ ¢ (Inz; —Inzg) + ayy,

where ay, is a pair-specific intercept that absorbs any additive differences in baseline decile

levels across industry pairs (p, ).

These two assumptions are sufficient to map the decile-based regressors used in the data to
the log-productivity gaps that appear in the theoretical model. The scaling factor ¢ is estimated

directly from the data via the fixed-effects regression described below; we find 5 ~ 1,50 N0
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turther rescaling is required for the point estimates.

D.1 From Firm-Level Sector-Level Synergy Costs

Consider a continuum of customer-supplier pairs (j, k), with j € A, k € B. In the absence of

synergy frictions, pair output is v; ;; with a productivity-gap penalty, actual output is
ynergy p p Yjk P y-gap p Y P

actual __

In Yik = In Yik — Yéirm |In zj—1In zk, Yéirm > 0.
Final goods are produced by a log-linear aggregator over all pairs, so
Y = [[inyjduti,k) = i [[ 110z =zl du ).
The first integral aggregates to sectoral outputs:
/ Iny;rdu(j, k) = xaInYa + xpInYp + constant.

Using Assumption 2, the absolute log gap is approximately proportional to the absolute decile

gap: )
|Inz; —Inz| ~ 5 |decile(z;) — decile(z)|.

Hence,

InY = constant + x4 In Y4 + xpIn Yp — ,Yf(isrm IE[|decile(zj) — decile(z)|].

The empirical regression in Section 5 estimates the effect of the average absolute decile

mismatch on In Y; for the customer side,

ACUS alﬂ _ _ Yfirm
p aKcus 5

Therefore the structural synergy parameter is

~Ccus

Yfirm = _5’)’;3 =—0 ,/f;up,
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and the industry-level parameter is the weighted average of the two directional estimates (using

the downstream orientation weight w):
Tp = wp (=75°) + (1 —wp) (=77

Since § ~ 1, 7p is directly the negative of the estimated mismatch coefficient.

D.2 From Firm-Level to Sector-Level Learning Spillover

The inter-sectoral learning equation states that sector B closes a fraction ¢ of the productivity

gap with sector A:
InZpg;i1 =1In ZB,H—l +¢ max{InZy ;.1 —InZp;1q, 0}.
At the firm level, we estimate regressions of the form
Adecile(zx) = ¢ max{0, decile(z;) — decile(z)} + controls.

To connect ¢°** to ¢, we make one additional, mild assumption:

(A3) Dominance of the sector-level gap. The sector-level productivity gap A =InZ, —InZp
is the main driver of the decile gap between a customer and a supplier; idiosyncratic

deviations are mean-zero and uncorrelated with A. Equivalently,
max{0, decile(z;) — decile(z;)} ~ ¢ max{0, InZy —InZp} + e,

with Efej [ A] = 0.
Under this assumption, the firm-level regression identifies

_ Cov(Adecile(z;), max{0, decile gap})

Cus

Var (max{0, decile gap})

For the average firm in the lagging sector, the change in its decile rank is approximately J times

the change in the sector’s log mean, and the positive part of the decile gap is approximately 4
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times the positive part of the sector-level gap. Therefore,

¢CHS — 4)

Likewise, ¢°"F = ¢. The industry-level learning parameter is then the weighted average of the

two directional estimates:

sup

Pp = wpdy + (1= wp) gy,

where w) is the fraction of pairs in which industry p acts as a supplier (so that it is the learner
in the customer-side regression). This weighting improves precision under the null that both

coefficients estimate the same ¢.

D.3 Estimation of the Scaling Factor

We estimate ¢ directly from the firm-level data using the following panel regression with

industry-pair fixed effects ay,:
Adecilej = apg + 6 Alnzj + e, (jep keqg).

The fixed effects absorb any additive differences across industry pairs, so ¢ is identified from
the within-pair variation in the log-productivity difference. This is precisely the variation that

corresponds to the local linearity in Assumption 2. Table D.1 reports the result.

)

Dependent variable Current decile mismatch (Ay)
Log-productivity gap (Alnzj) 1.000***

(0.018)
Year FE Yes
Industry-pair FE Yes
Observations 26,187
R? 0.204

Notes: Robust standard errors in parentheses. ***p < 0.01.

Table D.1: Direct estimate of the scaling factor é.

The estimated coefficient is indistinguishable from unity, implying an approximately one-to-

one mapping between decile ranks and log-productivity differences in our sample. Consequently,

~ACUs

the estimated mismatch coefficients 4** and 4°“? are directly interpretable as structural syn-
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ergy parameters in log-productivity units, and no further rescaling is needed for the learning

coefficients either.

Robustness to unequal dispersions. If the two sectors have different dispersions (o4 # ),
the scaling factor becomes sector-specific: 6; = 10g(0)/0;. The synergy mapping then involves
a harmonic mean of 4 and Jp, which biases the estimated 7 by a factor that depends on the
dispersion ratio. For learning, the firm-level regression would identify ¢° = ¢ - 204/ (04 + 03).
However, because each industry trades with many partners and we average the two directional
estimates, these biases partially cancel across partners and directions. In the empirically relevant
case where dispersions are similar, the bias is negligible; our main results are robust to allowing

for unequal dispersions, as discussed in the online appendix.

Summary of the Mapping

Under the shared assumptions (common shape, local linearity, and—for learning—sector-gap

dominance), the firm-level estimates ’7;”5, '?;”p , @;”5, (f:;up map directly to sector-level parameters:

~CUS ~SU sup

— p — oy
Tp=—wp7y” — (1 —wp) 7", Pp = wp ¢ + (1 —wp) Py
These are the parameters used in the quantitative exercise.

E Monopsony Power with Elastic Labor Supply

In the main text, we assumed a perfectly inelastic labor supply to highlight the redistributive
role of monopsony power. Here, we relax that assumption and adopt the standard textbook
monopsony model in which each firm faces an upward-sloping labor supply curve. This
introduces a deadweight loss from monopsony, which alters the welfare and political support

conditions for industrial policy.

E.1 Model Modification

Each firm j in sector i faces a labor supply schedule

0
wi,]- =¥ li,j’ >0,
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where 77; is a sector-specific supply shifter and 6 is the inverse elasticity of labor supply (common

across sectors for simplicity). The firm’s problem in period 1 becomes

max (1 —7)pi1Yij1 — wijiliji —kij1,
lijikija

subject to y; ;1 = z1k} ].,111.1,;1"‘ and w; ;1 = 171'119’].’1. The first-order conditions are:

Yija
lija

(1-1)pir1(1—a) =1+ 0wij1,  kiji=a(l—1)piyij1-

The term (1 4 0) > 1 represents the monopsony wedge: the marginal revenue product of
labor exceeds the wage. The profit of the firm is

11—«
i1 = (1= T)piyij1 — Wijalijn —kiji = {1 “1r0 4 (1—=7)piryij1-

Definex; =1 — %%”9‘ —a = %. Then the profit share of output is «;, identical in form to the
reduced-form monopsony parameter in the main model. However, the labor supply elasticity 0

now also affects the employment level.

E.2 Equilibrium with Elastic Supply

Because labor supply is elastic, aggregate employment in period 1 is no longer fixed. Solving

the model yields:

1
(1—a)(1 - Tl)) 0 M e a(1—) .
li1= “(1- “z1) T (1—7;) @ t .
i1 ( A+0)7 (a*(1—a) %z1) * (1—1) + terms in 3
Crucially, a higher tax 7; now reduces employment, creating a deadweight loss beyond the pure

redistribution channel. The aggregate output in period 1 becomes

x+Inzy+alna+ (1—a)In(l—a)+5x |52 In(1— %) +1Iny;

1 =
o 1_0‘_(1—0*"‘)2

Taxation now lowers y; directly because it reduces labor supply.
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E.3 Modified Voting Conditions

Using the same log-linearization as in the main text, the condition for sector B workers to

support subsidies to sector A becomes:

(1-a)(1=R)xa
pyo

(1-%)xa
Py

+ (1-¢)y + < ¢XxB,

where & = "‘ﬁrge is the equilibrium profit share (which differs from the reduced-form « used earlier

(A-a)(1-R)xa
pyo

because & now also appears). The extra term captures the additional deadweight
loss from taxing sector B: it reduces employment and output, making sector B even less willing
to support the policy. Conditional on the previous force, however, a higher monopsony power
would make workers from sector B more likely to support industrial policy to A.

The condition for sector A workers becomes:

(1-®)xs n (1—a)(1—%)xs
B Byo '

(1—=¢)y < ¢xp +

The deadweight loss term now appears on the right-hand side, which might appear to make
sector A more supportive. Closer inspection reveals that the deadweight loss from taxing sector
B reduces the tax burden that sector A would otherwise have to bear indirectly (because the
government collects less revenue from a shrunken sector B).

The social planner’s condition becomes:

(1—a)(1—%)
ppo

(1—=¢)ry < ¢xB —

Relative to the baseline condition (1 — ¢)y < ¢x5, the planner now faces an additional cost
term that makes intervention less attractive. This reflects the fact that taxing sector B creates a

deadweight loss even before considering synergies.
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