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Abstract

This paper examines how the geographic distribution of supply and demand
shapes market power in the Chinese steel industry. Drawing on novel data, we
develop and estimate an equilibrium model that accommodates spatial demand
variations and rich firm heterogeneity—encompassing differences in location,
product quality, production coefficients, and cost efficiencies. Using this frame-
work, we simulate the impact of shifts in downstream demand and evaluate
the welfare implications of mergers and acquisitions under various market fric-
tions—an issue central to China’s industrial policy.
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1 Introduction

Steel is one of the most essential materials in the modern world, playing a crucial role in
everything from food preservation to construction and manufacturing. China is the world’s
largest producer and consumer of steel, contributing nearly half of global output. Yet, de-
spite its immense scale, the industry faces intense competition and persistent inefficiencies.

A common measure of market power, the concentration ratio of the top firms, high-
lights China’s fragmented industry structure compared to other major producers like the
U.S. and Japan. However, steel is costly to transport, making simple concentration ratios an
inadequate measure of market power. Another key issue in China is the geographical misal-
location of capacity, requiring steel to be hauled over long distances. While China produces
half of the world’s steel, a quarter of that production is concentrated in Hebei, whereas a
significant portion of downstream demand lies in the Yangtze River Delta.

China’s steel industry is also undergoing a major restructuring, driven by shifts in eco-
nomic policy and changing regional demand. Current capacity, shaped by past growth
patterns, may no longer align with the evolving needs of downstream industries. Recogniz-
ing this, government reports have repeatedly emphasized the urgency of restructuring and
has regarded mergers and acquisitions (M&A) as a crucial policy tool for enhancing indus-
try performance.! However, several frictions complicate the process. First, existing M&A
activities in China’s steel industry, mostly government-directed, highlight a trend of large
firms acquiring smaller ones, potentially creating a scale bias that favors larger firms over
smaller but more efficient ones when selecting acquirers. Second, local protectionism influ-
ences whether consolidation efforts prioritize regional mergers or nationwide integration.?
Third, ownership restrictions may limit the ability of private firms to acquire state-owned
firms.

Given these frictions, understanding their trade-offs is crucial for informed policymak-
ing. However, our knowledge of how these factors shape the steel market remains limited.
This paper bridges this gap by developing a structural model that incorporates firm het-
erogeneity—capturing differences in quality and cost efficiency—alongside the geographic

1For example, on September 19, 2016, the State Council issued a top-level strategic plan titled “Guiding
Opinions on Promoting Mergers, Reorganizations, and Handling Zombie Enterprises in the Steel Industry”,
aiming to consolidate approximately 60% to 70% of China’s steel production into around ten major steel
groups. A subsequent policy guideline issued in 2022 by the central government—the Guiding Opinions on
Promoting the High-Quality Development of the Steel Industry—reinforces the critical role of mergers and re-
organizations in promoting the development of the industry. The policy encourages leading firms to pursue
mergers and reorganizations while also promoting cross-regional and cross-ownership consolidation to en-
hance industry efficiency and global competitiveness.

2There is extensive literature discussing the presence of local protectionism in China. See for example, Bai
et al. (2004), Barwick et al. (2021), Fang et al. (2024).



distribution of supply and demand. This framework enables a comprehensive evaluation
of market power, a deeper assessment of friction trade-offs, and better informed industry
policies.

We develop and estimate an empirical model that incorporates rich firm heterogeneity
and the geographic distribution of steel producers alongside spatial variations in down-
stream demand. On the demand side, downstream firms purchase steel to manufacture fi-
nal products such as automobiles, appliances, and buildings. We model their choices using
a standard logit framework, where product quality, price, and transportation costs influ-
ence purchasing decisions. However, rather than observing firm-level sales in each market,
our data is aggregated at the destination-region level by firm. As a result, we adapt the
standard contraction mapping approach (Berry, 1994; Berry et al., 1995) for estimation.
We then estimate the model using a generalized method of moments (GMM), employing
input prices (iron ore and coal) as instrumental variables to correct for price endogeneity.
Our results indicate that steel demand is highly elastic, with an average price elasticity of
4.26. The implied markup averages 24%, with significant geographical variation.

On the supply side, each steel firm operates a blast furnace with a fixed labor force and
produces steel using a Leontief technology that combines iron ore, coke, and coal. Lever-
aging detailed input and output data on prices and quantities, our production function
estimation captures firm heterogeneity across multiple dimensions, including input costs,
output quality, input-specific efficiency, yield rates, and unobserved cost efficiency. We find
that much of this heterogeneity stems from unobserved cost efficiency, which strongly cor-
relates with product quality. Additionally, after controlling for product quality and location
differences, private firms tend to be more cost-efficient than their state-owned counterparts.
This distinction is crucial for merger analysis, as the extent of cost savings depends on the
transferability of firm-level heterogeneity.

Using the estimated model, we conduct counterfactual experiments to assess the ef-
fects of various restructuring strategies. We allow for three potential sources of merger
effects: increased market power, lower iron ore prices, and higher unobserved cost effi-
ciency. To illustrate the trade-offs associated with different frictions, we simulate mergers
under different scenarios, varying both the selection criteria for leading firms and the scope
of consolidation. Specifically, we define four merger scopes—regional vs. nationwide and
within-ownership vs. cross-ownership—resulting in four primary scenarios. Within each
scope, we select the leading firm based on either its size or cost efficiency, yielding a total
of 24 counterfactual experiments (3 levels of merger effects X 4 scopes X 2 leader selection
criteria).

Our findings suggest that mergers led by firms selected for efficiency, rather than size,



yield greater cost reductions on average. Removing ownership restrictions further enhances
cost-efficiency gains. Interestingly, regional and within-ownership mergers generate larger
average cost savings than cross-regional mergers, as they allow smaller but more efficient
private firms to lead consolidation efforts. Welfare decreases when mergers increase mar-
ket power without improving cost efficiency but rises when mergers are more restrictive
(regional or within ownership), curbing market power. The most significant welfare gains
occur when mergers are both regionally and ownership-restricted and led by the most ef-
ficient firms. In this scenario, a modest increase in market power, combined with a 12.5%
reduction in costs, leads to a 26.7% markup increase, a 4% price reduction, and an 8.6%
expansion in sales. These changes drive a 37.9% rise in variable profits and a 14.4% gain in
consumer surplus—the highest among our counterfactual scenarios—resulting in an over-
all welfare improvement of 24.1%. Additionally, the concentration ratio of the top 10 firms
(CR10) reaches 61.1%, aligning with the policy objective.

Finally, we use our model to predict market outcomes in response to shifting down-
stream demand. We focus on the construction sector, which accounted for 45% of total steel
consumption in 2017. The recent slowdown in real estate development has significantly re-
duced steel demand. To quantify this impact, we use the observed change in completed
floor space in 2023 and our model estimates to compute new steel demand by province.
Our analysis reveals substantial regional variation, with northern regions experiencing a 1%
increase, while other areas face declines ranging from 0.16% to 10.50%. In response to this
demand shock, firms universally scale back production, yet prices remain stable. While the
geographic flow of steel sales remains largely unchanged—given that local purchases con-
stitute the largest share—northern firms reduce shipments to the central-southern region
by 1% of their total production. With its relatively smaller demand reduction, the central-
southern region becomes slightly more self-sufficient, reducing shipments to eastern and
southwestern markets.

Our paper is related to the empirical literature that studies market power using the de-
mand approach (Berry, 1994; Berry et al., 1995). The literature on the steel industry has
mainly focused on productivity measurement using the production function approach. For
instance, Collard-Wexler and De Loecker (2015) study the effects of the minimill technology
on productivity in the US steel industry. Brandt et al. (2022) study productivity differences
by ownership in the Chinese steel industry. One exception is Li et al. (2025), who esti-
mate both a representative consumer demand model and a production function but omit
spatial differentiation and strategic interactions among firms. Our paper integrates both
approaches within an equilibrium framework, incorporating downstream demand that ac-
counts for product quality, distance, and price, as well as firm supply that varies across mul-



tiple dimensions. By explicitly modeling strategic interactions among firms, our approach
enables a more comprehensive analysis of mergers.

There has been empirical literature on spatial differentiation and market power. For
instance, Pinkse et al. (2002) and Houde (2012) study the gasoline market. McManus
(2007) study nonlinear pricing of specially differentiated stores in a specialty coffee market.
Miller and Osborne (2014) study spatial differentiation and price discrimination in the U.S.
cement industry. Our paper is the first to study the geography of market power in the steel
industry. Building on existing studies that incorporate Bertrand competition with spatial
differentiation, our analysis explores the interaction between merger effects and frictions.

The remainder of the paper is structured as follows. Section 2 provides an overview of
the Chinese steel industry, including key institutional details, data description, and empiri-
cal patterns. Section 3 develops a structural model of demand and supply that incorporates
the geographic distribution of steel producers and spatial variations in downstream demand.
Section 4 outlines the estimation procedure used to recover key economic parameters. Sec-
tion 5 presents the main estimation results, while Section 6 explores counterfactual analy-
ses to evaluate the effects of weakening demand and potential mergers. Finally, Section 7
concludes.

2 Background and Data

2.1 Institutional Details

The Chinese steel industry is the largest in the world, accounting for nearly half of global
production (Figure 1). Its rapid expansion has been driven by decades of industrialization,
urbanization, and infrastructure investment. The market is vast and fragmented, with both
state-owned and private firms playing key roles. Production is concentrated in provinces
such as Hebei (21% in 2023) and Jiangsu (12% in 2023), reflecting a combination of up-
stream and downstream advantages. For instance, both Hebei and Jiangsu benefit from
well-developed sea and river ports, facilitating iron ore imports, and are situated in highly
industrialized regions with strong steel demand.

In contrast to the dominance of electric arc furnaces (i.e., minimills) in the U.S., the
majority of China’s steel production is dominated by the blast furnace process. Iron ore,
coke, and limestone are melted in a blast furnace to produce molten iron, which is then
refined in a basic oxygen furnace to remove impurities and control the carbon content.



Figure 1: Steel Production and Consumption
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Notes: Steel production is measured as annual crude steel production; consumption is mea-
sured as the annual apparent consumption of finished steel products. Data come from the
World Steel Association and various issues of the China Steel Yearbook.

2.2 Data

Our primary data on steel sales is sourced from a steel consulting service company in China,
which compiles information from the Chinese Iron and Steel Association and direct firm
surveys. The dataset encompasses 87 major steel groups in China that operate 118 firms
distributed across six geographic regions in China: North (N), Northeast (NE), East (E),
Central South (CS), Southwest (SW), and Northwest (NW).2 The total steel sales of these
firms, measured in tonnage, accounted for 56.3% of total domestic sales in 2017, while
their exports constituted 44.2% of the country’s total steel exports.* The 2017 sales data
specifically detail the domestic steel sales from each firm to the six regional markets.

We observe steel flows from J major steel firms in China to the country’s six geographic
regions - Northeast, North, East, Central and South, Southwest, and Northwest - and the
export market, denoted by region 0. Each geographic region encompasses several provinces,
illustrated by Figure 2.

In addition, we compile information at the firm level from 2009 and 2017 on prices and

3See Table A2 in the Appendix for the geographic distribution of the sample firms.

#We calculate total domestic sales using output of finished steel products minus export. The inventory size
is small compared to the output and the export. Regional sales from firms outside the sample are estimated
by subtracting the total regional sales of the sampled firms from the overall sales in each respective region.
Similarly, exports from firms not included in the sample are calculated by subtracting the total exports of the
firms in our dataset from the national-level export figures.



Figure 2: Steel Supply and Demand by Region in China
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Note: The two solid gray lines represent the Yellow River (north) and the Yangtze River (south). Dashed
lines outline provincial boundaries, while solid lines define the six regions. Red bars indicate total sales in
each region, and blue bars represent total production, based on the authors’ calculations using the yearbook.



the physical quantity of inputs and output based on the data collected by the Chinese Iron
and Steel Association.” The input data include key material and energy inputs, number of
workers, size of furnaces (capacity), and utilization rates. Additionally, the dataset includes
information on firm ownership type, year of establishment, and location.

Steel trade flow Table 1 provides the percentage of steel from the sample firms in each
region sold to their respective destination regional markets and additionally, the overall
regional shares of demand and supply. We find an imbalance in demand and supply across
regional markets. While the North contributes to 33.9% of total steel output, the region
only consumes 20.1%. In contrast, being the most important steel consumer (39.4%), the
East merely contributes 33.4% of the output. In addition, we find that steel firms ship the
largest fraction of their overall sales in their home markets but sell less to more distant
markets. The percentage of the own-market sales varies significant, however. For instance,
firms in the Southwest supply almost exclusively in the home market (93.2%), whereas
those in the Northeast distribute approximately only one-third of their sales in their home
region. Overall, cross-region flows comprise a significant portion of steel sales, notably from
the Northeast and the North to the other regions. At last, China’s steel output is consumed
primarily in the domestic market, as export accounts for only 7.2% of the total sales.

Market structure Table 2 presents the number of firms competing in each regional mar-
ket, along with a breakdown based on firm location. The data highlight strong competition
across regional markets in general. However, the number of competitors in each regional
market varies significantly. For example, 99 firms operate in the East, whereas only 61 -
roughly half of the 118 firms - compete in the Northwest. These figures align with the main
findings from the trade flow data (Table 1), reinforcing the pattern that firms primarily sell
in their home regions and are less likely to ship steel to distant markets. While the average
market share remains relatively low across regional markets, firms tend to hold a higher
market share in their home regions (see Table A3).

Table 3 summarizes regional and national market share of the four largest (CR4) and ten
largest firms (CR10) based on firm-level and group-level sales, respectively. The relatively
low concentration ratios, as measured by CR4 and CR10, confirm the competitive nature
of the steel industry. Specifically, CR4 is only 15.5%, and CR10 is 26.3%, based on the
group-level sales. The concentration ratio in China is substantially lower than that of the

SThese data are collected by the Chinese Iron and Steel Association as part of regular data collection efforts
from all firms with annual steel production over 1 million tons. The integration of the sales and the input-
output datasets provides complete information for 62 firms. We develop a method in Section 4.3 to address
the data discrepancy issue.



world’s other major steel producers - the United States, EU, and Japan - whose four largest
firms hold a market share of 65%, 78%, and 83%, respectively.® However, there is notable
regional disparities. The Northeast and Northwest exhibit the highest market concentration
whereas the East has the lowest. This regional variation is also evident in Table A4, where
the most dominant firm in the Northeast and Northwest holds 16.92% and 13.42% of the
market share, respectively.

Ownership Following Brandt et al. (2022), we categorize firms by three basic types of
ownership: central state-owned, provincial state-owned, and private firms. Central SOEs
operate under the direct supervision of the State-Owned Assets Supervision and Admin-
istration Commission (SASAC). Firms that have been merged into central SOEs are also
classified as central state-owned. Provincial SOEs fall under the direction of provincial or
regional SASACs. Table 4 indicates that SOEs account for 60% of the overall steel sales in
the sample, of which the 13 central SOEs contribute to approximately one-third and the
remaining from the 39 provincial SOEs. Private firms dominate in number, however, on
average provide less than half of the steel from an average central SOE and roughly 60%
that of the provincial SOE.

Firm Size Firms vary significantly in size. Table 4 shows that firms at the 90th percentile
sell nine times more steel than those at the 10th percentile. This disparity is evident within
each ownership category. Firm capacity, measured by the total cubic meters of the blast
furnaces the firm operates, displays a consistent pattern. From Table 5, we find that the
average firm size in the fourth quartile is significantly larger than in the first quartile: the
difference is more than ninefold.

3 Model

This section presents a framework for demand and supply that accounts for producer lo-
cations and spatial variations in demand. Each province constitutes a distinct market, in-
dexed by n € {0,1,2,..., N}. Each plant j produces a specific variety of steel, indexed by
j € {0,1,2,...,J}. The industry consists of both single-plant firms and multi-plant firm
groups, which compete against a competitive fringe in each market where they operate.
We take the set of existing plants, their ownership structures, and their market presence as
given, focusing on the short-run pricing and production decisions of firms.

®These figures are extracted from Brandt et al. (2022), who report CR4 of EU and Japan in 2015 and the
United States in 2017.



Table 1: Region-to-Region Steel Flow (in Percentage)

Destination Region

| N | NE | E | CS | SW | NW | Export | All-Sample | All-Total
N 55.1% 1.7% | 24.4% 8.8% 2.3% 2.9% 4.8% 18.3% 33.9%
NE 8.0% | 35.4% | 29.2% | 11.5% 0.3% 0.4% | 15.1% 5.6% 7.5%
E 2.0% 0.8% | 78.6% 9.9% 1.9% 0.3% 6.5% 18.6% 33.4%
Supply CS 4.7% 0.5% | 17.7% | 66.5% 5.8% 2.0% 2.8% 7.8% 16.4%
SW 0.6% 0.0% 2.2% 3.1% | 93.2% 0.6% 0.4% 3.0% 5.3%
NW 3.3% 0.2% 3.9% 5.2% | 24.4% | 62.1% 0.9% 2.1% 3.6%
Other | 19.5% 4.2% | 38.4% | 17.4% 7.9% 3.6% 9.0% 44.6%
All 20.1% 4.4% | 39.4% | 17.2% 8.0% 3.7% 7.2% 100.0%

! The figure in each cell of the region-to-region matrix represents the percentage of steel from the sample
firms in each region or from outside firms sold to each destination region (column).

2 The last row presents the shares of total steel demand contributed by each region.

3 The last column presents the shares of steel provided by each region.

Table 2: Number of competing firms in each regional market by firm location

Destination Region
| N |NE|E | CS|SW | NW | Export | All domestic

N 49 | 24 140 | 36| 25| 24 18 49
NE 8 8| 8 8 4 4 7 8
E 18| 17130 | 23| 18| 16 19 30
Supply Region | CS 13 9115 | 18| 14 10 12 18
SW 1 2| 3 2 8 2 2 8
NW | 4 3| 3 4 5 5 2 5
All {93 | 63|99 |91 | 74| 61 60 118

! The figure in each cell represents the number of sample firms located in the
row region sold to the destination column region.

3.1 Demand

Steel demand originates from various downstream industries across all provinces. To model
consumer behavior in each market, we adopt a logit discrete choice framework. The indirect
utility of consumer i in province n purchasing from firm j is given by:

Ui jn = Ejn + ap; + BTjn + € jn, D

where ¢, represents the unobserved desirability (quality) of firm j’s product in market n, p,
is firm j’s steel price, and 7;, denotes the distance between firm j and the center of province
n. The term ¢, ;, is an idiosyncratic preference shock, which we assume to be i.i.d. across
consumers, following a Type I extreme value distribution.

10



Table 3: CR4 and CR10 in Regional Markets

| Firm | Group

Regional Market | CR4 | CR10 | CR4 | CRI10

N 11.84% | 25.94% | 21.81% | 33.69%
NE 33.80% | 49.43% | 34.59% | 50.36%
E 15.27% | 25.94% | 19.51% | 31.92%
CS 17.85% | 32.09% | 27.47% | 40.29%
SW 24.63% | 40.65% | 27.74% | 44.22%
NW 37.84% | 47.25% | 39.44% | 49.08%
Export 18.64% | 30.20% | 24.00% | 36.00%
All domestic regions | 8.53% | 16.96% | 16.51% | 27.36%

Table 4: Firm Sales by Ownership

Ownership | Firm Number | Mean | Std Dev | 10th | 90th
Total 118 | 4.64 4.52 | 0.84 | 10.00
Central SOE 13| 7.96 6.90 | 2.53 | 21.2
Provincial SOE 39 5.7 4.57 |1 0.36 | 14.1
Private 66 | 3.36 3.37 | 0.84 | 6.96

Notes: Sales are in 1 million tons.

Table 5: Summary Statistics of Firm Size by Size Quartiles

Firm Size Category

1 2 3 4

(0,2180] (2180, 4860] (4860,9232] >9232

Mean size 1396 3106 7115 14181
Std Dev 556 654 1357 5875

Notes: Firm size is measured by the total cubic meters (m?)
of all the furnaces the firm operates.

Since our dataset covers only the majority of production and sales, we make additional
assumptions to align the observed data with aggregate production and sales. Specifically,
we introduce a representative buyer 0 in each market who also purchases from local firms,
as well as a competitive fringe firm O as the outside option in each market.” We normalize
the mean utility of the outside option to zero and define the set of available options in

7See the Appendix for more details on the market shares of firm 0. We also exclude international steel
firms from our model since imports constitute a negligible portion of domestic consumption. For instance, in
2017, imports accounted for only 1.35% of domestic consumption.

11



market n as 7,,.
Each consumer selects an option j € 7, to maximize their utility. The logit demand
model implies that firm j’s sales in market n are given by:

Qjn = Up X Sjn(pj7p—j)7 (2)

where 1, denotes the market size of market n, and s;,(p;, p—;) represents firm j’s market

share:
exp(§jn + apj + BTjn)

1+ > exp(&m + apj 4 Brim)
i

Sjn(pj> D—j)

For estimation, we calibrate the market size y,, based on the output levels of downstream
industries that are the primary consumers of steel. Aggregating sales across all markets
yields the total sales of firm j:

Q= an(pjp-y)- (3)

3.2 Supply

A total of F' steel groups engage in Bertrand price competition, with each group may operate
multiple firms and selling in multiple markets. Each firm group f selects a vector of posted
prices to maximize its short-run total profit across all its products®:

max Z (pj - MCj> Q,(pj,p—j) 4)
€T

{pitiea;

s.t. Q;(pj.p—;) < @j

where each firm j faces a capacity constraint @j, under which it either equates marginal
revenue to marginal cost or “prices to capacity” (Kalnins et al., 2017).°
We assume that steel production follows a Leontief technology:

Q; = min{ 51 My, Boj Maj, B3 Ms;, B4V} exp(w; + €;). (5)

saying that plant j produces steel using three major raw material and energy inputs—iron
ore M, coke M,;, and coal Ms;—each entering production in fixed proportions. The term

8In our sample, 85% of the SOEs are either directly publicly listed or subsidiaries of a publicly listed parent
firm, alleviating concerns about their profit maximization objectives in this industry.

°An alternative approach to incorporating capacity constraints is to model a hockey-stick-shaped cost func-
tion, as in Ryan (2012). However, similar to Miller and Osborne (2014), we found it challenging to estimate
the shape parameters in our setting.

12



V; captures other unobserved inputs (from the researcher’s perspective) in a composite man-
ner, including unobserved costs or shadow costs of inefficiencies. The term w; represents
firm-specific heterogeneity in production (the logarithm of total factor productivity, TFP),
while e; denotes an i.i.d. error term.

The Leontief specification captures key characteristics of steel production. Capital (blast
furnace) serves as a capacity constraint, while the number of workers required to oper-
ate the furnace remains relatively fixed. Additionally, the quantities of intermediate in-
puts—such as iron ore, coke, and coal—are carefully calculated to match the furnace spec-
ifications, entering production in fixed proportions. Finally, the composite term w; + e;
reflects variations in the yield rate.

Leveraging our rich production dataset, we allow for substantial firm heterogeneity by
permitting the engineering parameters [ to vary across firms, incorporating unobserved
cost factors V;, and accounting for productivity differences through w;.

The optimality condition for a Leontief production function requires that:

PrjMij = BojMaj = B3; M35 = B3,;V;.

Thus, under capacity constraints, firm j’s marginal cost is given by:

Blj /Bv
Q; N exp(w; + ;)

3 5. 5 b
> ByMy + PV > 5t + 57
=1 =

MC; = ©)

where P;; represents the firm-specific unit cost of iron ore, coke, and coal, respectively, and
P,; represents the firm-specific unit cost of the unobserved input V;. The second equality
follows from the Leontief optimality condition and highlights that marginal cost is nega-
tively correlated with productivity heterogeneity.

4 Estimation

This section outlines our estimation strategy for the logit demand model using aggregate
sales data and the production function, leveraging input and output prices and quantities.

4.1 Demand Estimation

Our sales data is aggregated at the destination-region level by firm. For each firm, we
observe its posted price p; in 2017, its distance to markets 7;,, and its region-specific sales

13



Qjr, where r € {N, NE, E, CS, SW, NW}.

Market Size Calibration We assume that downstream consumers exhibit inelastic de-
mand for steel, meaning total sales in each market equal its market size. However, we do
not observe total sales in each individual province y,,; instead, we observe only regional
sales, denoted as 1, = ) .\ fin. TO recover province-specific steel sales 1,,, we employ an
input-output accounting equation:

o, = Z Vi Xni,

where X,,; serves as a proxy for industry ¢’s output level within province n. Possible proxies
include industry total value added in car manufacturing and railway construction. The
parameter ~; captures steel usage per unit of output in industry i.

Aggregating these province-level input-output relationships to the regional level yields
the following regression model for estimating the parameters ~:

o :7/ Z Xy + Grs

TLGNT

where X, is the vector of downstream industry output in market »n and ¢, is a region-specific
residual.

Once we obtain region-specific residuals an, we allocate them to provinces within each
region proportionally to the deterministic component of each province’s steel consumption.
This allocation follows:

An =X+ Gay

where the provincial residuals are computed as:

- X, o~
Cn = =~ Cr-
Zn’ENr g X”/

By construction, our calibrated provincial market sizes 7i,, ensure that the sum of province-
level sales within each region aligns with observed regional sales.

Demand Parameter Estimation We now describe how to estimate the parameters of the
logit demand model. Before proceeding, we need to address a few implementation issues.
First, because our sales data is aggregated at the destination-region level by firm, we assume
that the unobserved desirability of firm j’s product is only firm-region-specific, denoted as

14



&r(n)- Second, our estimation problem may suffer from typical price endogeneity, meaning
the unobserved desirability ;,(,) and price p; might be correlated. A common approach is
to use cost shifters as instruments for output price. However, the reported unit cost of iron
ore and coal in our data includes transportation costs, which may still correlate with the
firm-region unobserved desirability ¢;,(,). To control for such correlations, we assume that
the unobserved desirability of firm ;’s product can be decomposed as:

Eirtm) = &5+ &rm) T gjr(n)a (7)

where the decomposition separates transportation-related factors, which are captured by
the firm-specific effect ¢; and the region fixed effect &, (,,). We assume that the residual firm-
region desirability &;, is uncorrelated with the unit cost of iron ore and coal, i.e., Z; L &;,.

Furthermore, we use the residual desirability and the average firm-to-province distance
within the corresponding region (7;,.) to construct an additional moment condition. There-
fore, we define the following moment conditions for estimation:

Zore,j

E ~jr(a7 B) * | “coal,j =0, (8)

Tjr

where Ejr(a, f) is obtained by equating the observed market shares from our data with
those implied by our model for a given parameter («, ).

We provide a numerical algorithm for computing & (a, 3), which follows the standard
fixed-point iteration approach in Berry (1994); Berry et al. (1995). ' Specifically, for each
parameter pair («, ), we solve for the unobserved quality term ¢;, by iterating on the
contraction mapping:

0D = ¢ 1 log s — log s(¢Y; v, B),

until convergence. Here, s(¢; a, ) represents the model-implied firm-region market shares,

which are computed by aggregating firm-level demand across locations: Q;, = > .\ ¢jn(pj, P—j),
— _ Qir

B er’ Qj’r
ensures consistency between the observed and predicted market shares, and the estimated

and defining firm-region market shares as: s;,(§; @, ) . The fixed-point iteration

residual & ;(a, B) is obtained by regressing the solved ¢;, on firm- and region-fixed effects.

10Since all firms in our data operate within their capacity constraints and have constant marginal costs,
the contraction mapping applies well using the observed shares. Miller and Osborne (2014) accommodates
a nonlinear cost function and offers an efficient algorithm for solving the model for each combination of
parameters and unobserved heterogeneity.
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4.2 Recovering Marginal Costs

From the price competition model in Equation 4, the optimal pricing strategy for each firm
j € J; satisfies the following first-order condition:!!

0Qj
Q-+ Y (P = MO GE <o
P,

Jj'edy
Collecting the first-order conditions across all J firms, we obtain the pricing system:
Q- AP -MC) =0,

where Q, P, and MC are vectors representing firm output, firm price, and marginal cost,
respectively. The J x J matrix A is defined as:

—9 - if kG e Ty,
J

0, otherwise.

where the own-price and cross-price derivatives % is calculated as follows:
J

8Qk Z aﬂn(l - Skn)skna lfj = k:7

n

aP] - Z QUnSknSjn, lfj 7é k:7

where s, and s;, denote the predicted market shares of firms £ and j in market n, de-
rived from the demand system, and y,, represents the market size of n, calibrated from the
regional level input-output relationships.

In summary, we estimate marginal costs by inverting the first-order conditions:

MC =P - A !Q.

All terms on the right-hand side are either observed or estimated.

4.3 Production Function Estimation

Our production data, spanning 2009 to 2017, is at the firm level and includes input and out-
put prices and quantities. To account for firm heterogeneity, we allow production function

HAll firms in our 2017 sales data operate within their capacity constraints. This approach can be adapted
to cases where some firms are constrained and price to capacity.
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parameters to vary across firms. Taking the logarithm of the production function involving
iron ore, ); = 1M exp(w; + ¢€;), yields the following expression: log Q;; — log M, =
log 81 + wj: + €, where the time subscript is included.

In the first step, we classify firms into four size groups (averaged across years) and allow
p1; to vary by size group. We then estimate these coefficients using ordinary least squares:

log Qj; — log My j; = log Bix(j) + wje + €jt, C))

where k(j) € {1,2,3,4} and the left-hand side represents the logarithm of the yield rate.
We can estimate firm-level total factor productivity (TFP) as:

wjt/"f:jt = (10g th — log Mljt) — log glﬁ(j).

Additionally, we compute the engineering coefficients for coke and coal as:

— Mljt — Mljt
— e X — J— e X .
Bth 61 ) Mth 53]t Bl ) M3jt

using the optimality condition for the Leontief production function.

Having obtained these production function coefficients, we infer the unobserved com-
ponent in the marginal cost, i.e., the unobserved input V' from the cost function (6), using
estimated marginal costs from the demand system and the production function parameters:

Pv . e P
jt ljt
5— = exp(wjt + €jt)MCjt— — . (10)
’th ~~ =1 /Bl]t

~~ TFP-neutral marginal cost

unobserved component :
" observed input cost
MG, MC,

We denote the observed and unobserved components of marginal cost as M C%, and M C%,
respectively. Consequently, the estimated marginal cost from firm’s price optimization can

be decomposed into observed input costs and unobserved cost factors.

Additional Extrapolation While our demand data includes 118 firms, production infor-
mation is available for only 62. To address missing input price and quantity data, we con-
struct proxies using firms with complete information. Specifically, we estimate proxy prices
based on firms in the same region and size category. Additionally, we infer the unobserved
cost component M 'y from firms within the same region-size group. Using these imputed
values, along with the estimated marginal cost m and technical coefficients Eljt, we re-

—

cover firm productivity estimates w;; + €.
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5 Estimation Results

5.1 Demand Estimates

To examine the relevance of the input prices with the endogenous steel price, we present
the results from the first stage regressions in Table 6. The findings indicate that both the
iron ore and the coal prices are positively correlated with the steel price, and the coefficients
are statistically significant. In Column (4), We further include the distance to the closest
iron ore mine, seaport, and river port in the regression considering that the transport costs
may also influence the steel price. However, Column (4) shows that these factors are not
statistically significant. This insignificance is likely because the calculation of the input
prices incorporates the transportation cost, thereby absorbing their potential influence on
steel prices. As a result, we only include iron ore and coal prices as instruments for steel
price in the demand estimation.

We estimate the demand model by leveraging the granularity of the sales data of 2017
and present the estimated coefficients in Table 7.2 In addition to the results for the full
model in Column (4), we also estimate a simple logit model that excludes buyer-seller dis-
tance and a demand model that does not account for endogeneity. Column (2) indicates a
significant downward bias in the price coefficient («) when buyer-seller distance is excluded
from the model, leading to a biased price elasticity. Additionally, failing to address the en-
dogeneity issue biases the price coefficient upward, as shown in Column (3). Therefore,
the subsequent analysis will be based on the estimates in Column (4).

The estimated coefficients on price («) and distance () have negative signs as expected.
Economically, sourcing one ton of steel from a location 1,000 kilometers farther away in-
curs on average a highway transportation cost (including miscellaneous fees) of 500 CNY.
The demand estimates suggest that the marginal value of a travel distance of 1,000 kilo-
meters is equivalent to 2,408 CNY (-3.022/1.255*1000 CNY), more than fourfolds of the
average transportation cost. This may reflect the loss of utility resulting from supply chain
uncertainties related to long-distance sourcing, which could affect the timely use of steel
in production. A home bias preference associated with local protectionism is another likely
explanation. To investigate how the estimated model fits the data, we generate firm-level
market shares using the estimated model in each region and compare the generated mo-
ments with the data. Table A6 indicates that our model in general effectively captures the
average market share in each regional market.

Using the estimated coefficients for the demand model, we calculate firms’ own-price

12We only use the 2017 sales data for the estimation due to the lack of information on firms’ regional sales
in previous years.

18



elasticity both in the overall domestic markets and within each regional market as well.

Own- and cross-price elasticity The own-price elasticity of demand of firm j in all des-
99; pj
dp; Qj
elasticity of demand are characterized as follows:

tination markets is defined as . From the model above, the own- and the cross-price

> tnSin(l = Sjn)

9Qiri g,

Ip; Q; > HnSjn
Zﬂnsjnskn

Qi e _ e ifk £

0pk Qj Zﬂ'nsjn

where s, and sy, are the respective predicted market shares of firm j and & in market n.

Elasticity of distance The elasticity of distance of firm j in each destination market n
9Qjn Tin.

is defined as T B

. From the model above, the elasticity of distance is characterized as

follows:
OQjn Tjn
aTj n Q n

where 7, is the distance between firm j and the center of market n, measured in 1,000

= 5<1 - Sjn)ij

kilometers.

We estimate an average price elasticity of —4.26 in the domestic steel market (see Table
A7), which aligns with values reported in the existing literature. For comparison, the aver-
age own-price elasticity of cars by year ranges from —4.23 to —5.78 in Grieco et al. (2024),
while Berry et al. (1995) estimate own-price elasticities for car models in 1990 between
—3.09 and —6.76. Similarly, the firm-level elasticity of concrete varies from —2.84 to —3.75
across specifications in Miller and Osborne (2014).!® Table 8 further emphasizes the role
of geography in understanding steel demand. On average, firms face less elastic demand
in their home markets, and price elasticity within each regional market generally increases
with proximity to suppliers. Additionally, the elasticity of distance in Table 9 shows that
demand is highly elastic in distance and becomes increasingly elastic as the seller-buyer
distance grows. This result highlights the importance of the shipping distance in shaping
the steel market demand.

13Li et al. (2025) report a lower elasticity of —1.83, estimating steel demand under a constant price elasticity
specification without accounting for spatial heterogeneity in demand and strategic interactions among firms.
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Table 6: Regressions of Steel Price on IVs

(D) (2) (3) C))
Variables steel price steel price steel price steel price
ore price 4.662%** 2.447%%*  2.129%**
(0.522) (0.594) (0.802)
coal price 2.320%**  1.673***  1.752%**
(0.222) (0.265) (0.345)
mine 4.60e-07
(4.86e-07)
river 0.00634
(0.140)
sea 0.0393
(0.135)
Constant 0.525* 1.251%** 0.423 0.475*

(0.288) (0.178) (0.264) (0.285)

Observations 204 204 204 204
R-squared 0.283 0.351 0.401 0.405

Notes: Mine, sea, and river represent the distances (in 1,000
kilometers) from a steel firm to the nearest iron ore mine, sea-
port, and river port, respectively. These data are based on the
authors’ calculations.

Table 7: Demand Estimates

(D) (2) (3) 4)
Coefficients OLS-logit  IV-logit  OLS-logit  IV-logit
o -0.751%%*% 5.076%** -0.920%*%* -1.255%%%
(0.243) (1.088) (0.092) (0.064)
3 -2.546%*%  .3,022%%*
(0.237) (0.138)
Number of firms 118 118 118 118

Notes: Standard errors are reported in parentheses.

5.2 Production Function and TFP Estimates

Table 10 presents the estimation results for the production function (equation 9), based on
firm-level input and output data from 2009 to 2017.'* Firms in size category 1 serve as the
reference group. These estimates allow us to recover the technical coefficients for iron ore
(B11) across the four size groups, as well as firm-level TFP estimates (see Table A11). Since

14Firm size category follows the size quartiles presented in Table 5.
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Table 8: Estimates of Own Price Elasticity by Region

| Destination Region

Supply Region \ North Northeast East Central South Northwest Southwest

North -4.07 -4.18 -4.11 -4.11 -4.15 -4.15
Northeast -4.07 -3.83 -4.06 -4.06 -4.18 -4.18
East -4.75 -4.79 -4.54 -4.66 -4.76 -4.70
Central South | -4.74 -4.85 -4.67 -4.53 -4.82 -4.66
Northwest -4.77 -5.01 -5.00 -4.77 -4.28 -4.57
Southwest -4.90 -4.61 -5.03 -4.59 -4.59 -4.44

Each cell entry represents the average own-price elasticity of firms from the row
region selling in the column region. This value is calculated using the own-price
elasticities of firms operating within each province of the respective region.

Table 9: Elasticity of Distance by Region

| Destination Region

Supply Region \ North Northeast East Central South Northwest Southwest

North -1.23 -3.03 -3.00 -4.26 -3.97 -5.01
Northeast -2.54 -1.46 -4.04 -6.15 -6.04 -6.91
East -2.51 -4.07 -1.54 -3.38 -5.40 -5.09
Central South | -3.07 -5.89 -2.46 -2.28 -4.41 -3.48
Northwest -4.37 -7.80 -7.22 -5.93 -2.68 -4.04
Southwest -5.71 -7.84 -4.50 -2.99 -3.84 -1.79

Each cell entry represents the average elasticity distance of firms from the row re-
gion selling in the column region. This value is calculated using the distance elas-
ticities of firms operating within each province of the respective region.

we allow the technical coefficients for coke and coal to be firm-time specific to account for
allocative errors in the Leontief optimality condition, these coefficients are computed using
the estimates in Table 10. We then report the mean values of these coefficients for each
firm size category in Table 11.

Table 10 shows that the coefficients for firm sizes 3 and 4 are significantly positive,
with the coefficient for size 4 being larger than that for size 3. This suggests that larger
firms benefit from a technical efficiency premium in the use of iron ore. The efficiency in
coke use exhibits a consistent size premium, as indicated by the estimates associated with
P2 in Table 11. However, for both iron ore and coke efficiency, the size premium remains
relatively small. In contrast, coal efficiency (33) follows a reversed pattern across firm sizes,
suggesting that larger firms are more energy-intensive. Additionally, the recovered TFP
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estimates show only slight dispersion, with firms at the 90th percentile being merely 7%
more productive than those at the 10th percentile. Given that firm TFP in this Leontief
production process primarily reflects how firms manage the use of raw materials, it likely
overlooks other, potentially more significant, differences in firm efficiency.

Table 10: Production Function with Iron Ore (In Log)

(1)
VARIABLES  log Q;: — log My

firmsize2 0.00414
(0.00408)
firmsize3 0.0152%**
(0.00409)
firmsized 0.0256***
(0.00410)
Constant -0.539%**
(0.00289)
Observations 619
R-squared 0.072

Table 11: Input Coefficients by Firm Size Category

Firm Size Category
1 2 3 4

B1 0.583 0.585 0.592 0.598
B2 2.526 2.666 2.655 2.789
Bs 7.619 7.297 7.138 6.890

5.3 Marginal Cost and Markup

After recovering the marginal cost at the firm level, we calculate Lerner’s index P;Jﬂw as a
measure of firm markup. The average markup is 0.241 and ranges from 0.153 to 0.334 (see
Table A12), illustrated by Figure 3. Our markup estimates align with values reported in the
existing literature. For comparison, the median markup of cars by year ranges from 0.185
to 0.325 in Grieco et al. (2024), while Berry et al. (1995) estimate an average markup of
0.239 for car models in 1990. Miller and Weinberg (2016) estimate an average markup of
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0.34 in the U.S. brewing industry.!®

Following Equation 10, we calculate TFP-neutral marginal cost and further decompose
it into an observed input cost (M (C°) attributed to the use of the three primary inputs
- iron ore, coke, and coal - and an unobserved component (M C*) due to the unobserved
composite input and constraint. Table 12 presents the summary statistics of the decomposed
marginal costs. The average firm marginal cost is 2,649.8 Chinese Yuan (CNY hereafter) or
366.10 USD. However, there is a noticeable variation, as firms at the 90th percentile incur
44% higher costs than those at the 10th percentile. In addition, the TFP-neutral marginal
cost differs only slightly from the estimated marginal cost. While the observed input cost
accounts for two-thirds of the total marginal cost, they explain only a small fraction of the
differences in total marginal cost (see Table A13). In contrast, the unobserved component
in marginal cost accounts for the majority of the variation in the estimated marginal cost;
the standard deviations of the two stay at similar magnitudes.

To explore the factors that drive the cost difference, we run regressions of the unob-
served component in marginal cost on various firm characteristics and summarize the re-
sults in Table 13. Column (1) shows that the coefficient on product quality is positive and
significant, with this factor alone explaining 20% of the variation in this unobserved compo-
nent.'® Scatter plots of M C* against product quality in Figure 4 further illustrate the strong
positive relationship between the two. In addition, Column (2) shows that larger firm size
is associated with lower costs. This result remains robust after controlling for region and
ownership fixed effects (Column (3)) and when replacing firm size category dummies with
a more precise measure of firm size—firm capacity (Column (4)).!” In particular, doubling
firm capacity leads to a cost reduction of 229.2 CNY, holding other conditions constant,
which corresponds to 8.6% of the average marginal cost. Furthermore, both Columns (3)
and (4) suggest that private firms on average are more cost-efficient than their state-owned
counterparts after controlling for firm size and location. Overall, product quality, owner-
ship, firm size (or capacity), and region fixed effects combined explain 40-50% of the total
variations in the unobserved component in marginal cost. The residuals from the above
regressions associated with unobserved firm characteristics explain the remaining portion

150ur estimates also suggest an average price-cost margin (P/M(C) of 1.32 in 2017 for the major Chinese
steel firms, higher than the estimate in Brandt et al. (2017) that the price-cost margin in 2007 for broader
coverage of firms in the smelting and processing of ferrous metals industry is 1.14.

16Product quality is the perceived valuation of the firm’s product (¢;) from the demand estimation after
teasing out the potential effect of the firm’s proximity to the nearest river ports, seaports, and iron ore mines.

17To deal with potential measurement errors in the reported capacity data, firm capacity is calculated
using the sales divided by the firm-level capacity utilization rate. For firms lacking information on capacity
utilization, we use the average capacity utilization rate of the firms in the same size category and the same
geographic location as a proxy.
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Figure 3: Distribution of Firm Markups
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of the cost variations and serve as a critical margin of firm efficiency, which we use in the
subsequent merger analysis as the extent of cost savings depends on the transferability of

firm-level heterogeneity.

Table 12: Summary Statistics of the Marginal Costs

MC  TFP-neutral MC  MC° MC™
mean 2649.8 2671.9 1802.4 869.5
Std Dev | 471.2 483.1 111.7 466.6
pl0 2253.1 2267.0 1713.4 527.6
p50 2485.8 2507.8 1791.8 718.6
p90 3245.0 3295.3 1948.7 1444.5

3 ~
Notes: Observed input cost M C° = " Pj;,;/Bjk; TFP-
j=1

neutral MC = exp(wikt/Jr\eikt)]\TC?kt; unobserved com-
ponent M C" = TFP-neutral MC — MC®.
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Table 13: Unobserved Component in Marginal Cost and Firm Characteristics

(D) (2) (3) )
VARIABLES MC™ MC™ MC McC*
product quality 136.4*** 177.7*** 170.7***  218.6%**
(24.93) (28.48) (27.08) (28.10)
firmsize2 -155.2 -152.7
(101.5) (93.73)
firmsize3 -294.2*%*  -434.0%**
(115.4) (107.1)
firmsize4 -391.0*%** -518.7***
(134.7) (126.7)
private -350.0%** -378.5%**
(127.0) (121.4)
provincial -86.23 -191.0
(125.7) (117.2)
age 0.342 0.819
(1.838) (1.756)
logcap -229.2%**
(39.74)
Constant 766.5%**  923.4*** 1 468***  4,676***
(42.82) (75.53) (160.3) (596.2)
Observations 118 118 118 118
Adjusted R-squared  0.198 0.248 0.426 0.474
Region FE NO NO YES YES

Notes: Firmsize2, firmsize3, and firmsize4 are firm size dummies.
Private and provincial are ownership dummies for the private and
the provincial state-owned firms respectively. Central SOEs are the

reference group. logcap captures firm capacity in logarithm.

6 Counterfactual Analysis

6.1 Merger Analysis

The Chinese central government has long regarded mergers and acquisitions (M& A) as a
crucial policy tool for reducing excess capacity and enhancing industry performance. On
September 19, 2016, the State Council issued a top-level strategic plan titled “Guiding
Opinions on Promoting Mergers, Reorganizations, and Handling Zombie Enterprises in the
Steel Industry,” specifying that by 2025, approximately 60% to 70% of China’s steel produc-
tion would be concentrated within roughly ten major steel groups. The goal of increasing
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Figure 4: Unobserved Component in M C' and Product Quality
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market concentration was repeatedly emphasized in several subsequent policy documents.
Following the policy initiatives, a significant number of M & A events have taken place. No-
tably, from 2018 to 2024, these activities have reduced the number of steel groups in our
sample from 87 to 64. This section aims to evaluate and compare the effects of mergers
on firm markups, market equilibrium, and welfare across various counterfactual merger
scenarios.

Our considerations are based on the following three criteria in relation to the three key
frictions confronting the Chinese steel industry - local protectionism, ownership restriction,
and scale bias. First, we consolidate firms both nationwide and within regional boundaries.
Second, we consider mergers within and across ownership types, i.e., state-owned and
private. Third, for each merger case, we select a leading firm either as the largest firm
by size within the scope defined by criteria 1 and 2 or as the most efficient among the
top three largest firms. Here, we define firm efficiency as the residuals in the regression
of the unobserved component in marginal cost M C" on the firm characteristics described
in column (4) of Table 13. The combination of these three criteria yields eight merger
scenarios, as illustrated in Table 14. Since we account for existing ownership structures,
including cross-regional groups, whenever the identified regional leading firms belong to
the same existing group, the newly merged regional firms are treated as a single cross-
regional entity. This explains why regional mergers result in slightly fewer groups than the
total number of regions.

For each counterfactual scenario, we examine the merger outcomes with and without
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Table 14: Counterfactual Designs

Experiment Leader Scope Ownership # of Groups
1 Efficiency Nationwide Across 1
2 Size Nationwide Across 1
3 Efficiency Nationwide Within 2
4 Size Nationwide Within 2
5 Efficiency Regional Across 4
6 Size Regional Across 5
7 Efficiency Regional Within 10
8 Size Regional Within 10

accounting for cost gains induced by mergers. Specifically, we consider two sources of cost
gains: 1) Iron ore cost reduction. Firms are allowed to source iron ore at the lowest avail-
able price within their newly merged group. This lowest price is identified as the minimum
unit cost paid by any firm within the same group, excluding transportation-related costs.
We then recalculate each firm’s marginal cost using the sum of this minimum price and
its transportation-related costs.'® 2) Efficiency improvement. Firms within each consoli-
dated group are permitted an efficiency gain by adopting the efficiency level of their group’s
leading firm, defined above as the residual from the unobserved component in cost M C".
Marginal costs for each firm are then recalculated using these newly assigned efficiency lev-
els. This improvement can be attributed to the potential learning effects within the newly
merged group and the transfer of advanced managerial knowledge from the leader firm
to its subsidiaries after the merger. In the counterfactual analysis, we also consider the
combined cost gains from the two sources mentioned above.

We report the percentage changes in the average marginal costs for the different coun-
terfactual scenarios in Figure 5. Table A14 presents the corresponding marginal cost esti-
mates, along with the average marginal cost under a scenario that accounts for actual M&A
activities from 2018 to the present. Holding other dimensions constant, mergers directed
by leader firms selected based on efficiency rather than size result, on average, in greater
cost reductions (scenarios 3 vs. 4, 5 vs. 6, and 7 vs. 8). Additionally, removing ownership
restrictions allows firms to achieve larger cost-efficiency improvements following mergers
(scenarios 1 vs. 3, 2vs. 4, 5vs. 7, and 6 vs. 8). However, we observe differential effects
when removing geographic boundaries. For instance, mergers occurring within regions
and ownership types yield larger average cost reductions compared to mergers across ge-
ographic boundaries (scenario 3 vs. 7). This occurs because within-region mergers enable

18We regress the observed total unit cost paid by firms on their proximity to the nearest seaports, river ports,
and iron ore mines, and subsequently collect the residuals and predicted values. This method decomposes
the iron ore unit cost into transportation-unrelated and transportation-related components.
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smaller yet more efficient private firms to lead the merged groups. Overall, firms experience
the most significant cost improvements when both geographic and ownership restrictions
are removed, as indicated by the first and second clusters in Figure 5. Specifically, when
firms benefit from cost synergies stemming from both lower input prices and enhanced effi-
ciency, average marginal costs decrease by approximately 15%. This is followed by within-
region mergers across ownership types, with an average marginal cost reduction of 13.5%,
and within-region mergers within ownership types, achieving a cost decrease of 12.5%.

Figure 5: Percentage Changes in the Average Marginal Costs
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Notes: In each cluster, the 1st bar represents the percentage change associated with lower ore
prices, the 2nd bar with lower efficiency, and the 3rd bar with both.

Since firms’ capacity is fixed in the short run, those expanding production following
mergers and subsequent cost adjustments may encounter binding capacity constraint.’
Therefore, for each experiment described above, we incorporate the updated ownership
and marginal cost structures into a Bertrand competition model with capacity constraints.
Holding demand fixed, we then solve the model (4) to determine the new equilibrium prices
and sales.?°

YThere is a small but growing literature that incorporates capacity constraints in demand estimation. For
example, Ching et al. (2015) estimate demand under capacity constraints in the Wisconsin nursing home
market in 1999 and assess the impact of relaxing these constraints. Similarly, Miller and Osborne (2014)
model capacity constraints using a hockey-stick-shaped cost function that depends on capacity utilization
following Ryan (2012).

20We present in Appendix B.2 the computational steps used to solve the model.
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We present the simulation results in Table 15 corresponding to the counterfactual sce-
narios described above, without marginal cost adjustments and with cost adjustments due
to iron ore cost reduction, and efficiency improvement combined with the iron ore cost
reduction.

The percentage change in firm markups ranges from 10.9% to 43.5% across counterfac-
tual scenarios without cost adjustments but with strengthened market power. When the
entire industry is consolidated into a single group (excluding fringe firms), the average
market price increases by 15.9%, while sales accounted for by the newly configured group
decline by 28.4%. Nevertheless, total variable profits increase by 17.4%. The enhanced mar-
ket power significantly reduces consumer surplus by 38%, more than offsetting the profit
gain and resulting in a net welfare loss of 15.4%. If firms realize substantial cost-efficiency
improvements following the merger, the average markup for the consolidated group can
rise by as much as 61.4%. Variable profits increase further, and the efficiency gains reduce
the loss in consumer surplus. These combined effects yield a net welfare gain of 16.7%.

Our simulation results suggest that a welfare gain can be achieved if firms experience
sufficient post-merger cost efficiency improvements. The magnitude of this gain depends on
the interplay between enhanced market power and efficiency gains. The most prominent
welfare improvement among our designed experiments occurs when mergers take place
within regions and ownership types and, in particular, are guided by the most efficient
leader firms (experiment 7). A modest increase in market power and a strong cost reduc-
tion of 12.5% lead to a markup increase of 26.7%, which coincides with a price reduction
of 4% and a sales expansion of 8.6%. The 37.9% increase in variable profit and a consumer
surplus gain of 14.4%—the highest consumer surplus gain among the designed counterfac-
tual scenarios—jointly contribute to an overall welfare improvement of 24.1%. In addition,
the CR10 reaches 61.1%, aligning with the policy goal.

Figure 6 presents scatter plots of consumer surplus and firm profits (in CNY). The color
coding illustrates three possible merger outcomes: blue represents mergers that solely in-
crease market power, red indicates mergers that also reduce iron ore prices, and green
signifies mergers that lower both iron ore prices and unobserved components in marginal
cost M C™. For comparison, filled shapes correspond to the actual market structure by the
end of 2024, while the star marks our 2017 data. Notably, experiments 1 and 2 yield iden-
tical outcomes because the largest Chinese steel firm is also the most efficient among the
top firms by size. A few notable patterns emerge from this figure. First, when market power
effects dominate, there is a negative monotonic relationship between firm profits and con-
sumer surplus. However, nonmonotonicities appear if firms achieve substantial cost reduc-
tions through lower iron ore prices and improved efficiency (green). Second, experiments 3
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and 5 highlight the trade-off between allowing nationwide mergers versus cross-ownership
mergers. Although experiment 5 focuses solely on regional mergers, cross-ownership merg-
ers can generate gains in both consumer surplus and firm profits. On one hand, regional
mergers limit the growth of market power, thus imposing fewer harms on consumers. On
the other hand, some private firms thrive under regional mergers because, despite their
efficiency, they only rank among the top firms locally. Finally, experiments 4 and 6 show
the opposite outcome when the leading firm is determined primarily by its size.

Table 15: Merger Simulation Results

Experiment Effects | AMC APrice A Sales A Markup | AProfit ACS A Welfare | CR10

1 Mp 0.0% 15.9% -28.4% 43.5% | 17.4% -38.2% -15.4% | 40.3%
1 MpPo -4.8% 13.8% -24.4% 52.0% | 28.8% -33.6% -8.0% | 42.5%
1 MpPoMc | -15.0% 5.6%  -7.6% 61.4% | 57.3% -11.7% 16.7% | 52.0%
2 Mp 0.0% 15.9% -28.4% 43.5% | 17.4% -38.2% -15.4% | 40.3%
2 MpPo -4.8% 13.8% -24.4% 52.0% | 28.8% -33.6% -8.0% | 42.5%
2 MpPoMc | -15.0% 5.6%  -7.6% 61.4% | 57.3% -11.7% 16.7% | 52.0%
3 Mp 0.0% 7.3% -13.7% 21.5% | 12.7% -20.0% -6.6% | 48.6%
3 MpPo -4.2% 4.7%  -8.7% 26.9% | 22.0% -13.2% 1.3% | 51.4%
3 MpPoMc | -10.5% 0.1% 1.6% 32.8% | 39.7% 2.4% 17.7% | 57.1%
4 Mp 0.0% 7.3% -13.7% 21.5% | 12.7% -20.0% -6.6% | 48.6%
4 MpPo -4.2% 4.7%  -8.7% 26.9% | 22.0% -13.2% 1.3% | 51.4%
4 MpPoMc | -9.5% 0.8% 0.2% 31.4% | 37.9% 0.2% 15.7% | 56.4%
5 Mp 0.0% 7.8% -12.9% 229% | 11.8% -18.7% -6.2% | 49.0%
5 MpPo -4.4% 5.1% -7.8% 28.8% | 20.5% -11.6% 1.6% | 51.9%
5 MpPoMc | -13.5%  -1.0% 3.8% 39.2% | 43.9% 6.3% 21.7% | 58.4%
6 Mp 0.0% 7.4% -12.3% 21.9% | 11.4% -17.9% -5.9% | 49.3%
6 MpPo -4.3% 4.8%  -7.3% 27.6% | 19.9% -10.9% 1.7% | 52.1%
6 MpPoMc | -8.3% 21%  -2.6% 31.7% | 31.3% -3.8% 10.6% | 54.8%
7 Mp 0.0% 3.5%  -6.1% 10.9% 6.7% -9.3% -2.7% | 52.8%
7 MpPo -3.4% 1.2%  -1.5% 14.5% | 13.3% -2.3% 4.1% | 55.4%
7 MpPoMc | -12.5%  -4.0% 8.6% 26.7% | 37.9% 14.4% 24.1% | 61.1%
8 Mp 0.0% 3.7%  -6.8% 11.4% 7.3% -10.2% -3.0% | 52.4%
8 MpPo -3.6% 13% -1.9% 15.2% | 14.3% -2.9% 4.2% | 55.2%
8 MpPoMc | -6.4%  -0.8% 1.7% 17.8% | 18.9% 2.9% 9.5% | 57.2%
Actual Mp 0.0% 0.4%  -1.0% 1.2% 1.2% -1.6% -0.5% | 33.8%
Actual MpPo -1.6%  -0.8% 1.9% 2.8% 5.0% 2.9% 3.8% | 36.0%
Actual MpPoMc | -9.7%  -5.0% 12.5% 16.1% | 34.9% 21.8% 27.2% | 44.4%

Notes: Mp corresponds to the scenario without marginal cost adjustment, MpPo with iron ore cost reduc-
tion, and MpPoMc with both the iron ore cost reduction and efficiency improvement.

6.2 Shifting Downstream Demand

The rapidly growing construction sector in China has made itself the most important do-

mestic consumer of steel. Using the size of the floor space in completed buildings in 2017
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and the estimates in Column (3) of Table A5, we find the construction sector accounted for
45% of the total steel consumption in the same year.?! However, the slowdown of the real
estate sector - in particular after the Pandemic - resulted in a shrinking demand for steel
by the construction sector. For example, the size of the floor space in completed buildings
declined by 8% nationwide in 2023 compared to 2017. However, the change rate varies
significantly by province. To capture the resulting change in steel demand, we use the ac-
tual change in the size of the floor space in completed buildings in 2023 and the estimates
in Column (3) of Table A5 to calculate the new demand for steel in the respective province.
We feed the new demand into the previously estimated structural model and simulate the
new equilibrium prices and sales at the firm level. We report the simulation results of the
equilibrium prices and the sales in Table 16 and the domestic trade flows before and after
the demand shock in Tables 17 and 18.

The demand shock affects the six geographic markets asymmetrically. The Northeast
and Southwest experience the most significant declines in steel demand. However, in ab-
solute terms, the East suffers the most severe decline, as it accounted for 42.5% of total
domestic steel demand in 2017—the largest share, driven by its strong regional economic
performance in China. In response to the negative demand shock, firms universally scale
back production, yet prices remain stable, as shown in Table 16. Our results indicate that
trade flow patterns persist, as the shares of firm sales to each destination region remain
stable. In the Southwest, where firms sell more than 90% of their steel within the region,
the 10.5% downstream decline is almost fully passed through to local steel firms. A similar
pattern is observed in the East. However, in other regions, the decline in steel demand does
not fully translate into a proportional reduction in production. Instead, firms in the North,
Central South, and Northwest experience an asymmetrically greater loss in sales than the
rate of downstream decline in their home markets. Additionally, spatial demand variation
can mitigate the slowdown effect on local firms. For instance, while the Northeast faces
a 9.21% decline in demand, Northeast firms see only a 5.95% reduction in sales, as more
than 60% of their sales occur in other regions.

7 Conclusion

This paper examines market power in the Chinese steel industry by incorporating the ge-
ographic distribution of producers and spatial variations in downstream demand into a
structural demand and supply framework. Using detailed industry data, we estimate key

21This figure likely underestimates the share of steel consumption attributed to the construction sector due
to the steel used in buildings currently under construction and new projects initiated during the year.
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Table 16: Effects of Shifting Demand from the Construction Sector

Demand Average Price Average Firm Sales
(million tons) (CNY) (million tons)
Region | 2017  Simulation Change | 2017 Simulation Change | 2017 Simulation Change
N 210.60 212.72 1.01% | 3274.70 3274.84 0.00% 3.74 3.68 -1.61%
NE 45.91 41.68 -9.21% 3248.8 3247.93 -0.028% | 6.23 5.86 -5.95%
E 413.00 393.73 -4.67% | 3657.78 3657.91 0.00% 6.08 5.81 -4.42%
CS 180.81 180.52 -0.16% | 3663.88 3663.76 0.00% 4.41 4.36 -1.07%
NW 38.59 38.34 -0.63% | 3682.53 3684.37 0.050% | 4.31 4,18 -3.14%
SW 83.87 75.07 -10.50% | 3686.08 3684.46  -0.044% | 3.86 3.45 -10.60%
Table 17: Domestic Steel Trade Flows (2017)
\ Destination Region \
Supply Region \ North  Northeast East Central South Northwest Southwest \ All
N 57.9% 1.8% 25.6% 9.2% 3.0% 2.4% 18.8%
NE 9.4% 41.7% 34.4% 13.6% 0.5% 0.4% 5.1%
E 2.1% 0.8% 84.1% 10.6% 0.4% 2.0% 18.8%
CS 4.8% 0.5% 18.2% 68.4% 2.1% 6.0% 8.2%
NW 3.3% 0.2% 3.9% 5.2% 62.7% 24.7% 2.2%
SW 0.6% 0.0% 2.2% 3.1% 0.6% 93.5% 3.2%
Other 21.4% 4.7% 42.2% 19.2% 3.9% 8.6% 43.7%
All \ 21.6% 4.7% 42.5% 18.6% 4.0% 8.6% \ 100.0%

! The figure in each cell of the region-to-region matrix represents the percentage of steel from the

sample firms in each region or from firm O (row) sold to each destination region (column).
2 The last row presents the shares of total steel demand contributed by each region.
3 The last column presents the shares of steel provided by each region.

Table 18: Domestic Steel Flows (Simulation)

Destination Region

Supply Region \ North  Northeast East Central South Northwest Southwest \ All

N 59.6% 1.6% 25.3% 8.2% 3.1% 2.2% | 19.1%
NE 10.2% 39.9% 35.7% 13.3% 0.5% 0.4% 5.0%
E 2.3% 0.8% 83.9% 10.7% 0.4% 1.9% | 18.5%
CS 4.9% 0.4% 17.4% 69.8% 2.1% 5.4% 8.3%
NwW 3.4% 0.2%  3.9% 5.0% 64.3% 23.3% 2.2%
Sw 0.7% 0.0% 2.3% 3.5% 0.6% 92.9% 2.9%
Other 22.2% 4.4% 41.1% 20.3% 4.0% 8.0% | 43.9%
All | 22.6% 4.4% 41.8% 19.2% 4.1% 8.0% | 100.0%

! The figure in each cell of the region-to-region matrix represents the percentage of steel from the

sample firms in each region or from firm O (row) sold to each destination region (column).
2 The last row presents the shares of total steel demand contributed by each region.
3 The last column presents the shares of steel provided by each region.
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economic parameters and assess how the spatial distribution of market power influences
market outcomes. Our counterfactual analyses highlight the impact of shifting downstream
demand and evaluate potential mergers under different market frictions.
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Online Appendix to “The Geography of Market Power:
Evidence from the Chinese Steel Industry”

Loren Brandt, Feitao Jiang, Yao Luo, Yingjun Su

A Additional Figures and Tables

A.1 Sample Coverage

Column (1) of Table A1l presents the percentage of steel supply from the sample firms

located in each region; Column (2) presents the percentage of total steel supply from each

region using the data on total steel output at the provincial level. Column (3) presents the

share of the total omitted supply contributed by each region, while Column (4) presents

the share of the total omitted demand contributed by each region. The North and the East

account for the largest shares of the missing supply. While the omitted supply and demand

are close to being balanced in most regions, the omitted firms in the North appear to be

the net provider of steel, in particular to the exporting market. The comparison between

the shares in missing supply and demand suggests that the omitted firms from our sample

mostly sell in their home regions, supporting our assumption that they are located close

to demand. In addition, we rely on domestic market information for demand estimation.

Therefore, using the sample data will not likely lead to important estimation bias.

Table A1: Regional share of steel supply: sample vs aggregate data

(1) (2) (3) 4

Sample supply | Aggregate supply | Missing supply | Missing demand
North 18.35% 33.90% 34.87% 19.5%
Northeast 5.60% 7.48% 4.20% 4.2%
East 18.62% 33.40% 33.14% 38.4%
Central South 7.79% 16.40% 19.29% 17.4%
Southwest 2.95% 5.27% 5.19% 7.9%
Northwest 2.08% 3.56% 3.33% 3.6%
Export 9.0%
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A.2 Data description

Table A2 provides the location distribution of sample firms; Tables A3 and A4 provide a
detailed breakdown of the average and maximal market shares across regional markets.

Table A2: Firm Distribution by Firm Location

Region Province Number of Firms
East Anhui

East Fujian

East Jiangsu 1
East Jiangxi

East Shandong

East Shanghai

East Zhejiang

Central South Guangdong
Central South Guangxi
Central South Henan
Central South Hubei
Central South Hunan
Central South Yunnan

NHRRRARNRRPROAORFRPOOOHRRARRAWOANWNROOWWRN

North Hebei 3
North Inner Mongolia
North Shanxi
North Tianjin
Northeast Heilongjiang
Northeast Jilin
Northeast Liaoning
Northwest Gansu
Northwest Qinghai
Northwest Shaanxi
Northwest Sichuan
Northwest Xinjiang
Southwest Chongqing
Southwest Guizhou
Total 118
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Table A3: Breakdown of the average market shares across regional markets

Destination Region

\ N INE |E |CS |SW |NW | Export | All domestic

N |1.03% | 0.30% | 0.28% | 0.26% | 0.21% | 0.60% | 0.67% 0.38%
NE | 0.28% | 5.66% | 0.52% | 0.47% | 0.06% | 0.16% | 1.68% 0.64%
. |E ]0.10% | 0.19% | 1.24% | 0.46% | 0.24% | 0.11% | 0.88% 0.63%
Supply Region | =g | 9 1406 | 0.10% | 0.23% | 1.67% | 0.41% | 0.43% | 0.25% 0.45%
SW | 0.09% | 0.01% | 0.05% | 0.27% | 4.30% | 0.23% | 0.08% 0.40%
NW | 0.08% | 0.03% | 0.07% | 0.16% | 1.27% | 7.01% | 0.14% 0.44%

Each figure represents the average market share in each regional market (column), broken down
by selling firms’ geographic location (row).

Table A4: Breakdown of the maximal firm market share across regional markets

Destination Region

| N | NE | E |CS | SW |NW | Export | All domestic

N [3.42% | 1.92% | 1.43% | 1.70% | 1.18% | 4.17% | 2.14% 1.58%
NE | 1.12% | 16.92% | 1.82% | 2.12% | 0.11% | 0.29% | 6.61% 2.18%
|E | 053%| 2.03%|4.67% | 2.60% | 1.26% | 0.74% | 5.45% 2.28%
Supply Region | =g | 9 4304 | 0.22% | 1.16% | 6.87% | 1.03% | 1.86% | 0.74% 1.50%
SW | 0.09% | 0.02% | 0.13% | 0.53% | 7.74% | 0.46% | 0.08% 0.85%
NW | 0.11% | 0.06% | 0.13% | 0.33% | 3.89% | 13.42% | 0.19% 0.93%

Each figure represents the maximal firm market share in each regional market (column), broken
down by selling firms’ geographic location (row).
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A.3 Demand Estimation

We estimate equation 7 using provincial-level output data on the primary downstream in-
dustries for steel and present the estimation results in Table A5.2? For market size calibration
at the provincial level, we use the estimates from Column (3), as this model accounts for
nearly all variations in regional steel use.

To investigate how the estimated model fits the data, we generate firm-level market
shares using the estimated model across regions and compare the generated moments with
the data. Table A6 shows that our model in general effectively captures the average market
share in each regional market. In addition, we present in Table A7 the own-price elasticity
at the firm level based on the demand estimates.

A.4 Production Function Estimation

Table A8 summarizes the firm-time specific technical coefficients for coke and coal. We then
calculate the per-ton use of the three primary inputs (iron ore, coke, and coal) and present
the results in Table A9. The estimates for coal indicate greater heterogeneity in the use of
the energy input. The correlation analysis suggests that the use of the two raw materials
is positively correlated, whereas they both exhibit a negative association with the energy
input. Table A11 summarizes the TFP estimates based on the production function for iron
ore, suggesting small variations.

22We compile provincial-level output data on the primary downstream industries for steel from 2005 to
2018, drawing from various issues of China’s provincial steel yearbooks.
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Table A5: Input - Output Coefficients for Steel Demand

D (2) 3)
VARIABLES steel steel steel

floor space 68.99***  £8.14*** 51.99***
(12.52) (14.48) (9.775)

power -0.310 -0.227 0.706**
(0.221)  (0.243)  (0.344)
road 9.615 18.08 22.11
(38.56)  (90.01) (43.84)
rail 11.36%** 18.63*** 5.390**
(4.280) (5.956) (2.643)
auto 3.762**  3.911* 2.565
(1.888) (2.272) (1.872)
ship 2.465** 2.193 1.517*
(1.197)  (1.452) (0.789)
Observations 84 84 84
Adj R-squared  0.853 0.834 0.971
Year FE NO YES YES
Region FE NO NO YES

Notes: Steel is measured by tonnage, floor
space is completed buildings measured by 1,000
square meters, road is newly constructed high-
ways in kilometers, rail is newly constructed op-
erating length in meters, auto is units of cars,
ship is newly completed total tonnage of ships,
power is power generation equipment measured
by kilowatt.

Table A6: Average Market Share in Each Regional Markets: Model vs Data

Data  Model

Mean Mean

East 0.57% 0.57%
Central South | 0.60% 0.60%
North 0.61% 0.61%
Northeast 0.90% 0.90%
Northwest 0.93% 0.93%
Southwest 0.76% 0.76%
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Table A7: Estimates of Own Price Elasticity of Demand

(1)
mean -4.26
pl0 -5.03
p50 -4.07
p90 -3.80

Table A8: Distribution of the Technical Coefficients on Coke and Coal

B2 B3

Mean 2.659 7.237
Std Dev 0.243 1.331
P10 2.346 5.988
P90 2.962 9.026

Table A9: Per-Ton Use of Inputs by Firm Size Category

Firm Size Category

1 2 3 4
1/6; 1.715 1.708 1.689 1.672
1/6, 0.401 0.378 0.378 0.361
1/Bs 0.137 0.142 0.142 0.147

For coke and coal, we report the
mean values of the reciprocal of the
coefficients for each firm size cate-

gory.

Table A10: Correlation between the technical coefficients (/) on different Leontief inputs

\ Ore Coke Coal

Ore 1
Coke | 0.339 1
Coal | -0.190 -0.577 1
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Table A11: Dispersion of TFP

Std Dev  90:10 ratio
Firm TFP 0.035 1.072

Note: The TFP estimates are cal-
culated using the estimated pro-
duction function for iron ore.

Table A12: Total marginal cost and firm markup

Variable | Obs Mean Std. dev. Min Max

Markup | 118 0.241  0.0283 0.153 0.334

Table A13: Marginal Costs

@Y (2)

VARIABLES MC TFP-neutral MC
MC° 1.174%** 1.127%%*

(0.376) (0.388)
Constant 533.2 641.4

(679.3) (699.9)
Observations 118 118
R-squared 0.077 0.068

Notes: Observed input cost MC?
3 -
> Pji/Bii;  TFP-neutral MC =
=1

exp(wyr + €;0) MC,.
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A.5 Merger Analysis

We report the average marginal costs for the different counterfactual scenarios in Table
A14, which also reports the average marginal cost corresponding to the scenario that in-
corporates the actual mergers occurring between 2018 and the present day.

Table A14: Average Marginal Costs After the Mergers

Experiment w/o adjustment Lower ore cost Higher efficiency Both

1 2649.8 2522.4 2378.9 2251.6
2 2649.8 2522.4 2378.9 2251.6
3 2649.8 2539.2 2481.2 2370.6
4 2649.8 2539.2 2508.1 2397.5
5 2649.8 2534.1 2407.0 2291.6
6 2649.8 2537.0 2542.4 2429.7
7 2649.8 2559.3 2408.5 2318.0
8 2649.8 2555.6 2573.1 2478.9
Actual 2649.8 2607.1 2435.6 2393.0
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B Technical Appendix

B.1 Standard Errors of the GMM Estimator

Following Cameron and Trivedi (2005)?3, the estimated asymptotic variance-covariance
matrix of the GMM estimator is given by

~ 1 A~ o~~~ e~
Vamm = 7 (GWGE'GWSWGGWGE)™,

where J, represents the number of active firms in each regional market r, and ) J, the

T
total sample size, i.e. the total number of firm-region observations.?* The sample analogue
o . . 1 /
of the moment conditions is A

Gl,_s = 1 Z’§| _
=0 — Z 7.7 op '0=0
T
T
0611 911
o B
021 021
1 211,10 21,1t Ryrl dax BJE;
= ZJ 211,2 2212 " Zjr2 . . >
r aéjr afjr
r 211,3 *21,3 0 Fjr3 90 08

where z;, and ¢, denote the instruments and the residual of firm j selling in regional market

r. Next, we consider how to derive % and aag_g. According to the model, we can derive the
Z HnSjn

market share at the firm-region level, as described in the model section, i.e., s;, = "ENZT—M,
neNy

where s, = — P2 tGw) By the implicit function theorem, we obtain the fol-

JIr
1+ /Z: exp(ap;r+B71,+E€10(n))
=1

lowing derivatives:

23See page 175 for more details.

24Because our sales data is aggregated at the destination-region level by firm, we assume that the unob-
served desirability of firm j’s product is only firm-region-specific, denoted as ¢,.(,) or {;, interchangeably. For
the same reason, J, captures the number of active firms in each province n within region r.
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where 0;, = ap; + B7jn + &jr(n) for n € N,. And

5o [ &irZira
S|9:§ Z ZZ €]TZ]T2 <§jTZjT1 5]7‘2]7"2 f]’!‘zj’f" 3)
roa=l ger]TZS
ZJ ZZ 2, &5r) (€5 2Zir)
r j=1
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B.2 Finding Bertrand Equilibrium with Potentially Binding Capacity

Constraints

Denote the list of products with binding capacity constraints 7.. For any product j € 7., its

price should satisfy “pricing to capacity,” i.e., Q;(p;,p—;) = @j, where @j is the maximum

level of production of the firm j. This is equivalent to @j =S in Jixp(o‘pj“rﬂTjn"ngr)

n 1+ >~ exp(ap;r+B7j1,+E&;,)
i=1

Thus, we can construct an updating rule

eXp(ﬁTjn + ng) (Al)

1 —
= —1lo . —lo n
P = |loa s —log Zn: " TTS explapy + Brym + Er)
]/

For any product j ¢ 7., its price should satisfy this FOC (), +Zj, €% 8T, (Py—MCy) % =

0. Thus, we can construct an updating rule
P=MC+A'Q (A2)

We use the following algorithm to find the Bertrand equilibrium with possible binding

capacity constraints in counterfactual experiments.
1. initiate J, = ()
(a) initiate prices p

(b) update prices using (Al) if j € J. and (A2) if j & 7.
(c) iterate till prices converge p*
2. calculate sales and update the constraint set by adding to the old constraint set the
most constrained firm:
JHD = 70 U j* | j* = arg max UR; o,

N
UR, >1

where UR; = %27 denotes the utilization rate of plant ;.

Qj

3. iterate until the constraint set 7. converges.
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