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Abstract

Which firms supply which products? Modeling multi-product firms under het-
erogeneous markups, we recover firms costs for produced products and develop an
algorithm inspired by recommender systems to predict them for unproduced prod-
ucts. Lower predicted costs imply increased product adoption and explain which
firms supply products when export demand induces domestic entry. The rich coun-
terfactuals provided by the algorithm enable new quantifications of shocks and
policy effects. In a price stabilization exercise following a cost shock, we find entry
subsidies often cost less than subsidies to incumbents, but less frequently as shocks
grow and capable entrants become scarce.
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1 Introduction

Which products are potentially produced together? When demand for a product in-
creases, can we predict which firms will supply it? This is important for policy as know-
ing which products a firm is likely to adopt is central in the current policy push toward
national self-reliance in key sectors, ranging from “green” technologies to microprocessors
to defense. Recent policy proposals highlight the need for empirical tools to assess domes-
tic production capabilities. For example, the European Commission has considered local
content requirements of up to 70 percent for critical goods such as vehicles, batteries, and
clean technologies in order to reduce reliance on foreign suppliers. More broadly, gov-
ernment loan guarantees use public credit backing to make private finance available for
high fixed cost, early commercial or strategic technologies that are socially valuable but
too risky for ordinary lenders. Designing such policies requires knowing which products
domestic firms can realistically produce, how costly policies might be, and how increased
domestic competition would affect firms and consumers.

Our framework provides firm-level measures of counterfactual productive capabilities
and allows policymakers to quantify the feasibility and welfare implications of industrial
policy interventions. By predicting which firms have the capabilities to produce critical
goods or pointing out limited capability, the model can inform targeted policies and
can help distinguish sectors where domestic supply is feasible from those where it would
require substantial capability accumulation.

A key obstacle is that until a firm produces a product, costs and benefits of this deci-
sion are unknown, at least outside of the firm. Our central idea is that the sales, markup
and cost distribution of a firm’s existing product portfolio, together with the distribu-
tion of co-occurring absolute advantages across all firms, contains valuable information
about the firm’s absolute advantage in unproduced products. Much like streaming or
e-commerce platforms that predict a user’s next movie, song, or purchase by combining
individual histories with aggregate patterns across users, we aim to predict a firm’s next
product adoption. Inspired by ideas from the computer science recommender system
literature, we develop an approach to predict a firm’s absolute advantages in unproduced
products based on observed co-production patterns within and across firms. This idea
aligns with the multi-product firm literature, which emphasizes the role of core compe-
tencies and supply-side linkages across products in shaping firms’ production portfolios
(Eckel and Neary, 2010; Nocke and Yeaple, 2014; Mayer et al., 2014; Eckel et al., 2023).
One challenge is that predicting product adoption conditional on all possible combina-
tions of co-production would require unrealistically rich data. While such data demands

might be met by online platforms with millions of users, they constrain the use of standard



production surveys in economic research.

We address this challenge by constructing a multi-dimensional product space from
observed firm-product absolute advantages. In this space, both products and firms are
represented as points. The distance between two products summarizes how efficiently
they tend to be co-produced across firms: products that are closer are more likely to be
produced together by firms that exhibit absolute advantages in both. This implies that
when a firm produces a given product efficiently, it is more likely, based on the behavior
of other firms, to also produce products that are nearby in the product space. In analogy
to streaming platforms, two movies are “close” if they tend to be watched and rated
highly by the same users, so that watching one predicts watching the other.

A natural approach to think about product co-production is to use product char-
acteristics (e.g. inputs, technologies, or end uses) when they are observable, which is
often the case for demand characteristics in narrow industries for final goods. In this
paper, we wish to understand latent supply capabilities in co-production across all prod-
ucts at a granular level. We therefore adopt a more parsimonious strategy and infer
them directly from revealed co-production efficiency patterns, without committing to
any single underlying mechanism.! The practical benefit is that our approach is less data
demanding: comprehensive product characteristics are often unavailable at high levels of
disaggregation and difficult to define consistently across very different products with lim-
ited overlap, whereas co-production patterns and absolute advantages remain observable
and informative across the full product set.

The product spaces we construct therefore hold information about co-production ef-
ficiency in the location of products. We locate each firm as a sum of the products they
produce as in the recommender system literature, closer to products in which they have
better absolute advantages in their product portfolio. Once products and then firms are
located, the distance between a firm and any unproduced product provides a counterfac-
tual measure of the firm’s absolute advantage in that product. These inferred advantages
form the basis for our subsequent empirical analysis.

We combine the product-space approach with a multi-product heterogeneous-firm
model under monopolistic competition with CoPaTh demand (Matsuyama and Ushchev
(2017)), which allows costs and markups to vary across firms and products. In the model,
product adoption depends on observable factors such as market size and firm productiv-
ity, but crucially also on a firm’s product-specific absolute advantage, which governs

marginal costs and therefore equilibrium prices. Interpreting our inferred counterfactual

I This is fully compatible with a characteristics-based approach as observable characteristics can be
viewed as micro-foundations for the latent capabilities we recover, and different underlying mechanisms
can be observationally equivalent. For our purposes, efficient co-production is a sufficient statistic to
construct counterfactual absolute advantages.



advantages as model primitives enables conventional counterfactual exercises, such as
analyzing how product-level shocks or trade policies affect prices, markups, and welfare
through the extensive margin of product scope.

We apply our algorithm to data from the Danish production survey, which covers all
manufacturing firms with at least ten employees and reports production at the product
level, which we define as an eight-digit Combined Nomenclature (CN) code-unit. We link
these data to additional firm-level administrative registers, including customs records. To
recover observed absolute advantages for produced products, we consider two complemen-
tary approaches: one based on inverting demand and constant markups, and one based
on production function estimation following (De Loecker et al., 2016) with heterogeneous
markups. Notably, the model rationalizes heterogeneous markups at the firm-product
level, allowing us to construct counterfactual variable profits at a highly granular level.
Results across the measures are qualitatively similar but quantitatively distinct.

Applying our algorithm, we first recover pairwise distances between products and
then distances between firms and products that capture production complementarities
as opposed to the plethora of rationales behind standard product classifications. These
distances reveal economically sensible patterns. For example, our classification reveals
bottled beer is close to soft drinks, even though they belong to different four-digit CN
codes (alcohol is the distinction), and sweet syrups, which are in different two-digit CN
codes to sauces (sugar is the distinction) but are close in our classification. Such patterns
we find reflect similarities in production capabilities rather than classification boundaries.

Another useful feature of our approach is that it delivers a continuous product clas-
sification. Standard product classifications impose discrete groupings and provide no
information about relationships across products or categories at the same level of ag-
gregation. For example, cotton fabrics, apparel, and carpets all belong to the same
sector, yet the classification itself provides little guidance on which of these outputs a
firm producing cotton fabrics is more likely to adopt next, even though they may differ
substantially in production processes. In our product space, by contrast, apparel and
carpets are located at different distances from cotton fabrics, reflecting underlying differ-
ences in co-production capabilities. Beyond our application, this continuous classification
can be useful in a range of applications wherever one needs a flexible measure of supply
relatedness between products, industries, or activities.

We empirically validate our approach by testing two predictions about which firms
produce which products. While firm-level shocks, such as changes in productivity, and
product-level shocks, such as shifts in demand or trade policy, are often central to models
of firm behavior, much less is known about which firms are most likely to respond along

the extensive margin of products. We show that firms are significantly more likely to begin



producing products in which they have stronger counterfactual absolute advantage, even
after controlling for discrete classification systems such as the Combined Nomenclature.?
To further validate this finding, we combine our measures of counterfactual advantage
with plausibly exogenous variation in product-level demand (Hummels et al., 2014). We
find that demand shocks increase product adoption precisely among firms with stronger
counterfactual absolute advantage. This illustrates that the product space captures dif-
ferences in firms’ production capabilities and highlights its usefulness for predicting which
firms supply new demand, even within granular product categories.

Finally, we use the estimated product space to evaluate the extensive-margin effects of
industrial policy in a setting of price stabilization following a cost shock. The framework
predicts counterfactual profits, markups, and price-index effects, allowing us to compare
the cost of status quo policies that exactly offset the cost shock with entry subsidies which
can reduce prices through competition. This matters because many product introductions
come from multi-product firms whose existing capabilities lie outside narrow industry
classifications. Entry subsidies are often a cheaper way to stabilize prices after small cost
shocks, but declines in the share of products and product sales as shocks become larger
and the pool of capable entrants thins out. Notably entry subsidies are less frequently
a cheaper policy to stabilize prices under heterogeneous markups, but cover a larger
sales share of products. More broadly, the exercise shows that the product space can
recommend policy along a margin that standard industry classifications miss: the set of
existing firms with latent capabilities to enter strategically important product markets.

This section continues with a literature review. Section 2 presents the theoretical
model. Section 3 introduces a method to recover latent absolute advantages. Section
4 describes the data and estimation strategy. Section 5 empirically tests the model’s
predictive power for product adoption. Section 6 uses the counterfactuals of the model

to evaluate the effect of cost shocks and policies to stabilize prices. Section 7 concludes.

Literature Review

There has been a rapid expansion of research on multi-product firms, especially in the
context of international trade.> For the typical model of this literature, a firm is a
collection of product varieties, which may be linked by supply or demand linkages. Supply
linkages arise from flexible manufacturing, economies and dis-economies of scope, and the
presence of core competency and non-core competency products (Eckel and Neary, 2010;
Nocke and Yeaple, 2014; Mayer et al., 2014; Eckel et al., 2015; Arkolakis et al., 2021a;

2These classifications can be both haphazard and endogenous to policy objectives. See the examples
of Jacobs and ONeill (2003) and Grant (2023). Table A.1 highlights differences across the HS, SIC, and
NAICS systems.

3For details, see the recent review by Irlacher (2022).
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Macedoni and Xu, 2022). While the literature has established there are “significant
departures from the theoretical benchmark of core competencies” (Fontagne et al., 2018)
and that such an approach “can potentially lead to a rich set of insights concerning
the buyer—seller network of firms” (Herkenhoff et al., 2024), progress in formalizing and
quantifying these departures has remained limited. On the demand side, linkages mainly
include cannibalization effects and demand complementarities (Feenstra and Ma, 2007,
Eckel and Neary, 2010; Dhingra, 2013; Bernard et al., 2018; Flach and Irlacher, 2018;
Macedoni, 2022). However, how particular product bundles a firm produces matters for
the supply side and growth is understudied. A contribution of our approach is to show
that considering which product bundles a firm produces relative to all other firms matters
for product adoption and growth.

The literature on co-production (Bernard et al., 2010; Goldberg et al., 2010) shows
that some pairs of products are often produced together, while others are almost never
produced by the same firm. In this approach, when a firm expands its product range, it
will likely choose products that are often co-produced within other firms, conditional on
their current product mix, for a wide variety of possible explanations for linkages across
inputs and outputs of firms (Boehm et al., 2022; Dhyne et al., 2022; Ding, 2023; Jakel
et al., 2023). We build on such co-production concepts and in our approach, a firm is
more likely to expand into products that are closer to its existing capabilities. Here,
closeness is determined not only by the frequency of co-production across products, but
also by the efficiency with which firms co-produce them.

The concept of a product space was popularized by Hidalgo et al. (2007), Hausmann
et al. (2007), and Hausmann and Hidalgo (2011), who define product distance based on
the co-occurrence of Revealed Comparative Advantage (RCA) across countries.* A key
insight from this literature is that proximity to products helps explain cross-country dif-
ferences in income growth.® Instead of relying on RCA, we construct product distances
from firm-level absolute advantages, yielding a product space micro-founded with mo-
nopolistic competition models and econometric estimation of costs and markups. This
allows us to predict product adoption even when co-production is sparse. This also ad-
dresses the firm-product sparsity limitation of RCA-based approaches which results in
the majority of combinations showing zero co-occurrence of RCA across firms.

Our approach to the product space deliberately departs from methods based on prod-

4The approach has since evolved (Hidalgo, 2021), with applications ranging from research fields (Gue-
vara et al., 2016) to pioneer firm survival (Jara-Figueroa et al., 2018) and industry transitions (Neftke
et al., 2011), and more recently to green products (Mealy and Teytelboym, 2022).

®Hidalgo et al. (2007) show that countries tend to develop RCA in goods close to those they already
specialize in, facilitating faster export upgrading. This mirrors our finding that firms tend to adopt
products with higher counterfactual absolute advantage and that higher Revenue Potential accelerates
growth.



uct characteristics, which underlie models of hedonic demand (Lancaster, 1966; Rosen,
1974; Berry et al., 1995; Feenstra and Levinsohn, 1995). For example, in Pellegrino
(2025), firms are positioned in a characteristics space, where proximity reflects the de-
gree of overlap in product attributes. In contrast, our framework can be interpreted as
the dual of this characteristics-based approach: here, proximity between products reflects
similarities on the supply side rather than the demand side. Specifically, two products
are close if firms frequently exhibit co-occurring absolute advantages in producing them,
i.e. if they are co-produced efficiently. This method enables us to analyze a broad set
of otherwise incomparable products and requires minimal data: in the simplest case,
firm-level sales data are sufficient.

Our focus on firms in a product space links our paper to an expanding body of
research that uses various measures of similarity between firms for different applications.
For example, in the R&D literature, spillovers across firms depend on the proximity
between technologies and products across firms. A common method in this field involves
calculating the overlap between firms’ technology classes, as indicated by patents, and
the overlap between their product sales (Jaffe, 1986; Bloom et al., 2013).°

A small but growing set of research has been creating new categorizations of firm
activities and outputs, often using advances in text analysis to uncover new relationships.
In an exciting strain of work, Hoberg and Phillips (2016) create firm locations from word
vectors of SEC filings, in which firms have new relative locations each year based on
cosine similarity measures which generally better explain profitability and growth than
SIC or NAICS classifications. They show that, following a negative demand shock, firms
either relocate toward areas of high common demand or differentiate by reducing product
similarity, underscoring that the relative similarity of product portfolios is an important
determinant of firm dynamics. These findings are consistent with our results based on
the Revenue and Competition Potential measures. In contrast to their methodology, we
generate a new production-based classification with standard product classification codes
common to administrative data. Existing crosswalks, thereby, allow us to link to many
potential data sets and policy changes as used in the trade literature.

We next lay out the model framework which we will use to motivate the empirical

measures, estimating equations and counterfactual exercises in the rest of the paper.

6Escolar et al. (2023) provides a summary of the approaches used in the literature for locating firms
using patents data.



2 Multi-Product Firms and Product Adoption

This section presents a model of multi-product firms engaged in monopolistic competition
using the Constant Pass Through (CoPaTh) setting of Matsuyama and Ushchev (2020)
which nests the well known CES demand system. The novel feature we leverage here is
the presence of markups that vary within products across firms and within firms across
varieties. However, markups are constant at the firm-variety level as they do not depend
on other economic conditions such as the toughness of competition. Firms absolute
advantages vary by product and drive product adoption, which additionally depends on
variables that can be estimated with fixed effects. We derive product adoption estimating
equations that motivate our construction of the product space to predict counterfactual

absolute advantages on unproduced products.

2.1 Consumers and Firms

There is a discrete set of differentiated products indexed by v. Each product v is produced
by a continuum of firms indexed by w, each offering a horizontally differentiated variety.
The pair (w,v) denotes firm w’s variety of product v.

Consumers have nested preferences and aggregate income I. At the top level, con-
sumption is aggregated across products v with Cobb-Douglas preferences. Within each
nest, preferences are of the CoPaTh class introduced by Matsuyama and Ushchev (2020).7
Let g, and p,,,,; denote the quantity and price of variety (w,v) at time ¢. and q,,, and
D, denote their respective vectors. The CoPaTh aggregator over consumption bundles
is denoted (g, ;), wherein variety (w,v) has an elasticity of substitution o,

The first layer of the utility function is
U({g.}) =D ¢In@Q(q,,) with Y v, =1,

where 1, are the constant, Cobb Douglas expenditure shares. The total revenues gen-
erated by product v satisfy R, = 1,I. Consumers choose {q,,:} to maximize utility

subject to the budget constraint

qu,v,t

max U ({qy,t}) subject to [ = Z/ Dot Qoo v 2w
wEN ¢

v

A key distinction between CoPaTh and CES preferences is the presence of two different

"Matsuyama and Ushchev (2020) provide a general framework for homothetic demand systems. A
notable subclass is the Homothetic Single Aggregator (HSA) family, which exhibits constant price elas-
ticities and therefore constant markups at the variety level which we use here. For details, see the original

paper.



price indices. For the price vector p,,, the ideal price index P(p, ;) captures the cost of
one unit of utility. The aggregator A(p,,), in contrast, enters the expression for individual
firm demand and determines expenditure shares. These two indices generally differ, and
coincide only under CES preferences when o,,,, = 0, for all w.

Let s,,: denote the expenditure share on variety (w,v) at time t. The CoPaTh

structure implies

St = (/A () 7 )

The aggregator A(p, ;) is implicitly defined by the following equation

l1—ow,v

Pw,v,t '
- dw =1, 2
/Qy (A(pu,t)) ( )

which is obtained by integrating over the shares in equation (1). Since the left hand side
of Equation (2) is increasing in A, this equation admits a unique solution for A (p,.+).

The ideal price index P (p,.+) is given by

1 Pw,v,t )l—gwﬂ/
P 14 = A V. € . dw ' 3
(p 7t) (p ’t) *p (/{; 1— Ow,v (A (pV&t) ( )

Under CES preferences with o,,,, = o, this expression reduces to

1 1/(1-0)
P (p,,) = ( / pw,—;;dw) — A(Pua). (4)

Firm w can produce product v at a fixed cost f,,, and constant marginal cost m, .,
which may vary over time.® Conditional on producing v, firm w sets the price
o
Povt = #mw,u,t = M vy vty (5)
where p,, = 0,,,/(0,,—1) are defined as markups and p,, the vector of markups for each
product v. Markups can vary across varieties within a firm and across firms, depending
on oy .

Let m,; denote the average cost of actually produced varieties v across firms at time

8Matsuyama and Ushchev (2020) identify each variety with a firm, but we generalize to the multi-
product case with minimal changes. We assume a fixed number of firms without modeling entry. In the
empirical section, we allow the set of firms and costs to evolve as in the data.



t, and define the firm’s Absolute Advantage Index as

Absolute Advantage Index: Ayt = @ (6)
myt

This measure is invariant to the choice of units for each product v. The index represents

the cost for a firm to produce a variety as the percentage of the product average. The

lower a, ., the better a firm w is in making product v, so it is an inverse measure of

absolute advantage. We refer to a, . as advantage for brevity, with a, + as the vector of
advantages for product v at time ¢.

Note from Equation (5) that p,,/m,; = p, © a,; where ® is component-wise mul-

tiplication. Then using the fact that A is homogeneous of degree one, the revenue and

profit of firm w from producing v at time t are

1*Uw,u

o ,uw,uaw,u,t - rw,y,t

rw,y,t - N~ N Rl/a 7Tw,1/,t - . (7)
A(l’l’u © a’lat) Ow,w

2.2 Product Adoption Equations

Letting A,; = A(p, ® a,,;) and using Equation (7), variable profits at time ¢ are

]-_U'w,u
RI/ (,uw,uaw,l/,t@w,t )
9

Tt =
Ow,u Au,t

where we have added an ex-post TFP shock ¢, ; to estimate effects within the firm. The
event that a firm adopts a product, Intro,,, ; > 0, occurs when m,,,,; > f., . We take logs
of both sides, which preservers the sign of the inequality. Rearranging, product adoption

occurs when

— (0w — DInag,y — (0w, — l)lnM + (0wy —1)InA,; > IDM. (8)

7 o ' Jw,y —1 , 7 Rl/
Equation (8) forms the basis for estimating product adoption probabilities using firm-
level production data. Introducing an error term ¢, ,, and rearranging, the adoption

condition becomes:

]' w,VJw,V 'RI/ w,V
—Inag,,— Inp,; + InA,;, -— B (O o/ )—Hna—’ +eue > 0. (9)
wt T oWt T 2o G — 1 Ty — 1 ”

Firm-Time  Product-Time - ~~
Firm-Product

s

Equation (9) can be estimated with a linear probability model and firm-time, product-
time and firm-product fixed effects. Firm-time fixed effects capture time-varying shocks

to firm-level productivity. Product-time fixed effects absorb changes in product-specific



market conditions, here summarized by the aggregator A. Firm-product fixed effects
control for components that are fixed within a variety over time, including the fixed cost
fwp and demand elasticity o,,,. The inclusion of firm-time fixed effects implies that
identification relies on within-firm variation across products, and therefore requires a
sample of multi-product firms.

Although fixed effects account for much of the unobserved heterogeneity in the data,
a key limitation remains: the variable a,,, capturing advantage, is only observable for
products the firm actually produces. For potential products not currently produced, this
information is missing and Equation (9) could not be estimated. Accordingly, the next
section introduces a novel method to recover counterfactual advantages based on firm
production patterns. The idea is to measure co-occurring advantage between pairs of
produced products as a measure of underlying co-production capabilities and extrapo-
late them to unproduced products. There are many possible metrics to achieve this, each
corresponding to a different mapping from observed advantages in co-production to coun-
terfactual advantages. In all cases, we recover the underlying counterfactual advantage

to estimate Equation (9).

3 Product Spaces and Counterfactual Advantages

This section establishes a link between observed firms’ behaviors and their advantages
for produced and unproduced products. Conditional on observing revenues, prices, and
demand elasticities, we can use the model above to back out the set of advantages for
produced products. Our goal is to map these advantages to counterfactual advantages
for unproduced products. This mapping could contain arbitrarily rich economies of scope
from co-production.” We reduce the dimensionality of this problem by representing each
of N products as locational vectors wherein distance between products represents the
joint efficiency of co-producing them. This process necessarily loses information in the
representation but nonetheless provides a granular set of counterfactuals that we later
validate.

Our algorithm adapts a method from the computer science literature, namely rec-
ommender systems, popularized by online platforms that provide purchase or viewing
recommendations. In our context, we apply these ideas to a Product Space, which we

define as a vector space with many dimensions as the number of products. In the space,

9For instance, suppose that a firm’s ability to produce a new product depends on the set of products
it currently produces. For instance, whether a firm produces product 1 and product 2, only 1, or
only 2, or neither, affects its likelihood of adopting product 3. Since for N products there are 2V
possible combinations of products, estimating the effect of extensive margin combinations would impose
unrealistic data requirements.

10



each product v is represented by a vector ¢, and each firm is represented by a vector
l,. A recommender system might recover user (firm) and item (product) locations si-
multaneously to explain consumer ratings r,, by fitting product and firm vectors to
solve

min (T — o - EI,)Q )
UJ’ZV
w,v

The solution locates each firm as a weighted linear combination of its product vectors.
While this approach is popular as it is massively parallel to compute, as we have access to
a single confidential data server, we take a related but different approach in two steps.!°

In the first step, similar to collaborative filtering (?), we construct a set of product
vectors for each cluster. We use observed co-production to construct a pairwise measure of
joint efficiency between co-produced products d,, . for products v and 7. A smaller value
implies a superior advantage in the production of both products. We then construct
product vectors, say ¢, and /., wherein the Euclidean distance between these vectors is
approximately d, ;.

In the second step, we locate each firm w by a vector ¢, as a convex combination
of its product vectors which locates the firm closer to products in which it has stronger
advantage. Subsequent econometrics will estimate a firm level productivity term so it is
only this convex location that is required. The distance from a firm to a product it does
not make represents its counterfactual advantage in that product, with products further
away implying worse advantage. In the third step, having located both the product and
firm vectors in the product space, we then recover counterfactual advantages for every

firm-product pair.

3.1 Measuring Efficiency in Co-production

Our goal is to obtain distances between all products within a cluster, including products
that are not directly co-produced by any firm. We first construct distance estimates for
directly co-produced product pairs. Suppose products v and 7 are produced by firm w,
and their distances from the firm are represented by the transformed advantages T'(a,, )

and T'(a, ;). The triangle inequality implies the firm-specific bounds
’T(aw,u> - T<aw,‘r)‘ S du,‘r S T(aw,u) + T<aw,7')-

For directly co-produced products, we average these bounds across the N, . firms

10Such methods also often introduce a regularization parameter on the magnitude of user and item
vectors to avoid overfitting. The normalizations here of costs to advantages and relative advantages
achieve this, see (Koren et al., 2009; Bengio et al., 2014).
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producing both products:

ir 1
leji,r N Z T (aw,) = T(aw,r)|,

and

= 3 M) + Tlawr).

We define the initial distance estimate for directly co-produced products as the mid-

point of these average bounds:

; —dir
dy; +d,
A, == Tt
’ 2
We then use the available distance matrix A to infer bounds for product pairs that
are not directly co-produced. Consider products v and 7 that are both connected to an
intermediary product k. For every k ¢ {v, 7}, the triangle inequality gives the candidate

interval
Ay — Ap-| <dpr < App + Agr.

When several intermediary products connect v and 7, we combine the resulting re-
strictions by taking the greatest candidate lower bound and the smallest candidate upper
bound:

= max |A, — A
=v,T ké{u,’r} | v, 77'| ’

and

EW = min (A,,Jg -+ Akﬂ-) .
k¢{v,T}

Thus, the lower bound is a maximin absolute-difference bound and the upper bound
is a minimax sum bound. The imputation routine returns these two matrices. We then

define the distance between two products as

— by + dur EV’T.
’ 2
After filling distances that can be connected through one intermediary, the procedure
can be repeated using the augmented matrix A. Successive iterations therefore recover
distances associated with increasingly long chains of co-production.
Equation (3.1) places pairwise distance between upper and lower bounds based on
production across the entire cluster. Although this does not guarantee that the resulting

distances can be represented in Euclidean space, in practice we’ve found the resulting

12



distances to be reasonable once numerically fitted, which we do below.!!

Although we posit a positive relationship between these distances and advantages
a, ., for robustness we introduce a general increasing mapping between distances and
advantages T (ay,, ), with 7'(0) = 0, which helps accommodate outliers in the data. We

consider three transformations, with log as our primary specification.

1. Log (Baseline): T'(ay,) = log (1 + a,,). The natural logarithm of advantage plus

one to maintain positive distances when a,,, < 1.

2. Level: T (ay,,) = a,,. Here, we directly use advantage.

3. Inverse Hyperbolic Sine: T (a,,) = log (aw,,, +4/1+ (aw,y)g) another approach
maintaining positive distances (see Chen and Roth (2024)).

The more general definition of distance transforms advantages first with 7'( ) and applies

the upper and lower bounds across the cluster to define distance.

3.2 Assigning Product Locations

Given a complete set of pairwise distances between products in each cluster ¢, we represent
these distances as a collection of vectors the same dimension as the number of products
representing product locations, which we define as a product space PS.. We compute
these for each period so that products and firms can move over time.

We now generate product vectors to reflect the pairwise distances above.'? We start by
arbitrarily numbering products, and set product 1 to zero: ¢; = 0, thus locating product 1
at the origin. For the second product, we choose the first coordinate equal to the distance
between products 1 and 2 and the remaining coordinates to zero: dyo = |[¢1 — la].
For the third product, we now face the possibility that the empirical joint efficiency
measures do not exactly reflect the geometry of Euclidean space. Therefore we find a
product vector {3 to approximately satisfy dys = ||lo — ¢3]| and dy 3 = |[¢; — 45]]. To
do so, we fit each product vector £ to be close to each pairwise distance by solving
ming, S5 (16 — €kl /dix — 1)* at each step. We iterate this procedure for each product
1, setting its first 7 — 1 coordinates to preserve distances to each product k < i: d; =
1¢; — £x]| and the rest to 0.

HThere are methods to ensure this distance matrix is Euclidean, such as enforcing an ultrametric
(Lemin and Lemin, 2000). For example, transitive distance between products using the co-production
network with (d,, - 4 d,, ;)/2 as an edge length. Any such method always involves trade-offs about how
actual information from the data is imperfectly represented in the product space.

12This step is similar to a Cholesky decomposition in linear algebra, however we require approximation
to fit the final vector space. While in principle the numerical results are sensitive to the order of the
vectors chosen, in practice the fit is very good and we have not noticed any qualitative differences resulting
from product order. In the interest of replicability we are happy to fix any suggested convention.
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3.3 Locating Firms

We now locate multi-product firms in the product space.!> We locate each firm w us-
ing transformed firm-product advantages 7" (a,,,,) with implied location coordinates 7,
defined by

WV - gw” =T (aw,l/) Yw,v) (10)

for every product v produced by firm w. The location coordinates -, are always positive
and capture the impossibility of a firm being close to every product it produces. Nonethe-
less, we wish to locate firms closer to products they are relatively better at. Among many
possible choices, locating the firm by minimizing the sum of squared coordinates achieves
this and projects the firm’s location onto the product vectors it produces. Each firm’s

location is given by the combination

o T (aw,V)72
S T -

The location of a firm in Equation (11) is a weighted average of the location of the
products that it makes, with zero weight on products it does not produce. Note that the
firm’s location captures it’s relative advantage in each product, so a firm cannot be close
to every product or far from every product. Furthermore, since the product vectors do
not perfectly reflect Euclidean space, firm-product distances need not be proportional to
observed advantages.

This solution implies that firms tend to be closer to products in which they have better
advantage. In fact, as a firm is located closer to one product, it necessarily is located
further from at least one other. This is intuitive considering the case of equidistant
products (all ||, — £;|| equal) and equal advantages (all a,, equal). For two products,
the firm is on the midpoint of the line between products . For three products, the firm is
centered in an equilateral triangle, and so forth.

Given the firm’s location, we can then recover the counterfactual (relative) advantages
for unproduced products. For a product 7 not produced by firm w, unlike Equation (10),
we have no way of knowing ~,, . Therefore we define the counterfactual advantage a,, -

by inverting T (d,,,) in the following equation'

”67_ - EwH =T (dw,u) . (12)

13Single-product firms will have no part in our analysis besides being used in price indexes of compe-
tition because they are not informative about co-production patterns as in Equation (9).

14 As the recovered advantages are all relative to a firm parameter and this will be fit later we take
this simple route.
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The proximity of a firm to unproduced products given in Equation (12) comes from
information embedded in the product space and the location of the firm. Together they
determine each firm’s counterfactual (relative) advantages to produce products.

We now turn to the data and construction of clusters and product spaces which will
form the environment for our estimates of firm behavior.approaches from the literature
corresponding to constant and variable markups as well as compare them to the dominant

product classification hierarchy and product relatedness from the complexity literature.

4 Data and Estimation Procedure

In this section, we present the data, construct product spaces, and report summary
statistics. For each cluster and year, we construct two different product spaces based on
measuring advantages when the underlying markups are constant or variable and com-
pare these to product spaces based on the Combined Nomenclature and on the product

relatedness measures from the product complexity literature.

4.1 Data

We rely on firm-product-level data from Danish firms, spanning from 2000 to 2018, pro-
vided by Denmark Statistics. We use two data sources: the Production Statistics (VARS)
and the Trade Statistics (UHDI). The Production Statistics is a survey in which manu-
facturing firms with at least 10 employees are required to report their sales in quantities
and values for each product they produce. Sales are recorded independently of the market
in which the product is sold, thereby including both domestic and export sales. This is
similar to PRODCOM data available in many European countries, and we combine it
with trade statistics to isolate production for the domestic market. In the Trade Statis-
tics, firms report their exports and imports by product and destination. Products are
reported according to the eight-digit level of the Combined Nomenclature (CN) code,
with the firm (CVRNR) being the reporting unit, equivalent to the Harmonized System
classification at the 6-digit level.

Our data preparation closely follows Buus et al. (2022), who have provided the code
for the estimation of marginal costs using the method proposed by De Loecker et al.
(2016). To account for changes in product categories over time, we employ the algorithm
proposed by Bernard et al. (2012), aggregating categories to the so-called CN8+ level. A
product is defined at both the CN8+ and the unit of measurement level. For most CN8+
categories, firms report the same unit of measurement (kg, number, etc.). In some rare

instances, the same product code is recorded with different units, and we consider these
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as separate products.
For the production function estimation, we also rely on the Firm Statistics Register
and the Firm Accounts Statistics, which provide balance sheet, employment, and finance

information on the universe of private sector Danish firms.

4.2 Advantage Estimation

Our model in Section 2.1 defines the advantage of a firm w in product v in year t as the
ratio between the firm’s marginal cost m,, , ; and the average marginal cost across firms for
the same product, m,,;. To compute these advantages, we must first estimate marginal
costs, which are typically unobserved by the researcher. We consider two approaches
consistent with our CoPaTh framework, and crucially we will all products within each
CN8+ category and identical, abstracting from properties like quality.'® First, we analyze
the specific case of CES preferences, where the elasticity of substitution o, = o is
constant across all firms and products. In this setting, we invert the demand system to
obtain firm-level markups. Second, we adopt the approah of by De Loecker, Goldberg,
Khandelwal, and Pavcenik (2016) (DGKP) to estimate production functions and markups.
These markups allow us to back out the elasticity o, and recover marginal costs as
the ratio between unit values and estimated markups. Notably, these marginal costs
should not be interpreted as productivity driven. Rather, they reflect a multidimensional
snap shot of a firm’s current output costs and it is the patterns across all such profiles
in a cluster that we are using to extract information about potential output costs for
unproduced goods.

While the CES method relies on strong assumptions such as constant markups and
a particular nesting of demand across varieties, it does not rely on production function
estimation or availability of quantities or unit values and is therefore widely applica-
ble. By leveraging sophisticated methods and rich data, the DGKP method controls for
economies of scope, scale and selection into multi-product status as well as productivity
improvements that accompany production adoption. The DGKP results are therefore
our preferred estimates despite more stringent data requirements.'® Using the CES de-

mand system inversion and the DGKP approach, we derive two distinct measures for

I5Tf we had reliable quality indicators across the entire span of the combined nomenclature classifica-
tion, we could potentially address this but our wide net to understand co-production across standard
classifications has this limitation.

16The industrial organization literature has proposed a number of alternatives for estimating multi-
product firm behavior, see De Roux et al. (2021); Dhyne et al. (2022); Orr (2022). Some of these
approaches would not be in line with our theoretical model and would lead to different theoretical
formulas for our counterfactuals. These methods are of course limited to estimating advantages for
produced products. Our paper complements this line of work by developing an algorithm to recover
advantages for unproduced products, conditional on estimates.

16



the marginal costs for product v of firm w, m’, ,, where i =CES, DGKP. This implies

W,V

observed advantages a' , = m! ,/m'. We now detail each construction.

4.2.1 Demand Inversion (CES)

By combining the production statistics with the trade statistics, we can compute the total
domestic sales for each firm-product-year as the difference between the total production
value and total export value. We apply the same procedure to derive the domestic
quantity.'”

We calculate the marginal costs for each firm-product by assigning a value of 0 = 5
for all sectors, using the domestic unit values to compute the price index of Equation
(4) and combining it with domestic sales to compute the marginal costs from Equations
(7) and advantages from Equation (6). As we only use information on Danish firms and
their domestic sales, in computing the marginal cost, we implicitly ignore foreign firms
exporting to Denmark in the calculation of aggregate revenues and price indexes. This
does not pose an issue in measuring domestic advantage, since its derivation only requires

data on domestic product expenditure shares.

4.2.2 Production Function Estimation (DGKP)

We apply the procedure outlined by De Loecker et al. (2016), which integrates the estima-
tion of a production function and markups, to derive marginal costs for each firm-product
and thereby absolute advantage. In this scenario, there is no need to assume a demand
function to determine marginal costs, as these are inferred from the production decisions
of firms. We closely follow Buus et al. (2022) in estimating markups and refer readers to
their paper for further details.

The key challenge in estimating a production function for multi-product firms arises
from a lack of information on how various inputs are allocated to each product. To
address this challenge, De Loecker et al. (2016) propose estimating production functions
for single-product firms. The production function is estimated using a control function
approach that accounts for unobserved heterogeneity in both productivity and input
prices. We follow Buus et al. (2022) and also incorporate product-specific export status,
number of export destinations, and the square of the number of export destinations into
the control functions. However, unlike Buus et al. (2022), we do not include information

on export support, as it is only available for a subset of the years.!8

1"We exclude observations with negative domestic sales or quantity, which are likely due to firms
engaging in carry-along trade (Bernard et al., 2018).

18Table 1 in the appendix reports the means and standard deviations of the estimated output elasticities
with respect to labor, capital, and materials, the returns to scale, and the markups by sector. These
estimates are similar to those reported in Buus et al. (2022).
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To calculate markups, this approach uses the results of cost minimization of flexible
inputs.!® Under perfect competition, with no markups, the revenue share of an input and
its output elasticity are equal to each other. The markup is defined as the wedge between
the revenue share of a variable production input and its output elasticity. By estimating
the production function, we determine the output elasticity of materials and we interpret
the ratio of this elasticity to the revenue share of materials as the price-cost markup.

Once the markups are obtained, we calculate the marginal cost as the ratio between
unit value and markup. To avoid outliers, we calculate the absolute growth rate of firm-
product marginal cost changes and exclude the top 2% of those. Moreover, we drop the
top and bottom 3% of estimated markups. We amalgamate the CES and DGKP samples
to ensure that the estimation of the product space, according to the two different marginal
costs, is derived using an identical set of firm-products.

In summary, for each firm-product-year in our sample, we have estimated the advan-
tages using either the CES demand function (CES) or a production function estimation
(DGKP). The subsequent step in the empirical analysis involves dividing firm-products
into clusters of connected products.

While there are too many individual production function estimates to report, Table 1
summarizes the results of estimating markups across products. Most clusters are close to

exhibiting constant returns to scale besides the Animal Products and Foodstuffs clusters.

YFor details, see De Loecker and Warzynski (2012) and De Loecker (2021).
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Table 1: Average output elasticities and markups by HS groups

HS Group N obs 0, 0 0, RTS I
Animal Products 6963 -0.015 -0.021 0.662 0.625 1.441
(0.196) (0.134) (0.162) (0.383) (2.236)
Chemicals 5602 0.555 -0.005 0.522 1.072 0.918
(0.243) (0.110) (0.056) (0.129) (1.730)
Foodstuffs 12075  0.176 0.079 0.592 0.847 0.938

(0.148) (0.043) (0.097) (0.252) (1.169)
Machinery & Electrical 6020 0.458 0.003 0.533 0.994 2.059
(0.018) (0.010) (0.034) (0.017) (3.108)

Metals 5368 0.464 0.036 0.500 1.000 1.610
(0.031) (0.018) (0.032) (0.013) (2.151)
Mineral Products 1337 0.730 0.029 0.206 0.965 1.139
(0.151) (0.104) (0.082) (0.082) (2.134)
Miscellaneous 6275 0.452 -0.003 0.541 0.990 1.558
(0.117) (0.033) (0.092) (0.094) (1.823)
Plastics & Rubbers 2577 0.458 0.068 0.484 1.010 1.187
(0.157)  (0.056) (0.090) (0.054) (1.672)
Stone & Glass 2256 0.549 0.033 0.477 1.059 2.538
(0.096) (0.027) (0.095) (0.078) (3.791)
Textiles 9718 0.286 0.033 0.679 0.998 1.187
(0.038) (0.041) (0.035) (0.036) (1.460)
Transportation 593 0.386 -0.009 0.631 1.008 1.921
(0.082) (0.021) (0.102) (0.040) (2.569)
Wood Products 3338 0.473 0.025 0.505 1.004 1.756

(0.123)  (0.026) (0.107) (0.025) (2.067)

Note: Table reports sample means of key outputs from the De Loecker et al. (2016) estimation
procedure by HS product sections. Standard deviations (not standard errors) are reported in
brackets. Column 1 reports the number of observations. Columns 2—4 report the average estimated
output elasticity with respect to each factor of production for the translog production function.
Column 5 reports the average returns to scale, which is the sum of the preceding three elasticities.
Column 6 reports average estimated markups.

4.3 Cluster Construction and Analysis

To address dimensionality challenges in our analysis and to increase precision estimating
a highly sparse product space, we divide our sample into 12 sectors.?’ We further refine
our selection of products and firms for analysis, as the estimation of the product space
is applicable only to a set of products that are either co-produced or linked by chains of
co-production. For this reason, we exclude single-product firms from our sample, as they
do not offer any insight into co-production capability. For the remainder of the analysis,

we exclusively focus on firms that are multi-product.

20We begin with the following 15 sectors: Animal products (CN 2-digit 01-05), Vegetable products
(06-15), Foodstuffs (16-24), Mineral products (25-27), Chemical products (28-38), Plastics and rubber
(39-40), Leather and Fur (41-43), Wood products (44-49), Textiles (50-63), Footwear and headgear (64-
67), Stone and glass (68-71), Metals (72-83), Machinery and electrical (84-85), Transportation (86-89),
and Miscellaneous (90-97). We then drop any sector with less than 10 products, to be constistent with
our model of monopolistic competition with differentiated goods, which leaves us with 12 sectors.
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Within each sector, we identify the clusters of all products connected by co-production
to each other in any year within each sector. We further refine the sample of products
to avoid the possibility that one cluster in one year breaks down by 2 or more separate
clusters, or sub-clusters. If there are more than one sub-cluster per cluster each year, we
keep the sub-cluster with the largest number of products in it, and drop the products that
are in the other clusters for all years. Finally we retain the common set of products across
years in the panel. This procedure drops approximately 15% percent of observations at
the firm-product-year level and 19% at the product-year level. For each sector, we find a
single cluster.

By definition, each cluster stands distinct from the others. Given this distinction,
we will refer to a firm as a firm-cluster for the rest of our analysis. Notably, firms that
extend across multiple clusters represent 8% of the total number of firms and account for
23% of overall sales. These are firms whose products span multiple sectors, e.g., a firm
making both chemical products and plastic products. In a robustness test, we employ
a more aggregated sector definition, yielding similar outcomes (refer to Appendix F).2!
When dealing with larger clusters, the proportion of firms spanning multiple clusters
diminishes, making up 5% of firms and contributing 4% to sales. Furthermore, with
larger clusters, the procedure that drops the smallest sub-clusters per cluster each year
leads us to drop 8% percent of observations at the firm-product-year level and 12% at
the product-year level.

Table 2 reports the descriptive statistics for the identified clusters. On average, a
cluster comprises 88 products and is associated with 53 firms. The distributions of both
products and firms exhibit a right skew and display significant interquartile variation.
Notably, the counts of products and firms both witnessed a decline around the time of
the 2008 financial crisis.

2In this context, the sectors are categorized as: Animals/Vegetables/Food (CN 2-digit 01-24),
Minerals/Chemicals/Plastics (25-40), Textiles/Footwear (41-43, 50-67), Stone/Metals (68-83), Machin-
ery/Transportation (84-89), and Miscellaneous (44-49, 90-97).
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Table 2: Cluster Descriptive Statistics

Number of Products Number of Firms
Year Avg. Std. Med. 25P. T75P. Avg. Std. Med. 25P. T75P.
2000 88 87 53 27 131 62 44 56 26 84
2001 90 83 70 18 138 62 42 54 35 87
2002 91 80 67 23 141 68 40 67 39 95
2003 90 7 62 23 137 61 36 54 39 79
2004 97 7 80 30 150 73 38 68 44 113
2005 94 76 82 18 149 65 41 53 38 107
2006 98 81 89 18 153 60 43 56 20 100
2007 68 58 47 23 102 41 32 32 16 66
2008 73 61 63 22 108 41 27 33 20 63
2009 7 66 71 14 123 44 30 42 18 67
2010 75 63 63 13 113 47 33 36 19 79
2011 83 67 78 23 127 49 36 36 19 78
2012 88 69 84 24 136 46 32 38 21 80
2013 88 71 66 21 141 46 35 32 19 78
2014 91 74 68 16 155 47 36 40 20 78
2015 93 76 66 21 156 46 38 33 17 82
2016 94 73 92 20 151 47 38 37 17 81
2017 97 76 93 18 151 46 39 39 9 79
2018 97 76 98 25 146 48 37 39 17 81

Average 88 73 73 21 137 53 37 44 24 83

In each year, we compute average (Avg.), standard deviation (Std.), median (Med.), and 25th and 75th per-
centiles (25P. and 75P.) of the number of products (first four columns) and number of firms (last four columns)
across clusters. In each year, there are 12 clusters (for 12 sectors defined as groups of CN 2-digit codes). The
last row (Average) reports the average of the statistics across years.

Table 3 presents summary statistics that describe the average size of each cluster,
both in terms of products and firms. Among these, the Foodstuffs cluster has the highest
count of products and firms, while the Transportation cluster registers the lowest. The
Metals and Machinery and Electrical clusters both tally above-average numbers in terms
of products and firms. Meanwhile, the Chemical and Textile clusters stands out with a

high ratio of products to firms.
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Table 3: Cluster Descriptive Statistics

Number of Products Number of Firms

Cluster Avg. Std. Avg. Std.
Animal Products 106 35 37 19
Foodstuffs 227 19 107 13
Mineral products 21 7 14 8

Chemical Products 148 26 46 11
Plastics and rubber 54 13 41 10
Wood products 19 7 38 25
Textiles 178 33 39 22
Stone and glass 15 5 25 15
Metals 103 23 95 21
Machinery and Electrical 127 16 92 12
Transportation 10 3 10 2

Miscellaneous 48 11 89 34

In each cluster, we compute average (Avg.) and standard deviation (Std.) of the number of products (first two
columns) and number of firms (last two columns) across years.

4.4 Product Space Based on Combined Nomenclature (CN)

To evaluate our method against a discrete classification system, we consider an alternate
product space derived from the CN classification system. In the CN classification, the
distances between firms and products, as well as between firms themselves, are discrete.
We assume these distances can have one of four distinct values.

Recall that a product v is defined as a combination of a unit and CN8+ code. For
every firm-cluster in a given year, the core product 7, is defined as the product v with

the largest sales for the firm w. Then, the distance of a firm w to a product v is given by

dywy = 1+ 1one () £0N6(v) T LoNa(m,)20N4(w) T LoNe(m,)£CN2() -

To elucidate, a firm has a distance of one to all products that fall under the same CN6
code of its core product. It has a distance of two to products under the same CN4 code

of its core, but a different CN6 code, and so on.

4.5 Product Space Based on Product Relatedness (RCA)

To further validate the efficacy of our approach, we compare the performance of our model
in predicting product adoption using a product space based solely on co-production, as

it is typically done in the literature on the product space for countries (Hidalgo et al.,
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2007). Extending this concept to firm co-production, we compute a measure of proximity
between products based on how frequently firms have Revealed Comparative Advantage
(RCA) in their production at the same time, and then construct a measure of relatedness
of firms to products. To compare with our baseline exercise, we compute the measure of
product proximity and firm-product relatedness within our clusters.

First, we define the RC'A,, , of a firm w for product v as the share of firm w revenues

on product v, relative to the aggregate sales share of product v in the total cluster sales

Tww Yo Tww
RCA,, = =Y | Lo @v (13)
ZV /r.wﬂj Zw Zl/ rwvl/

Then, we compute a measure of proximity between product v and v/ as
¢y, = min{Prob(RCA,, > 1|RCA,,, > 1), Prob(RCA,, > 1|RCA,, >1)}. (14)

Prob(RCA,, > 1|RCA,,, > 1) is the probability that a firm has an RCA on v condi-
tional on having an RCA on /. It is computed as the share of firms that have an RCA
on v out of the total number of firms that have an RCA on /.

Finally, we compute product relatedness of RCA between firm w and a product v as

Relatedness,,, = Z Gv - 1(RCA,, > 1) /Z G (15)

where 1 (RCA,,» > 1) is one when RCA,, > 1 and zero otherwise. The distance of a

firm to a product is then given by

d,, = 1 — Relatedness,, . (16)

4.6 Product Space Analysis

We now have all the elements to determine the location of products and firms and the
respective distances. For each cluster-year, we construct the product space using the
procedure outlined in Section 3, and the three transformations for advantage detailed
above, with the log specification in the main text and the others in the appendix for
robustness.

Here, we present descriptive information about product spaces. The summary statis-
tics for the estimated distances in the year 2000 are shown in Table 4. We observe that
both product-to-product and firm-to-product distances are smaller in the CES than in
the DGKP specification. Table 5 presents the correlation between various measures for

the year 2000. All correlations are statistically significant and positive. Notably, the
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correlation between DGKP and CES distances is 26%,22 while there is a 29% correlation
between the CN and RCA measures, showing the affinity of these pairs of measures.
Product spaces maintain stability over time. We examine the distribution of the
growth rate in the distance between a firm and a product, defined as the difference
dypt —dy -1, since the distances are expressed in logarithms. Both the average and the
median firm-to-product growth rate of distance is close to zero on a year to year basis.
In the CES framework, distances vary by 5 percentage points within the 25-75 percentile
range, indicating general stability of our approach. Distance growth for DGKP is more

volatile, varying by 14 percentage points for the same range. We provide these results in
Table D.1 of the appendix.

Table 4: Estimated Distances: Summary Statistics (2000)

Product-to-Product Firm-to-Product

CES DGKP CES DGKP
Average 0.39 0.75 0.23 0.58
Std. Dev. 0.23 0.32 0.09 0.21
5th Perc.  0.11 0.27 0.10 0.20
10th Perc. 0.15 0.38 0.13 0.31
25th Perc. 0.23 0.56 0.17 0.46
50th Perc. 0.33 0.69 0.22 0.58
75th Perc.  0.50 0.91 0.28 0.70
90th Perc. 0.70 1.11 0.34 0.81
95th Perc. 0.82 1.29 0.39 0.88

The table reports the distribution of product-to-product and firm-to-product distances in the year 2000. The sample
comprises all product-to-product and all firm-to-product distances across all clusters. For confidentiality reasons, we
divide distances data in 100 bins, compute the average distance within bin, and report these values in the rows with
percentiles.

Table 5: Correlations Between Measures (2000)

Distance CES DGKP CN RCA

CES 1
DGKP 0.258"* 1
CN 0.097* 0.149* 1

RCA 0.121** 0.134*** 0.288*** 1

***. significant at 99%, ** at 95%, * at 90%. The table reports the correlation values across distances in our four
specifications.

22There is a higher correlation of 41% between the estimated marginal costs in these two approaches.

24



Figure 1 illustrates the distribution of firm-product distances for the year 2000 across
four different specifications. The CES and DGKP approaches yield continuous distribu-
tions. Conversely, the CN approach categorizes distances into four groups, predominantly
placing them at a distance of four, in different CN 2-digit sectors. Using the RCA mea-
sure, a significant peak in the data occurs at the maximum distance of one, indicating
that many products are not co-produced within the same year. This peak accounts for
over 80% of observations.

Figures 1a and 1b display the distribution of firm-product distances for the CES and
DGKP methods under two conditions: when RCA-based relatedness is zero (red bars)
and when both RCA-relatedness is zero and CN distance is at its maximum (blue bars).
These distributions shift to the right and exhibit considerable variance. This rightward
shift results from the correlation between distance measures based on advantages and
those derived from CN classifications and RCA co-occurrence. The substantial variance
in CES and DGKP distances, even within these restrictive samples, indicates that relying
solely on discrete classification systems or RCA co-occurrence metrics fails to capture the
full granularity of counterfactual advantages.

To offer some insight into the relationship between distances within this space, we
conduct several regression analyses in Appendix E.1. We find that products with higher
sales are generally more isolated than those with smaller sales. Moreover, we observe a
hump-shaped relationship between product-to-product distances and co-production fre-
quency, suggesting that products are further apart when only a few firms co-produce
them. However, as the number of co-producing firms increases, the distance between

products starts to decrease.

Graphical Representation. Due to confidentiality, we are unable to provide a visual
representation of product spaces at the CN8 level but can do so with aggregation to the
CN4 level. Our clustering algorithm produces a single cluster at this level, meaning that

each product is directly or indirectly linked to all others.
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Figure 1: Distribution of Distances (2000)
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This figure illustrates the distribution of firm-product distances for the year 2000 using various approaches. For confiden-
tiality, we have restricted the samples to ensure that each bar contains a sufficient number of observations. Consequently,
the percentage values shown here are higher than those calculated from the full sample.

Figure 2: Product Space
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This figure depicts the product space with product-to-product distances estimated in a cluster of all directly and indirectly
connected CN 4-digit products. We use the DGKP and baseline transformation. Marginal costs from DGKP are estimated
at the CN 8-digit product-units which distinguish 8-digit products by unit of measure. We aggregate to the CN 4-digit
product-unit with a quantity-weighted average across the CN 8-digit product-units within each 4-digit product-unit. Lines
are drawn to create the smallest tree including all products, with some below a cutoff distance omitted for visibility.



Figure 2 provides a network representation of the product space using maximum-
spanning trees, constructed following methods similar to those in Hidalgo et al. (2007).
The figure illustrates that products within similar sectors tend to cluster together, such
as Chemical products alongside Plastic and Rubber, or Machinery in close proximity to
Metals and Transportation. Additionally, the periphery is marked by an assortment of
miscellaneous products.

We now move to our estimates of firm behavior with counterfactual advantages from

the product space.

5 Product Adoption and Counterfactual Advantages

While firm-level shocks, such as a boost in productivity, and product-level shocks, like
rising demand or changes in tariffs, might prompt a firm to introduce or discontinue a
product, the precise prediction of which firms will be involved has largely been overlooked
in the literature. In the data, multi-product firms account for 79.1 percent of all product
introductions, although only 52.3 percent occur within the firm’s best-selling HS2 cate-
gory and 5.1 percent within their best-selling HS6 code. This capability of multi-product
firms to transcend HS codes demonstrates the usefulness of a production based classifi-
cation that can represent likely product scope choices. This section first quantifies the
predictive capability of the product space in determining which products will be intro-
duced. In Appendix E.3, we also examine the predictive capability regarding product
discontinuations. The section continues with an IV strategy to test whether demand
shocks at the product level leads firms with better counterfactual advantages to adopt
them. The results show that this is indeed the case.

5.1 Product Adoption and Counterfactual Advantage

For each firm, we identify products not produced in its initial year of observation. For
example, if a firm first appears in the data in 2000, we consider as candidate products all
items in the firm’s cluster not produced in that year. In subsequent years, we construct
a product introduction indicator Intro,,,, for firm w, product v, and year ¢, equal to 1 if
the firm produces the product in that year, and 0 otherwise. We normalize this outcome
by the average product introduction rate, which is approximately 0.4 percent. Estimated
effects on this outcome can be interpreted as a percentage of the time in the panel that
a a newly introduced product is actually produced, relative to the base rate.

We estimate the following regression:

Introw,u,t = 6 -In (1 + C~7/u.),l/,t71> + ¢w,t + Put + €w,uty (17)
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where the main independent variable is the lagged transformed counterfactual advantage
T(Gyyt—1) = In(1 + @upt-1), as in our baseline product space. We lag this variable
to avoid contemporaneous feedback from product adoption into the construction of the
product space.?® For specifications using CN classification or product relatedness (RCA),
we substitute In(1+a,, ;1) with the corresponding lagged firm-product distance measure.

Following our theoretical framework, we include product-year fixed effects (p,:) to
control for time-varying shocks to demand or technology at the product level. Firm-
year fixed effects (4, ) absorb contemporaneous shocks such as changes in productivity,
ensuring that identification comes from within-firm variation across products rather than
across firms.?* Throughout this section, standard errors are clustered at the product-year
level. The findings are illustrated in Table 6. The columns demonstrate that product

adoption rates diminish as counterfactual advantage (CN distance, RCA) worsens.

Table 6: Product Introduction and Advantage (All)

Dependent Variable: Intro,,,; > 0

(CES)  (DGKP) (CN) (RCA)
Lagged Advantage -3.685%**% _1.543*** _1.688*** _13.474%**
(0.469)  (0.200)  (0.081)  (0.980)

Product-Time FE Yes Yes Yes Yes
Firm-Time FE Yes Yes Yes Yes
R? 0.07 0.07 0.08 0.07
# Obs. 645290 645290 645290 645290

Results from OLS estimation of (17). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%.

Discrete versus Continuous Classifications. As shown in Table 6, distance mea-
sures based on the CN classification are predictive of product introduction. This suggests
that the CN classification captures meaningful proximity between products: firms tend to
introduce products located in nearby CN categories. However, a key limitation of the CN
classification is its discreteness. It cannot differentiate between products within the same
category, whereas our continuous measures are more granular. For example, a firm whose
core product is in cotton fabrics would, under the CN classification, appear equally likely
to expand into apparel and into carpets, even though these outputs differ substantially in

production processes and inputs. This is because both apparel and carpets lie in different

ZSimilar structural equations for product introduction are derived in Boehm et al. (2022), although
here markups are allowed to vary by firm-time and product-time.

24 As discussed above, when a firm produces across multiple, highly distinct CN two-digit clusters, we
treat each firm-cluster pair as a distinct production unit. This ensures that the fixed effects also absorb
cluster-year shocks.
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CN 2-digit codes relative to cotton but are grouped within the same cluster, and hence,
are at the same distance to the firm.

To illustrate the value of continuous classifications, Table 7 reports results from es-
timating (17) while controlling for CN distance bins via fixed effects. The coefficients
on advantage remain negative and statistically significant, indicating that our continuous

measures retain predictive power even within CN-defined hierarchies.

Table 7: Product Introduction and Advantage (CN Controls)

Dependent Variable: Intro,,,; > 0

(CES)  (DGKP) (RCA)
Lagged Advantage -1.615%%% -0.737*** _.8.914%**
(0.466)  (0.199)  (0.943)

Product-Time FE Yes Yes Yes
Firm-Time FE Yes Yes Yes
CN Distance FE Yes Yes Yes
R? 0.08 0.08 0.08
# Obs. 645290 645290 645290

Results from OLS estimation of (17). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%.

Advantage versus RCA We perform a similar analysis using distance measures based
on RCA. These metrics also exhibit predictive power for product introductions, with
results comparable to those obtained using our continuous classification. However, a
major limitation of the RCA approach is its lack of coverage: over 80% of firm-products
have a relatedness of zero, which corresponds to distance taking the maximum value
of one. As shown in Table 8, our advantage based measures retain predictive power
even when the RCA-based relatedness measure is uninformative. This is reflected in the

negative and statistically significant coefficients on advantage.?®

5.2 Product Adoption and Demand Shocks

Many reasons can prompt a firm to introduce a new product. These can span from
firm-specific factors, like enhancements in efficiency, to product-specific elements, such

as changes in demand. Here we examine how a positive demand shock influences the

25 As a robustness check, we estimate a specification based on ranking products by their distance rather
than using the continuous values of distance. The results, reported in Appendix E.2, confirm that firms
are more likely to introduce products that are closer in rank, even when including CN fixed effects or
when RCA-based relatedness is zero.
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Table 8: Product Introduction and Advantage (Relatedness=0)

Dependent Variable: Intro,,,; > 0
(CES) (DGKP) (CN)

Lagged Advantage S1LB3THHE _0.472%F*  _1.194%F*
(0.413) (0.172) (0.089)

Product-Time FE Yes Yes Yes

Firm-Time FE Yes Yes Yes

Lagged Relatedness = 0 0 0

R? 0.08 0.08 0.08

# Obs. 542445 542445 542445

Results from OLS estimation of (17). Cluster standard errors in parenthesis. Cluster: product-year.. ***: significant at
99%, ** at 95%, * at 90%.

likelihood of a product being introduced, and how this relationship is modulated by a
firm’s counterfactual advantages in the presence of a demand shock.
To quantify a demand shock that is credibly exogenous to supply conditions, we

instrument for positive export demand shocks on product introduction. We estimate

Introw,u,t :6 : hl (1 + aw,u,tfl) + 7 : EXportSy,t X ln (1 + dw,u,tfl) + (bw,t + pl/,t + K/w,y + ew,u,b
(18)

where the dependent variable Intro,, , ; and counterfactual advantages mirror those used in
regression (17). Exports,; denotes the log of the total exports from Denmark of product v
in year t. Equation (18) closely follows the linear probability model for product adoption
predicted by our theory in Equation (9), where the probability of introducing a product
is log-linear in advantage and depends on product-year, firm-year, and firm-product fixed
effects. We restrict the sample to firm-products that have been introduced in the years
considered, thereby excluding firm-products w, v such that max, Intro,, ,,;, = 0. Therefore,
the identifying variation is in the switch of a product from being not produced to being
produced within each firm.

We instrument Exports, , by adhering to the approach by Hummels et al. (2014), simi-
lar to Dhyne et al. (2021), using either global exports or those from comparable nations to
instrument for Danish exports by calculating Exports IV, , = Log ), 2pNK EXportsy .,
with the total exports of all countries except Denmark.?® Notice that export data, sourced

from BACI, is reported at the 6-digit level, less granualar than our 8-digit level products.

?0As a robustness, we consider Exports IV, ; = Log . x Exports,, , , where K denotes two differ-
ent sets of countries: the same set of countries as Autor et al. (2013): Australia, Finland, Germany,
Japan, New Zealand, Spain, Switzerland, and USA, and a set of EU countries: Austria, Belgium, Fin-
land, France, Germany, Greece, Ireland, Italy, Luxembourg, Netherlands, Portugal, Spain, and Sweden.
Results are in appendix E.4, along with the results of the first stage regressions.
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The first stage results are presented in Table 9, showing a strong first stage.

Table 9: Export Shocks - IV. All Countries (First Stage)

Dependent Variable: Lagged Advantage * Exports

(CES) (DGKP) (CN) (RCA)
Lagged Advantage * Exports IV 0.781%%% (.792%** (.769*** 0.0347#*

(0.003) (0.003) (0.004) (0.002)
Firm-Time FE Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes
# Obs. 13782 13782 13782 13782
R? 1.00 1.00 1.00 0.93

Results from OLS estimation of the first stage of (18). Cluster standard errors in parenthesis. Cluster: product-year.
***: significant at 99%, ** at 95%, * at 90%. Log Exports IV, = Log Zk-,;éDNK Exportsy,,¢-

In the second stage of the IV Table 10, we show that our key parameter of interest,
the interaction between distance and exports, is negative and statistically significant
under the CES and DGKP cost specifications. This outcome shows that the impact of
export demand shocks to increase product introduction is amplified for products where
co-production capability is stronger and attenuated for products with less counterfactual
advantage. When demand increases for a product, closer firms in the product space

supply that demand.

Table 10: Export Shocks and Product Adoption

Dependent Variable: Intro,,+ > 0
(CES) (CES) (DGKP) (DGKP)

OLS IV OLS v
Advantage 47.60  401.5%** 25.54 96.81***
(66.15)  (121.4) (17.99) (31.23)
Advantage -10.77F  -41.70%FF  _3.429%*F -9 555%F*
* Exports (5.650)  (10.52) (1.522) (2.659)
Firm-Time FE Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes
# Obs. 13782 13782 13782 13782
F-Stat 404.49 634.29

Results from OLS estimation of (18). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%. We instrument Log Exports,; X In (1 + @, ,,+—1) with Log Exports IV ; X In (1 + @y, p,1—1)
where Log Exports IV, = Log Zk;ﬁDNK Exportsy,,+ is the total exports of all countries except Denmark.

Table 11 shows that both the CN-based and the RCA-based distance measures do
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not attain statistical significance in the IV specification. In constrast, our more granular
advantage based method is less noisy in the IV estimation and can significantly predict

adoption following a demand shock.

Table 11: Export Shocks and Product Adoption

Dependent Variable: Intro,,,; > 0
(CN) (CN) (RCA) (RCA)

OLS v OLS v
Advantage 3.720 8.426  -60.62%FFF 52 54%H*
(5.447) (10.03)  (4.094) (19.20)
Advantage -0.561  -0.971 -3.737F** -20.43
* Exports (0.465) (0.869)  (1.088) (39.32)
Firm-Time FE Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes
# Obs. 13782 13782 13782 13782
F-Stat 484.58 7.66

Results from OLS estimation of (18). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%. We instrument Log Exports,; X In (1 + @, ,,+—1) with Log Exports IV ,; X In (1 + @y,p,¢—1)
where Log Exports IV,,; = Log Ek#DNK Exportsy,,; is the total exports of all countries except Denmark.

We next use counterfactual advantages and markups to analyze the extensive margin
effects of cost shocks. We then evaluate when policies targeting product entry can help

stabilize prices better than status quo preserving subsidies to incumbents.

6 Counterfactuals, Shocks and Price Stabilization

In light of the findings and methods above, we now illustrate the potential to address new
questions with a policy exercise. Conventional industrial policy relies on uniform support
within narrowly defined industries, implicitly assuming that productive potential aligns
with industry classifications. Our results indicate that this assumption is frequently vio-
lated since much entry is driven by multi-product firms expanding their scope across large
two digit categories. The capabilities required to produce a given good are not confined
to its conventional industry, and firms in seemingly unrelated sectors may possess latent
capabilities that allow them to produce profitably. By recovering counterfactual costs
and benefits, our framework identifies such non-traditional entrants. We now use these
counterfactuals to illustrate the effect of marginal and fixed cost shocks, then evaluate

price stabilization policies on the intensive versus extensive margin®’ in the presence of

27A close analogue is the European Commission‘s COVID Temporary Framework, under which firms
experiencing large revenue declines could receive aid covering a share of fixed costs not covered by
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firm marginal cost shocks.?

Our first goal is to derive counterfactuals to quantify how firm production, entry and
price levels would change when marginal or fixed costs decrease. Previously, we used
observed advantages a,, and the product space to find counterfactual advantages a,,
relative to the firm, allowing firm total factor productivity (TFP) to be controlled for with
firm fixed effects in subsequent econometric specifications. Here we need this TFP term,
which we label ¢,, for each firm w, to fix the counterfactual (relative) advantages, {a. , }
to their value in levels {a,,/¢.}. To do so, we define ¢, = a,,/a,, for the product
v in each firm’s portfolio that is made by the most firms, which aligns that product’s
counterfactual (relative) advantage to the firm’s observed advantage.?

We also require counterfactual markups. For constant markups (CES), we again set
the elasticity of substitution to ¢ = 5 for a markup of 1.25. For heterogenous markups, we
estimate the elasticities of substitution using the firm-product specific estimated markups
with the DGKP methodology. For unproduced products, we predict markups with firm
and product fixed effects, which we show are consistent so long as all products and firms
are in the same cluster. We next detail that estimation. We then quantify the implications

of cost shocks on product entry and price levels.

6.1 Counterfactual heterogeneous markups

Here we detail how to estimate counterfactual firm-product markups with a model of firm
and product fixed effects. Given the markup ., for product v produced by firm w, we
propose a simple structure consistent with CoPaTh preferences. We estimate markups

within each cluster according to an OLS estimate of §; = [ But Bt } in

In Mot = [ Xwit Xvt ] B;T +77w71/7t, (19)

where x,; and X, are row vectors corresponding to the fixed effects of variety v and
firm w. This specification allows us to estimate firm- and product specific components
of markups for every produced product. We then use estimated Bt by cluster to predict

counterfactual markups fi, . as

/lw,u,t = exXp ([ )Zw,t )Zu,t :| BtT> ) (20)

revenues. National implementations in Luxembourg and Belgium followed the same structure.

28Here we take products in isolation for simplicity, ignoring potential interactions such as Input-Output
linkages which could dampen or magnify effects.

29This choice helps stabilize the normalization in the case of products with a small number of producers.
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where X, and X, are row vectors ranging over all unproduced firm-variety pairs in
each cluster. While estimates of 3, in Equation (19) are not uniquely identified due
to different possible normalizations, all estimates obtained from this regression imply
identical predicted counterfactual markups in Equation (20) within cluster, as stated
here with the proof provided in Appendix C.1.3° For products belonging to different
clusters, one can construct examples where out of sample predictions are not identified

due to indeterminate fixed effect estimates.

Proposition. Out of sample firm-product markup predictions using two way firm and

product fized effects are unique within a cluster.

Summaries of the estimation results from Equation (19) are presented in Table 12.
There are fewer observations here than in Table 1 due to products that are not present
in clusters every year. With the exception of the Miscellaneous cluster and the broad
Textiles cluster, the fit is strong with R? over .7. We compare the average markup by
cluster across unproduced and produced products on the right of the Table, weighting
them by inverse advantage in columns 4 and 5 to capture differences in firm size. Given
that product level markup fixed effects are controlled for, when unproduced product
markups are higher than produced markups, this signals that potential producers with
relatively inelastic demand have not entered due to higher costs of production. Differences
across the unproduced and produced columns demonstrate that heterogeneous markups
reveal additional extensive margin gains are possible that a constant markup framework

would miss.

30The predicted markups are trimmed so markups range between 1.1 and 2.5, by changing values
outside those ranges to the closest in the range. Our positive results are robust to a much wider potential
range of markups, although the normative results are sensitive to the presence of high markups. Adapting
the markups estimated from this method for normative conclusions is an area for future work.
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Table 12: Markup Fit and Average Markups by HS Product Cluster

HS Group N obs R? Advantage-Weighted u Unweighted p
Unproduced Produced Unproduced Produced

Animal Products 84,979  0.798 1.695 1.514 1.513 1.359
Chemicals 129,272  0.782 1.508 1.550 1.344 1.244
Foodstuffs 464,151 0.625 1.467 1.286 1.367 1.236
Machinery and Electrical 222,932 0.870 1.895 2.058 1.654 1.527
Metals 192,401 0.818 1.801 2.110 1.540 1.449
Mineral Products 6,466  0.935 1.479 1.951 1.438 1.236
Miscellaneous 81,716  0.506 1.735 1.522 1.543 1.394
Plastics and Rubbers 44,187  0.860 1.956 1.634 1.580 1.367
Stone and Glass 7,014 0.722 1.897 1.987 1.729 1.601
Textiles 143,606 0.642 1.698 1.584 1.468 1.302
Transportation 1,848  0.826 1.874 2.045 1.662 1.479
Wood Products 15,225  0.821 1.745 1.795 1.535 1.528

Note: Table reports markup-fit statistics and average predicted markups by HS product cluster.
Cluster R? reports the regression fit within each cluster. The overall R? from a regression of log esti-
mated DGKP markups on log predicted markups, pooling all clusters, is 0.752. Advantage-weighted
w is the advantage-weighted markup; Unweighted p is the simple average markup. Produced refers
to firm-product observations that are produced by the firm; Unproduced refers to non-produced
firm-product observations.

With these counterfactuals in hand we can now populate the model to evaluate a wide
variety of changes and policies. We begin with cost reduction shocks and then turn to
price stabilization in the face of cost shock increases. For the remainder of the paper, we

will focus on the constant markup case.

6.2 Extensive Margin Responses to Cost Reduction Shocks

We now compute the effect of marginal and fixed cost shock reductions on firm entry
using our counterfactuals. First we need to fix values for fixed costs of entry for every
product. Directly measuring fixed costs is notoriously difficult, and quantitative estimates
often rely on structural estimation (Das et al., 2007). A related literature uses minimum
observed export revenues to infer the profitability threshold for exporting (Eaton and
Kortum, 2001; Crozet et al., 2012), and Arkolakis et al. (2021b) use variation in these
minima to study economies of scope. Because our counterfactuals deliver operating profits
directly, we instead follow the more closely related approach of Feenstra et al. (2026) and
use the lower tail of model-implied operating profits to discipline product-level fixed costs
in each year. Considering a definition of fixed costs as the minimum of observed variable
profits, there are often firms with counterfactual variable profits higher than these fixed
costs and therefore should have entered. In that instance, we instead increase fixed costs
by defining product level fixed costs f, by looking at all firms producing v, taking the

minimum of each firm’s variable profits and define f, as the maximum of these. If there
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remain firms with counterfactual profits high enough to enter, we increase fixed costs
f, further by defining them as the maximum of the minimum of all variable profits of

all firms in the cluster. We summarize the frequencies across cases in Table B.1 of the
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Figure 3: Counterfactual entry and price-index responses to cost reductions
Notes: The figure reports bootstrap estimates of product-level counterfactual responses to marginal-
cost and fixed-cost reductions. Lines show the median bootstrap estimate. Shaded bands show
the 25th and 75th percentiles across product-level bootstrap replications. Entry responses are
proportional changes in the number of active firm—product varieties. Price-index responses are
measured as reductions in the product price index, so positive values indicate lower prices.

Having set fixed costs, we next predict aggregate product entry and price index reduc-
tions at successive levels of cost reduction to both fixed and marginal costs for potential
entrants in Figure 3. Panels a and b show the effect of marginal cost reductions across the
two markup settings, with considerably stronger entry responses under constant markups
and similar but slightly stronger effects on the price index under heterogeneous markups.

Unsurprisingly, fixed cost reductions induce entry quickly across both markup settings,

31This leaves very few cases of firms who should have entered a product but did not. For these we treat
them as having entered at the counterfactual quantities implied. This goes against us recommending
fixed cost subsidies in subsequent exercises.
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but here price index reductions occur at a much faster rate under heterogeneous markups.
The Figure suggests that entry responses become more elastic to fixed cost reductions
while they begin fairly constant in marginal cost reductions, then increase somewhat af-
terwards. Both findings differ from theoretical benchmarks in which entry elasticities are
constant.

This cost reduction shock exercise provides insight into the underlying structure of
the model counterfactuals, and we can go further to evaluate policy options. We next
turn to a policy exercise of stabilizing prices following a marginal cost shock to incumbent

firms.

6.3 Price Stabilization Through Entry

We now consider a policymaker who faces a marginal cost shock to incumbent firms

mkt) where the superscript mkt indicates

and wishes to maintain the price index P (p,,
the original market equilibrium value.??> Whether this is for strategic capability, political
stability, dynamic efficiency or other rationales, we take the objective as given. Consider a
setting at the market equilibrium in which a cost shock 7,, occurs to marginal costs, so that
firms face marginal costs (1 + 7,)m,,. One immediate policy option is to implement a
status quo subsidy s1"® = 7, so that firms face marginal costs (1 + 7, — s3") my,, = my,,,

returning to market quantities and prices at a cost of

g = gauw Moo qf:l;t dw
Qmlkt
where the integral is over all firms producing product v in the market equilibrium, Qmkt,
While we do not have a formal proof, following the logic of Dhingra and Morrow (2019)
this allocation should be efficient at pre-shock levels.

However, since fixed costs are now smaller compared to marginal costs, this opens the
possibility that product entry might be cost saving given the constraint of price stability.
Therefore a second option is to reduce the cost of this policy by encouraging firm entry
with an entry subsidy e,. This must achieve a price index of P (p,™) = P (p,™*') where
the superscript ent indicates market prices under the entry subsidy. This would cost a
total of

ent — _ent
™ =el fodw
ant
v

where the integral is over all new firms producing product v under the entry subsidy

32Note that since product revenue R, is unchanged, this is equivalent to maintaining the same aggregate
level of product output.
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policy, Qe

We next compare this price stabilizing entry subsidy with the previous status quo
policy on a total cost basis. This is enabled by using our counterfactuals, leveraging the
extensive margin of product entry from existing firms across broad product classifications.
Figure 4 displays the percentage of times an Entry Subsidy is cheaper than the Status
Quo subsidy by total products and product sales across cost shock levels.?® The Figure
shows that for CES demand at low cost shock levels, entry subsidies are a cheaper means
to stabilize prices for about half of products and a quarter of sales. For higher cost
shocks, stabilizing prices by status quo subsidies becomes more attractive, reflecting the
exhaustion of cost effective potential entrants to provide sufficient price reductions. The
Figure shows that for DGKP a similar pattern occurs as cost shocks increase. However,
here the Entry subsidy is cheaper on a smaller share of products which comprise a much
larger share of sales than under CES. In that sense, quantifying heterogeneous markups

allows the policy to select on fewer but larger firms.
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Figure 4: Entry Subsidy Cheaper than Status Quo Subsidy under CES and DGKP. The
figure reports the share of products and share of sales for which the entry subsidy is
cheaper than the status quo subsidy at marginal cost shocks of 5%, 10%, 25%, and 50%.

These results provide a prospective policy tool to more effectively target subsidies.

33Due to the discrete nature of product entry on price indices, in cases where the entry subsidy induces
a lower price index, we cost the Status Quo subsidy to match this price index. This happens about half
the time in the 5-10% shock range but is rare at higher cost shock levels.
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Of course, combinations of entry subsidies and subsidies or taxes for incumbents could

provide further gains, but we leave this simple example to demonstrate future possibilities.

7 Conclusion

This paper develops a framework to predict which products firms will adopt by recovering
counterfactual advantages over unproduced goods. We construct a data-driven product
space from observed co-production patterns to map firms’ latent capabilities, embed
it in a multi-product model with heterogeneous markups, and show that firm—product
proximity significantly predicts adoption, unlike Combined Nomenclature and Revealed
Comparative Advantage based relatedness at granular levels. Using Danish data and an
identification strategy based on export-demand shocks, we find that firms closer in the
product space are more likely to enter into a product market following positive demand
shocks.

The counterfactuals show that the product space opens a new way of evaluating indus-
trial policy. Rather than asking only how support affects incumbent firms in a targeted
industry, the framework asks which firms in the economy could profitably become sup-
pliers. This changes the relevant policy margin. Valuable supply responses come from
multi-product firms outside targeted industries, whose latent capabilities are invisible in
standard industry classifications. By recovering counterfactual profits and price-index ef-
fects for unproduced firm-product pairs, the framework can compare policies that expand
output by incumbents with policies that create new sources of supply. In our example
price stabilization exercise, entry subsidies are often more cost effective that subsidies
to incumbents that maintain the status quo. The effects of industrial policy therefore
depend not only on which products are targeted, but on whether policy reaches the firms
best positioned to supply them.

This framework opens several avenues for future research. First, it uses ideas from the
recommender system literature to embed rich inter-firm data patterns into well under-
stood models. This enables rich predictions from policy changes such as taxes, subsidies
or capability building. Second, there is the potential to extend the product space map-
ping to other contexts where information of firm activity is more limited, such as services
where ‘product classifications’ don’t exist or have little meaning. Finally, using this ap-
proach to understand firm entry and exit could further help us understand competitive

responses and quantify policy levers to shape who can produce what.
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B Product Space Construction Addenda

B.1 Geometric interpretation of distance measures

To illustrate the first step in our algorithm geometrically, consider a firm w producing
two products 1 and 2 with advantages a,; and a,,. The distance of the firm to the
two products equal these advantages and they can be visualized spatially by placing each
product around the firm as in Figure A.1, where product 1 is on the circle of radius
a, 1 and product 2 is on the circle of radius a, 2. One can imagine if the firm produced
product 2 perfectly with a, 2 = 0 (i.e., with an advantage at the zero-th percentile of
costs), the distance from the firm to product 1 would be the distance between products
1 and 2, labeled d; 2. An application of the triangle inequality in this example provides

numerical bounds on this distance

w1 — a2l < dio2 < agyi+ ags. (B.1)

Figure A.1: Product Distance Bounds in Co-Production

Product 2

Product 1

To illustrate this, consider the example in Figure A.1. Conditional on observing the
firm’s advantages in products 1 and 2, we can apply the triangle inequality to recover
bounds of the possible distance between the two products, d; 2. The minimum distance
arises when both products lie on the same line extending in one direction from the firm’s
location where both products located to the right. In this case, the distance between

the products equals the absolute difference in their distances to the firm, i.e., |ay,1 —
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a,2|. Conversely, the maximum distance occurs when the two products lie on opposite
directions through the firm with product 1 to the right and product 2 to the left, so that

the distance between them equals the sum of the two radii, a1 + a, 2.

awu+aw7+|awv_aw7—| ma“X{a’UJl/7a’wT}
d,, = Bl L eT = 2 wr], B.2
=2 N, 2N (B.2)

w w

Equation (B.2) is an average between the of upper and lower distance bounds of Equa-
tion (B.1) and therefore consistent with Equation (B.1) taken as an average.* Tt is

mathematically equivalent to the average of the maximum of the two advantages.

B.2 “Filling in” Distance Bounds Algorithm

This section describes how to determine distances between products that are not co-
produced by linked by co-production. As shown in Figure B.1, we start with known
upper and lower distance averages v;; for pairs via, Va3, V34, Vss, Uss, and vg. These
distances are based on direct co-production, with at one intermediary firm involved,
assigning them a chain length of one.

Our next step involves recovering the distance bounds for pairs v;; where products
1 and j are not co-produced but but bounds can be inferred through a two-step co-
production chain via an intermediary product k, thus having a chain length of two (since
it involves two intermediary firms). To recover these “chain length two” distances, we
apply the triangle inequality. Specifically, we calculate the upper bound by finding the
smallest maximum difference |v;, — vi;| across all intermediaries k, and the lower bound
by identifying the largest minimum sum v;;, + vg; across all k. These calculated bounds
are then used to populate distances for indirect connections, as illustrated in Figure B.2.

We repeat this process with the newly populated distances, although now the upper
and lower bounds of length 2 correspond to length 3 separations of the original distances.
This algorithm continues until N — 1 steps for N products are completed, which will
result in a maxi min of lower bound distances and mini max of upper bound distances.
This process is depicted in Figure B.3.

Once the matrices of upper and lower bound distances are populated as described, we

34Given the bounds in Equation (B.1), one might be tempted to use order statistics to obtain a
tighter fit. For example, instead of averaging, one could take the minimum of the upper bounds and the
mazimum of the lower bounds across observations to construct a narrower range of potential distances.
In the absence of measurement error, this approach would indeed be preferable. However, in the presence
of errors, the minimum of the upper bounds can be smaller than the maximum of the lower bounds,
especially as the number of observations grows. Empirically, we observe such a pattern a non-negligible
fraction of our sample. For this reason, we adopt a more robust approach that averages the distance
bounds across firms to mitigate the influence of errors and outliers.
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Figure B.1: Distances Across Co-produced Products

(a) Co-produced Distances
r 0 V12 NA NA NA V16

V21 0 V23 NA NA NA
NA V39 0 V34 NA NA
NA NA V43 0 V45 NA

NA NA NA Vs 0 Vs

L V61 NA NA NA Vg5 0

(b) Length 1

1

(c) New Length 2

Figure B.2: Distances Across Products Not Co-produced (Length 2)

(a) Indirectly Linked Distances

r 0 V12 — V13 NA V15 $— V16 ]
V21 0 Vo3 — U2y NA V26

i

V31 <— U32 0 V3qg — Uss NA
NA vi — Vg3 0 UL — Ugg
Us1 NA Ui/g — Usy 0 Usg
L UL — Vg2 NA v}i Vgs 0

(b) Length 2

1
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(c¢) New Length 3
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Figure B.3: Distances Across Products Not Co-produced (Length 3)

(a) Indirectly Linked Distances (b) Length 3 (c) New Length 4

r 0 V12 V13 — V14 V15 V16 | 1 !
V21 0 V23 V24 — V25 < U2g . 5 . 5
V31 V32 0 V34 V35 — Usg P A

5 1L N 5 | NE
Vg1 € Vg2 V43 0 V45 V46
V51 — Us2 < Us3 Usq 0 Use 4 4
LV61 Vg2 — Vg3 V64 V65 0

compute the final distances d;; as the average of the corresponding upper and lower v;;.

C Proofs

C.1 Uniqueness of Counterfactual Markups

Proposition. Out of sample firm-product markup predictions using two way firm and

product fized effects are unique within a cluster.

Proof. Fix a product v/ not produced by firm w’ (and therefore out of sample) and we
wish to show for any two estimators of Equation (19), say ﬁ and 7, that they produce

the same predicted values, i.e. [ My My } (ﬁ — ) = 0. Considering Equation (19) in
matrix block form = M+ n, since B and 7 are OLS estimators, M (B — ﬁ) = 0. Now

define 1y as some product produced by firm wy = w and by assumption, ¢/ and v, are
connected by co-production, so there exists a sequence of firms {wl} _o such that each
firm w; produces v; and v;41 and vy, = V. Let m; be the row vector of M corresponding
to firm w; producing v; and m; the row vector corresponding to firm w; producing v;,1.

Now if firm wy did produce vy, it would have a row vector of M equal to

where each addition of m; —m; preserves the fixed effect of wy but swaps the fixed effect

of v; for v;y1, ending with the fixed effect of firm w' = wy and variety v/ = vy. Since
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m is a sum of actually produced firm-product combinations and therefore rows of M,

M (3— ﬁ) = 0 implies that m <B— ?) = 0 as desired. H

D Statistical Summary of Fixed Cost Classifications

Table B.1: Fixed-cost thresholds used in the counterfactuals

Aggregate Simple average across clusters
Fixed-cost threshold Sales Share Product Share Sales Share  Product Share
Panel A: CES
Minimum profit 0.213 0.488 0.181 0.482
Producer correction 0.373 0.127 0.371 0.174
Cluster correction 0.414 0.385 0.449 0.344
Panel B: DGKP
Minimum profit 0.095 0.129 0.143 0.142
Producer correction 0.091 0.036 0.140 0.075
Cluster correction 0.814 0.835 0.718 0.783

Notes: The table reports the share of sales and the share of products for which the final fixed-cost
threshold is determined by each step of the procedure. The first threshold is the minimum operating
profit for each product. The second threshold raises the product fixed cost using the largest firm-
level minimum operating profit among producers of the product when counterfactual participation
violations remain. The third threshold applies the final cluster correction using firm-level minimum
operating profits from potential entrants in the product-space cluster. Aggregate columns weight
products by sales or product counts. The simple-average columns report the mean across product-
space clusters.

E Estimation

E.1 Distance Analysis

Here we provide descriptive statistics regarding estimated distances in each cluster which

inform our model based advantages.

Stability of product space. Table D.1 provides the summary statistics of the growth

rate in the distance between a firm and a product as dy, ,; — dupi—1-
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Table D.1: Changes in Firm-to-Product Distances: Summary Statistics

CES DGKP

Average -0.01 -0.05
Std. Dev. 10.26 23.67
5th P. -17.07 -40.23
10th P. -12.08 -29.47
25th P. -5.73 -14.44
50th P. -0.06 -0.18
75th P. 5.59 13.73
90th P. 11.44 27.64
95th P. 15.34 36.94

The table reports the distribution of the yearly percentage change in firm-to-product distances (all values are multiplied
by 100). The sample comprises all firm-to-product distances across all clusters. For confidentiality reasons, we divide the
percentage change in distances in 100 bins, compute the average change within bin, and report these values in the rows
with percentiles.

Shape and Characteristics of the Product Space. First, we focus on product-to-

product distances, and estimate the following model
dy,+ = alog Sales, ; + SLog Sales,, , + yCo-production,, ,, , + FEc; + €,,0¢,  (E.1)

where Log Sales, , represents the total sales for product v summed over all multi-product
firms. The term Co-production,, ,,, quantifies the extent to which the two products are
co-produced. This is measured either by the number of firms co-producing both products
v and v/, or by the proportion of firms that co-produce these products relative to the

greater of the number of firms producing v or v/'.

Table D.2: Product-to-Product Distances

Dependent Variable: Product-to-Product Distance

(CES)  (CES)  (CES) (DGKP) (DGKP) (DGKP)

Log Sales v 0.008***  (0.003***  0.009%**  0.009***  0.007***  0.009%**
(0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)
Log Sales v/ 0.007***  0.002%**  0.008*** 0.009*** 0.007***  0.009%**
(0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)
# Firms Co-producing v, v/ 0.233*** 0.077+**
(0.000) (0.000)
# Share Firms Co-producing v, v/ 0.715%** 0.243***
(0.001) (0.001)
Cluster-Time FE Yes Yes Yes Yes Yes Yes
R? 0.06 0.41 0.41 0.07 0.09 0.09
# Obs. 1447074 1447074 1447074 1447074 1447074 1447074

Results from OLS estimation of (E.1). Standard errors in parenthesis. ***: significant at 99%, ** at 95%, * at

90%.

Table D.2 reveals that products with higher sales are generally more isolated than
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those with smaller sales. This observation is supported by the positive and statistically
significant coefficient for Log Sales across all specifications. Contrary to expectations, the
coefficient on co-production is also positive and statistically significant. This suggests that
products often produced together tend to be more distantly located. Our analysis below
indicates that firms are typically closer to the products within their production scope.
Therefore, the observed positive correlation between co-production and product distance
implies that our algorithm tends to position firms centrally among the products they
produce, with those outside their scope being more distant from the firm but relatively
closer to the products within the scope.

Further investigation in Table D.3 explores the possibility of a non-linear relationship
between co-production variables and product distances. We observe a hump-shaped re-
lationship, suggesting that products are further apart when only a few firms co-produce
them. However, as the number of co-producing firms increases beyond certain thresholds
(14 for CES and 10 for DGKP), the distance between products starts to decrease. Prod-
ucts co-produced by more than 28 firms in the CES specification and 21 in the DGKP
specification tend to be closer than those never co-produced together. These findings
from Tables D.2 and D.3 illustrate that our approach yields insights markedly different

from those derived solely from co-production patterns.

Table D.3: Product-to-Product Distances

Dependent Variable: Product-to-Product Distance
(CES) (CES) (DGKP) (DGKP)

Log Sales v 0.002%**  0.005%**  0.007*** 0.007***
(0.000)  (0.000)  (0.000) (0.000)
Log Sales v/ 0.002%**  0.004***  0.007*** 0.007***
(0.000)  (0.000)  (0.000) (0.000)
Co-production (Number) 0.301%** 0.104%**
(0.000) (0.001)
Squared Co-production (Number) -0.011%** -0.005%**
(0.000) (0.000)
Co-production (Share) 2.018%** 0.881%***
(0.002) (0.004)
Squared Co-production (Share) -1.643%** -0.805%**
(0.002) (0.004)
Cluster-Time FE Yes Yes Yes Yes
R? 0.48 0.56 0.10 0.11
# Obs. 1447074 1447074 1447074 1447074

Results from OLS estimation of (E.1). Standard errors in parenthesis. ***: significant at 99%, ** at 95%, * at
90%.

We extend our analysis to firm-to-product distances using the following regression
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model
dyy = alog Sales, , 4 BLog Sales, , + Dummy for Produced,, ,; + FEc; + €, e, (E.2)

where Log Sales,, represents the total sales of firm w and Dummy for Produced,, ,, is a
binary variable that takes the value of one if firm w manufactures product v in year t.
The findings, presented in Table D.4, reveal some intriguing patterns. In the CES
specification, firms are generally further from products with larger sales, whereas in the
DGKP specification, the opposite trend is observed - firms are closer to products with
larger sales. Moreover, there is a noticeable decrease in the distance of firms to products
as the total sales of the firms increase. Additionally, firms are consistently closer to the
products they produce, underlining a strong link between firm production profiles and

their proximity to specific products in the product space.

Table D.4: Product-to-Product Distances

Dependent Variable: Firm-to-Product Distance

(CES)  (CES)  (CES) (DGKP) (DGKP) (DGKP)
Log Sales Product 0.002%**  0.002*%**  0.002***  -0.001*** -0.001***  0.000%**
(0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)

Log Sales Firm -0.002%*%*  -0.001%** -0.001***  -0.000***
(0.000) (0.000) (0.000) (0.000)
Production Dummy -0.063*** -0.176%**
(0.000) (0.001)
Cluster-Time FE Yes Yes Yes Yes Yes Yes
Product FE 0.11 0.11 0.13 0.10 0.10 0.13
Firm FE 1394297 1394297 1394297 1394297 1394297 1394297

Results from OLS estimation of (E.2). Standard errors in parenthesis. ***: significant at 99%, ** at 95%, * at
90%.

E.2 Product Adoption by Proximity

As a robustness check, we estimate a version of the product adoption equation that uses

rank-based measures of distance. Specifically, we estimate
Introw,u,t = ﬁ : R‘ankw,u,tfl + (bw,t + Pt + €w,uty <E3)

where Rank,, ,,;—1 denotes the rank of products not produced by firm w based on counter-
factual advantage (CN distance or product relatedness) in year t—1. The closest product
receives rank 1.

Table D.5 presents the baseline estimates. Across all specifications, we find that prod-
uct introduction rates decline with distance rank. Moving from the M-th to the M +1-th

closest product reduces the likelihood of introduction by approximately 0.5 percentage

23



points under both CES and DGKP specifications.?®

Table D.5: Product Introduction and Product Rankings

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (CN) (RCA)
Lagged Rank (=1 closest) -0.005*** -0.005*** -0.008*** -0.009%**

(0.001) (0.001) (0.000) (0.000)
Product-Time FE Yes Yes Yes Yes
Firm-Time FE Yes Yes Yes Yes
R? 0.07 0.07 0.07 0.07
# Obs. 645290 645290 645290 645290

Results from OLS estimation of (E.3). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%.

The results are robust to controlling for CN distance fixed effects (Table D.6) and
to restricting the sample to firm-product pairs with zero RCA-based relatedness (Table
D.7).

Table D.6: Product Introduction and Product Rankings

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (RCA)
Lagged Rank (=1 closest) -0.002*** -0.003*** -0.006%**

(0.001) (0.001) (0.000)
Product-Time FE Yes Yes Yes
Firm-Time FE Yes Yes Yes
CN Distance FE Yes Yes Yes
R? 0.08 0.08 0.08
# Obs. 645290 645290 645290

Results from OLS estimation of (E.3). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%.

E.3 Product Drops

In this section, we quantify the ability of the product space to predict product drops.
As the measure of distance within a firm is based on advantages that we observe, the
estimation of the full product space is not necessary. As a result, we consider this exercise
as a sanity check for our measure of absolute advantages. For each firm, we select the
products that the firm produces in its first year in the data. For instance, if a firm enters
the data set in 2000, the sample of products we consider are the products in the cluster

of the firm that the firm produces in 2000. For each product in the years after entry, we

35For the CN classification, product pairs within the same distance bin are randomly ranked due to
the discrete nature of the taxonomy. Despite this limitation, the rank-based approach still captures
meaningful variation in product proximity.
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Table D.7: Product Introduction and Product Rankings

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (CN)
Lagged Rank (=1 closest) -0.002*** -0.002*** -0.005%**

(0.000) (0.000) (0.000)
Product-Time FE Yes Yes Yes
Firm-Time FE Yes Yes Yes
Lagged Relatedness = 0 0 0
R? 0.08 0.08 0.08
# Obs. 542445 542445 542445

Results from OLS estimation of (E.3). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%.

compute a production indicator Drop, ,, for product v, firm w, and year ¢, which equals
1 if the product is not produced (i.e., dropped) and zero otherwise.

We estimate the following regression
Dropw,u,t = B In (1 + dw,u,t—l) + Ay ¢t + bw,t7 +€w,u,t <E4)

where Rank,,, ;1 is the rank of produced products based on the lagged rank of advantage
of the product for each firm a,,, 1, so that for the farthest product the product rank in
the previous year equals one.

Results are shown in Table D.8 and D.9. Products with less advantage are more likely
to be dropped, as the coefficient on the lagged advantage is positive and statistically
significant in each specification. As shown for the case of product introduction, using a
discrete classification cannot shed light on which products, within a certain aggregation
of codes, are more likely to get dropped, while our measure based on advantage is able

to distinguish between these products.

Table D.8: Product Drop and Product Rankings

Dependent Variable: Dummy=1 for Product Drop

(CES) (DGKP) (CN) (RCA)
Lagged Distance  6.419%**  1.550***  (.155%** 1.918%**

(0.571) (0.139) (0.032) (0.249)
Product-Time FE Yes Yes Yes Yes
Firm-Time FE Yes Yes Yes Yes
R? 0.60 0.60 0.60 0.60
# Obs. 22642 22642 22642 22642

Results from OLS estimation of (E.3). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%.
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Table D.9: Product Drop and Product Rankings

Dependent Variable: Dummy=1 for Product Drop

(CES) (DGKP) (RCA)
Lagged Distance — 4.737%%*  1,195%** 1.589%***

(0.619) (0.149) (0.248)
Product-Time FE Yes Yes Yes
Firm-Time FE Yes Yes Yes
CN Distance FE Yes Yes
R? 0.60 0.60 0.60
# Obs. 22642 22642 22642

Results from OLS estimation of (E.3). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at

99%, ** at 95%, * at 90%.

E.4 Export Shocks and Product Adoption

Table D.10: Export Shocks - IV = Autor et al. (2013) Countries

Dependent Variable: Dummy=1 for Product Introduction

(CES) (CES) (DGKP) (DGKP) (CN) (CN) (RCA) (RCA)
Lagged Advantage  47.600  546.423*** 25.540 101.694***  3.720 18.018  -60.616***  -50.157***

(66.152) (158.317) (17.992) (38.854) (5.447)  (12.369) (4.094) (11.136)
Lagged Advantage -10.772% -54.372%**  _3.429%*  _9.Q74*** -0.561  -1.806*  -3.737*** -25.362
X Exports (5.650) (13.698) (1.522) (3.309) (0.465)  (1.067) (1.088) (21.181)
Firm-Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Spec. OLS v OLS v OLS v OLS v
# Obs. 13782 13782 13782 13782 13782 13782 13782 13782
F-Stat 191.63 288.95 228.46 23.54

Results from OLS estimation of (18). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%. We instrument Log Exports,; X In (1 + &wﬁy,t,l) with Log Exports IV, X In (1 + ("Lw‘uﬁt,l)
where Log Exports IV,,; = Log > ;¢ i Exportsy,, where K denotes the same set of countries as Autor et al. (2013):

Australia, Finland, Germany, Japan, New Zealand, Spain, Switzerland, and USA.
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Table D.11: Export Shocks - IV = EU Countries

Dependent Variable: Dummy=1 for Product Introduction

(CES) (CES) (DGKP) (DGKP) (CN) (CN) (RCA) (RCA)

Lagged Advantage  47.600  509.799*** 25.540 116.219%**  3.720 14.576  -60.616***  -43.784***

(66.152) (140.652) (17.992) (35.409) (5.447) (11.370) (4.094) (15.438)
Lagged Advantage -10.772* -5L.171%**  _3.429**  _11.222*%**  _(0.561 -1.506 -3.73THH* -38.540
X Exports (5.650) (12.167) (1.522) (3.016) (0.465)  (0.983) (1.088) (30.896)
Firm-Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Spec. OLS v OLS v OLS v OLS v
# Obs. 13782 13782 13782 13782 13782 13782 13782 13782
F-Stat 257.25 419.77 304.73 11.75

E.5

Results from OLS estimation of (18). Cluster standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%. We instrument Log Exports,; X In (1 + d, ,,+—1) with Log Exports IV ,; X In (1 + @y, p,¢—1)
where Log Exports IV, = Log ZkeK Exportsy,; where K denotes the set of EU countries: Austria, Belgium, Finland,
France, Germany, Greece, Ireland, Italy, Luxembourg, Netherlands, Portugal, Spain, and Sweden.

First Stage Regressions

Table D.12: Export Shocks - IV. Autor et al. (2013) Countries (First Stage)

Dependent Variable: Lagged Advantage X Exports

(CES) (DGKP) (CN) (RCA)
Laggend Advantage X Exports IV~ 0.889***  (.908%**  (.872%** 0.040***

(0.004) (0.004) (0.006) (0.003)
Firm-Time FE Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes
# Obs. 13782 13782 13782 13782
R? 1.00 0.99 1.00 0.93

Results from OLS estimation of the first stage of (18). Cluster standard errors in parenthesis. Cluster: product-year.
HHX: significant at 99%, ** at 95%, * at 90%. Log Exports IV, = Log ZkeK Exportsy,,; where K denotes the same set
of countries as Autor et al. (2013): Australia, Finland, Germany, Japan, New Zealand, Spain, Switzerland, and USA.

Table D.13: Export Shocks - IV. EU Countries (First Stage)

Dependent Variable: Lagged Advantage X Exports

(CES) (DGKP) (CN) (RCA)
Lagged Advantage X Exports IV 0.857%%F  (0.871***  (.838*** 0.038%**

(0.004) (0.004) (0.005) (0.003)
Firm-Time FE Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes
# Obs. 13782 13782 13782 13782
R? 1.00 0.99 1.00 0.93

Results from OLS estimation of the first stage of (18). Cluster standard errors in parenthesis. Cluster: product-year.
X significant at 99%, ** at 95%, * at 90%. Log Exports IV, = Log ZkeK Exportsy,,; where K denotes denotes
the set of EU countries: Austria, Belgium, Finland, France, Germany, Greece, Ireland, Italy, Luxembourg, Netherlands,
Portugal, Spain, and Sweden.
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E.6 Advantage transformed in Levels and IHS

In this section, we replicate the baseline results presented in the main text but using trans-
formations corresponding to Levels or Inverse Hyperbolic Sine (IHS) for robustness. Sum-
mary statistics for the distances measured from product-to-product and firm-to-product
are provided in Table D.14 for Levels and Table D.15 for IHS. The results for product
introduction with lagged distance modulating various fixed effects and sub-samples are

all qualitatively similar to those above, so we omit them for brevity.

Table D.14: Product Space Summary Statistics (Levels Transformation, Year 2000)

Product-to-Product Firm-to-Product

CES DGKP CES DGKP
Average 0.87 2.74 0.53 1.39
Std. Dev.  0.49 2.16 0.22 0.71
5th Perc. 0.21 0.52 0.22 0.38
10th Perc. 0.30 0.79 0.27 0.59
25th Perc. 0.48 1.00 0.37 0.91
50th Perc. 0.80 1.92 0.50 1.31
75th Perc. 1.11 3.99 0.65 1.76
90th Perc. 1.53 5.93 0.81 2.19
95th Perc. 1.75 6.91 0.91 2.51

The table reports the distribution of product-to-product and firm-to-product distances in the year 2000. The sample
comprises all product-to-product and all firm-to-product distances across all clusters. For confidentiality reasons, we
divide distances data in 100 bins, compute the average distance within bin, and report these values in the rows with
percentiles.

Table D.15: Product Space Summary Statistics (IHS Transformation, Year 2000)

Product-to-Product Firm-to-Product

CES DGKP CES DGKP
Average 0.53 0.97 0.32 0.75
Std. Dev.  0.29 0.40 0.12 0.27
5th Perc.  0.15 0.36 0.15 0.26
10th Perc. 0.21 0.50 0.18 0.40
25th Perc.  0.31 0.72 0.24 0.59
50th Perc. 0.45 0.88 0.31 0.75
75th Perc.  0.68 1.16 0.39 0.90
90th Perc. 0.91 1.43 0.47 1.04
95th Perc. 1.06 1.66 0.52 1.13

The table reports the distribution of product-to-product and firm-to-product distances in the year 2000. The sample
comprises all product-to-product and all firm-to-product distances across all clusters. For confidentiality reasons, we
divide distances data in 100 bins, compute the average distance within bin, and report these values in the rows with
percentiles.

Tables D.16 and D.17 examine the impact of export demand shocks on product in-

troduction, with the respective first stage regressions detailed in Tables D.18 and D.19.
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The estimates show that the qualitative conclusions are the same as in the baseline spec-

ification.

Table D.16: Export Shocks and Product Adoption (Levels Transformation)

Dependent Variable: Dummy=1 for Product Introduction

(CES) (CES) (DGKP) (DGKP)
Lagged Advantage 10.117  59.895%** 1.462 11.970%*

(10.153)  (19.114) (4.096) (6.356)
Lagged Advantage X Exports -1.889*%*  -6.320%** -0.383 -1.271°%*

(0.878) (1.689) (0.335) (0.530)
Firm-Time FE Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes
Spec. OLS v OLS v
# Obs. 13782 13782 13782 13782
F-Stat 526.48 595.68

Results from OLS estimation of (18). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant at
99%, ** at 95%, * at 90%. We instrument Log Exports,; X @y, ,,,t—1 with Exports IV, X a1 ¢ —1 where Exports IV, =
Log 3 1 p N K Exportsy, is the total exports of all countries except Denmark.

Table D.17: Export Shocks and Product Adoption (IHS Transformation)

Dependent Variable: Dummy=1 for Product Introduction

(CES) (CES) (DGKP) (DGKP)
Lagged Advantage 69.421 302.434%FF  15.288 70.766%**

(47.155) (84.589) (13.665) (23.694)
Lagged Advantage X Exports -10.349%*  -30.700***  -2.203* -6.968***

(4.023) (7.319) (1.155) (2.017)
Firm-Time FE Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes
Spec. OLS v OLS v
# Obs. 13782 13782 13782 13782
F-Stat 456.18 577.29

Results from OLS estimation of (18). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant

at 99%, ** at 95%, * at 90%. We instrument Log Exports,; X In (dw,,,.t,l +,/1+ ai,u,tfl) with Exports IV,,; X
In (dw,yytfl +4/1+ a’i,u,t—l) where Exports IV,,, = Log Zk#DNK Exportsy,,; is the total exports of all countries

except Denmark.
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Table D.18: Export Shocks - IV = All Countries (Levels, First Stage)

Dependent Variable: Lagged Advantage X Exports

(CES) (DGKP)
Lagged Advantage X Exports IV~ 0.768%** 0.799%**

(0.004) (0.003)
Firm-Time FE Yes Yes
Firm-Product FE Yes Yes
Prod-Time FE Yes Yes
# Obs. 13782 13782
R? 1.00 1.00

Results from OLS estimation of the first stage of (18). Clustered standard errors in parenthesis. Cluster: product-year.
X significant at 99%, ** at 95%, * at 90%. Exports IV, = Log Ek#DNK Exportsg,,;-

Table D.19: Export Shocks - IV = All Countries (IHS, First Stage)

Dependent Variable: Lagged Advantage X Exports

(CES) (DGKP)
Lagged Advantage X Exports IV~ 0.782%** 0.792%**

(0.003) (0.003)
Firm-Time FE Yes Yes
Firm-Product FE Yes Yes
Prod-Time FE Yes Yes
# Obs. 13782 13782
R? 1.00 1.00

Results from OLS estimation of the first stage of (18). Clustered standard errors in parenthesis. Cluster: product-year.
#HX: significant at 99%, ** at 95%, * at 90%. Exports IV, = Log Ek#DNK Exportsg,,;-

Furthermore, Tables D.20 and D.21 investigate how Revenue Potential and Compe-
tition Potential influence the growth rates of sales and scope using the Levels and THS

transformations. The tables show that the results are robust across specifications.
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Table D.20: Firm Sales and Scope Growth (Levels Transformation)

Dependent Variable: Growth Rate of Sales

Constant Markups Variable Markups

Lagged RP 0.542%** 0.376***
(0.075) (0.076)
Lagged CP -0.079%* -0.180%**
(0.043) (0.043)
Cluster-Time FE Yes Yes
Firm FE Yes Yes
R? 0.16 0.16
# Obs. 8435 8435

Dependent Variable: Growth Rate of Scope

Constant Markups Variable Markups

Lagged RP 0.028 0.092%**
(0.020) (0.024)

Lagged CP -0.135*** -0.050%**
(0.016) (0.015)

Cluster-Time FE Yes Yes

Firm FE Yes Yes

R? 0.14 0.13

# Obs. 8435 8435

Results from OLS estimation of (?7). Clustered standard errors in parenthesis. Cluster: firm. ***: significant at 99%,
** at 95%, * at 90%.

Table D.21: Firm Sales and Scope Growth (IHS Transformation)

Dependent Variable: Growth Rate of Sales

Constant Markups Variable Markups

Lagged RP 0.564*** 0.370%**
(0.078) (0.084)
Lagged CP -0.075* -0.166***
(0.046) (0.045)
Cluster-Time FE Yes Yes
Firm FE Yes Yes
R? 0.16 0.15
# Obs. 8435 8435

Dependent Variable: Growth Rate of Scope

Constant Markups Variable Markups

Lagged RP 0.007 0.110%**
(0.021) (0.026)

Lagged CP -0.125%%* -0.049%**
(0.017) (0.016)

Cluster-Time FE Yes Yes

Firm FE Yes Yes

R? 0.14 0.13

# Obs. 8435 8435

Results from OLS estimation of (?7). Clustered standard errors in parenthesis. Cluster: firm. ***: significant at 99%,
** at 95%, * at 90%.
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F Larger Cluster Analysis

In this section, we replicate the baseline results presented in the main text, using a more
aggregate definition of sectors. Specifically, we consider six sectors: Animals/Vegetables/Food
(CN 2-digit 01-24), Minerals/Chemicals/Plastics (25-40), Textiles/Footwear (41-43, 50-
67), Stone/Metals (68-83), Machinery/Transportation (84-89), and Miscellaneous (44-49,
90-97). This replication uses the same distance transformation as the baseline. Tables
E.1 and E.2 present the descriptive statistics for the cluster characteristics. Table E.3
provides summary statistics for the distances measured from product-to-product and firm-
to-product. Notice that relative to our baseline results, the average distances increase by
little, with the larger increases concentrated in the higher percentiles.

Tables E.4, E.5, and E.6 detail the correlation between the likelihood of product
introduction and the rankings based on the firm’s product distance. Tables E.7, E.§,
and E.9 explore the relationship between the probability of introducing a product and its
lagged distance to the firm. Table E.10 examines the impact of export demand shocks on
product introduction, with the first stage regression detailed in Table E.11. Furthermore,
Tables 7?7 and ?7 investigate how Revenue Potential and Competition Potential influence
the growth rates of sales and scope. Finally, Tables ?? and ?7? present the outcomes of

the counterfactual in which all firms introduce every variety.
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Table E.1: Cluster Descriptive Statistics

Number of Products

Number of Firms

Year Avg. Std. Med. 25P. 75P. Avg. Std. Med. 25P. 75P.
2000 207 141 191 84 260 134 64 111 90 196
2001 211 126 189 113 258 150 66 129 115 190
2002 208 141 174 91 260 143 72 129 83 190
2003 200 137 171 85 247 135 68 121 77 183
2004 205 123 175 118 250 144 56 133 128 182
2005 205 124 166 117 249 141 63 127 120 194
2006 211 128 174 124 258 136 60 130 106 192
2007 160 102 128 95 203 87 33 88 78 106
2008 163 107 130 111 208 84 34 88 79 93
2009 163 110 136 108 209 86 37 88 78 100
2010 173 97 143 123 203 100 41 111 87 131
2011 190 106 156 133 210 108 48 129 91 140
2012 195 103 162 135 225 100 40 112 82 133
2013 205 104 169 154 239 104 43 118 85 129
2014 212 108 167 166 267 105 44 117 94 129
2015 214 114 171 156 286 106 43 115 95 139
2016 208 120 160 154 288 100 46 109 80 140
2017 217 119 171 150 290 106 45 115 107 137
2018 219 123 158 151 292 107 45 118 100 140
Average 198 118 162 125 247 114 50 115 93 150

In each year, we compute average (Avg.), standard deviation (Std.), median (Med.), and 25th and 75th per-
centiles (25P. and 75P.) of the number of products (first four columns) and number of firms (last four columns)
across clusters. In each year, there are 6 clusters (for 6 sectors defined as groups of CN 2-digit codes). The last

row (Average) reports the average of the statistics across years.

Table E.2: Cluster Descriptive Statistics

Number of Products

Number of Firms

Cluster Avg. Std. Avg. Std.
Animals/Vegetables/Food 407 36 158 25
Machinery /Transportation 145 17 109 12
Minerals/Chemicals/Plastics 247 31 107 19
Miscellaneous 84 20 158 66
Stone/Metals 127 29 116 24
Textiles/Footwear 178 33 39 22

In each cluster, we compute average (Avg.) and standard deviation (Std.) of the number of products (first two

columns) and number of firms (last two columns) across years.
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Table E.3: Product Space Summary Statistics (Baseline Transformation, Year 2000)

Product-to-Product Firm-to-Product

CES DGKP CES DGKP
Average 0.39 0.82 0.25 0.65
Std. Dev.  0.20 0.38 0.09 0.23
5th Perc. 0.12 0.32 0.11 0.29
10th Perc. 0.16 0.41 0.14 0.37
25th Perc. 0.24 0.59 0.18 0.50
50th Perc. 0.35 0.75 0.24 0.62
75th Perc.  0.48 0.99 0.29 0.77
90th Perc.  0.69 1.23 0.35 0.94
95th Perc. 0.74 1.42 0.40 1.05

The table reports the distribution of product-to-product and firm-to-product distances in the year 2000. The sample
comprises all product-to-product and all firm-to-product distances across all clusters. The product space is estimated
using marginal costs in logs. For confidentiality reasons, we divide distances data in 100 bins, compute the average
distance within bin, and report these values in the rows with percentiles.

Table E.4: Product Introduction and Product Rankings

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (CN) (RCA)
Lagged Rank (=1 closest) -0.004*** -0.004***  -0.004*** -0.006%**

(0.000) (0.000) (0.000) (0.000)
Product-Time FE Yes Yes Yes Yes
Firm-Time FE Yes Yes Yes Yes
R? 0.05 0.05 0.05 0.05
# Obs. 1332970 1332970 1332970 1332970

Results from OLS estimation of (E.3). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant
at 99%, ** at 95%, * at 90%.

Table E.5: Product Introduction and Product Rankings

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (RCA)
Lagged Rank (=1 closest) -0.002*** -0.002*** -0.004%**

(0.000) (0.000) (0.000)
Product-Time FE Yes Yes Yes
Firm-Time FE Yes Yes Yes
CN Distance FE Yes Yes Yes
R? 0.06 0.06 0.06
# Obs. 1332970 1332970 1332970

Results from OLS estimation of (E.3). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant
at 99%, ** at 95%, * at 90%.
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Table E.6: Product Introduction and Product Rankings

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (CN)
Lagged Rank (=1 closest) -0.001*** -0.001*** -0.002%**
(0.000) (0.000) (0.000)
Product-Time FE Yes Yes Yes
Firm-Time FE Yes Yes Yes
Lagged Relatedness = 0 0 0
R? 0.06 0.06 0.06
# Obs. 1173802 1173802 1173802

Results from OLS estimation of (E.3). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant

at 99%, ** at 95%, * at 90%.

Table E.7: Product Introduction and Advantage

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (CN) (RCA)
Lagged Advantage -6.166%** -2.510%** -2.555%** -23.188%**
(0.468) (0.195) (0.103) (1.457)
Product-Time FE Yes Yes Yes Yes
Firm-Time FE Yes Yes Yes Yes
R? 0.05 0.05 0.05 0.05
# Obs. 1332970 1332970 1332970 1332970

Results from OLS estimation of (E.3). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant

at 99%, ** at 95%, * at 90%.

Table E.8: Product Introduction and Advantage

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (RCA)
Lagged Advantage -2.886*** -1.196*** -15.649%***
(0.453) (0.192) (1.358)
Product-Time FE Yes Yes Yes
Firm-Time FE Yes Yes Yes
CN Distance FE Yes Yes Yes
R? 0.06 0.06 0.06
# Obs. 1332970 1332970 1332970

Results from OLS estimation of (E.3). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant

at 99%, ** at 95%, * at 90%.
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Table E.9: Product Introduction and Advantage

Dependent Variable: Dummy=1 for Product Introduction

(CES) (DGKP) (CN)
Lagged Advantage -1.700%** _-0.650*** -1 712K

(0.343) (0.150) (0.107)
Product-Time FE Yes Yes Yes
Firm-Time FE Yes Yes Yes
Relatedness = 0 0 0
R? 0.06 0.06 0.06
# Obs. 1173802 1173802 1173802

Results from OLS estimation of (E.3). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant
at 99%, ** at 95%, * at 90%.

Table E.10: Export Shocks and Product Adoption

Dependent Variable: Dummy=1 for Product Introduction

(CES) (CES) (DGKP) (DGKP) (CN)  (CN) (RCA) (RCA)

Lagged Advantage  -53.495 430.422 48.417*%  125.458** 6.846 17.724  -112.107***  -26.161

(114.169)  (266.203) (29.045)  (55.870)  (8.115) (16.099)  (6.531)  (145.616)
Lagged Advantage — -6.754  -48.850%* -5.755%%  _12347FFF 1022 -1.963  -5.474%FF  _173.642

X Exports (9.801) (23.082) (2.455) (4.759) (0.687)  (1.387) (1.741) (284.484)
Firm-Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes Yes Yes Yes Yes

# Obs. 16266 16266 16266 16266 16266 16266 16266 16266
F-Stat 1882.60 3624.34 2964.54 0.68

Results from OLS estimation of (18). Clustered standard errors in parenthesis. Cluster: product-year. ***: significant
at 99%, ** at 95%, * at 90%. We instrument Exports,; X In (1 + @, ,¢+—1) with Exports IV, X In (1 4 @, ,,,t—1) where
Exports IV,,; = Log Zk;éDNK Exportsy,,; is the total exports of all countries except Denmark.

Table E.11: Export Shocks - IV = All Countries (First Stage)

Dependent Variable: Lagged Advantage X Exports

(CES) (DGKP) (CN) (RCA)
Lagged Advantage X Exports IV 0.788%** (. 797+**  (.777%** 0.035%+*

(0.003) (0.003) (0.004) (0.002)
Firm-Time FE Yes Yes Yes Yes
Firm-Product FE Yes Yes Yes Yes
Prod-Time FE Yes Yes Yes Yes
# Obs. 16266 16266 16266 16266
R? 1.00 1.00 1.00 0.92

Results from OLS estimation of the first stage of (18). Clustered standard errors in parenthesis. Cluster: product-year.
***: significant at 99%, ** at 95%, * at 90%. Exports IV,,; = Log Z,wéDNK Exportsy,, ¢

66



	Introduction
	Multi-Product Firms and Product Adoption
	Consumers and Firms
	Product Adoption Equations
	Product Spaces and Counterfactual Advantages 
	Measuring Efficiency in Co-production
	Assigning Product Locations
	Locating Firms
	Data and Estimation Procedure
	Data
	Advantage Estimation
	Demand Inversion (CES)
	Production Function Estimation (DGKP)
	Cluster Construction and Analysis
	Product Space Based on Combined Nomenclature (CN) 
	Product Space Based on Product Relatedness (RCA)
	Product Space Analysis
	Product Adoption and Counterfactual Advantages
	Product Adoption and Counterfactual Advantage
	Product Adoption and Demand Shocks
	Counterfactuals, Shocks and Price Stabilization
	Counterfactual heterogeneous markups
	Extensive Margin Responses to Cost Reduction Shocks 
	Price Stabilization Through Entry
	Conclusion
	Product Classifications Across HS, SIC and NAICS
	Product Space Construction Addenda
	Geometric interpretation of distance measures
	``Filling in'' Distance Bounds Algorithm
	Proofs
	Uniqueness of Counterfactual Markups
	Statistical Summary of Fixed Cost Classifications
	Estimation
	Distance Analysis
	Product Adoption by Proximity
	Product Drops
	Export Shocks and Product Adoption
	First Stage Regressions
	Advantage transformed in Levels and IHS
	Larger Cluster Analysis

