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ABSTRACT

We use a comprehensive dataset of electronic invoices from Chilean firms to document new facts 
about price dispersion across buyers of the same manufactured intermediate input and assess its 
implications for aggregate productivity. Price dispersion is pervasive: more than half of 
manufacturing sales involve products sold to multiple buyers within the same month, with an 
average interdecile range of prices across buyers of 0.16 log points. The dominant source of this 
dispersion is match-specific: buyer-seller pair identity absorbs more than 40 percent of the variation 
in price gaps, with observable buyer-seller characteristics — including size, relationship length, 
and transaction volume — jointly explaining up to 10 percent. Price gaps vary little with 
geographic distance or payment method (cash vs. credit), suggesting that they primarily reflect 
markup differences rather than marginal cost differences. Guided by these facts, we use a 
production network model calibrated to the Chilean data to quantify the aggregate efficiency gains 
from eliminating markup dispersion in manufactured intermediate inputs. We find that markup 
heterogeneity across buyers of the same product accounts for 30 to 64 percent of the total 
productivity gains from fully equalizing markups across both products and buyers.
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1 Introduction

To what extent do firms pay different prices for the same intermediate input? Which
observable buyer-seller characteristics account for the variation in prices across buyers?
Does input price dispersion across buyers generate misallocation in domestic produc-
tion networks, thereby reducing aggregate productivity? Answering these questions is
important for guiding models of firm-to-firm trade and for understanding sources of in-
efficiencies in domestic supply chains. Yet, existing evidence on price dispersion for in-
termediate inputs is scarce and largely limited to products within narrow industries or to
international trade transactions.1

This paper provides the first comprehensive evidence on price dispersion across buy-
ers of intermediate inputs and quantifies its aggregate productivity implications. We use
transaction-level data from electronic invoices issued by Chilean manufacturing firms
between June 2021 and December 2023. These invoices include seller and buyer identi-
ties, transaction values and quantities, and detailed product codes and descriptions from
firms’ billing systems. This information allows us to identify products at a much finer
level than standard industry or customs classifications, and to track how the price of the
same product sold by the same seller varies across buyers within the same date. The set of
uniquely identified products accounts for nearly half of all Chilean firm-to-firm manufac-
turing sales, and the industry composition and price changes in our data closely resemble
those in the Chilean producer price index.

Our first empirical contribution is to document that price dispersion across buyers of
the same intermediate input is pervasive, persistent, and unlikely to be driven by cost
differences. More than half of manufacturing sales involve products sold to multiple
buyers within the same month, with an average interdecile range of prices across buyers
of 0.16 log points. This dispersion is not an artifact of measurement error: it is nearly
absent in settings where uniform pricing is expected, including purchases by different
establishments belonging to the same buyer, regulated fuel products, and grocery store
purchases. Price gaps are also highly persistent, even during a period of large swings in
aggregate inflation. Finally, geographic distance between buyer and seller and the mode
of payment (cash or credit) account for negligible fractions of observed price variation,
suggesting that cross-buyer price differences primarily reflect markup variation rather
than differences in the marginal cost of supplying different buyers.

Our second empirical contribution is to document the sources of this markup hetero-

1See e.g., Grennan (2013), Davis et al. (2013), Marshall (2020), Fontaine et al. (2020), and Alviarez et al.
(2025). We discuss this literature below.
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geneity. The dominant source of markup heterogeneity is match-specific: buyer-seller
pair identity alone absorbs 43 percent of cross-buyer variation in price gaps. Prices are
lower for larger buyers, longer-standing relationships, and higher transaction volumes,
but these observable buyer-seller characteristics jointly explain at most 10 percent of
cross-buyer variation in price gaps. We also provide evidence that nonlinear price-quantity
menus play a limited role in accounting for observed price dispersion: quantity varia-
tion is large even among buyer-product pairs with stable prices, and price dispersion
is similar among buyers purchasing identical quantities. These findings point to unob-
served match-specific factors — such as heterogeneous outside options, switching costs,
or relationship-specific bargaining power — as the main source of markup differences
across buyers.

Guided by these findings, we study how markup dispersion across buyers of interme-
diate inputs affects aggregate efficiency. We build on a large literature that links misallo-
cation to markup dispersion (see e.g., Peters 2020, Baqaee and Farhi 2020, Edmond et al.
2023, Pellegrino 2023, Osotimehin and Popov 2023). While the models in this literature
are flexible enough to allow for markups to vary across buyer-seller pairs, a standard as-
sumption when mapping them to data is that firms charge common markups across all
buyers. We quantify how relaxing this assumption changes the extent of misallocation in
these models.

Our model features firms that produce differentiated products using intermediate in-
puts and a single factor in fixed aggregate supply, and sell their output to other firms and
final consumers. We introduce buyer-specific markups as exogenous wedges that match
cross-buyer price differences in the data, under the assumption, motivated by our data,
that marginal costs do not vary with the identity of the buyer. This allows us to mea-
sure markup dispersion across buyers directly from price dispersion, without estimating
markup levels for each product-buyer pair, which typically requires strong assumptions
(see e.g., De Loecker et al. 2016 and Dhyne et al. 2022a).2 Any model that endogenizes
these markups would need to be consistent with our finding that observable product and
buyer characteristics explain little of the variation in prices. In line with our evidence
on price-quantity menus, we assume that buyers can freely choose quantities at a given
price. As in Hsieh and Klenow (2009) and Baqaee and Farhi (2020), dispersion in wedges
generates differences across buyers in the marginal revenue product of the same input,
reducing allocative efficiency.

2Relatedly, the evidence on pricing-to-maket in international macroeconomics is based on how relative
prices of the same good across destinations respond to exchange-rate changes, rather than first having to
estimate markups (see, e.g., the references in Burstein and Gopinath (2015)). Our focus, however, is on
differences in markup levels across domestic buyers, rather than changes in markups over time.
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We calibrate the model to match the production network, intermediate input shares,
and revenue-cost ratios observed in the Chilean data. We consider a range of elasticities
of substitution drawn from the literature. Eliminating buyer-level markup dispersion for
manufactured intermediate inputs, while holding product-level average markups fixed,
increases aggregate productivity by 2.4 to 6.8 percent (normalized by the share of sales
with affected markups), depending on the elasticities of substitution. When we also elim-
inate product-level markup dispersion for manufactured inputs, the normalized produc-
tivity gain ranges from 3.8 to 10.6 percent. Buyer-level markup differences thus account
for 30 to 64 percent of the total gains from equalizing markups across both buyers and
products. Ignoring buyer-level markup dispersion can thus substantially understate the
efficiency costs of markup distortions in production networks.

Related literature. Most evidence on price dispersion comes from consumer prices. For
example, Coibion et al. (2015), Kaplan and Menzio (2015), Kaplan et al. (2019), and San-
gani (2025) study consumer price dispersion within and across retail stores, while DellaV-
igna and Gentzkow (2019) and Daruich and Kozlowski (2023) document the widespread
use of uniform prices within large retail chains. Evidence of cross-buyer price dispersion
for intermediate inputs is largely limited to specific industries or firms. Grennan (2013)
studies price dispersion across buyers of medical devices, Davis et al. (2013) examine
electricity prices across space and time, Marshall (2020) studies wholesale prices paid by
different New York restaurants for the same good on the same day, and Macedoni and
Mattana (2023) quantify dispersion in firm-to-firm prices for life-saving equipment sold
by Viking, a Danish multinational.

Other papers study dispersion of unit values in trade data. Fontaine et al. (2020) use
French customs data to document differences in unit values across buyers within CN8
product categories (the tariff lines used by EU customs) sold by the same exporter. As
they note, this variation may partly reflect product heterogeneity within CN8 categories.
In contrast, we use a much narrower product definition based on product codes and de-
scriptions from firms’ billing systems. When we aggregate our products to the HS8 tariff
lines used by Chilean customs, price dispersion within product-seller pairs across buyers
is about eight times larger than under our narrower product definition. Alviarez et al.
(2025) document differences in unit values across US importers purchasing HS10 product
categories from the same foreign supplier, while Ignatenko (2023) documents dispersion
in unit values across importers over time in Paraguay. These papers study price dis-
persion through models of oligopoly, oligopsony, or bilateral bargaining. Fontaine et al.
(2023) develop a model of Bertrand competition in which buyer-specific markups arise
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because buyers are matched with different set of suppliers. Our empirical contribution
to this literature is threefold: we characterize price dispersion across domestic buyers
for a comprehensive sample of manufactured products; we provide evidence that price
gaps primarily reflect markup differences; and we relate these price gaps to observable
characteristics of buyers, sellers, and transactions.

Our paper also contributes to a recent literature quantifying the aggregate productiv-
ity losses from price dispersion across buyers. Closest to us is Dhyne et al. (2022b), who
study the aggregate gains from eliminating markup dispersion across buyers of the same
product and infer buyer-specific markups by combining a model of endogenous markups
with market-share data. In contrast, we infer differences in markups across buyers di-
rectly from product-buyer-specific prices.3 Bornstein and Peter (2025) study misallocation
due to markup dispersion across products and buyers, contrasting the implications of lin-
ear and non-linear pricing. They provide evidence of non-linear pricing by supermarkets
based on price differences across consumer goods with different package size.4 Relative
to this literature, we focus on prices set by manufacturing firms and treat goods with
different descriptions and codes, including package size, as distinct products. Using vari-
ation in prices of the same product across buyers, we find that sellers price discriminate
across buyers, but that buyers frequently purchase different quantities of a product at the
same price. Motivated by this evidence, our model of firm-to-firm production networks
assumes linear pricing within product-buyer pairs.5

The remainder of the paper is organized as follows. Section 2 introduces the data.
Section 3 reports our empirical findings. Section 4 presents our quantitative framework
and analytical results. Section 5 reports the results of our counterfactual exercises, and
the final section concludes.

2 Data

In this section we describe the dataset and provide basic summary statistics.

3Koike-Mori and Martner (2025) quantify the importance of resource misallocation within the firm for
measured productivity growth in Chile by extending the non-parametric approach of Baqaee and Farhi
(2020) to allow for multi-product firms and joint-production.

4Relatedly, Lorenzini and Martner (2025) develop a general equilibrium model of price discrimination
by firms along supply chains, motivated by facts on price discrimination by Chilean producers that com-
plement our empirical findings.

5The firm-to-firm trade models with endogenous markups in Dhyne et al. (2022b), Fontaine et al. (2023),
and Alviarez et al. (2025) also assume that buyers can choose different quantities at a given price. Our model
therefore nests these frameworks, even though we do not explicitly model the determination of markups.
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2.1 Data description

Our analysis is based on price and quantity data from domestic transactions among firms
in Chile. Starting in 2017, the Chilean Internal Tax Service (SII for its acronym in Spanish)
mandated the use of electronic invoices for all firm-to-firm sales. Our dataset encom-
passes all invoices dated from June 2021 to December 2023, and was obtained through
the Central Bank of Chile.6

The invoices comprise two main sections: the “Heading” and the “Detail”. The Head-
ing section includes essential information regarding the invoice, such as the date, tax
identifiers for both the seller and the buyer, the municipalities where they are located,
and the payment terms (cash or credit). The Detail section contains specific information
about the products sold. Each product is represented by an individual entry within this
section. Entries include a description which varies in the level of detail (e.g. “Maule
Graphics GC1 315GR 77X110 2500 PL” vs. “Metal plaque”) and a product code (e.g.
“ED003C3V59025A”)7 which identify the items being traded. Additionally, entries in-
clude price, quantity, and any applicable discounts or surcharges for each product.8 For
90% of the sales, we have information on the units in which quantities are denominated.
Finally, the Central Bank of Chile assigns each firm to a 3-digit ISIC Rev. 4 sector, and
each product to broad categories according to the Central Product Classification (CPC).

In what follows, we use the terms “firm” to refer to a unique tax ID, and “establish-
ment” to refer to a tax ID-municipality duplet. We treat all establishments of the same
firm as a single seller or buyer. Our set of sellers includes all manufacturing firms, while
our set of buyers includes all non-government operated firms in Chile (our set of buyers
does not include households).9 Because we focus on firm-to-firm sales, we treat each re-
tailer and wholesaler as a single buyer of the manufacturing products. Hence, our price

6This study was developed within the scope of the research agenda conducted by the Central Bank of
Chile (CBC) in economic and financial affairs of its competence. The CBC has access to anonymized infor-
mation from various public and private entities, by virtue of collaboration agreements signed with these
institutions. To secure the privacy of workers and firms, the CBC mandates that the development, extrac-
tion and publication of the results should not allow the identification, directly or indirectly, of individuals
or firms. Officials of the CBC processed the disaggregated data. All the analysis was implemented by the
authors and did not involve nor compromise SII. The information contained in the databases of the SII is of
a tax nature originating in self-declarations of taxpayers presented to the Service; therefore, the veracity of
the data is not the responsibility of the Service.

7This product code corresponds to fully coated folding white boxboards used for the production of
medical and healthcare packaging.

8For an invoice to be valid, the Chilean Internal Tax Service requires the seller’s and buyer’s tax ID’s,
the text description of goods sold, the total amount paid, and a date. More information can be found (in
Spanish) at https://www.sii.cl/factura_electronica/formato_dte.pdf.

9In our baseline sample of uniquely identified products, described below, 31% of firm-to-firm manufac-
turing sales are to other manufacturing firms, 54% are to firms Retail and Wholesale, and 15% are to firms
in other sectors.
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dispersion measures exclude any variation in prices that may arise when retailers and
wholesalers resell manufactured products to other firms or final consumers.

We identify unique products using product descriptions and codes. These codes can
take different forms, such as EAN (European Article Number) codes or internal codes
used by the seller, and are only available to us starting in June 2021.10 We focus on non-
oil manufacturing products that are assigned codes consisting of at least four characters.11

In our baseline analysis, we define a unique product as a product code selling establish-
ment combination. Thus, identical product codes issued by the same seller from different
establishments are considered distinct products.12 For each seller, we discard codes as-
sociated with multiple descriptions, as well as descriptions that are associated with mul-
tiple codes. We identify unique products using both the descriptions and the codes so
as to minimize concerns about descriptions being vague or internal product codes being
coarse. We conduct robustness exercises using the smaller sample of products for which
EAN product codes are available.

We take the following additional steps to clean the raw data. First, we address po-
tential typos in the invoices by removing transactions that exceed 100 billion pesos (ap-
proximately 125 million USD) or that display non-positive prices or quantities. Second,
we discard invoices in which the tax ID of the seller matches that of the buyer. Third,
we eliminate invoices that were later cancelled or deemed invalid. Fourth, we merge the
invoices with the firm’s wage and tax statements and discard firms that do not declare
any paid workers. Finally, to be conservative in our estimates of price dispersion, we
eliminate transactions where the recorded price deviates from the average price recorded
in other transactions of the product during the month by a ratio that is above exp(1) or
below exp(-1).13 Appendix B describes these datasets and cleaning steps in detail.

2.2 Summary statistics

Our goal is to analyze price dispersion across buyers who purchase the same product
within a narrow period of time. Table 1 reports summary statistics for the sample of

10The Central Bank of Chile has a data agreement with the Chilean Internal Tax Service, which incorpo-
rates several tax forms and documents. Not all the data in the Chilean Internal Tax Service is part of this
agreement.

11The median product in our sample consists of 8 characters. Table 4 shows that the extent of price
dispersion across buyers is very similar if we only consider products with 8 or more characters.

12When units are observed, all transactions of a given product have the same units. Our baseline sample
includes products for which we do not observe units across all transactions, but our measures of price
dispersion are fairly insensitive to dropping these products.

13This last step eliminates transactions accounting for less than 1% of sales in our sample. Our results are
largely unchanged if we use a more conservative threshold of exp(0.4).
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invoices issued by manufacturing firms in June 2023.14 These statistics do not vary much
across months between June 2021 and December 2023.

The first column provides an overview of the entire manufacturing sample, consisting
of 4.6 million invoices that amount to 5.0 billion USD in sales. The second column focuses
on our baseline sample of 372,260 products that we can uniquely identify. This sample
covers 2.1 million invoices and 10.7 million transactions, representing almost half of total
manufacturing sales (2.3 USD billion). Even though the fraction of sellers using product
codes is relatively small (4,299 out of 45,256), they account for almost half the sales and
the invoices.

Products purchased by more than one buyer in a month account for 58% of sales of
our baseline sample. The average product in our sample has 10.5 buyers, with each buyer
making repeat purchases of the same product 2.8 times on average during June 2023.
When focusing on products with multiple buyers, the average number of buyers increases
to 26.4, though the median of 4 buyers suggests a right-skewed distribution.

The third column of Table 1 reports summary statistics for the sample of products with
EAN codes. These products constitute a small portion of the total sales (0.3 billion USD)
and are used by only 226 sellers. Products with EAN codes are more frequently sold to
multiple buyers and have a higher average number of buyers.

Table 2 shows industrial composition and sectoral inflation rates in our baseline sam-
ple and in the official manufacturing PPI data. The largest sector in our sample is ‘Food’,
followed by ‘Chemicals’. Importantly, the correlation between sectorial shares in our data
and in the PPI is very high (0.97). The level and cross-sectoral variation in inflation rates
are also very correlated in our data and in the PPI data.

3 Empirical findings

In this section we report our central empirical findings. We first present our baseline mea-
sures of price dispersion and analyze how dispersion varies across time, sectors, products,
and sellers. We then show that observed price gaps across buyers are not driven by trans-
portation costs, mode of payment, or by staggered price changes across buyers. Next,
we investigate how price gaps vary by characteristics of the buyer and the buyer-seller
relation. Finally, we examine how price gaps relate to transaction volumes and assess
whether price gaps in our data are consistent with fixed price/quantity menus.

14We focus on June 2023 in our baseline because it was preceded by a year of relatively low PPI inflation
in Chile. Specifically, manufacturing PPI inflation was -3.1% between June 2022 and June 2023.
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Table 1: Summary statistics

All Baseline EAN codes

Sales (USD bill.) 5.0 2.3 0.3

Invoices (mill.) 4.6 2.1 0.4
Transactions (mill.) 22.3 10.7 2.7
Sellers 45,256 4,299 226
Buyers 370,585 146,855 53,432
Products 372,260 45,680
Buyer-seller pairs 412,486 65,882
Buyer-product pairs 3,898,999 658,447

Buyers per product 10.5 14.4
Transactions per buyer-product 2.8 4.1

Products with more than one buyer:
Share of sales 0.58 0.80
Buyers per-product 26.4 25.7
Buyers for median product 4 4
Transactions per buyer-product 5.9 9.7
Transactions for median buyer-product pair 2 3

Notes: The table reports summary statistics for different samples of invoices. ’All’ refers to all non-oil manufacturing invoices in June

2023. ’Baseline’ refers to our baseline sample, which identifies unique products and also cleans the data as described in the text. ’EAN

codes’ refers to the sample of invoices where products can be identified using EAN codes.

3.1 Price dispersion across buyers

Let pibτ denote the price (after discounts and surcharges) of product i purchased by buyer
b in transaction τ.15 Denote the price gap (in logs) for transaction τ by

µibτ ≡ log (pibτ/pi) , (1)

where pi denotes some average of prices paid by buyers of product i. Our results in this
section do not depend on the value of pi unless when specified.

We start by showing that for the typical product, most of the dispersion in price gaps
within a month is across buyers rather than across transactions for the same buyer. To do

15In our data, 20% of total sales receive a discount, 2% of sales have a surcharge, and 5% of our sales
receive both a discount and a surcharge. We focus on final prices after discounts and surcharges as they
correspond to the effective transaction prices.
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Table 2: Comparison with official PPI data

Share of sales Inflation 06/22-06/23
Sample PPI Sample PPI

Food 49.3 34.3 6.1 6.4
Beverages 7.7 10.3 11.3 7.2
Textiles 0.6 0.0 6.6 NA
Wood products 4.4 5.0 -2.1 -7.6
Paper 8.5 8.7 2.0 -20.7
Printing 0.1 1.7 11.3 9.7
Chemicals 11.0 11.2 -16.3 -15.7
Pharmaceutical 2.7 3.1 7.0 7.0
Plastic, rubber 3.4 4.3 -5.2 -6.9
Non-metallic minerals 5.2 4.8 11.3 9.3
Metals 3.4 2.6 -21.6 -9.5
Metal products 1.3 7.9 -2.2 -0.3
Electric equipment 0.5 0.6 2.3 7.6
Machinery and equip 0.5 3.6 18.1 6.7
Furniture 1.1 1.9 2.3 5.1
Other 0.2 0.0 16.6 NA
Correlation 97.4 70.9

Notes: The first panel reports the share of each manufacturing 2-digit ISIC sector in total ’non-oil’ manufacturing sales. The first

column reports the shares for the baseline sample, and the second column reports the shares used by the Chilean Institute of National

Statistics for the computation of the Manufacturing Producer Price Index (PPI). The second panel reports the inflation between June

2022 and June 2023 for each 2-digit ISIC sector. The third column reports inflation in our sample, computed as a weighted average

of log-price changes with weights based on sales shares in the invoices. The fourth column reports the official PPI inflation in each

sector.

so, we regress µibτ on a full-set of product-buyer fixed effects for the sample of products
purchased by multiple buyers during June 2023. Table 3 reports the partial R2 of these
regressions relative to a reduced model that only includes product-level fixed effects (no
buyer fixed effects).16 The partial R2 ranges between 0.87 and 0.93 depending on the
weighting schemes, showing that buyer fixed effects absorb a large portion of the varia-
tion in prices across transactions within the month. Results are similar for other months.

Given that there is little variation in prices across transactions within a month for a
given product-buyer, we aggregate prices by product-buyer across transactions in each
month “t” as pibt ≡ [∑τ∈t pibτqibτ] / [∑τ∈t qibτ] , and define the price gap for the ib pair
as µibt ≡ log (pibt/pit), where pit is an average of pibt. Unless noted otherwise, we focus

16The partial R2 equals
[
1 − SSRF/SSRR], where SSRF and SSRR denote the sum of squared residuals of

the full and the reduced model, respectively. This statistic gives the proportion of the variation explained
by the full model that cannot be explained by the explanatory variables in the reduced model. Throughout
Sections 3.1 to 3.1 and 3.4 , the reduced model used for the computations of the partial R2 is a simple
regression of price gaps on product fixed effects.
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on t = June 2023 and omit subscript “t” to streamline notation. We denote the vector of
observed price gaps for different buyers of product i by µi.

Table 3: Price dispersion within and across buyers

(1) (2) (3)
Partial R2 0.87 0.89 0.93
Observations 9,843,216 9,843,216 9,843,216
Weights None Sales Quantity

Notes: The Table reports the partial R-squared of the model µibτ = FEib + ϵibτ relative to the reduced model µibτ = FEi + ϵibτ , where

FEi and FEib are a full set of product-level, and product-buyer level fixed effects. The regressions are estimated by OLS on the sample

of products that were purchased by more than one buyer in June 2023. In Column 1, each transaction receives an equal weight. In

Column 2 transactions are weighted by their sales. In Column 3, each product receives an equal weight, and transactions of the same

product are weighted according to the transaction’s share in the product’s quantity.

We calculate three measures of price dispersion for multi-buyer products: (i) the quantity-
weighted standard deviation of price gaps across buyers, σi ≡ stdev(µi), (ii) the quantity-
weighted interdecile range of price gaps across buyers (in log differences), idri ≡ P90,W(µi)−
P10,W(µi), and (iii) the quantity-weighted interquartile range, iqri ≡ P75,W(µi)−P25,W(µi).17

Under the assumption that marginal costs do not vary by buyer identity, quantity weights
correspond to cost weights. We use cost weights because the extent of misallocation aris-
ing from markup dispersion depends on cost-weighted, rather than sales-weighted, dis-
persion (see e.g. Edmond et al., 2012 or Baqaee and Farhi, 2020).

Baseline statistics on price dispersion Table 4 presents distributions of these statistics
across products, weighting each product by its sales. The first column considers the inter-
decile range of price gaps, idri. The average (median) interdecile range is 0.16 (0.12) log
points, with significant variation across products (the interdecile range for the product
in the 75 percentile is 0.24). Columns 2 and 3 display the distributions of interquartile
range, iqri, and standard deviations, σi. The average product has an interquartile range of
0.09 and a standard deviation of 0.08. All three measures show substantial dispersion in
prices for the same product across different buyers. Uniform pricing is rare in our sample;
less than 10% of total sales involve products with identical prices across all buyers. Ap-
pendix Figure A.1 shows the distribution of price gaps pooling all products together. For
this figure, price gaps are defined relative to the quantity-weighted average price of each
product. We weight the distribution by quantities within products and by sales across

17In these definitions, stdev(µi) =
√

∑b µ2
ibsib − [∑b µibsib]

2, with sib ≡ qib
∑b qib

, and Px,W(µi) denotes the
quantity-weighted xth percentile.
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products. The standard deviation of price gaps is 0.10, and the interdecile range is 0.19,
both close to our baseline measures in Table 4.

Does using our narrow definition of products—based on detailed invoice codes—make
a difference in measuring price dispersion? For a sample of products (representing 92% of
sales) we can link the CPC categories assigned by the Central Bank of Chile to the product
categories in the 8-digit Harmonized System (HS8) used by Chilean customs. The level of
disaggregation of HS8 categories is similar to that used in previous work on price disper-
sion across buyers based on international trade unit value data.18 Since CPC categories
are typically coarser than HS8 categories, most products in our sample are concorded to
multiple HS8 categories. However, we can concord a subset of these products with a
unique HS8 category and a common unit of measurement across transactions, represent-
ing 11% of sales. For this restricted sample, the median σi is 0.44 if we define products
as an HS8-selling establishment combination, while the median σi is 0.06 if we use our
baseline product definition. This underscores the importance of using detailed product
codes from invoices to measure price dispersion across buyers of the same product.

Table 4: Within-product dispersion of price gaps

Baseline Unweighted Transactions Long codes EAN

idri iqri σi σi σi σi σi

P1 0.00 0.00 0.00 0.00 0.00 0.00 0.00
P5 0.00 0.00 0.00 0.00 0.00 0.00 0.01
P10 0.00 0.00 0.01 0.01 0.01 0.00 0.02
P25 0.02 0.00 0.03 0.04 0.03 0.02 0.05
P50 0.12 0.04 0.06 0.07 0.07 0.06 0.08
P75 0.24 0.13 0.11 0.12 0.12 0.11 0.12
P90 0.38 0.23 0.16 0.18 0.17 0.18 0.19
P95 0.49 0.34 0.21 0.24 0.21 0.22 0.23
P99 0.84 0.62 0.33 0.37 0.34 0.32 0.37
Mean 0.16 0.09 0.08 0.09 0.08 0.08 0.10

Notes: idri and iqri respectively denote the (quantity weighted) interdecile range and interquartile range for product i. σi is the

quantity-weighted standard deviation of price gaps across buyers of product i. The columns under baseline report the distributions

idri , iqriand σi , where the unit of observation is a product i, and products are weighted by their sales and the prices are aggregated

at the buyer level and include all June 2023 transactions; pib = [∑τ pibτqibτ/ ∑τ qibτ ] for τ∈ June 2023. Column ‘Unweighted’ uses

unweighted standard deviations. Column ‘Transactions’ uses transaction level price gaps µibτ instead of aggregating at the buyer

level. Column ’Long Codes’ uses the sample of products with codes that are at least eight characters in length. Column ‘EAN’ uses

the sample of products that can be identified by an EAN code. The distributions only include products with multiple buyers. P1-P99

represent percentiles of the distribution.

18For example, Alviarez et al. (2025) uses HS10 categories in the US, Fontaine et al. (2020) use CN8 Cate-
gories in France, Ignatenko (2023) uses HS8 categories in Paraguay.
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Robustness In Table 4 we re-calculate dispersion of price gaps for different choices of
samples and specifications. Column ‘Unweighted’ reports the unweighted distribution
instead of the sales-weighted one. Column ‘Transactions’ is based on price gaps by trans-
action, rather than first aggregating transactions by product-buyer. Notably, these dis-
tributions closely resemble the one in our baseline specification. We obtain similar price
distributions when we calculate prices at the product-buyer level using transactions ag-
gregated over the full 2023 calendar year (rather than using transactions in June 2023);
these additional results are not reported in the paper but are available upon request.

The last two columns consider alternative definitions of unique products. Column
’Long codes’ uses the subsample of products with codes that are at least eight characters
in length, which corresponds to the median product in our baseline. In this sample, the
share of products with multiple buyers accounts for 0.52 of sales, and the cross-buyer
price dispersion is similar to that in our baseline. Column ‘EAN’ reports results for the
smaller sample of products identified by an EAN code. Recall from Table 1 that these
products have a greater number of buyers. Price dispersion in this sample is slightly
higher than in our baseline sample.

Appendix Table A.1 shows that we also obtain similar values for the interdecile and
interquartile ranges in these alternative samples.

Low price dispersion subsamples Could the wide dispersion in prices simply reflect
measurement error in our electronic-invoice data? Evidence in Sections 3.3 and 3.4 —show-
ing that price gaps persist over time, co-vary across products purchased by the same firm,
and strongly with observable buyer–seller characteristics—suggests otherwise. In this
section, we further validate the data by showing that dispersion is minimal precisely in
the samples and sectors where uniform pricing is expected a priori. Detailed results are
relegated to Appendix Table A.2.

We start by showing that different establishments owned by the same buyer firm pay
homogeneous prices when purchasing the same good.19 To do this, we repeat our anal-
ysis for the subsample of buyers that have multiple establishments. While the standard
deviation of price gaps across buyers in this sub-sample mirrors our baseline results, we
find significantly lower dispersion across establishments from the same buyer. For the
median product-buyer pair, price dispersion across establishments is zero.

Next, we report price dispersion for fuel and petroleum-derived products which are
regulated in Chile and expected to have limited scope for price discrimination across

19Recall that in our baseline, we treat all establishments of the same firm as a single buyer.
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buyers.20 For the median product sold by oil refining firms, the standard deviation of
price gaps across buyers is less than 1%. For fuel sold at gas stations and retail locations,
the median dispersion across buyers is 1.2%,21 which is much lower than the 6.4% in our
baseline sample.

Finally, we evaluate price dispersion across buyers of grocery stores. Grocery estab-
lishments typically display list prices for their products, with less scope for price dis-
crimination across buyers for the same product.22 For the median product, the standard
deviation in prices across buyers is 1.6%, which is far lower than in our baseline sample.
Most of this dispersion is over time rather than across buyers. If we focus on sales occur-
ring during the same week, price dispersion across buyers for the median product is zero.
In contrast, limiting the period to a week has almost no effect on price dispersion in our
baseline sample of manufacturing (firm-to-firm) sales.

Price dispersion and inflation We now evaluate the extent to which price dispersion
changes with the overall level of inflation, which displays large swings in our sample
period. To do so, we compute the standard deviation of price gaps across buyers, σit,
for every product i and month t between June 2021 and December 2023. Figure 1 plots
σit for the average product in each month, and compares it to the year-to-year change
in the Manufacturing PPI. The average standard deviation of price gaps across products
changes very little over this period, increasing steadily from 0.07 in 2021 to 0.08 in 2023.23

In contrast, annual PPI inflation rises from 13.8% in June 2021 to 28.5% in June 2022, and
falls to -3.1% in June 2023. Appendix Figure A.2 extends this analysis to the sectoral level,
showing that there is no systematic relation between inflation rates and average price
dispersion by 2-digit ISIC sectors over time.

Which products have more dispersed prices? We now study how the degree of price
dispersion relates to product characteristics. We start by examining variation across man-
ufacturing sectors and across the seller size distribution. Appendix Table A.3 reports the
distribution of σi for each 2-digit ISIC sector, showing that price dispersion is pervasive
across all sectors. The sectors with the most dispersed prices across buyers are ‘Paper’,

20The prices of gasoline, liquified gas, and diesel sold by oil refining companies in Chile are regulated
under Law Nº 20.765, known as the Fuel Price Stabilization Mechanism.

21As in the rest of the paper, this number corresponds to purchases by firms, and does not include house-
holds.

22Retailers price can price discriminate, for example, by offering products of different package sizes, as
documented in e.g. Bornstein and Peter (2025).

23We obtain similar results if we use median rather than average σi.
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Figure 1: Price dispersion and inflation
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Notes: The blue line (left) plots the standard deviation of price gaps, σi , for the average product in each month between June 2021 and

December 2023. The red line (right) plots the year-to-year change in the producer price index over the same period.

and ‘Chemicals’ (average σi of 0.10), while the sectors with least dispersed prices are ‘Met-
als’ and ‘Wood products’ (average σi of 0.05).

To examine the relation between price dispersion and size, we fit regressions of the
form

σi = β′Xs(i) + FEmunicipality(s) + FEsector(s) + ϵi. (2)

The unit of observation is a product and the dependent variable is the standard devia-
tion of price gaps across buyers of the product. The regressor Xs(i) considers different
measures of the size of the seller of the product, while FEmunicipality(s) and FEsector(s) are
fixed effects for seller’s municipality and the seller’s 3-digit ISIC sector.24 All regressions
consider the sample of products that are purchased by more than one buyer.

The specification in Column 1 of Table 5 includes only the seller’s municipality and
sector, yielding an R2 of 0.08. Column 2 shows a positive relation between seller size
(measured using employment) and price dispersion across buyers. Column 3 uses prod-
uct sales as a measure of size, while Column 4 uses number of buyers. Finally, Column
5 introduces all these variables simultaneously. While the estimated elasticities are all
statistically significantly positive, the R2 in column 5 is near 0.13. Hence, these product
characteristics do not account for a large fraction of the variation in dispersion across
products in our sample.

24A municipality is the smallest administrative subdivision in Chile. There are 345 municipalities in
Chile, 32 of which are in Santiago. Our data covers 51 3-digit ISIC manufacturing sectors.
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Table 5: Price dispersion and product type

(1) (2) (3) (4) (5)

log emps(i) 0.0078*** 0.0053***
(0.0008) (0.0008)

log saless(i) 0.0052*** 0.0016***
(0.0004) (0.0006)

log #buyerss(i) 0.0147*** 0.0113***
(0.0014) (0.0016)

Seller’s sector FE Y Y Y Y Y
Seller’s mun. FE Y Y Y Y Y
R2 0.0806 0.1013 0.1042 0.1199 0.1320
Observations 138,200 138,200 138,200 138,200 138,200

Notes: The table reports the results of estimating equation (2) by OLS. emps(i) refers to the number of employees working for the

seller of product i. saless(i) and #buyerss(i) respectively denote the value of sales and the number of buyers of product i in June 2023.

Seller’s sector FE are fixed effects for 51 3-digit ISIC manufacturing sectors covered in our data, and Seller’s municipality FE are fixed

effects for the 345 municipalities in Chile. Standard errors in parentheses are clustered at the seller level. * significant at the 10% level,

**: significant at the 5% level, *** significant at the 1% level.

3.2 Price gaps and differences in costs of supplying different buyers

Variation in distance between buyers and sellers and in the mode of payment by the buyer
(cash or credit) can induce differences in the cost of supplying different buyers, resulting
in price dispersion across buyers. In this section we show that these two observable char-
acteristics play a small role in accounting for the observed price gaps in our data.

Shipping costs We start by regressing price gaps on distance:

µib = αI (log distib = 0) + β log distib + FEmunicipality(b) + FEi + ϵib. (3)

Here, distib is the kilometer distance between the establishment that sells product i and
the buyer,25 I (·) is an indicator for whether the selling establishment and buyer are in the
same municipality, FEmunicipality(b) is a fixed effect for the municipality of the buyer, and
FEi is a product fixed effect.

Column 1 in Table 6 shows that the coefficient on the indicator variable is negative:

25We compute the distance between the selling establishment and each buyer as kilometers between
the capital cities of their respective municipalities. For buyer-seller pairs from the same municipality, we
assign a distance of 1. The distance between the two closest municipalities is 1.3 kilometers. For buyers that
purchase the same product from multiple establishments (i.e. unique tax ID’s appearing on the invoices
purchasing a given product from different municipalities), we use the distance to the average establishment
(weighted by purchases of the product). Such product-buyer pairs only comprise 10% of purchases in our
sample.
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price gaps are on average 0.0078 lower when the seller and the buyer are in the same
municipality. The coefficient on distance in Column 2 is positive, indicating that the price
is increasing in the distance between seller and buyer.26

While the coefficients on distance are statistically significant, their economic impact is
minimal. We illustrate this in several ways. For the average product, the log difference in
distance between the nearest and the farthest buyer is 1.3, which, based on the estimates
in Column 2, corresponds to only a 0.003 log difference in prices. The largest log distance
between two establishments in our sample is 8.4 (4,624 km), which implies a 0.019 higher
price relative to a buyer that is just 1 km away from the seller. These price gaps induced
by distance are small relative to the overall price gaps reported in Table 4 (recall that
for the average product, the interdecile range across buyers is 0.16). Moreover, if we
exclude from prices additional surcharges listed in the invoices, the correlation between
prices and distance becomes statistically insignificant. This suggests that shipping fees
are reflected in the surcharges reported in the invoices, though the surcharges do not
account for much of the variation in price gaps in our data.27

Finally, the partial R2 for distance in regression (3), displayed in columns 1 and 2 of
Table 6 is roughly 0.031. In a more flexible specification that includes quadratic terms and
allows for 3-digit ISIC sector-specific distance effects the partial R2 rises to 0.040, indi-
cating that distance does not account for much of the observed dispersion in price gaps
across buyers. Price dispersion using prices residualized by distance based on the flexible
specification, reported in Column 2 in Table 7, is very similar to that in our baseline.

In sum, shipping costs are not a significant driver of price dispersion across buyers in
our data.28

Payment terms To examine the extent to which price gaps reflect differences in payment
terms, we leverage information on whether the invoice is paid in cash or credit. This
information is available for 64% of transactions, which account for 69% of sales. Among
the transactions for which data on payment terms are available, 70% (93% of the sales)
are paid in credit.

26Relatedly, Arkolakis et al. (2026) document that transaction volumes decline with the distance between
seller and buyer using firm-to-firm sales data from Chile.

27As noted in Section 3.1, our baseline results use prices inclusive of surcharges as these are the effective
prices that buyers face. Our other empirical results in Section 3.1 and quantitative results in Section 4 are
unchanged if we focus on prices exclusive of surcharges.

28The standard deviation of prices is also very similar in a sample of invoices in which both the seller and
the buyer are located within the city of Santiago.
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Table 6: Price gaps and differences in costs of supplying different buyers

(1) (2) (3)

I (log distib = 0) -0.0078*** 0.0002
(0.0013) (0.0015)

log distib 0.0023***
(0.0003)

I (creditib) -0.0171***
(0.0009)

Product FE Y Y Y
Buyer mun. FE Y Y N
Partial R2 0.0311 0.0315 0.0033
Observations 3,629,453 3,629,453 2,354,771

Notes: Columns 1 and 2 report the results of estimating equation (3) by OLS, and standard errors in parentheses are clustered at the

buyer-seller level. Column 3 reports the results of estimating equation (4) by OLS, and standard errors in parentheses are clustered at

the buyer-seller level. All columns include product-level fixed effects: * significant at the 10% level, **: significant at the 5% level, ***

significant at the 1% level.

We consider a regression of price gaps on mode of payment:29

µib = αI (creditib) + FEi + ϵib, (4)

where I (creditib) is a dummy indicating that buyer b of product i paid in credit. Column
3 of Table 6 shows that the coefficient on the indicator variable is negative: price gaps
are on average 0.017 lower when the buyer pays in credit. While this may seem counter-
intuitive, it is partly accounted for by the fact that credit is used for bigger transactions
and bigger transactions display lower price gaps (we examine this relation in Section 3.4).
More importantly, the magnitude of the coefficient is small relative to the observed varia-
tion in prices, indicating that the payment terms do not account for much of the observed
price gaps. In a more flexible specification that allows for sector-specific effects of pay-
ment method, the partial R2 is only 0.011.30 Finally, Column 3 in Table 7 shows that the
dispersion in prices across buyers barely changes when prices are residualized by pay-
ment method using this flexible specification.

29We focus on the product-buyer pairs that always exhibit only one payment-term during the month.
Buyers that use both cash and credit when purchasing the same product account for only 0.8% of sales.

30The full model in this specification is µib = ∑s αsIs (creditib) + FEi + ϵib, where s is the sector of product
i for the sectors used in Table 2.
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Table 7: Residualized price dispersion

Baseline
Residualized

distance
Residualized

payment

P1 0.00 0.00 0.00
P5 0.00 0.01 0.00
P10 0.01 0.01 0.01
P25 0.03 0.03 0.02
P50 0.06 0.06 0.06
P75 0.11 0.11 0.11
P90 0.16 0.16 0.17
P95 0.21 0.20 0.21
P99 0.33 0.33 0.33
Mean 0.08 0.08 0.08

Notes: The table reports the distribution of the standard deviation of prices across buyers of the same product for different samples.

The unit of observation in these distributions is a product i. Column ‘Baseline’ uses our baseline sample as in Table 4. Column

‘Residualized distance’ reports the dispersion in the residuals from a regression like (3) that includes quadratic terms and allows for

sector-specific distance effects. Column ‘Residualized payment’ reports the dispersion in the residuals from the regression in residuals

from the regression like (4) that includes sector-specific dummies for whether the buyer pays in credit. The distributions only include

products with multiple buyers. P1-P99 represent percentiles of the distribution.

3.3 Correlation of price gaps over time

We now evaluate whether price gaps are persistent over time. To do so, we regress the
price gap for buyer b, product i and month t = June 2023 on the price gap for the same
buyer and product in month t − k, controlling for product fixed effects:

µibt = βkµibt−k + FEi + ϵibt. (5)

We estimate (5) for lags ranging from k = 1 to 12 months. The coefficient βk measures
the sensitivity of the price gap for a buyer-product in period t to the price gap k months
before. The left panel of Figure 2 shows that price gaps are very persistent: βk is above
0.8 for k = 1 and 0.6 for k = 12. The right panel shows that the partial R2 is 0.72 for k = 1
and 0.43 for k = 12. Hence, past levels of price gaps account for most of the variation in
current price gaps.31

We obtain very similar results in a specification where µibt and µibt−k are calculated

31We also consider an alternative approach to quantify the persistence of price gaps. Specifically, we
collapse the data at the monthly level in 2023 and project price gaps on product-buyer fixed effects and
product-month fixed effects:

µibt = FEib + FEit + ϵibt.
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over the subset of product-buyer pairs that exhibit non-zero price changes between t and
t − k, reported in Figure A.3 of the Appendix. This suggests that the persistence in price
gaps is not driven mechanically by nominal price stickiness inherent in long term con-
tracts.

Figure 2: Persistence in price gaps
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Notes: The left panel plots the coefficients βk from equation (5) estimated by OLS, for k = 1, ..., 12. The regression includes product

fixed effects. The red lines represent 95% confidence intervals. The right panel plots the corresponding partial R-squared of the

regressions. The corresponding regressions results are reported in Appendix Table A.4.

3.4 What drives variation in price gaps?

This section examines how price gaps relate to observable characteristics of buyers and
buyer–seller relationships. We first document that price gaps are highly correlated across
the different products purchased by a given buyer and relate these gaps to buyer char-
acteristics such as size. We then show that roughly half of the variance in price gaps is
captured by buyer–seller pair fixed effects and investigate how these pair-specific gaps
vary with observable relationship characteristics. Finally, we show that buyers who pur-
chase larger quantities of a given product pay lower prices, although quantity accounts
for only a small share of the overall variation in price gaps.

Price gaps and buyer size Do buyers face correlated price gaps across the various prod-
ucts they purchase? To answer this question, we first regress price gaps (µib) on product

The partial R2 corresponding to the buyer-product fixed effects, FEib, is as high as 0.8. This indicates that
most of the variation in prices gap is across buyers rather than across months for a buyer-product. We
obtain similar results for 2022.
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fixed effects and buyer fixed effects for the sample of products with multiple buyers. Col-
umn 1 of Table 8 reports a partial R2 of 0.23, indicating that nearly one-quarter of the
dispersion in price gaps is explained by buyer identity.

Given the importance of buyer identity, we next investigate which observable char-
acteristics account for these differences. Specifically, we relate price gaps to buyer size,
location, and industry by estimating:

µib =βlog sizeb + FEmunicipality(b) + FEsector(b) + FEi + ϵib, (6)

where FEmunicipality(b) and FEsector(b) are fixed effects for the buyer’s municipality and 3-
digit ISIC sector.32

Column 2 of Table 8 includes fixed effects for the buyer’s sector and municipality, in
addition to product fixed effects, but excludes buyer size. The partial R2 of these geo-
graphic and sectoral controls is 0.040 — about one fifth of the partial R2 of the buyer fixed
effects. Thus, while location and industry matter for prices, they explain a small fraction
of the idiosyncratic buyer-level variation.

Columns 3 and 4 introduce two measures of buyer size: total sales and purchases of
intermediate inputs (we obtain similar results when using employment as the size mea-
sure). Larger buyers pay statistically significantly lower prices, but the implied price
gaps are modest. For the average product, moving from the 10th to the 90th percentile
of the buyer-size distribution reduces prices by only about 1% (see Appendix Table A.6,
Columns 2 and 3). Moreover, the partial R-squares in Columns 3 and 4 of Table 8 are only
marginally higher than in Column 2, which includes only sector and municipality fixed
effects. Overall, buyer identity (i.e., the buyer fixed effect) explains a sizable share of the
variation in price gaps, but observable characteristics —buyer size, sector, and munici-
pality— explain relatively little.

Price gaps and buyer-seller relations Are price gaps correlated across products within
buyer-seller pairs, and which characteristics of these relationships account for these gaps?
Column 5 of Table 8 reports estimates from a regression of µib on product fixed effects
and buyer-seller fixed effects, using only buyer-seller pairs that transacted in at least two
products. The partial R2 of this specification is 0.43 — about twice as large as the partial
R2 associated with buyer fixed effects in Column 1. This indicates that price gaps within
buyer-seller pairs are highly correlated across products: sellers charge consistently high
or low prices across the entire bundle of goods they sell to a given buyer.

32There are buyers in 158 different 3-digit ISIC sectors.
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Table 8: Price gaps, buyer size, and characteristics of the buyer-seller relation

(1) (2) (3) (4) (5) (6) (7)

log salesb -0.0019***
(0.0006)

log purchb -0.0021***
(0.0006)

0 < relations(i)b < 1 yr -0.0131***
(0.0011)

relations(i)b ≥ 1 yr -0.0176***
(0.0010)

log saless(i)b -0.0056***
(0.0003)

Product FE Y Y Y Y Y Y Y
Buyer FE Y N N N N N N
Buyer X Seller FE N N N N Y N N
Buyer’s mun. FE N Y Y Y N Y Y
Buyer’s sector. FE N Y Y Y N Y Y
Partial R2 0.225 0.040 0.041 0.041 0.428 0.041 0.047
Observations 3,614,649 3,614,649 3,614,649 3,614,649 3,549,623 3,549,623 3,549,623

Notes: Column 1 reports the results of a regression of log price on product and buyer fixed effects. Columns 2-4 report the results of

estimating equation (6) by OLS. salesb and purchb respectively denote the sales and intermediate input purchases of buyer b. Column

5 reports the results of a regression of log price on product and buyer X seller fixed effects. Columns 6-7 report the results of estimating

equation (7) by OLS. “0 < relations(i)b < 1 yr” and “relations(i)b ≥ 1 yr” respectively denote indicator variables for whether the first

recorded transaction in the data for the corresponding buyer-seller pair occurred over June 2022-May 2023 (i.e. repeated relations as

of June 2023, which started over the previous 12 months), and before June 2022. saless(i)b are the total sales of the seller of product i

to buyer b. Buyer’s sector FE are fixed effects for 158 3-digit ISIC sectors covered in our data. Columns 1-4 exclude buyers that only

purchase one product, and Columns 5-7 exclude buyer-seller pairs that only transact one product. Standard errors in parentheses are

clustered at the buyer level * significant at the 10% level, **: significant at the 5% level, *** significant at the 1% level.

To relate price gaps to observable characteristics of buyer-seller pairs, we estimate
regressions of the form

µib =β′Xs(i)b + FEsector(b) + FEmunicipality(b) + FEi + ϵib, (7)

where Xs(i)b contains observable characteristics of the relationship between buyer b and
the seller of product i.

We first examine how price gaps vary with the length of the relationship between the
seller and the buyer. We measure relationship length as the number of months since their
first transaction (starting in June 2021), and construct dummies indicating whether the
relationship is new (no previous transactions), started within the past year, or is more than
a year old. Column 6 of Table 8 reports a regression of price gaps on these dummies, with
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new relationships as the omitted category. For relationships less than a year old (more
than a year old), price gaps are 0.013 (0.018) log points lower than for new relationships.33

Column 7 examines the relation between price gaps and the total volume of sales
from the seller of product i to buyer b. Price gaps are lower for buyer-seller pairs with
higher sales volumes. However, for the average product, moving from the 10th to the 90th
percentile of the buyer-seller sales distribution reduces prices by only 1% (see Appendix
Table A.6, Column 5). Consistent with this, the partial R2 reported in Columns 6 and 7
are very similar to that reported in Column 2, which only includes buyer’s sector and
buyer’s municipality fixed effects.

Finally, Appendix Table A.5 examines whether other observable buyer–seller charac-
teristics help explain price gaps. Buyers that purchase more regularly from a given seller
pay slightly lower prices, but this relationship disappears once we control for the size of
the buyer–seller relationship. Interestingly, firms that both buy from and sell to each other
pay prices that are, on average, 1.4% higher. Prices are also slightly lower for buyers that
source a broader range of products from the same seller, although the elasticity is quan-
titatively small (see Appendix Table A.5). Taken together, these observable buyer–seller
characteristics explain little of the variation in price gaps absorbed by buyer–seller fixed
effects.

Price gaps and transaction volumes Are price gaps related to the quantity purchased?
We pool monthly data from June 2021 to December 2023 and estimate regressions of the
form:

µibt = β log qibt + FEit + ϵibt, (8)

where qibt is the quantity of product i purchased by buyer b in month t, and FEit is a
product-month fixed effect.

Column 1 of Table 9 shows that buyers purchasing larger quantities of a product face
lower price gaps, with an estimated elasticity of -0.015. This implies a 4% lower price
when moving from the 10th to the 90th quantity decile for the average product (see Col-
umn 6 in Appendix Table A.6). Moreover, the partial R2 associated with quantity is very
low (0.029 in Column 1 of Table 9).

33The dispersion in price gaps across buyers, as reported in Table 4, is also similar when computed sepa-
rately for old and new relationships. For each product, we calculate σi separately for buyers with relation-
ship lengths above and below the median for that product, and the resulting distributions of σi are very
similar across the two groups. This suggests that the ability of sellers to price discriminate across buyers
does not increase systematically with the age of the relationship.
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Columns 2 and 3 of Table 9 add buyer-seller-month and buyer-product fixed effects to
examine the relationship between price gaps and quantities across products within buyer-
seller pairs, and over time within buyer-product pairs. Larger quantities are still associ-
ated with lower prices along both dimensions, but the estimated coefficient on log qibt

falls to -0.011 with buyer-seller-month fixed effects, and to -0.006 with buyer-product
fixed effects. That is, a given buyer receives only modest discounts when purchasing
larger quantities. The partial R2 in these specifications is even lower than in Column 1.

In more flexible specifications that include quadratic terms in log qibt and allow for
sector-specific quantity coefficients, the partial R2 associated with quantity remains below
0.04. Thus, although we do find a statistically significant relation between price gaps and
quantities, these quantity effects explain only a small share of the residual variation in
price gaps in our data.

Table 9: Price gaps and quantities

(1) (2) (3)

log quantityibt -0.0148*** -0.0111*** -0.0060***
(0.0003) (0.0001) (0.0001)

Product X time FE Y Y Y
Buyer X seller X time FE N Y N
Buyer X product FE N N Y
Partial R-squared 0.0290 0.0127 0.0044
Observations 97,237,538 97,237,538 97,237,538

Notes: The Table reports the results of estimating equation (8) by OLS. All columns include product-time fixed effects. For the partial

R-squared, the reduced model includes all the fixed effects indicated in the corresponding column. Standard errors in parentheses are

clustered at the buyer-seller level. We maintain a balanced sample through the three columns by excluding buyer-seller-time triplets

where only one product is transacted, and buyer-product pairs that are only observed in one period.* significant at the 10% level, **:

significant at the 5% level, *** significant at the 1% level.

Non-linear and sector-specific effects Finally, we estimate a comprehensive specifi-
cation that jointly incorporates all observable characteristics —buyer size, relationship
length and sales, and buyer-product quantities— while allowing for sector-specific linear
and quadratic terms. This flexible model, which includes a total of 560 coefficients (ex-
cluding product fixed effects), delivers an interdecile range of fitted price gaps of 8% for
the average product (see Appendix Table A.6, Column 7). This exceeds the 4% range that
we obtain if we fit price gaps using quantities only, indicating that these characteristics
are jointly economically meaningful. Nevertheless, the partial R2 for this specification
remains low at 10%, reinforcing the conclusion that observable factors account for only a
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limited share of the overall price dispersion.

3.5 Price-quantity menus

In Section 4 we quantify how markup dispersion affects the allocation of inputs across
firms. For that analysis, we assume that buyers can purchase any desired quantity of
an input at the transacted price; that is, the marginal price is constant over the relevant
range. An alternative assumption is that sellers offer nonlinear price-quantity menus to
buyers. In this case, prices are not directly allocative other than by making some menus
more attractive than others, and observed price gaps need not be informative about mis-
allocation.

Under the strictest form of such menus, there is a one-to-one mapping between quan-
tities and prices. A simple testable implication is that variation in quantities should fully
account for variation in prices. The low partial R2 associated with quantities in the re-
gressions discussed above already suggests that this is not the case. However, changes
in prices and quantities may also reflect other shocks that lead producers to adjust the
menus they offer.

To test more directly for this form of price-quantity menu, we examine whether across
transactions for a given product-buyer pair, a given price is associated with a constant
quantity. Specifically, for each product-buyer pair we compute the standard deviation of
log prices and log quantities across transactions over a given time window. Column 1
of Table 10 considers transactions in June 2023 and reports the dispersion of quantities
for product-buyer pairs whose standard deviation of prices is below 1%. If one-to-one
quantity-price menus were the norm, we would expect little dispersion in quantities for
pairs that consistently pay the same price. Instead, we observe substantial variation in
quantities even among these pairs.

Columns 2 and 3 of Table 10 report log changes in quantities for each product-buyer
pair between May and June 2023, and between March and June 2023, restricting attention
to pairs whose price change by less than 1% over each of these periods. Once again, we
find large changes in quantities for product-buyer pairs with almost no price movement.34

The evidence above suggests that one-to-one price-quantity schedules are not preva-
lent in our data. This does not rule out the possibility of tiered schedules with flat unit-
price regions. We show, however, that there is wide dispersion in prices across buyers
purchasing identical quantities, which is difficult to reconcile with price-quantity menus
that assign prices primarily as a function of quantity. Column 4 reports the cross-buyer

34We obtain similar results for the December 2022-June 2023 period.
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standard deviation of prices for the subset of product-buyer pairs in which the quantity
transacted in June 2023 is exactly one unit. This subsample accounts for 3 percent of our
baseline sales. Despite the absence of any quantity variation across buyers, price disper-
sion in this restricted sample is similar to that in our baseline sample; see Table 4. Taken
together, these results suggest that fixed price-quantity menus between buyers and sellers
are not a central driver of price dispersion in our data. This evidence supports our focus
on price discrimination across buyers, rather than on menu-driven nonlinear pricing, as
the main source of observed price gaps.

Table 10: Quantity-price menus

stdevib(logqibτ) |log qibt − log qibt−1| |log qibt − log qibt−3| stdevi(logpib|qib = 1)

p1 0.00 0.00 0.00 0.00
p5 0.00 0.01 0.01 0.00
p10 0.01 0.04 0.04 0.00
p25 0.20 0.12 0.16 0.01
p50 0.44 0.30 0.40 0.05
p75 0.63 0.69 0.78 0.09
p90 0.85 1.25 1.43 0.20
p95 1.01 1.79 1.99 0.34
p99 1.54 3.24 3.40 0.57
Mean 0.45 0.52 0.62 0.08

Notes: The first column reports the distribution of the standard deviation of quantities across transaction for a given product-buyer

pair, in which the standard deviation of prices is less than 0.01. The distribution excludes product-buyer pairs that record only one

transaction. The second and third columns respectively report the distribution of the log-change in quantities for each product-buyer

pair between May and June 2023 and between March and June 2023 for pairs that experienced a price change of less than 1% during

these periods. The unit of observation in these distributions is a product-buyer pair ib. The distributions are sales weighted. The last

column reports the standard deviation of prices across buyers for the subset of product-buyer pairs where the quantity transacted in

June 2023 is exactly one unit. The unit of observation in this distribution is a product i.

3.6 Taking stock

The results in Section 3 establish a set of novel facts of how intermediate input prices vary
across buyers, which are summarized as follows.

Price dispersion across buyers of the same product is large and pervasive. For the
typical product sold to multiple buyers, the within-month interdecile range of prices is
0.16 log points. Price dispersion appears across all manufacturing sectors in our sample,
and is unlikely to be an artifact of measurement error: it is nearly absent in settings where
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uniform pricing is expected — regulated fuel products, grocery stores, and transactions
among establishments within the same parent firm — and remains stable across months
with very different rates of aggregate inflation.

The dominant source of this dispersion is match-specific. Price gaps are strongly cor-
related across all products traded within the same buyer-seller pair, indicating that the
commercial relationship between two firms is characterized by systematically high or
low prices. This buyer-seller-level component absorbs 43 percent of the variation in price
gaps, more than twice the share explained by buyer identity alone. Observable charac-
teristics of buyers, sellers, and transactions — including size, sector, location, relationship
length, transaction volume, and quantity — are statistically significant predictors of prices
but collectively explain only a small fraction of this variation.

Two additional findings help distinguish markup variation from cost-based explana-
tions. First, geographic distance between buyer and seller explain little of the price vari-
ation once invoice surcharges — which directly capture shipping fees — are excluded.
Second, buyers who pay on credit face lower prices rather than higher ones, ruling out a
simple cash-discount explanation. Together, these results suggest that price gaps across
buyers reflect differences in markups rather than differences in the cost of supplying dif-
ferent buyers.

Finally, the evidence in Section 3.5 suggests that prices observed are allocative: buyers
can purchase different quantities at a given transacted price, rather than facing nonlinear
price-quantity menus. Quantity variation is large even among buyer-product pairs with
stable prices, and price dispersion is similar among buyers purchasing identical quanti-
ties. Together with the evidence that price gaps primarily reflect markup rather than cost
differences, this motivates our quantitative framework, in which buyer-specific markups
enter as wedges calibrated to match observed price differences across buyers. We do not
model the endogenous determination of these markups. Any such model would have to
confront the observation that buyer-seller characteristics, including size and transacted
quantity, explain only a small fraction of measured price gaps. We turn to this framework
in the next section.

4 Model

In this section we describe the model that we use to quantify the aggregate productivity
losses resulting from markup dispersion.
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4.1 Setup

We consider a closed economy with J sectors indexed by j, each populated by a discrete
number of firms. Firms produce differentiated products, indexed by i, using a bundle of
intermediate inputs and services from a factor that is in fixed aggregate supply. Firms
sell their products to other firms and to final consumers. Markups are exogenous and can
differ across products and buyers.

Technologies of final goods: Final consumption C of the representative household ag-
gregates output of different sectors according to

C =

[
∑
j∈J

[
γ̄j
] 1

η
[
Cj
] η−1

η

] η
η−1

.

Sectoral consumption Cj aggregates output of products in sector j according to

Cj =

 ∑
i∈Nj

γ̄
1
ρ

i c
ρ−1

ρ

i


ρ

ρ−1

,

where ci denotes quantity of product i in final output and Nj is the set of sector j products.

Technologies of intermediate products: The production function for producer i is:

yi = zi

[
[1 − ᾱi]

1
σ l

σ−1
σ

i + ᾱ
1
σ
i m

σ−1
σ

i

] σ
σ−1

.

Here li denotes the use of factor services by producer i, zi is a productivity shifter, and mi

is a bundle of intermediate inputs:

mi =

[
∑
j∈J

[
ω̄

j
i

] 1
η
[
mj

i

] η−1
η

] η
η−1

,

where the sectoral j bundle of intermediate inputs used by producer i is

mj
i =

 ∑
i′∈Nj

ω̄
1
ρ

i′ix
ρ−1

ρ

i′i


ρ

ρ−1

,
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and xi′i denotes the quantity of product i′ used in the production of i.

Prices and wedges: Firms minimize costs and set prices as a markup over marginal cost,
producing the quantity that is demanded at that price. Let pii′ and pic respectively denote
the price of product i when sold to i′ and when sold to final consumers. These prices are
given by:

pii′ = µii′mci; pic = µicmci, (9)

where µii and µic are exogenous markups and mci is the marginal cost of production of
product i. Let the factor price be the numeraire.

Market clearing: Goods market clearing implies:

yi = ci + ∑
i′

xii′ ∀i, (10)

and factor market clearing implies:

∑
i

li = L̄. (11)

Equilibrium: Given technologies and wedges {µii, µic}, an equilibrium is a set of goods
prices {pii′ , pic}, intermediate input quantities {xii′}, factor quantities {li}, outputs {yi},
and final output quantities {ci}, such that (i) firms minimize costs and set prices to pii′ =

µii′mci and pic = µicmci; (ii) final producers minimize costs; and (iii) all markets clear.
Appendix C characterizes the equilibrium.

4.2 Solving for changes in allocations

We first provide a system of equations to evaluate how equilibrium prices and quantities
change in response to exogenous changes in markups. Denote the ratio of a variable in
the new relative to the initial equilibrium by X̂ ≡ X′

X . Changes in product level prices can
be expressed as:

p̂ii′ = µ̂ii′m̂ci; p̂ic = µ̂icm̂ci, (12)
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with

m̂ci =
[
1 − αi + αiq̂1−σ

i

] 1
1−σ . (13)

Here, αi ≡ qimi
li+qimi

is the cost share of materials for product i in the initial equilibrium, and
q̂i is the change in the price of the input bundle used in the production of i:

q̂i =

[
∑

j
ω

j
i

[
q̂j

i

]1−η
] 1

1−η

, where q̂j
i =

[
1

ω
j
i
∑
i′∈j

ωi′i p̂
1−ρ
i′i

] 1
1−ρ

, (14)

with ωi′i ≡
pi′ixi′i
qimi

and ω
j
i ≡ ∑i′∈j ωi′i. Changes in final good prices are given by:

P̂ =

[
∑

j
sjc

[
P̂j
]1−η

] 1
1−η

, where P̂j =

[
1

sjc ∑
i∈j

sc
i p̂1−ρ

ic

] 1
1−ρ

, (15)

with sc
i ≡

picci
∑i picci

and sjc ≡ ∑i∈j sc
i . Finally, goods market clearing implies:

ŷi =
ci

yi
p̂−ρ

ic

[
P̂j
]ρ−η

P̂ηĈ +

[
1 − ci

yi

]
∑
i′

sii′ p̂
−ρ
ii′

[
q̂j

i′

]ρ−η
q̂η−σ

i′ m̂cσ
i′ ŷi′ , ∀i (16)

where sii′ ≡ xii′/ ∑i′ xii′ . Factor market clearing implies

1 = ∑
i

sl
im̂cσ

i ŷi. (17)

with sl
i ≡ li/L.

The system of equations listed above can be used to solve for changes in aggregate
consumption Ĉ in response to changes in markups. In our counterfactuals, in which
factor quantities are fixed, changes in aggregate consumption coincide with change in
aggregate productivity. We describe how we assign values to the parameters in Section 5.

Decomposing the effects of eliminating markup dispersion In our counterfactuals, we
change buyer-product specific markups for a subset of products from their observed level
µii′ to some uniform level µ̄. Changes in markups are µ̂

bp
ii′ ≡ µ̄/µii′ and the resulting

change in aggregate productivity is Ĉbp. To isolate the role of markup dispersion across
buyers, we first eliminate dispersion in markups across buyers, while keeping the average
markup of each product unchanged. Changes in markups in this first step are µ̂b

ii′ ≡
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µ̄i/µii′ , where µ̄i ≡ ∑i′ µii′sii′ is the quantity-weighted average markup of product i across
buyers in the initial equilibrium, and the resulting change in aggregate productivity is Ĉb.
Second, we eliminate dispersion in markups across products, abstracting from markup
variation across buyers of the same product (which is the standard assumption in the
literature). Changes in markups in this second step are µ̂

p
i ≡ µ̄/µ̄i, and the resulting

change in aggregate consumption is Ĉp. The overall change in aggregate productivity,
Ĉbp, can be expressed as the product of two terms:

Ĉbp = Ĉb × Ĉp. (18)

The first component captures the impact of eliminating markup dispersion across buyers,
and the second component captures the impact of eliminating markups across products.
We quantify the contribution of the first component in the overall productivity change.
Before turning to the quantification, we illustrate using a simplified version of our model
how reducing dispersion of markups across buyers can increase aggregate productivity.

4.3 Analytic results under simplified network

Consider a simplified network with two sectors labeled u (upstream) and d (downstream).
Goods in sector u are produced using factor services and are sold to the d sector. That is,
αi = 0 and ci/yi = 0 for i ∈ Nu. Conversely, goods in sector d are produced using
intermediate inputs and sold to final consumers: αi = 1 and ci/yi = 1 for d ∈ Nd.

To eliminate markup dispersion while keeping the average markup unchanged for
intermediate goods i ∈ Nu, we set µ̂b

ii′ = µ̄i/µii′ . For downstream goods i ∈ Nd, we
leave markups unchanged, µ̂ic = 1. In Appendix C we show that the change in aggregate
productivity is

Ĉb =

[
∑

i∈Nu

sx
i

µ̄u

µ̄i
∑

i′∈Nd

[
µ̂b

ii′

]−ρ
sii′

]−1 [
∑

i∈Nu

sx
i ∑

i′∈Nd

µ̄i′

µ̄d

[
µ̂b

ii′

]−ρ
sii′

] ρ
ρ−1

, (19)

where µ̄u and µ̄d are the average markups in sectors u and d, and sx
i ≡ ∑i′ pii′ xii′

∑i∈Nu ∑i′ pii′ xii′
is the

share of input i in total input sales. If across downstream firms, markups on final sales are
uncorrelated with markups on their purchases (µ̄i′ uncorrelated with µ̂b

ii′ across i′ ∈ Nd),
and across upstream, firms average markups are uncorrelated with markup dispersion
over different buyers (µ̄i uncorrelated with ∑i′∈Nd

[
µ̂b

ii′
]−ρ sii′ across i ∈ Nu), equation (19)
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simplifies to

Ĉb =

[
∑

i∈Nu

sx
i ξi

] 1
ρ−1

, where ξi ≡
∑i′ sii′µ

ρ
ii′

[∑i′ sii′µii′ ]
ρ ≥ 1 if ρ > 1. (20)

In this case, aggregate productivity rises if markups are initially dispersed across buy-
ers and ρ > 1. The rise in C is increasing in the initial markup dispersion and in the
magnitude of the elasticity ρ.

Without imposing these strong assumptions, equation (19) shows that Ĉb depends
also on the covariance between changes in wedges µ̂b

ii′ and product-level markups µ̄i′ .
Aggregate productivity may decline if, for example, downstream firms that charge high
markups pay low markups on their inputs (µ̄i′ positively correlated with µ̂b

ii′ across i′ ∈
Nd). In this case, eliminating intermediate input price dispersion raises input prices and
shifts production away from these high-markup downstream firms. In our quantitative
exercise, we target µ̄i′ and µ̂b

ii′ , which in turn fixes these covariances.

5 Quantitative results

In this section we describe how we map the model to the Chilean electronic invoice data
used above and to income statement forms collected by the Chilean tax authority (Form 22
or IDF). These forms provide firm-level data on input expenditures, total costs, revenues,
and value added. Appendix B describes these additional datasets. We then quantify
the change in aggregate productivity from equating markups across buyers, and across
buyers and products.

5.1 Mapping the model to data

Sample of products In our quantification, the network of firms includes the sellers of
the products that can be identified uniquely as described in Section 2, as well as the buy-
ers of these products from the manufacturing, retail, and wholesale sectors. As summa-
rized in Appendix Table A.7, in June 2023 there are 237,468 products and 128,748 firms in
this network. This results in more than 30 billion possible product-buyer pairs, of which
3,249,102 have positive sales. Our counterfactual exercises thus require solving a large
non-linear system of equations. In Appendix E we describe our solution algorithm.35

35Similar to Huneeus (2020), our algorithm manages the system’s large dimensionality by exploiting
sparsity of firm-to-firm linkages. Instead of utilizing a sparse matrix of all possible product-buyer pairs, the
algorithm focuses on buyer-product combinations with positive sales.
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Obtaining counterfactual changes in markups The change in markups needed for our
counterfactuals is:

µ̂
bp
ii′ = µ̂b

ii′ × µ̂
p
i′ . (21)

To calculate the first term, µ̂b
ii′ ≡ µ̄i/µii′ , we assume that marginal costs of production are

common across buyers. Substituting µ̄i = ∑b µibsib we obtain

µ̂b
ii′ =

∑b µibsib
µii′

=
∑b µibmcisib

µii′mci
=

∑b pibsib
pii′

. (22)

We use our price data presented in Section 2 to compute µ̂b
ii′ in (22), without having to

estimate average product markups µ̄i.
Note that the data on prices pib required for implementing equation (22) are only

available for the set of manufactured products with unique codes. In our counterfactual
exercises, we only change markups for products with unique codes, keeping markups
for products without codes constant. We also keep markups for all final sales constant,
µ̂ic = 1. Products with unique codes account for 31% of total sales (including manufac-
turing, non-manufacturing, and final sales). Firm-to-firm sales of these products account
for 12% of total sales, and the firm-to-firm sales of the subset of these products that have
multiple buyers account for 7.1% of total sales.

To calculate the second term, µ̂
p
i′ ≡ µ̄/µ̄i, we assume that product level markups µ̄i

are equal for all products sold by the same firm, and set µ̄i to match the ratio of revenues
to costs for firm that sells product i obtained from income statement forms. We set the
counterfactual uniform markup µ̄ as the harmonic average markup on intermediate sales
across product with codes, calculated as

µ̄ =

[
∑

i w/ code
µ̄−1

i
sx

i
∑i w/ code sx

i

]−1

.

Here, sx
i is the share of product i in total intermediate sales derived from the invoices be-

low, and the summations are across products with codes. This yields µ̄ = 1.074, which
is similar to the ratio of total revenues to total costs in the economy including products
without codes. Note that, since we only change markups for a subset of firms, our coun-
terfactual exercises are not designed to quantify the productivity gains of moving to the
first best (which requires setting all markups to one).

Parameterization To evaluate the system in Section 4.2, we need to assign values to the
cost share of inputs, αi, the share of each input i′ in input expenditures, ωi′i, the share of
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the fixed factors used for the production of each product, sl
i , the share of each product in

final sales, sc
i , and the fraction of the product that is sold to final consumers and to each

other intermediate product i′, ci
yi

and sii′ . We also need to assign values to the elasticities of
substitution between factors and materials σ, and to the elasticities of substitution across
products and sectors, ρ and η.

Rather than making distributional assumptions to calibrate the shares, we map each
product in the model to a product in the Chilean data. A challenge is that, while most
firms in the data sell multiple products, data on input use and on sales to final consumers
are only available at the firm level. Furthermore, the invoice data identify the buyer of
each input, but not how buyers apportion inputs across their multiple products.36 To
apportion firm-level inputs to products, we assume that each firm uses the same input
bundle and sets the same average markup across its multiple products. We also assume
the ratio of sales to final consumers to total sales is the same across all products of the
same firm. Appendix D shows that under these assumptions, we can apportion firms’
inputs across products in proportion to intermediate sales.

We treat purchases of inputs that are not in the model’s network as purchases of factor
services.37 We denote by θ f the share of input purchases of firm f that are included in the
model’s network by θ f , by f (i) the identity of the firm that produces product i, and by

κi ≡ [∑b pibxib] /
[
∑i∈ f (i) ∑b pibxib

]
the share of product i sales in total sales of firm f (i).

We set ωi′i as the ratio of purchases of product i′ relative to all input purchases by firm
f (i) from the invoices. We set sii′ as the product of the quantity share of product i that
goes to firm f (i′),

xi f (i′)
∑ f ′ xi f ′

, and the share of product i′ in f (i′) sales, sii′ =
xi f (i′)

∑ f ′ xi f ′
× κi.

We obtain the remaining shares after first calibrating the following auxiliary variables.
First, from the invoices we compute the share of each product i in total intermediate in-
put sales, sx

i , and the share of each product in total intermediate input purchases, sm
i .38

Second, we use the income statement forms to compute the ratio of value added to rev-
enues for each product i, which we denote by vi. We then obtain the remaining shares
as αi = µ̄i × [1 − vi] , sc

i =
[
sm

i
1

1−vi
− sx

i

]
1−v

v , sl
i =

[
1−αi

αi
/ 1−α

α

]
sm

i , sr
i = vsc

i + [1 − v] sx
i

and ci
yi

=
[
1 + 1−v

v
sx

i
sc

i

]−1
. Here, v and α denote the economy-wide ratio of value added

to revenues and the economy-wide ratio of input purchases to total cost. Using the

36That is, the invoices have data on prices and quantities at the product-buyer level pib and xib, where the
buyer b is identified by its tax ID.

37As noted above, we focus on the network of products for which we observe product identifiers, and
additionally include all the buyers of these products in both the Manufacturing and Retail and Wholesale
sectors. This implies that, for example, purchases of agricultural inputs are not considered in the network
and are lumped with into factor services.

38Specifically, we set sx
i ≡ [∑i′ pii′xii′ ] / [∑i ∑i′ pii′xii′ ] , sm

i =
[
∑i′ pi f (i)xi′ f (i)

]
/
[
∑ f ′ ∑i′ pi′ f ′xi′ f ′

]
× κi.
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previously targeted shares, we obtain these ratios as 1 − v =
[
∑i

smi
1−vi

]−1
= 0.30 and

α =
[
∑i sm

i /αi
]−1

= 0.32. Table 11 summarizes the calibration of initial shares, and Ap-
pendix D provides additional details.

Finally, we set the the elasticity of substitution between factor services and the input
bundle to σ = 1, and assume for our baseline that there is only one sector, ρ = η. We
report our findings for low and high values of ρ: ρ = 3 or ρ = 6.39 We provide robustness
of our quantitative results to these assumptions.

Table 11: Calibration of initial shares

Targeted ratios
µ̄i Ratio of total revenues to total costs of firm f (i), EI.
ωi′i Share of intermediate input i′ in input purchases of firm f (i), EI.
sx

i Share of input i in total intermediate input sales, EI.
κi Share of product i in firm’s f (i) sales, EI.
sii′ Quantity share of intermediate of i going to f (i′) multiplied by κi, EI.
sm

i Share of f (i) in total intermediate input purchases multiplied by κi, EI.
vi Ratio value added to revenues of firm f (i). IDF, EI.

Non targeted ratios

αi Share of intermediate inputs in total cost: αi = µ̄i × [1 − vi].

sc
i Share of product i sales in total final sales: sc

i =
[
sm

i
1

1−vi
− sx

i

]
1−v

v .

sl
i Share of the fixed factor that is used for the production of i: sl

i =
[

1−αi
αi

/ 1−α
α

]
sm

i .

sr
i Share of product i sales in total sales: sr

i = vsc
i + [1 − v] sx

i
ci
yi

Fraction of good i that is sold to final consumers: ci
yi
=

[
1 + 1−v

v
sx

i
sc

i

]−1
.

α Economy wide share of inputs in production cost: α ≡
[
∑i sm

i /αi
]−1

= 0.32.
v Economy wide ratio of value added to revenues: v ≡ 1 −

[
∑i sm

i / [1 − vi]
]−1

= 0.70.

Notes: This table describes how we assign values to the model’s initial shares under our baseline calibration. f (i) refers to the firm

(tax id) that sells product i. ‘EI’ and ‘IDF’; indicate that calculations are based on data sourced from the Electronic Invoices and from

the Income Declaration Forms respectively.

39The cost of markup dispersion increases with the value of the elasticity of substitution. Hsieh and
Klenow (2009) set this elasticity to 3, Baqaee and Farhi (2020) consider values of 4 and 8, while Edmond et
al. (2023) consider elasticities between 5.7 and 29.1.
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5.2 Productivity gains from eliminating markup dispersion

Table 12 presents results from our counterfactual exercises. In the first panel, we con-
sider changes in markups for firm-to-firm sales of coded products with multiple buyers,
which account for 7.1% of total sales (Column 1). In Row 1, we equalize markups across
buyers while keeping average product markups unchanged. The change in markups cor-
responds to the term µ̂b

ii′ in the decomposition (21). Setting the elasticity of substitution
ρ = 3, the change in aggregate productivity is Ĉb − 1 = 0.17% (Column 2). The change
in aggregate productivity normalized by the fraction of sales with changed markups is
0.17/0.071 ≈ 2.4% (Column 3). Setting ρ = 6, the normalized change in aggregate pro-
ductivity is 6.8% (Column 5).

In the second row, we equalize markups both across buyers and across products, cor-
responding to the term µ̂

bp
ii′ in (21). The increase in aggregate productivity, Ĉbp − 1, nor-

malized by the sales share of affected products is 3.8% with ρ = 3, and 10.6% with ρ = 6.
Comparing Rows 1 and 2, the ratio of efficiency gains from eliminating markup disper-
sion across buyers relative to the total gains from equating markups across buyers and
products, (Ĉb − 1)/(Ĉbp − 1), is roughly 60% for both values of ρ.

In the second panel of Table 12, we change markups for all product with codes, includ-
ing those with only one buyer. These products account for 11.9% of total sales. Equalizing
markups across buyers (Row 3), the change in aggregate productivity Ĉb is the same as
in Row 1, since markup dispersion across buyers is zero for single buyer-products. How-
ever, since the sales share of affected products is larger when we include single-buyer
products, the normalized change in productivity drops (relative to Row 1) to 1.4% with
ρ = 3, and to 4.0% with ρ = 6. Eliminating markup dispersion across both buyers and
products (Row 4), the normalized increase in aggregate productivity is 3.8% with ρ = 3,
and 13.2% with ρ = 6, which is similar to that when we only shock products with mul-
tiple buyers. Comparing Rows 3 and 4, the aggregate efficiency gains from eliminating
markup dispersion across buyers is about 30% of the total gains from equating markups
across buyers and products.

We conclude from these exercises that aggregate productivity gains from eliminating
markup dispersion across buyers range between 30% and 60% of the total gains from
eliminating dispersion across buyers and products, depending on whether we consider
in our counterfactuals changes in markups for single buyer products. This conclusion is
robust to plausible values of the elasticity of substitution across products.

Robustness Table 13 reports the results of our counterfactuals under alternative sam-
ples and values of the key elasticities. For brevity, we only consider the counterfactual
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Table 12: Productivity gains from eliminating markup dispersion

shocked sales
/ total sales

Low elasticity: ρ = 3 High elasticity: ρ = 6
productivity

(%)
(2)/(1)

productivity
(%)

(4)/(1)

(1) (2) (3) (4) (5)

Multibuyer products with codes

1)
Equalizing markups across
buyers, µ̂b 0.071 0.17 2.38 0.48 6.80

2)
Equalizing markups across
buyers and products, µ̂bp 0.071 0.27 3.76 0.75 10.57

Contribution of equating
markups across buyers (1 / 2)

0.63 0.64

All products with codes

3)
Equalizing markups across
buyers, µ̂b 0.119 0.17 1.41 0.48 4.03

4)
Equalizing markups across
buyers and products, µ̂bp 0.119 0.45 3.79 1.58 13.23

Contribution of equating
markups across buyers (3 / 4)

0.37 0.30

Notes: Rows 1 and 3 report results from the counterfactual that eliminates dispersion in markups across buyers of a given input,

while keeping average product markups unchanged. Rows 2 and 4 report results from the counterfactual that eliminates dispersion

in markups across buyers and products. The first panel eliminates dispersion for intermediates sales for the set of products that are

assigned codes and that have more than one buyer. The second panel eliminates dispersion for intermediates sales for the set of

products that are assigned codes.
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where we equalize markups across buyers within products for multi-buyer products. The
second row reports results under the EAN definition of products. Since only a small frac-
tion of products use EAN codes, the fraction of shocked sales in this exercise drops to
2%. The normalized change in aggregate productivity in this exercise is larger than in the
baseline: 3.1% for ρ = 3 and 8.5% for ρ = 6. This reflects that EAN products, on average,
have a higher number of buyers and more dispersed prices across these buyers compared
to the baseline products.

Row 3 reports results using our baseline definition of products but restricting the sam-
ple to sellers and buyers located within the city of Santiago. As discussed in Section 2,
the assumption that the marginal cost of production is independent of the buyer’s iden-
tity is more likely to hold when the seller and the buyer are within the same city, as this
minimizes potential differences in delivery costs across buyers. The normalized changes
in aggregate productivity are similar to those in our baseline sample when we set ρ = 3
(2.40% vs. 2.38%), and when we set ρ = 6 (6.7% vs. 6.8%).

The last two rows show results for alternative values of the elasticities in the produc-
tion functions, σ and η. In Row 4, we split products with codes and products without
codes into two sectors (products with codes are only in the manufacturing sector, while
products without codes are mostly in the retail and wholesale sector)40, and set the elas-
ticity of substitution between sectors to η = 1 . Lowering this elasticity slightly reduces
the normalized change in aggregate productivity (2.14% vs. 2.38% when ρ = 3). In Row
5 we lower the elasticity of substitution between factors and materials to σ = 0.5. This
parameterization results in a slightly smaller change in aggregate productivity compared
to the baseline (2.28% vs. 2.38% when ρ = 3). Overall, our baseline results are not very
sensitive to plausible changes in these two elasticities.

6 Conclusion

Price dispersion across buyers is pervasive in manufactured intermediate input mar-
kets. Using comprehensive electronic invoice data from Chilean manufacturing firms,
we document that, among products sold to multiple buyers, the typical product exhibits
an interdecile price range of 0.16 log points across buyers. This dispersion in prices is
present across manufacturing sectors, stable over time, and primarily reflects differences
in markups rather than differences in cost of supplying different buyers. The dominant

4083% of the sales products of without codes are in the retail and wholesale sector.
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Table 13: Robustness to alternative samples and calibrations

shocked sales
/ total sales

Low elasticity: ρ = 3 High elasticity: ρ = 6
productivity

(%)
(2)/(1) productivity

(%)
(4)/(1)

(1) (2) (3) (4) (5)

Baseline 0.071 0.17 2.38 0.48 6.80

EAN 0.024 0.08 3.12 0.21 8.46

Santiago 0.071 0.17 2.40 0.48 6.74

η = 1 0.071 0.15 2.14 0.38 5.39

σ = 0.5 0.071 0.16 2.28 0.46 6.52

Notes: This table reports the results of our counterfactual that eliminates the dispersion in markups across buyers of a given input

under alternative calibrations and samples. ‘Baseline’ refers to our baseline calibration. ‘EAN’ refers to a network that comprises the

EAN products all the buyers of EAN products that are in the Manufacturing and the Retail and Wholesale sectors. ‘Santiago’ uses our

baseline calibration but limits the network to products and firms located in Santiago. ’η = 1′ divides our sample of products into two

sectors and sets η = 1. The last row follows our baseline calibration but sets σ = 0.5.

source of this dispersion is match-specific: buyer-seller pair identity absorbs about 45 per-
cent of the variation in price gaps, with observable characteristics of buyers, sellers, and
transactions explaining up to 10 percent. This match-specific heterogeneity most plau-
sibly reflects differences in outside options, switching costs, or bargaining power across
buyer-seller relationships.

Using a workhorse production-network model with buyer-product markup wedges
calibrated to match observed price differences across buyers, we show that markup dis-
persion across buyers accounts for 30 to 65 percent of the aggregate productivity gains
from equalizing markups across both buyers and products in manufacturing firm-to-firm
input sales. An important area for future research is to develop models with endoge-
nous markups and endogenous production-network links that are consistent with the
facts documented here, and to quantify their implications for misallocation.
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Appendix

A Additional tables and figures

Figure A.1: Distribution of price gaps across buyer-products

Notes: The figure shows the histogram of price gaps µibt ≡ log (pibt/pit) for t =June 2023. The average product price pit ≡ ∑b sib pibt

is computed as the quantity weighted average across buyers. Each product is weighted by its sales share. Each buyer within each

product is weighted by its quantity share in the product, sib.
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Figure A.2: Price dispersion and inflation across sectors
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Notes: Each marker represents a sector-month. The x-axis plots the year-to-year change in producer prices for the sector-month. The

y-axis plots the price dispersion for the sector-month.

Table A.1: Dispersion of price gaps: robustness for interdecile and interquartile ranges

Unweighted Transactions Long codes EAN

idri iqri idri iqri idri iqri idri iqri

P1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
P5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
P10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
P25 0.07 0.02 0.04 0.00 0.00 0.00 0.08 0.01
P50 0.16 0.08 0.14 0.06 0.09 0.02 0.18 0.09
P75 0.28 0.15 0.26 0.15 0.22 0.10 0.28 0.18
P90 0.46 0.27 0.40 0.25 0.38 0.24 0.45 0.28
P95 0.58 0.38 0.52 0.34 0.50 0.36 0.60 0.41
P99 0.93 0.67 0.86 0.64 0.93 0.69 1.00 0.65
Mean 0.21 0.12 0.18 0.10 0.15 0.08 0.21 0.12

Notes: idri and iqri respectively denote the (quantity weighted) interdecile range and interquartile range for product i. Column ‘Un-

weighted’ uses unweighted standard deviations. Column ‘Transactions’ uses transaction level price gaps µibτ instead of aggregating

at the buyer level. Column ’Long Codes’ uses the sample of products with codes that are at least eight characters in length. Column

‘EAN’ uses the sample of products that can be identified by an EAN code. The distributions only include products with multiple

buyers. P1-P99 represent percentiles of the sales weighted distribution.
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Figure A.3: Persistence in price gaps conditional on a price change
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Notes: The left panel plots the coefficients βk from equation (5) for a subset of product-buyer pairs that exhibit non-zero price changes

between t and t − k, estimated by OLS, and for k = 1, ..., 12. The regression includes product fixed effects, and observations are

weighted by sales. The red lines represent 95 % confidence intervals. The right panel plots the corresponding partial R-squared of the

regressions.
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Table A.2: Dispersion of price gaps: low dispersion samples
Multi-establishment buyers Other sectors

Baseline Across buyers
Within buyers

across est.

Oil
products

Grocery
stores

Fuel retail

Panel (a): Interdecile range
p5 0.00 0.00 0.00 0.00 0.00 0.00
p10 0.00 0.00 0.00 0.00 0.00 0.00
p25 0.02 0.00 0.00 0.01 0.00 0.01
p50 0.12 0.06 0.00 0.01 0.02 0.02
p75 0.24 0.22 0.00 0.01 0.11 0.05
p90 0.38 0.34 0.04 0.01 0.24 0.17
p95 0.49 0.47 0.08 0.01 0.32 0.23
Mean 0.16 0.13 0.01 0.01 0.08 0.05

Panel (b): Interquartile range
p5 0.00 0.00 0.00 0.00 0.00 0.00
p10 0.00 0.00 0.00 0.00 0.00 0.00
p25 0.00 0.00 0.00 0.01 0.00 0.00
p50 0.04 0.01 0.00 0.01 0.00 0.01
p75 0.13 0.11 0.00 0.01 0.04 0.02
p90 0.23 0.23 0.01 0.01 0.13 0.11
p95 0.34 0.31 0.04 0.01 0.21 0.14
Mean 0.09 0.07 0.01 0.01 0.04 0.03

Panel (c): Standard deviation
p5 0.00 0.00 0.00 0.00 0.00 0.00
p10 0.01 0.00 0.00 0.00 0.00 0.00
p25 0.03 0.00 0.00 0.01 0.00 0.01
p50 0.06 0.05 0.00 0.01 0.02 0.01
p75 0.11 0.10 0.00 0.01 0.05 0.03
p90 0.16 0.16 0.03 0.01 0.10 0.07
p95 0.21 0.19 0.05 0.03 0.13 0.09
Mean 0.08 0.06 0.01 0.01 0.04 0.03

Notes: The table reports the sales-weighted distribution of the interdecile range, interquartile range and standard deviation of

price gaps across buyers of product i. In each panel, column Baseline reports the distributions of idri , iqri and σi respectively, and

correspond to Columns 1-3 in Table 4 in the main text. The Columns ’Multi-establishment buyers’ reports standard deviations

for the subsample of 12,807 multi-buyer products that are sold to buyers that have multiple establishments. This subsample

consists of 995 buyers. ’Across-buyers’ reports the standard deviation across buyers, and ’Within buyers across est.’ reports

standard deviations across establishments that belong to the same buyer. Column ‘Oil Products’ report standard deviations for

products sold by Oil producers to other firms. ’Grocery stores’ and ’Fuel Retail’ report standard deviations for products sold

by grocery stores and fuel retailers to firms. The distributions only include products with multiple buyers. P1-P99 represent

percentiles of the distribution.
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Table A.4: Persistence in price gaps

k = 1 k = 2 k = 3 k = 4 k = 5 k = 6
βk 0.859*** 0.821*** 0.772*** 0.738*** 0.752*** 0.714***

(0.0102) (0.0103) (0.0131) (0.0160) (0.0132) (0.0148)

Partial R2 0.716 0.633 0.606 0.568 0.560 0.513
Observations 1,918,441 1,783,233 1,866,622 1,570,371 1,545,399 1,248,038

k = 7 k = 8 k = 9 k = 10 k = 11 k = 12
βk 0.692*** 0.686*** 0.680*** 0.665*** 0.618*** 0.618***

(0.0168) (0.0227) (0.0188) (0.0169) (0.0150) (0.0157)

Partial R2 0.489 0.487 0.466 0.460 0.426 0.425
Observations 1,235,935 1,192,064 1,120,737 1,068,876 1,012,200 924,888

Notes: The table reports the results depicted in Figure 2, which correspond to estimating equation (5) by OLS separately for k =

1, ..., 12. All columns include product-level fixed effects.

Table A.5: Price gaps and characteristics of the buyer-seller relation

(1) (2) (3) (4) (5)
I (consistentbs) -0.0033*** 0.0008

(0.0004) (0.0004)
I (buyer buys from sellerbs) 0.0138*** 0.0292***

(0.0030) (0.0059)
log number of productsbs -0.0134*** -0.0092*

(0.0012) (0.0041)
log number of transactionsbs 0.0068*** 0.0206***

(0.0010) (0.0042)
log saless(i)b -0.0053*** -0.0162***

(0.0004) (0.0029)
0 < relations(i)b < 1 yr -0.0111***

(0.0031)
relations(i)b ≥ 1 yr -0.0033 -0.0126***

(0.0022) (0.0035)
Product FE Y Y Y Y Y
Buyer’s municipality FE Y Y Y Y Y
Buyer’s sector. FE Y Y Y Y Y
Partial R2 0.0440 0.0495 0.0414 0.0429 0.0586
Observations 3,142,733 3,142,733 3,549,623 3,549,623 3,549,623

Notes: Column 1 reports the results of a regression of log price on a dummy indicating whether the buyer made purchases from the

seller in every month between June 2023-May 2024, estimated on the sample of buyer-sellers that have relations that are at least one

year old. Columns 2 add controls for total buyer-seller sales and relation length. Column 3 estimates a regression of log price on a

dummy indicating whether the seller made purchases from the buyer. Column 4 estimates log prices on the log of the number of

number of number of transations and the log of the number of products transacted between the buyer and the seller. Standard errors

in parentheses are clustered at the buyer level * significant at the 10% level, **: significant at the 5% level, *** significant at the 1% level.
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Table A.6: Fitted distribution of price gaps

(1) (2) (3) (4) (5) (6) (7)

σi (µ̂i)

Median 0.05 0.00 0.00 0.05 0.01 0.02 0.03

Mean 0.05 0.00 0.00 0.06 0.01 0.02 0.03

idri (µ̂i)

Median 0.10 0.01 0.01 0.10 0.02 0.03 0.06

Mean 0.11 0.01 0.01 0.12 0.02 0.04 0.08

Notes: For this table, we first compute fitted values, µ̂i , using the estimated coefficients in Tables 8 and 9 in the main text. We
then compute σi (µ̂i) and idri (µ̂i) for each product i and report their (sales weighted) means and median values.
Each column computes µ̂i from a different specification, as follows. Columns (1) and (4) use price gaps fitted using the buyer
fixed effects and buyer-seller fixed effects estimated in Columns (1) and (5) of Table 8, respectively. Columns (2), (3), and (5)
predict price gaps from differences in buyer sales, buyer purchases, and buyer-seller sales, using the coefficients estimated in
Columns (3), (4), and (7) of Table 8, respectively. Column (6) predicts price gaps for June 2023 using observed quantities from
June 2023 and the estimated quantity coefficient in Column (1) of Table 9. Column (7) predicts price gaps from a regression that
incorporates buyer size, relationship length, sales, and buyer-product quantities, while allowing for sector-specific linear and
quadratic terms.

Table A.7: Summary statistics on network

Number of products 237,468
Number of firms 128,748
Possible product-buyer pairs > 30 billion
Product-buyer pairs with positive sales > 3 million
Sales of i ∈ S / total sales 0.31
Intermediate sales of i ∈ S / total sales 0.119
Intermediate sales of i with multiple buyers / total sales 0.071

Notes: The table summarizes the network of products and firms used for our baseline counterfactual. i ∈ S refers to products for

which product codes are available.
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B Data

B.1 Additional datasets

Here we outline additional datasets we use in the paper:
Form 22 (F22 or Income Declaration Form): This is a form submitted by firms to com-

pute their annual tax payments, and therefore contains total sales in the year, intermedi-
ate inputs purchases, salaries, among other variables. We use this dataset for regressions
where we measure buyer’s size with their total sales, and for calibration of the model.

Affidavit 1887 (DJ1887): This an annual form submitted by firms, where they declare
all their employees with either a full-time or a part-time job contract. For each firm, it
contains what months each worker was employed, her net salaries and whether it was a
full-time or a part-time job.

Affidavit 1879 (DJ1879): This an annual form submitted by firms, where they declare
all their contracted or short-term workers. For each firm, it contains how many months
each worker was employed, and how much it was retained for taxes and social security.

We use DJ1887 and DJ1879 for two purposes in the paper. First, our baseline sample
uses firms (either as buyers or sellers) that have at least one paid worker in 2023. Second,
for regressions that use a measure of employment at the firm level, we sum across all
workers×months in both forms and divide them by 12.

B.2 Data cleaning

We take the following steps to organize and clean the transaction data in EI:

i. We drop any transaction whose value is above 100 billion CLP (10^10), and price or
quantity is non-positive.

ii. We discard invoices where the seller and buyer ID are the same

iii. We eliminate invoices that are cancelled or deemed invalid. For this, we use credit
notes which give new or updated total amounts for each invoice. We drop documents
where the new total amount differs by more than 1% with respect to the original
total amount in the invoice

iv. We keep firms that in 2023 had at least one paid worker, and a valid F22.

v. Then, we define a product using the seller ID, the product code and the municipality
for the seller declared in an invoice. Firms can report up to five codes, and whenever
they declare the code is EAN we use it. Firms write the municipality, thus it is open
to typos. When we cannot identify a selling municipality, we define the product
only using the seller ID and product code.

vi. To further refine our product definition, we only consider codes that fulfill the fol-
lowing: (i) are at least 4 characters long, (ii) have a number, (iii) for a given text
description of the product, there is a unique product code, and (iv) for a given prod-
uct code, there is a unique text description of the product.
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vii. We eliminate transactions where the product’s recorded price deviates from the av-
erage price recorded in other transactions from the same month by more than 1 log
point.

C Model derivations

C.1 Equilibrium characterization

The cost of the input bundle for product i is given by

mci =
[
[1 − ᾱi]w1−σ + ᾱiq1−σ

i

] 1
1−σ . (C.1)

Here w is the cost of the fixed factors, and qi is the cost of the intermediate input bundle:

qi =

[
∑

j
ω̄

j
i

[
qj

i

]1−η
] 1

1−η

, (C.2)

with

qj
i =

[
∑
i′∈j

ω̄i′i p
1−ρ
i′i

] 1
1−ρ

. (C.3)

The price of the final good is:

P =

[
∑

j
γj

[
Pj
]1−η

] 1
1−η

, (C.4)

with

Pj =

[
∑
i∈j

γ̄
j
i p

1−ρ
ic

] 1
1−ρ

. (C.5)

Demands are given by:

xii′ = ω̄ii′

[
pii′

qj
i′

]−ρ

mj
i′ ; ci = γ̄i

[
pic

Pj(i)

]−ρ

Cj(i). (C.6)
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with

mj
i = ω̄

j
i

[
qj

i
qi

]−η

mi,

mi = ᾱi

[
qi

mci

]−σ

bi, (C.7)

and

Cj = γ̄j
[

Pj

P

]−η

C. (C.8)

Demand for the fixed factor is

li = [1 − ᾱi]

[
w

mci

]σ

yi. (C.9)

An equilibrium for this economy is given by product level prices, {pii}, {pic} , costs
{mci, qi} ,

{
qj

i

}
, quantities {ci}, {yi} and inputs choices: {li}, {mi},

{
mj

i

}
, and {xii′}, final

prices
{

Pj} P and bundles
{

Cj}, C and factor prices:. such that: w = 1 and the pricing
equations (9), (C.1), (C.2), (C.3), (C.4), (C.5), the demands (C.6), (C.7), (C.8), (C.9), and
market clearing (10), (11) are satisfied.

C.2 Derivation of Equation (19)

This Section derives (19) in the text. Equations (16) and (17) imply

1 = ∑
i

sl
im̂cσ

i

[
ci

yi
p̂−ρ

ic

[
P̂j
]ρ−η

P̂ηĈb +

[
1 − ci

yi

]
∑
i′

sii′ p̂
−ρ
ii′

[
q̂j

i′

]ρ−η
q̂η−σ

i′ m̂cσ
i′ ŷi′

]

Under the assumptions that αi = 0 and ci/yi = 0 for i ∈ Nu and αi = 1 and ci/yi = 1 for
d ∈ Nd, this simplifies to

1 = ∑
i∈Nu

sl
i

[
∑

i′∈Nd

sii′ p̂
−ρ
ii′ P̂ρĈb

]
,

Substituting for P̂ and p̂ic and rearranging yields

Ĉb =

[
∑

i∈Nu

sl
i

[
∑

i′∈Nd

sii′ p̂
−ρ
ii′

]]−1 [
∑

i∈Nd

sc
i m̂c1−ρ

i

] −ρ
1−ρ

.
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Finally, substituting p̂ii′ for i ∈ Nu and for m̂ci for i ∈ Nd we obtain

Ĉb =

[
∑

i∈Nu

sl
i ∑

i′∈Nd

sii′ µ̂
−ρ
ii′

]−1 [
∑

i∈Nd

sc
i ∑

i′∈Nu

ωi′iµ̂
1−ρ
i′i

] ρ
ρ−1

.

Note that for i ∈ Nu, sl
i =

wli
wL = µu

µ̄i

∑i′∈Nd
pii′ xii′

∑i∈Nu ∑i′∈Nd
pii′ xii′

=
µu
µ̄i

sx
i , where µu ≡

∑i∈Nu ∑i′∈Nd
pii′ xii′

wL =[
∑i∈Nu µ̄−1

i sx
i

]−1
. For i ∈ Nd:

sc
i ωi′iµ̂i′i =

picci

∑i∈Nd
picci

pi′ixi′i

∑i′∈Nu pi′ixi′i

µ̄i′

µi′i

=
picci

∑i′∈Nu pi′ixi′i

∑i′∈Nu ∑i∈Nd
pi′ixi′i

∑i∈Nd
picci

∑i∈Nd
pi′ixi′i

∑i′∈Nu ∑i∈Nd
pi′ixi′i

pi′ixi′i

∑i∈Nd
pi′ixi′i

µ̄i′

µi′i

=
µ̄i

µd
sx

i′si′i,

where µd ≡ ∑i∈Nd
picci

∑i∈Nd ∑i′∈Nu pi′ ixi′ i
=

[
∑i∈Nd

µ̄−1
i sc

i

]−1
. Substituting above and rearranging

yields equation (19) in the text.
Finally, using the notation ξi ≡ ∑i′∈Nd

µ̂
−ρ
ii′ sii′ to summarize the cross-buyer dispersion

in markups for product i, and assuming that ξi is uncorrelated with µ̄i, we can write the
first bracket in equation (19) as

∑
i∈Nu

µu
µ̄i

ξisx
i = ∑

i∈Nu

µu
µ̄i

sx
i × ∑

i∈Nu

ξisx
i = ∑

i∈Nu

ξisx
i . (C.10)

In addition, if the wedges are uncorrelated with the average markups set by the buyers,
∑i′∈Nd

µ̄i′ µ̂
−ρ
ii′ sii′ = ∑i′∈Nd

µ̄i′sii′ξi, we can write the second bracket in (19) as

∑
i∈Nu

sx
i ∑

i′∈Nd

µi′

µd
µ̂
−ρ
ii′ sii′ = ∑

i∈Nu

[
ξi ∑

i′∈Nd

µi′

µd
sii′

]
sx

i . (C.11)

Finally, assuming that ∑i∈Nu

[
ξi ∑i′∈Nd

µi′sii′
]

sx
i =

[
∑i∈Nu ξisx

i
]
×
[
∑i∈Nu ∑i′∈Nd

µi′sii′sx
i sx

i
]
=[

∑i∈Nu ξisx
i
]

µd, and substituting (C.10) and (C.11) into (19) we obtain expression (20) in
the text.

D Calibration details

D.1 Apportioning firm-level inputs to products

Here we show how to apportion firm-level inputs to products under our assumptions in
Section 5. First, note that if firm’s uses the same input bundle across its multiple products,
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then the share of input i′ in the production of i is equal to the share of input i in firm’s f (i)
total cost:

pi′ixi′i

∑i∈ f (i) pi′ixi′i
=

∑i′ pi′ixi′i

∑i∈ f (i) ∑i′ pi′ixi′i
=

wli + ∑i′ pi′ixi′i

∑i∈ f (i) [wli + ∑i′ pi′ixi′i]

If in addition the firm sets the same average markup across all its products, then this share
is equal to the share of product i in firm’s f (i) sales.

wli + ∑i′ pi′ixi′i

∑i∈ f (i) [wli + ∑i′ pi′ixi′i]
=

pc
i ci + ∑i′ pii′xii′

∑i∈ f (i)
[
pc

i ci + ∑i′ piixii′
] .

Finally, if the share of sales that go to final consumers is the same for all products of the
same firm, we obtain

pc
i ci + ∑i′ piixii′

∑i∈ f (i)
[
pc

i ci + ∑i′ pii′xii′
] =

∑i′ piixii′

∑i∈ f (i) ∑i′ piixii′
≡ κi.

Thus, pi′ ixi′ i
∑i∈ f (i) pi′ ixi′ i

= ∑i′ pi′ ixi′ i
∑i′ ∑i∈ f (i) pi′ ixi′ i

= κi. We can then obtain the equations in the text:

sii′ ≡
xii′

∑b xib
=

xi f (i′)

∑b xib
× xii′

xi f (i′)
=

xi f (i′)

∑i′ xii′
κi.

and

sm
i =

∑i′ pi′ixi′i

∑i′ ∑b pi′bxi′b
=

∑i′ ∑i∈ f (i) pi′ixi′i

∑i′ ∑b pi′bxi′b
× ∑i′ pi′ixi′i

∑i′ ∑i∈ f (i) pi′ixi′i
= sm

f (i)κi.

D.2 Calibrating value added shares

As described in the text, an input in the calibration is the ratio of value added to revenues
for each product i, vi. This ratio, which can be obtained from the income declaration
forms, must satisfy (for positive prices and quantities) 1− vi =

∑i′ pi′ ixi′ i
picci+∑i′ pii′ xii′

≤ ∑i′ pi′ ixi′ i
∑i′ pii′ xii′

=
sm

i
sx

i
. We thus compute the ratio of input purchases to revenues in the income declaration

forms and set 1 − vi = min
{

inputsIDF
f (i)×θ f (i)

revenueIDF
f (i)

, 1 − sm
i

sx
i

}
.

E Solution Algorithm

We now present the solution algorithm.

i. Step 1: Solve for all price changes. We proceed in the following steps. First, note
that defining m̂c∗i ≡ m̂c1−ρ

i and µ̂∗
ii′ ≡ µ̂

1−ρ
ii′ , the change in marginal costs can be

written as:

m̂c∗i =

[
1 − αi + αiq̂

∗ 1−σ
1−η

i

] 1−ρ
1−σ

.
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with

q̂∗i =

[
∑

j
ω

j
i q̂

j∗
i

]
; q̂j∗

i =

[
1

ω
j
i
∑

f
p∗f i

] 1−η
1−ρ

and

p∗f i ≡ ∑
i′∈ f

ωi′iµ̂
∗
i′im̂c∗i′ .

Second, note that since in our calibration, buyer-level markups, factor and input
shares are firm but not product specific, i.e. αi = α f (i), µ̂∗

ii′ = µ̂∗
i f (i′), ωi′i = ωi′ f (i).

This implies that changes in marginal costs are the same for all products of the same
firm, m̂c∗i = m̂c∗f (i). Thus, we can use the following algorithm to find all changes in
firm level marginal costs:

(a) Guess change in marginal cost of each firm: m̂c∗f ≡ m̂c1−ρ
f .

(b) Define and calculate firm-to-firm weighted markups: µ̂∗
f f ′ ≡ ∑i∈ f ωi f ′ µ̂

1−ρ
i f ′ .

(c) Iterate the following system to find m̂c∗f

p̂∗f f ′ ≡µ̂∗
f f ′ × m̂c∗f ,

and

q̂∗f = ∑
j

ω
j
f q̂j∗

f ; q̂j∗
f ′ =

 1

ω
j
f ′

∑
f∈j

p̂∗f f ′


1−η
1−ρ

.

and

m̂c∗f =
[

1 − α f + α f q̂
∗ 1−σ

1−η

f

] 1−ρ
1−σ

.
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(d) Compute all prices:

m̂c f =
[
m̂c∗f

] 1
1−ρ

p̂i f ′ = µ̂i f ′m̂c f (i)

p̂ic = µ̂ f (i)cm̂c f (i)

q̂j
f ′ =

[
q̂j∗

f ′

] 1
1−η

q̂ f ′ =
[
q̂∗f ′

] 1
1−η

P̂j =

[
1

sjc ∑
i∈j

sc
i p̂1−ρ

ic

] 1
1−ρ

and

P̂ =

[
∑

j
sjc

[
P̂j
]1−η

] 1
1−η

.

ii. Step 2: Solve for changes in the total quantity of each product relative to the change
in final consumption, ŷi

Ĉ
. We proceed in the following steps.

(a) Compute change in relative final demand of each product:

ĉi

Ĉ
=

[
p̂ic

P̂k(i)

]−ρ
[

P̂k(i)

P̂

]−η

.

(b) For products that are only sold to final consumers, set

ŷi

Ĉ
=

ĉi

Ĉ
.

(c) Then guess ŷi
Ĉ

for products [1 : NPXT], compute

b̂ f

Ĉ
= ∑

i∈ f
κi

ŷi

Ĉ
.

and update the guess using

ŷi

Ĉ
= F̂DEMi+∑

f
INTDEMi f

b̂ f

Ĉ
.
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with F̂DEMi ≡ ci
yi

ĉi
Ĉ

, and INTDEMi f =
[
1 − ci

yi

]
xi f

∑ f xi f

[
p̂i f

q̂k(i)
f

]−ρ [
q̂k(i)

f
q̂ f

]−η [
q̂ f

m̂c f

]−σ

(d) From the labor market clearing, solve:

Ĉ =

[
∑

i
sl

im̂cσ
i

ŷi

Ĉ

]−1

.
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