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ABSTRACT 

Unobserved objective output quality complicates the analysis of firm productivity and demand because higher-quality products 
entail higher costs but offer greater consumption benefits. Using a panel of firms with output quality data, we decompose quantity- 
based productivity into fundamental productivity and the costs of quality, and separate the demand residual into fundamental 
demand and quality benefits. Fundamental demand accounts for most revenue variation, whereas quality’s revenue-enhancing 
benefits are largely offset by its costs. During the 2008 global financial crisis, shifts in quality diverged from changes in fundamental 
productivity and demand, highlighting the role of quality in assessing firm and industry performance. 
JEL Classification: D24, L11, L15, O47 
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 Introduction 

roductivity and demand are two fundamental sources of firm
eterogeneity, playing distinct roles in shaping firm turnover
Foster et al. 2008 ), growth (Pozzi and Schivardi 2016 ), investment
Kumar and Zhang 2019 ), and international trade (Roberts et al.
018 ). However, understanding firm heterogeneity in productivity
nd demand is complicated by the presence of unobserved
bjective output quality. Producing high-quality products typically
ncurs higher costs, which, if unobserved, can mask true produc-
ivity differences driven by technological or managerial factors.
imultaneously, premium-quality products enhance consumer
tility and increase demand, which can confound market-driven
emand shifters such as marketing efforts and customer base. 

his paper investigates firm-level heterogeneity in productivity
nd demand, disentangling their roles from firms’ objective output
uality and evaluating their distinct contributions to firm and
ndustry growth. Leveraging a unique panel dataset from the
hinese steelmaking industry—which includes a firm-level index
his is an open access article under the terms of the Creative Commons Attribution-NonC
rovided the original work is properly cited, the use is non-commercial and no modificat
2026 The Author(s). The RAND Journal of Economics published by Wiley Periodicals LL

he RAND Journal of Economics , 2026; 00:1–24 
ttps://doi.org/10.1111/1756-2171.70063
of scientifically measured output quality—we directly quantify
the production costs associated with quality. This enables us to
decompose the traditionally studied quantity-based productivity
(TFPQ, as in Foster et al. 2008 ) into two distinct components: the
costs of quality and a measure of fundamental productivity driven
by technology. Simultaneously, the direct quality measure allows
us to isolate the demand-enhancing effects of objective quality
from a firm’s market-driven fundamental demand (e.g., factors
arising from marketing and customer base)—two elements typ-
ically conflated under the broader concept of “product appeal”
(e.g., Eslava et al. 2024 ). This dual decomposition yields clean
measures of both fundamental productivity and fundamental
demand, free from confounding by endogenous variations in
objective quality. 

Our analysis is based on a panel of steelmaking firms in China,
with a monthly frequency from 2007 to 2014. As a key feature, this
dataset includes a direct measure of objective, scientific output
quality at the firm level, in addition to detailed information
on output prices and the quantities of inputs and outputs. The
ommercial-NoDerivs License, which permits use and distribution in any medium, 
ions or adaptations are made. 
C on behalf of The RAND Corporation. 
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rea
uality measure is based on the output shares produced under
hree different quality standards—international, national, and
nterprise standards—in descending order. Output quality shows
ubstantial variation across firms and over time, highlighting
he importance of distinguishing the production costs of quality
rom fundamental productivity and discerning the quality-driven
enefits from those stemming from fundamental demand.1 

ur analysis reveals several important insights. First, after
ccounting for output quality differences, fundamental demand
xhibits much larger dispersion than fundamental productivity,
ith a standard deviation of 1.013 compared to 0.157 for produc-
ivity. The large demand heterogeneity likely stems from firms’
nherent customer base and investments in demand-enhancing
ctivities, such as advertising and marketing, whereas differences
n productivity are driven by factors like technological and
anagerial capabilities. Notably, although productivity strongly
redicts a firm’s quality choice, fundamental demand exhibits a
eak negative correlation with output quality. 

econd, producing higher output quality directly raises pro-
uction costs, as it often requires specialized equipment and
onger production processes, such as additional refinement in
teelmaking. Our estimates indicate that a 1% increase in output
uality reduces steel output quantity by approximately 0.429%,
olding inputs and productivity fixed. This echoes the quality–
uantity trade- off observed in other industries, such as healthcare
Grieco and McDevitt 2017 ) and rug-making (Atkin et al. 2019 ). In
ontrast, fundamental demand does not directly affect production
osts but reflects a firm’s market advantage. Although the liter-
ture often uses demand residuals as proxies for output quality
e.g., Schott 2004 ; Hallak 2006 ; Khandelwal 2010 ; Hallak and
chott 2011 ; Feenstra and Romalis 2014 ), we show that using the
stimated demand residual—which combines output quality and
undamental demand–as a proxy for quality significantly biases
he estimated production costs of quality toward zero. These
esults highlight the distinct cost implications of objective quality
mprovements versus market-driven demand fluctuations. 

hird, the costs of producing quality lead to a negative correla-
ion between output quality and TFPQ (correlation coefficient:
 0.136), whereas output quality is positively correlated with
undamental productivity (correlation coefficient: 0.471). This
inding reconciles the positive productivity–quality relationship
uggested by Kugler and Verhoogen ( 2009 , 2012 ) with the neg-
tive correlation between TFPQ (as a productivity measure)
nd demand residual (as a quality measure) reported in recent
tudies (e.g., Jaumandreu and Yin 2014 ; Roberts et al. 2018 ;
rr 2022 ; Forlani et al. 2023 ; Eslava et al. 2024 ; Caselli et al.
025 ). Because quality production raises costs and lowers TFPQ,
ontrolling for these costs is essential to reveal the underlying
roductivity–quality relationship. 

ourth, fundamental demand emerges as the primary driver of
irm revenue, surpassing productivity and output quality. The
undamental demand of firms in the top 5-percentile revenue
roup is over four logarithmic units higher than that of the bottom
-percentile group, whereas variations in fundamental produc-
ivity and output quality across revenue levels are comparatively
odest. Interestingly, these firm heterogeneity factors influence
evenue through distinct channels: fundamental demand drives
revenue growth by increasing both prices and output; funda-
mental productivity does so by reducing prices and boosting
output; and output quality primarily raises revenue through
higher prices, albeit at the cost of reduced output due to the
quality–quantity trade- off. 

Finally, quality adjustments over time do not necessarily align
with shifts in productivity and demand. As a result, they can
either reinforce or counteract TFPR growth. The 2008 global
financial crisis led to a sharp decline in international demand,
prompting a large-scale government stimulus to support the
domestic economy. This resulted in reduced demand for high-
end export steel, though domestic expansion partially offset
this. Consequently, average quality declined slightly, but overall
TFPR rose by 7.78 percentage points, driven primarily by an
increase in fundamental demand (8.00 points) and a modest
gain in productivity (0.22 points). In the post-crisis period, export
demand recovered, but domestic demand growth decelerated due
to slower expansion in downstream industries that primarily
consume lower-quality steel. This created a positive quality
shock, raising the average industry output quality by 3.81 points.
TFPR increased by 6.24 points, reflecting gains from fundamental
demand by 7.44 points, an offset from declining productivity by -
3.37 points, and a net effect (2.17 points) of the benefits and costs
from quality growth. Therefore, unlike the crisis period, in which
quality growth dampened gains in productivity and demand,
post-crisis quality growth aligned with demand expansion but
opposed productivity gains. 

This paper contributes to the broader literature on measuring
and understanding unobservable firm heterogeneity, especially
the importance of demand. Existing research has recognized the
challenges of productivity measurement due to data limitations,
particularly the unobserved quality and prices of inputs and out-
puts (e.g., Klette and Grillches 1996 ; Foster et al. 2008 ; De Loecker
2011 ; De Loecker et al. 2016 ; Hahn 2024 ). In the context of
differentiated products, prior studies often assume that output
quality can be captured by output prices or estimated demand
residuals (e.g., Melitz 2000 ), making revenue-based productivity
a common approach to addressing the issue of unobserved
quality. Recent studies have explored the demand- and cost-side
components of revenue-based productivity, highlighting the role
of demand in shaping firm growth and size differences (e.g.,
Pozzi and Schivardi 2016 ; Eslava et al. 2024 ). Nonetheless, these
components confound variations in output quality with other
sources of firm heterogeneity. Using a direct measure of scientific
output quality from the data, we disentangle the effects of
technology-driven fundamental productivity and market-driven
fundamental demand on firm revenue, isolating them from
quality-related influences. Our findings reveal that fundamental
demand, rather than quality or productivity, is the primary driver
of firm size differences. 

In the remainder, Section 2 introduces the background and data.
Section 3 develops a framework of endogenous quality choices
and decomposes the TFPR measure. Section 4 describes the
estimation strategy and presents the estimation results. Section 5
analyzes the distinct impact of individual components of firm
heterogeneity on revenue. Section 6 evaluates their contributions
to the growth of aggregate revenue productivity in the presence
of quality shocks. We conclude in Section 7 . 
The RAND Journal of Economics, 2026
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 Background and Data 

.1 Production Process and Quality of Steel 

teel manufacturing is the process of producing steel using iron
re as the major input. The process involves two major stages.
irst, iron ore is transformed into pig iron in a blast furnace
ironmaking). Then, the molten pig iron and recycled steel scrap
re used to produce steel (steelmaking), which is typically further
efined and cast into steel products—slabs, billets, and blooms.
e focus on the latter stage of steelmaking. This focus serves the
urpose of this paper for several considerations. First, the quality
ifference in the major input (pig iron) is minimal across firms
nd over time, allowing us to focus on output quality without
he need to account for input quality differences. Second, the
uality of steel is mainly determined at this stage by adding
lloy elements and removing unwanted impurities and gases.
hird, focusing on the latter stage of steelmaking spares us from
onsidering vertically integrated production (ironmaking and
teelmaking), which may affect productivity, as noted by Brandt
t al. ( 2022 ).2 

lthough seemingly homogeneous, steel varies significantly in
uality. Quality determines steel’s ability to perform its designed
unction without limitations due to internal flaws or large
icrostructural variations. An index of steel quality is the
ummation of how well it meets its specified chemistry, its clean-
iness, its grain/carbide size, and whether it meets the specified
hysical and mechanical requirements.3 These requirements and
roperties include corrosion resistance, thermal expansion, ther-
al conductivity, electrical resistivity, hardness, tensile strength,
longation, and elastic modulus. They largely depend on the
ontent of alloys and impurities. Adding specific alloys, such
s manganese, titanium, chromium, and aluminum, can alter
teel’s properties and improve its quality. Limiting dissolved
ases, such as nitrogen and oxygen, and ingrained impurities is
lso important to ensure the quality of the products cast from
iquid steel. 

n principle, higher-quality steel involves higher production
osts. These higher costs are associated with the better equipment
equired in the production process, additional refinement stages,
nd finer control across all aspects of production and refinement.
or example, cooling in the casting process relies heavily on
recisely controlled airflows, which is vital for the quality and
haracteristics of the steel produced. To this end, robust air
ompressors are often required to produce high-quality steel.
oreover, reducing dissolved gases, such as nitrogen and oxygen,
nd ingrained impurities also requires additional refining stages,
hich increase production costs. 

.2 The Chinese Steel Industry 

hina’s steel production is crucial for its domestic economy and
he global markets. China produced nearly half of the world’s steel
y volume and was the largest steel exporter, accounting for 16%
f global exports in 2017. Domestically, steel demand is driven
rimarily by construction, machinery, and automobiles, which
ogether accounted for 80% of total demand in 2017. On average,
he RAND Journal of Economics, 2026
the quality of exported steel is higher than that produced for the
domestic market. This is partly because exported steel typically
meets international quality standards to remain competitive
globally. Additionally, domestic steel demand is largely driven by
the construction industry (which accounts for more than half of
total demand), which has relatively lower quality requirements
than other downstream sectors. In our data, the correlation
between the export share and steel quality at the industry level
is 0.53. 

Fluctuations in international and domestic steel demand signif-
icantly impact the quality and quantity of steel produced. The
Chinese steel industry experienced a major shock from the 2008
global financial crisis, which sharply reduced foreign demand
for Chinese steel by 25% from 2007 to 2010. In response, the
Chinese government launched the Four Trillion Stimulus Plan
in November 2008, injecting RMB 4 trillion (USD 570 billion,
or about 11% of GDP) into the economy over 2 years. Over 80%
of the stimulus targeted construction-related projects, including
public infrastructure, real estate, and rebuilding efforts after
the 2008 Great Sichuan earthquake.4 This stimulus significantly
boosted the construction sector, driving substantial domestic
steel demand. Between 2007 and 2010, domestic steel sales rose
by 55% and capacity investment surged across the industry,
fueled by abundant credit and expectations of sustained domestic
demand growth. 

However, after 2010, export and domestic sales trends reversed.
Export demand recovered steadily as the global economy
rebounded, with export volumes in 2014 nearly doubling those
of 2010. In contrast, domestic demand slowed due to reduced
growth in major downstream industries. From 2010 to 2014,
domestic sales dropped by over 12% in our data, whereas firm
production capacity still grew by about 7%. Consequently, the
capacity built during and immediately after the post-crisis period
quickly became redundant, leading to a decline in production
efficiency. The opposite trends in exports and domestic sales also
led to a rise in industry-level average output quality. 

2.3 Data 

Our analysis uses a monthly panel of 51 major Chinese steelmak-
ers from 2007 to 2014, sourced from a data service company in
China that collects data from the Chinese Iron and Steel Asso-
ciation and through direct firm surveys. These firms accounted
for half of China’s steel production and 22% of global output
in 2010. The data include information on output prices, output
quantities, input quantities, and financial information from firm-
level balance sheets. Output prices and quantities are defined
conventionally as price per ton and tons of steel.5 Specifically, the
output price at the firm level is defined as 𝑃𝑗𝑡 =

𝑅𝑗𝑡 

𝑄𝑗𝑡 
, where 𝑅𝑗𝑡 

is the total revenue of the firm and 𝑄𝑗𝑡 is the total quantity (in
tonnage) of steel produced by the firm. On the input side, the
major intermediate inputs are pig iron and recycled scrap steel,
measured in physical units (tonnage). Labor input is the number
of workers, and capital is the tonnage of the basic oxygen furnace,
both of which are measured as the amount actually utilized in the
production process. 
3
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re
uch detailed input–output quantity and utilization information
ffers two obvious advantages for our analysis. First, input
uantities in physical terms avoid biases from unobserved input
rice heterogeneity, a concern often referred to as “input price
ias” in the literature (e.g., Ornaghi 2006 ; De Loecker et al. 2016 ;
rieco et al. 2016 ; 2022 ). Second, incorporating input utilization
ata helps mitigate a common issue in production function esti-
ation: unobserved variation in input utilization. Although some
nobserved factors–such as fluctuations in labor work intensity—
ay still exist, they are absorbed in the productivity estimates,
hich are likely to be lower during periods of overcapacity, such
s after the financial crisis. 

hat makes this dataset unique is its detailed reporting on firm
utput quality, which enables us to construct an objective, scien-
ific output quality index at the firm level. Chinese manufacturing
irms, including those in steelmaking, adhere to a hierarchy of
uality standards in production, organized in descending order:
nternational, national, and enterprise standards. The interna-
ional standard, often called the “foreign advanced standard”
n China, is developed by organizations such as the Inter-
ational Organization for Standardization (ISO), International
lectrotechnical Commission (IEC), and Pacific Area Standards
ongress, among others. This standard represents the highest
uality benchmark in China and is recognized globally. The
ational standard is developed by the Standardization Admin-
stration of China or a relevant industry body, with registration
equired by the Standardization Administration of China. This
tandard, sometimes referred to as the industrial or “GB stan-
ard” in China, is applied domestically. The enterprise standard,
he lowest tier, is developed by individual firms for internal use
nly and is not intended to meet broader regulatory standards. In
he steel industry, these three levels of standards vary significantly
n their specifications for the physical and chemical properties of
teel, including permissible impurity content.6 

n our analysis, the steel quality index of a firm is defined as
he weighted average of the three quality index numbers, with
eights equal to the shares of the physical output produced under
ach of the three quality standards. Formally, for firm 𝑗 in period 𝑡,
he quality index is calculated as 𝜉0 𝑗𝑡 = 𝛼𝐻 𝑆𝐻𝑗𝑡 + 𝛼𝑀 

𝑆𝑀𝑗𝑡 + 𝛼𝐿 𝑆𝐿𝑗𝑡 ,
here 𝑆𝐻𝑗𝑡 =

𝑄𝐻𝑗𝑡 

𝑄𝑗𝑡 
, 𝑆𝑀𝑗𝑡 =

𝑄𝑀𝑗𝑡 

𝑄𝑗𝑡 
, and 𝑆𝐿𝑗𝑡 =

𝑄𝐿𝑗𝑡 

𝑄𝑗𝑡 
are the quantity

hares of output produced following the international standard,
ational standard, and enterprise standard, respectively.7 𝑄𝑗𝑡 =
𝐻𝑗𝑡 + 𝑄𝑀𝑗𝑡 + 𝑄𝐿𝑗𝑡 is the total output quantity.8 𝛼𝐻 , 𝛼𝑀 

, and 𝛼𝐿 are
he index numbers assigned to each of the three quality standards.
n the steel industry, it is the norm to use the index numbers
𝐻 = 1 . 5 , 𝛼𝑀 

= 1 , and 𝛼𝐿 = 0 . 5 .9 As a result, the output quality
ndex ranges from 0.5 to 1.5. If the quality index is 1.5, it means
hat all products produced by this firm follow the international
uality standard and are of the highest quality level. If the quality
ndex equals 0.5, conversely, it means that all products of this
irm are produced following the enterprise standard and are at
he lowest quality level. If the firm produces steel with a mix of
wo or three standards, the quality index is between 0.5 and 1.5.
 higher quality index means the firm produces steel of higher
verage quality. 

his output quality index reveals important patterns.10 First, there
s substantial heterogeneity in quality. The quality gap between
 a
the 90th and 10th percentiles represents 66% of the maximum pos-
sible difference. Second, although higher-quality products tend to
command higher prices, price is an imperfect measure of quality.
The modest correlation between output price and quality (0.165
after controlling for firm and time fixed effects) highlights that
using price as a proxy for quality may be misleading. Third, the
relationship between quality and productivity varies depending
on the chosen productivity metric. Quality is positively associated
with revenue per worker but negatively associated with quantity
produced per worker, as shown in Table A.3 . This suggests that
although higher quality can increase revenue, a quality–quantity
trade-off exists. Finally, the average industry-level quality index
fluctuates significantly over time, responding strongly to major
economic shocks. Figure 1 shows the evolution of the sales-
weighted average quality index. Between 2007 and 2010, the
average quality declined, consistent with reduced exports due to
the 2008 global financial crisis and increased domestic demand
driven by stimulus policies. From 2010 to 2014, the average quality
rose significantly, reflecting slowing domestic demand and a
steady recovery in export sales. 

3 Modeling Firm Heterogeneity 

This section presents a model of firm heterogeneity, incorporat-
ing differences in fundamental productivity and demand with
endogenous quality choices. The model accounts for the trade-
offs between the benefits and costs of producing higher quality.
Its purpose is to provide a conceptual foundation, illustrating
how traditionally measured TFPR, TFPQ, and demand residuals
capture distinct components of firm heterogeneity when output
quality is treated as a separate dimension. 

3.1 A Theoretical Framework 

Each firm produces a single product and competes monop-
olistically in a vertically differentiated industry. We allow a
firm’s output price to influence the aggregate price index, but
abstract away from direct strategic interactions among firms.
Firms endogenously choose objective quality and quantity to
maximize profits, given production technology, consumer pref-
erences, and demand conditions. The key trade-off faced by
The RAND Journal of Economics, 2026
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re
ach firm is that, although high-quality products induce higher
emand, producing them requires more resources and lowers
utput quantity. 

.1.1 Preference for Quality and Quantity 

here are 𝐽 vertically differentiated products in the market, each
roduced by a firm 𝑗 ∈ {1 , 2 , . . . , 𝐽} . A representative consumer
as a constant elasticity of substitution (CES) preference for the
uality-adjusted quantity of these products: 

𝑈 =

[ ∑
𝑗 

𝜌
𝜎− 1 
𝜎

𝑗𝑡 

(
𝜉𝑗𝑡 𝑄𝑗𝑡 

) 𝜎− 1 
𝜎

] 

𝜎

𝜎− 1 

, (1)

here 𝜎 is the elasticity of substitution and 𝑡 is time. The
onsumer values both the physical quantity ( 𝑄𝑗𝑡 ) and objective
uality ( 𝜉𝑗𝑡 ) of a product, in the form of a quality-adjusted
uantity 𝑄̃𝑗𝑡 ≡ 𝜉𝑗𝑡 𝑄𝑗𝑡 , given subjective consumer taste ( 𝜌𝑗𝑡 ). A
% increase in product quality raises the consumer’s valuation
f the product by 1%, holding the physical quantity fixed. We
efer to this as the consumption benefits of objective quality . Apart
rom objective quality, the subjective consumer taste, 𝜌𝑗𝑡 , may
ffect the consumer’s evaluation of product 𝑗. 𝜌𝑗𝑡 can be serially
orrelated, and it may be correlated with product prices and
bjective quality 𝜉𝑗𝑡 . Although both 𝜉𝑗𝑡 and 𝜌𝑗𝑡 boost demand,
hey differ fundamentally: 𝜉𝑗𝑡 is a product characteristic that
aises variable production costs, whereas 𝜌𝑗𝑡 is a consumer taste
hat does not directly affect them.11 

iven the consumer’s total expenditure 𝐼𝑡 and output price 𝑃𝑗𝑡 ,
he implied demand function is: 

ln 𝑄𝑗𝑡 = − 𝜎 ln 𝑃𝑗𝑡 + ( 𝜎 − 1) ln 𝜉𝑗𝑡 + ( 𝜎 − 1) 𝜙𝑗𝑡 , (2)

here 𝜙𝑗𝑡 = ln 𝜌𝑗𝑡 + ln 
( 

𝐼𝑡 ∑
𝑗 [ 𝑃𝑗𝑡 ∕( 𝜌𝑗𝑡 𝜉𝑗𝑡 )] 

1 − 𝜎

) 

1 

𝜎− 1 
is referred to as the

undamental demand . It is a function of consumer taste 𝜌𝑗𝑡 
nd an expenditure index 𝐼𝑡 ∑

𝑗 [ 𝑃𝑗𝑡 ∕( 𝜌𝑗𝑡 𝜉𝑗𝑡 )] 
1 − 𝜎 which does not vary

cross 𝑗. Although the elasticity of substitution, 𝜎, is assumed
o be constant, this does not necessarily imply a constant price
lasticity of demand or a fixed markup across firms.12 

ur model highlights the distinction between objective quality
 𝜉𝑗𝑡 ) and fundamental demand ( 𝜙𝑗𝑡 ). Although both factors
nhance demand, only objective quality directly affects produc-
ion costs. In contrast, fundamental demand does not, because
t captures broader demand shifters such as customer taste and
acroeconomic market conditions. Due to data limitations, the
mpirical literature (e.g., Melitz 2000 ) often combines these
wo components, treating their sum as the demand residual
o approximate output quality or overall demand. In contrast,
ur approach moves beyond this simplification, enabling further
nvestigation into the distinct roles of objective product quality
nd fundamental demand, particularly in understanding their
mpact on production costs. 
he RAND Journal of Economics, 2026
3.1.2 Production Technology 

In period 𝑡, firm 𝑗 produces 𝑄𝑗𝑡 units of a single product 𝑗 of
objective quality 𝜉𝑗𝑡 , using labor 𝐿𝑗𝑡 , capital 𝐾𝑗𝑡 , and materials 𝑀𝑗𝑡 .
The production function is 

𝑄𝑗𝑡 = min { 𝑀𝑗𝑡 , 𝐴𝑗𝑡 𝐾
𝛼𝑘 
𝑗𝑡 𝐿

𝛼𝓁 
𝑗𝑡 } 𝑒

𝑣𝑗𝑡 , (3)

where the quantity-based productivity 𝐴𝑗𝑡 captures any unex-
plained variation in output conditional on inputs (e.g., TFPQ in
Foster et al. 2008 ). 𝑣𝑗𝑡 is an unexpected i.i.d. shock with a zero
mean, unobserved by the firm when making its input and output
decisions. The Leontief function implies that there is no sub-
stitution between materials and the capital–labor composition.
This reflects the feature of the production technology in the steel-
making industry—the relationship between output and materials
is characterized by a 45-degree line as shown in Figure A.2 .13 
Atkinson and Luo ( 2024 ) use a similar Leontief function to model
the production technology of electricity generation plants. Our
approach carries over if the production function is more flexible. 

Given the Leontief production functional form, the optimal
production plan implies that the firm always chooses materials
to match the Cobb–Douglas composition of labor and capital. As
a result, the production function that is relevant to our empirical
analysis is: 

𝑄𝑗𝑡 = 𝐴𝑗𝑡 𝐾
𝛼𝑘 
𝑗𝑡 𝐿

𝛼𝓁 
𝑗𝑡 𝑒

𝑣𝑗𝑡 . (4)

The TFPQ, 𝐴𝑗𝑡 , depends on the fundamental productivity ( 𝜔𝑗𝑡 )
and costs of quality ( 𝜉

− 𝛼𝜉
𝑗𝑡 ): 

𝐴𝑗𝑡 = 𝑒𝜔𝑗𝑡 𝜉
− 𝛼𝜉
𝑗𝑡 . (5)

The fundamental productivity ( 𝜔𝑗𝑡 ) is primarily driven by the
technological efficiency of converters, workers’ skills, working
intensity, and managerial capability that are not captured by the
observed inputs. 𝜔𝑗𝑡 evolves according to an AR(1) process with
i.i.d. productivity shock 𝜖𝑗𝑡+ 1 :14 

𝜔𝑗𝑡+ 1 = 𝑔0 + 𝑔1 𝜔𝑗𝑡 + 𝜖𝑗𝑡+ 1 . (6)

The cost of quality, 𝜉
− 𝛼𝜉
𝑗𝑡 , is another factor that drives the variation

in TFPQ. Given fundamental productivity, producing a high-
quality product incurs additional costs. For example, producing
higher-quality steel requires additional refinement stages, better
equipment, and finer process control, as explained in Section 2.1 .
These activities require additional inputs and increase production
costs, as discussed by Atkin et al. ( 2019 ), who model quality
production with additional inputs. Instead of modeling quality
production directly, we model such costs of quality, 𝜉

− 𝛼𝜉
𝑗𝑡 , as a part

of 𝐴𝑗𝑡 in the spirit of Grieco and McDevitt ( 2017 ). 15 We expect
𝛼𝜉 > 0 , implying a trade-off between output quality and quantity.

3.1.3 Static Output Quantity Decision 

Although output quality 𝜉𝑗𝑡 is dynamically determined at the end
of period 𝑡 − 1 , the output quantity decision is static.16 At the
5

ative C
om

m
ons L

icense



b  

m

 

w  

t  

o  

p  

p  

a  

𝑄

3

A  

t  

T  

t  

t  

i  

w

T  

f

 

T  

f  

v  

f  

f  

d  

o

T  

t  

r  

q  

o  

d  

q  

i  

p  

d  

𝜔  

f  

o  

𝐿

3

W  {
 

i  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

6

 17562171, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1756-2171.70063 by SH

E
N

G
Y

U
 L

I - U
niversity of N

ew
 South W

ales , W
iley O

nline L
ibrary on [19/06/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
rea
eginning of each period 𝑡, the firm chooses output quantity to
aximize its period profit conditional on its state 𝑠𝑗𝑡 :17 

𝜋 ( 𝜉jt , 𝜔jt , 𝜙jt , 𝐾jt ; 𝜓𝑡 ) = max 
𝑄jt 

{
E ( 𝑃jt 𝑄jt ) − 𝑃Mt 𝑀jt − 𝑃Lt 𝐿jt 

}
subjectto: ( 2) , ( 4) , and 𝑀jt = 𝑄jt , 

(7)

here the state 𝑠𝑗𝑡 = ( 𝜉𝑗𝑡 , 𝜔𝑗𝑡 , 𝜙𝑗𝑡 , 𝐾𝑗𝑡 ; 𝜓𝑡 ) . Here, 𝜓𝑡 collects the
ime-specific aggregate factors that influence firm profit (e.g., iron
re price 𝑃𝑀𝑡 , wage rate 𝑃𝐿𝑡 , and the industrial level aggregate
rice index).18 The expectation of revenue takes the ex post
roduction shock, 𝑣𝑗𝑡 , and any unexpected demand shocks into
ccount. The implied optimal output quantity decision is 𝑄𝑗𝑡 =
∗ ( 𝜉𝑗𝑡 , 𝜔𝑗𝑡 , 𝜙𝑗𝑡 , 𝐾𝑗𝑡 ; 𝜓𝑡 ) . 

.1.4 Dynamic Output Quality Decision 

t the end of period 𝑡, the firm observes state 𝑠𝑗𝑡 and chooses
he quality for period 𝑡 + 1 to maximize its long-run firm value.
his quality choice is dynamic because adjusting quality requires
ime, similar to capital investment, and involves adjustment costs
hat depend on the firm’s current quality level and state, such as
ts capital stock. Denote the adjustment costs as 𝐶( 𝜉𝑗𝑡 , 𝜉𝑗𝑡+ 1 ; 𝐾𝑗𝑡 ) ,
hich is convex in the change in quality. 

he firm’s dynamic quality choice problem is characterized by the
ollowing Bellman equation:19 

𝑉( 𝑠𝑗𝑡 ) = max 
𝜉𝑗𝑡+ 1 

{
𝜋( 𝑠𝑗𝑡 ) − 𝐶( 𝜉𝑗𝑡 , 𝜉𝑗𝑡+ 1 ; 𝐾𝑗𝑡 ) + 𝛿𝐸 ( 𝑉 ( 𝑠𝑗𝑡+ 1 |𝑠𝑗𝑡 ))}. (8)

he transition from state 𝑠𝑗𝑡 to 𝑠𝑗𝑡+ 1 reflects the evolution of
undamental productivity, demand, capital stock, and other state
ariables, as well as the endogenous quality choice.20 The firm
aces a trade-off: improving quality from 𝜉𝑗𝑡 to 𝜉𝑗𝑡+ 1 enhances
uture value but entails production and adjustment costs that
epend on the size of this quality gap. We denote the implied
ptimal quality decision as 𝜉𝑗𝑡+ 1 = 𝜉∗ ( 𝜉𝑗𝑡 , 𝜔𝑗𝑡 , 𝜙𝑗𝑡 , 𝐾𝑗𝑡 ; 𝜓𝑡 ) . 

he optimal quality and production decisions have three impor-
ant implications. First, optimal quality relies on a set of variables
ather than on fundamental productivity alone, implying that
uality and fundamental productivity are two distinct dimensions
f firm heterogeneity. Second, the demand residual from the
emand function ( 2 ) is unlikely to be a perfect measure of output
uality because the choice of output quality depends on factors
ncluding fundamental productivity, capital stock, and input
rices, in addition to fundamental demand. Finally, the optimal
ecision of 𝑄𝑗𝑡 provides a proxy to control for the unobserved
𝑗𝑡 , which will be used in Section 4 to estimate the production
unction. To see this, substituting the choice 𝑄𝑗𝑡 into ( 4 ), the
ptimal labor demand is a function of state variables: 𝐿𝑗𝑡 =
∗ ( 𝜉𝑗𝑡 , 𝜔𝑗𝑡 , 𝜙𝑗𝑡 , 𝐾𝑗𝑡 ; 𝜓𝑡 ) . 

.2 Revenue Productivity and Its Components 

e define TFPR from the revenue function, 𝑅𝑗𝑡 = 𝑃𝑗𝑡 𝑄𝑗𝑡 =
 

exp (TFPR ) 𝐾
𝛼𝑘 
𝑗𝑡 𝐿

𝛼𝓁 
𝑗𝑡 𝑒

𝑣𝑗𝑡 

} 

𝜎− 1 
𝜎 , following Melitz ( 2000 ).21 Combin-

ng ( 2 ) and ( 4 ) to derive the revenue function and using the
definition of TFPR above, we obtain: 

TFPR 𝑗𝑡 = 𝜔𝑗𝑡 
⏟⏟⏟

fundamental productivity 

− 𝛼𝜉 ln 𝜉𝑗𝑡 
⏟⎴⏟⎴⏟

costs of quality 

+ ln 𝜉𝑗𝑡 
⏟⏟⏟

benefits of quality 

+ 𝜙𝑗𝑡 
⏟⏟⏟

fundamental demand 

. (9)

This implies that fundamental productivity, fundamental
demand, and output quality all contribute to TFPR. Nonetheless,
the benefits of quality are partially offset by the costs of quality—
increasing output quality by 1% only improves TFPR by (1 − 𝛼𝜉)

percent, holding other factors fixed. 

Without accounting for output quality separately, the quantity-
based productivity ( TFPQ in Foster et al. 2008 ) essentially
measures the quantity of output in physical units per input
composite. It coincides with ln 𝐴jt in the production function ( 4 ):

TFPQ 𝑗𝑡 = 𝜔𝑗𝑡 
⏟⏟⏟

fundamental productivity 

− 𝛼𝜉 ln 𝜉𝑗𝑡 . 
⏟⎴⏟⎴⏟
costs of quality 

(10)

In industries with homogeneous products (i.e., 𝜉𝑗𝑡 = 𝜉), as in
Foster et al. ( 2008 ), TFPQ is the same as fundamental produc-
tivity 𝜔𝑗𝑡 . However, in industries with vertically differentiated
products, as is the case for most industries, TFPQ no longer
measures fundamental productivity. Instead, it is a combination
of fundamental productivity and the costs of quality. In this
case, even if firms have the same fundamental productivity, the
measured TFPQ may differ if firms produce outputs of different
quality levels. Because quality and fundamental productivity are
expected to be positively correlated, TFPQ may understate the
dispersion of fundamental productivity. 

Finally, the demand residual is defined from the demand function
( 2 ). That is, 

Demand residual 𝑗𝑡 = ln 𝜉𝑗𝑡 
⏟⏟⏟

benefits of quality 

+ 𝜙𝑗𝑡 
⏟⏟⏟

fundamental demand 

. (11)

Note that we have adjusted the demand residual by ( 𝜎 − 1) to
make it comparable to TFPQ. Although the literature usually
treats demand residual as product appeal or perceived quality,
it essentially contains the objective quality and fundamental
demand. In this paper, we emphasize the differences between
objective quality and fundamental demand as different aspects of
firm heterogeneity. Table 1 summarizes these key measures and
clarifies their different components. 

4 Output Quality, Productivity, and Demand 

This section recovers firms’ fundamental demand and fundamen-
tal productivity by estimating demand and production functions
after explicitly accounting for the role of objective quality. 

4.1 Demand Estimation 

We estimate the demand function to recover firms’ fundamen-
tal demand ( 𝜙𝑗𝑡 ), controlling for objective output quality. This
requires addressing two challenges when estimating the demand
function ( 2 ). The first challenge is the scaling of the quality index.
The RAND Journal of Economics, 2026
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TABLE 1 Components of key measures. 

Demand 
TFPR TFPQ residual 

Fundamental productivity ( 𝜔) ✓ ✓

Fundamental demand ( 𝜙) ✓ ✓

Production costs of quality ( 𝛼𝜉 ln 𝜉) ✓ ✓

Consumption benefits of quality ( ln 𝜉) ✓ ✓
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TABLE 2 Estimates of demand function parameters. 

(1) (2) (3) 
OLS IV GMM, AR(1) 

𝜎 0.627* * * 1.980* * * 1.829* * * 

(0.015) (0.050) (0.109) 
𝛾( 𝜎 − 1) 0.033 0.516* * * 0.549* * 

(0.033) (0.059) (0.235) 
𝜌1 0.739* * * 

(0.020) 
Year–month FE YES YES YES 
Firm FE YES YES YES 
Observations 4,070 4,034 3,936 

Note : Standard errors in parentheses. 
∗ 𝑝 < 0 . 10 , ∗∗ 𝑝 < 0 . 05 , ∗∗∗ 𝑝 < 0 . 01 . 
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reat
s discussed in Section 2 , the recorded scientific quality measure
 𝜉0 𝑗𝑡 ) is an index, which may not directly correspond to the benefits
f quality in the model, that is, 𝜉𝑗𝑡 in the utility function ( 1 ),
ue to different choices of measurement scales. To account for
his discrepancy, we empirically model the benefits of quality
s a function of the recorded index: 𝜉𝑗𝑡 = exp ( 𝛾𝜉0 𝑗𝑡 ) , where the
arameter 𝛾 adjusts the scale of the scientific quality index to align
t with its conceptual role in the model. 

he second challenge involves addressing potential endogeneity
n demand estimation. Directly estimating Equation ( 2 ) poses a
roblem because the unobserved term 𝜙𝑗𝑡 may correlate with out-
ut prices and quality. For instance, persistent demand shocks,
hich are observable to firms but not to researchers, could create
uch correlations. To address this issue, we decompose the term
 𝜎 − 1) 𝜙𝑗𝑡 in ( 2 ) into three components: a firm-specific fixed effect
 𝜙𝑗 ), a time-specific fixed effect ( 𝜙𝑡 ), and an unobserved error
erm ( 𝑒𝑗𝑡 ). The firm-specific fixed effect captures persistent fac-
ors, such as product-specific tastes and customer base, whereas
he time-specific fixed effect accounts for time-varying factors,
uch as macroeconomic shocks. 

lthough this decomposition reduces endogeneity, 𝑒𝑗𝑡 may still
orrelate with prices and quality if it is persistent. To address this
ssue, we assume that 𝑒𝑗𝑡 follows an autoregressive process: 

𝑒𝑗𝑡 = 𝜌0 + 𝜌1 𝑒𝑗𝑡− 1 + 𝜈𝑗𝑡 , (12)

here 𝜈𝑗𝑡 is an i.i.d. idiosyncratic shock uncorrelated with prior
ariables before period 𝑡. 

aking these adjustments into account, we rewrite the empirical
emand function as: 

ln 𝑄𝑗𝑡 = − 𝜎 ln 𝑃𝑗𝑡 + 𝛾( 𝜎 − 1) 𝜉0 𝑗𝑡 + 𝜙𝑗 + 𝜙𝑡 + 𝑒𝑗𝑡 , (13)

here 𝑒𝑗𝑡 is serially correlated as specified in ( 12 ). 

e estimate the demand function and demand evolution param-
ters via the generalized method of moments (GMM), with
oment conditions 𝐸 ( 𝜈𝑗𝑡 𝑍𝐷 𝑗𝑡 ) = 0 . Here 𝜈𝑗𝑡 = 𝑒𝑗𝑡 − 𝜌0 − 𝜌1 𝑒𝑗𝑡− 1
nd 𝑒𝑗𝑡 and 𝑒𝑗𝑡− 1 are treated as functions of observable variables
ccording to ( 13 ). 𝑍𝐷 𝑗𝑡 is a set of instrumental variables including
𝑗𝑡 , 𝑝𝑗𝑡− 1 , 𝑞𝑗𝑡− 1 , 𝜉

0 
𝑗𝑡− 1 as well as the firm and year–month fixed

ffects. These variables are correlated with the price, quality, and
uantity in period 𝑡. In particular, capital stock shifts the marginal
ost and correlates with the output price. Meanwhile, they are
ncorrelated with the idiosyncratic shock 𝜈𝑗𝑡 which is realized in
he RAND Journal of Economics, 2026
period 𝑡. This makes them valid instrumental variables. Further
robustness checks using different IVs are reported in Table A.7 . 

Table 2 presents the parameter estimates for ( 13 ). As our main
result, Column (3) reports the GMM estimates with moment
conditions 𝐸 ( 𝜈𝑗𝑡 𝑍𝐷 𝑗𝑡 ) = 0 , utilizing an AR(1) process of the error
term 𝑒𝑗𝑡 . The elasticity of substitution 𝜎 is estimated to be
1.829, a value comparable to those reported for other industries
in the literature (e.g., Broda and Weinstein 2006 ; Atkin et al.
2019 ). This implies that the elasticity of demand with respect
to output quality, ( 𝜎 − 1) , is 0.829. This result highlights the
significant role of the benefits of quality in shaping demand:
a 1% increase in output quality, 𝜉𝑗𝑡 , leads to a 0.829% increase
in demand, holding other factors constant. Additionally, the
estimated coefficient 𝛾( 𝜎 − 1) is 0.549, allowing us to calculate
the scale-adjustment parameter as 𝛾 = 0 . 549∕(1 . 829 − 1) = 0 . 662 .
Using these parameter estimates, we construct the measures of
output quality and fundamental demand based on their respec-
tive definitions: 𝜉𝑗𝑡 = exp (𝛾̂𝜉0 𝑗𝑡 ) and 𝜙𝑗𝑡 = (𝜙̂𝑗 + 𝜙̂𝑡 + 𝑒𝑗𝑡 )∕(𝜎̂ −
1) . These estimates are used in the production estimation in
Section 4 . For comparison, Column (1) presents estimates from
ordinary least squares (OLS), whereas Column (2) shows the
result from an instrumental variable (IV) approach that uses
capital stock as an IV for price but without assuming the AR(1)
structure of the error term 𝑒𝑗𝑡 . As anticipated, the OLS estimates
in Column (1) significantly underestimate the value of 𝜎, whereas
the IV estimates in Column (2) align closely with our main
findings. 
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TABLE 3 Estimates of the production function and productivity 
evolution process. 

𝜶𝝃 𝜶𝒌 𝜶𝓵 𝒈𝟎 𝒈𝟏 

Estimate 0.429 ∗∗∗ 0.749 ∗∗∗ 0.142 ∗∗∗ − 0.011 ∗ 0.976 ∗∗∗ 

Standard error (0.167) (0.033) (0.046) (0.006) (0.006) 
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.2 Production Estimation 

e recover firm fundamental productivity by estimating the
roduction function after explicitly accounting for the costs of
uality. We use a control function approach, building on Olley
nd Pakes ( 1996 ), Levinsohn and Petrin ( 2003 ), and Ackerberg
t al. ( 2015 ). Based on the optimal firm decisions outlined in Sec-
ion 3.1 , labor input ( 𝓁𝑗𝑡 ) is assumed to be a monotonic function
f fundamental productivity ( 𝜔𝑗𝑡 ), conditional on fundamental
emand ( 𝜙𝑗𝑡 ), capital stock ( 𝑘𝑗𝑡 ), output quality ( 𝜉𝑗𝑡 ), and a time
ummy ( 𝜓𝑡 ). Inverting this relationship leads to a control function
or fundamental productivity: 𝜔𝑗𝑡 = 𝜔( 𝜉𝑗𝑡 , 𝓁𝑗𝑡 , 𝑘𝑗𝑡 , 𝜙𝑗𝑡 ; 𝜓𝑡 ) . Note
hat 𝓁𝑗𝑡 and 𝑘𝑗𝑡 are the utilized number of workers and capital
tock (i.e., the utilized volume of converters), respectively. 

s a result, the logarithm of the production function ( 4 ) can be
ritten as: 

𝑞𝑗𝑡 = 𝛼𝑘 𝑘𝑗𝑡 + 𝛼𝓁 𝓁𝑗𝑡 − 𝛼𝜉 ln 𝜉𝑗𝑡 + 𝜔( 𝜉𝑗𝑡 , 𝓁𝑗𝑡 , 𝑘𝑗𝑡 , 𝜙𝑗𝑡 ; 𝜓𝑡 ) + 𝑣𝑗𝑡 , (14)

= ℎ( 𝜉𝑗𝑡 , 𝓁𝑗𝑡 , 𝑘𝑗𝑡 , 𝜙𝑗𝑡 ; 𝜓𝑡 ) + 𝑣𝑗𝑡 , (15)

here the lowercase letters represent variables in logarithm, and
𝑗𝑡 is the i.i.d. unexpected shock. All the variables on the right-
and side (other than 𝑣𝑗𝑡 ) are observable or already estimated.
n the second equality, ℎ( 𝜉𝑗𝑡 , 𝓁𝑗𝑡 , 𝑘𝑗𝑡 , 𝜙𝑗𝑡 ; 𝜓𝑡 ) ≡ 𝛼𝑘 𝑘𝑗𝑡 + 𝛼𝓁 𝓁𝑗𝑡 −
𝜉 ln 𝜉𝑗𝑡 + 𝜔( 𝜉𝑗𝑡 , 𝓁𝑗𝑡 , 𝑘𝑗𝑡 , 𝜙𝑗𝑡 ; 𝜓𝑡 ) . We specify ℎ( ⋅) as a polynomial
unction of degree three. Given that 𝑣𝑗𝑡 is uncorrelated with
he right-hand-side variables, we estimate ( 15 ) using an OLS
egression and denote the fitted value as ℎ̂𝑗𝑡 . In turn, we have
𝑗𝑡 = ℎ̂𝑗𝑡 + 𝛼𝜉 ln 𝜉𝑗𝑡 − 𝛼𝑘 𝑘𝑗𝑡 − 𝛼𝓁 𝓁𝑗𝑡 and, by substituting it into
 6 ), we obtain the idiosyncratic productivity shock 𝜖𝑗𝑡+ 1 = 𝜔𝑗𝑡+ 1 −
0 − 𝑔1 𝜔𝑗𝑡 . 

inally, we estimate the parameters via GMM
sing moment conditions: E ( 𝜖𝑗𝑡 𝑍

𝐶 
𝑗𝑡 ) = 0 , where 𝑍𝐶 𝑗𝑡 =

 𝑘𝑗𝑡 , 𝓁𝑗𝑡− 1 , ℎ̂𝑗𝑡− 1 , 𝑝𝑀𝑡− 1 , 𝜉𝑗𝑡− 1 , 𝜉
2 
𝑗𝑡− 1 , 𝜉

3 
𝑗𝑡− 1 ) and 𝑝𝑀𝑡− 1 is the iron ore

rice in period 𝑡 − 1 . These instrumental variables, determined
n period 𝑡 − 1 , are uncorrelated with the productivity shock 𝜖𝑗𝑡
hich is realized in period 𝑡. 

he observed output quality resolves the challenge of identifying
he costs of quality from fundamental productivity. As reflected
y ( 14 ), the relationship between output quantity and output
uality identifies the costs of quality after controlling for inputs
nd fundamental productivity proxied by the observable vari-
bles. Furthermore, incorporating observed output quality in our
nalysis effectively addresses the input price bias highlighted by
e Loecker et al. ( 2016 ), who emphasize that it is essential to
ontrol for unobserved input quality or price variation to achieve
 consistent production estimate. They underline that input and
utput quality are positively correlated and propose using proxies
or output quality (such as output prices and market share)
o account for input price variations driven by differences in
nput quality. In our estimation, we explicitly incorporate output
uality in both the production function and the productivity
ontrol function. By doing this, we effectively controlled for
nput price and quality heterogeneity following the same insight
as De Loecker et al. ( 2016 ). In addition, we further minimize
potential input price bias by measuring both inputs and outputs
in physical quantities rather than monetary terms. 

Table 3 reports the estimates of the production function and pro-
ductivity evolution process. The estimated parameters for capital
( 𝛼𝑘 = 0 . 749 ) and labor ( 𝛼𝓁 = 0 . 142 ) reflect the high capital-to-
labor intensity characteristic of the steelmaking industry. These
findings align with those of Brandt et al. ( 2022 ), who report that
the capital coefficient in Chinese sintering, pig iron making, and
steelmaking industries is approximately three to five times larger
than the labor coefficient. Considering the monthly frequency of
our data, the estimated productivity persistence parameter ( 𝑔1 =
0 . 976 ) translates to an annual persistence of 0.747. This value
falls within the range reported in the literature, where yearly
productivity persistence typically ranges from 0.6 to 0.8 (e.g., Baily
et al. 1992 ; Roberts and Supina 2000 ; Ábrahám and White 2006 ;
Foster et al. 2006 ; 2008 ). 

The results highlight a significant cost effect associated with
producing higher-quality output. Specifically, the estimated
parameter 𝛼𝜉 indicates that a 1% increase in output quality
reduces output quantity by 0.429%, holding fundamental pro-
ductivity, capital, and labor constant. This structural estimate
aligns with the empirical patterns observed in Table A.3 , which
demonstrates that higher-quality producers achieve lower output
quantities for a given amount of inputs. Overall, our results
reveal that approximately half of the demand benefits provided by
improved quality are offset by the costs of quality in the Chinese
steelmaking industry. 

Our findings on the costs of quality align closely with the
emerging literature documenting a negative relationship between
quality and quantity across diverse industries and countries using
various methodologies. Grieco and McDevitt ( 2017 ) find a trade-
off between the number of patients treated and the quality of
care in healthcare. Atkin et al. ( 2019 ) reveal an inverse correlation
between quantity productivity and quality productivity among
Egyptian rug-makers using direct quality assessments. More
broadly, this result corroborates the robust negative relation-
ship between quantity-based productivity and “product appeal”
(demand residual) documented by Jaumandreu and Yin ( 2014 ),
Roberts et al. ( 2018 ), Forlani et al. ( 2023 ), Orr ( 2022 ), Eslava et al.
( 2024 ), and Caselli et al. ( 2025 ) across manufacturing firms in
Belgium, China, Colombia, India, and Mexico.22 These studies
rely on demand residuals as a proxy for quality when quality data
are unavailable. 

Our analysis contributes to this literature by providing direct
evidence on the costs of quality. Without quality data, the
traditional literature based on quality proxies is likely to under-
estimate the costs of quality. To document this, we follow the
The RAND Journal of Economics, 2026
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raditional literature in estimating the demand function without
sing direct output quality data, employing capital stock as an
nstrumental variable for output price. The derived demand
esidual is then treated as a proxy for output quality in the
roduction function estimation, following the same methodology
utlined in Section 4 . Despite obtaining estimates of demand and
roduction parameters similar to our main results, this approach
ails to capture the substantial production costs of quality. As
eported in Table A.4 , the estimated parameter of costs of quality
s 𝛼𝜉 = 0 . 013 (s.e., 0.038), which is insignificant economically
nd statistically. This failure to detect the costs of quality may
tem from two key issues: (1) the mismeasurement of output
uality when using demand residual as a proxy, and (2) bias
ntroduced in the estimation of demand and production function
arameters. To isolate these two potential causes, we conduct an
dditional analysis using the proxy measures of output quality,
ut the same demand and production parameters estimated
rom our model that incorporates direct quality data. The results
onfirm that mismeasurement of output quality alone still fails to
etect the production costs of quality.23 The detailed results and
mplementation are presented in Table A.5 . 

.3 Output Quality, Productivity, and Demand as 
FPR Components 

he concept of TFPR has been central to the study of firm and
ndustry performance. In recent years, increasing attention has
een paid to the distinction between TFPQ and demand hetero-
eneity as key components of TFPR. Building on this foundation,
ur estimation results allow us to further investigate technology-
riven fundamental productivity and market-driven fundamental
emand, separating them from the costs and benefits of output
uality, respectively. This subsection examines the implications of
his detailed decomposition, shedding light on the distinct roles
f these components. 

ur findings reveal that output quality and fundamental demand
re distinct dimensions of firm heterogeneity. First, quality and
undamental demand are weakly negatively correlated (correla-
ion coefficient: -0.05).24 This suggests that the movements of
uality and demand are not necessarily aligned, as conjectured
y the literature (e.g., Shaked and Sutton 1987 ; Hallak 2006 ;
erry and Waldfogel 2010 ; Feenstra and Romalis 2014 ). Second,
he dispersion of fundamental demand is approximately six
imes greater than that of quality. This disparity highlights the
arge variability of market conditions firms face compared to
heir quality differentiation. Third, producing high-quality output
ncurs higher production costs, whereas higher demand—driven
y factors such as customer base expansion or marketing effort—
oes not necessarily raise production costs, as examined in Sec-
ion 4 . This underscores the distinct cost implications of quality
mprovements versus market-driven demand fluctuations. 

ur findings also highlight the importance of accounting for
he costs of quality in reconciling the seemingly conflicting
esults in the literature. Although studies such as Kugler and
erhoogen ( 2009 ; 2012 ) suggest a positive relationship between
roductivity and quality, more recent research has documented a
egative correlation between TFPQ (as a productivity measure)
nd demand residual (as a quality proxy) (e.g., Jaumandreu and
he RAND Journal of Economics, 2026
Yin 2014 ; Orr 2022 ; Forlani et al. 2023 ; Eslava et al. 2024 ). On the
one hand, our findings show that more productive firms indeed
tend to choose higher-quality steel, as evidenced by the positive
correlation (coefficient: 0.471) between fundamental productivity
and output quality after controlling for firm fixed effects and time
fixed effects.25 On the other hand, producing high-quality prod-
ucts incurs substantial costs, resulting in a negative correlation
(coefficient: -0.136) between TFPQ and output quality. 

This finding carries significant implications for the relationship
between output prices and productivity. In the steelmaking
industry, the correlation between output prices and fundamental
productivity is positive (coefficient: 0.229) after controlling for
firm fixed effects and time fixed effects. This contrasts with
the results of Foster et al. ( 2008 ), who document a negative
correlation in homogeneous-product industries where more effi-
cient firms reduce prices by passing along their cost savings.
In quality-differentiated industries, more productive firms tend
to leverage their efficiency to produce higher-quality products,
which incur higher costs and thus higher prices. As a result,
the correlation between fundamental productivity and output
prices may be positive, reflecting the role of endogenous quality
choices and the costs of quality, in addition to the cost-saving
channel highlighted by Foster et al. ( 2008 ), in shaping price–
productivity relationships. 

By accounting for both the costs and benefits of quality alongside
the effects of fundamental productivity and demand, TFPR is a
natural measure of firms’ overall performance despite the differ-
ent roles of these individual components. Table 4 decomposes
the variance of TFPR into its elements: fundamental productivity
( 𝜔 ), fundamental demand ( 𝜙), and the net effect of quality’s
benefits and costs ( ln 𝜉̃). The results indicate that variation
in TFPR is predominantly driven by fundamental demand,
which exhibits the greatest dispersion (standard deviation: 1.013).
In contrast, fundamental productivity shows significantly less
variability (standard deviation: 0.157). The positive covariance
between fundamental productivity and demand further amplifies
TFPR dispersion by 0.077. The net effect of output quality
contributes modestly to TFPR dispersion due to the offsetting
impact of quality’s benefits and costs, although the dispersion
of output quality itself (variance: 0.03) is comparable to that
of fundamental productivity. Moreover, the positive covariance
between the net effect of quality and fundamental productivity
contributes to the dispersion of TFPR, which is largely offset by
the negative covariance between the net effect of quality and
fundamental demand. 

The substantial heterogeneity in fundamental demand across
firms likely reflects differences in marketing investment, cus-
tomer base, geographic factors, and other market-driven ele-
ments. A Shapley–Owen variance decomposition (i.e., Shorrocks
2013 ) shows that firm fixed effects explain 82% of the variation
in fundamental demand, whereas time fixed effects and idiosyn-
cratic demand shocks account for only 4% and 14%, respectively.
This highlights that fundamental demand is predominantly
shaped by firm-specific characteristics. The result aligns with
recent evidence on the central role of marketing in driving
firm growth. For instance, Jiang and Zhang ( 2024 ) document
substantial heterogeneity in firms’ marketing investments and
9
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TABLE 4 Variance–covariance decomposition of TFPR 

var(TFPR) var( 𝝎 ) var( 𝐥𝐧 𝝃 ) var( 𝝓) 2cov( 𝝎 , 𝐥𝐧 𝝃 ) 2cov( 𝐥𝐧 𝝃 , 𝝓) 2cov( 𝝎 , 𝝓) 

1.143 0.025 0.010 1.027 0.014 − 0.010 0.077 

Note : ln ̃𝜉 = (1 − 𝛼𝜉) ln 𝜉 represents the net effect of the benefits and costs of quality. The covariances are multiplied by 2, so that the sum of the variances of 
covariances of the components of TFPR equals the variance of TFPR. 

FIGURE 2 Firm heterogeneity (by revenue group). 

s  

d

5

T  

h  

J  

2  

a  

p  

l  

i  

a

W  

g  

f

 

T  

c  

n  

I  

s  

a  

t  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1

 17562171, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1756-2171.70063 by SH

E
N

G
Y

U
 L

I - U
niversity of N

ew
 South W

ales , W
iley O

nline L
ibrary on [19/06/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
rea
how that these differences are a key source of variation in
emand and sales. 

 Firm Heterogeneity and Revenue 

he literature has a long tradition of using unobservable firm
eterogeneity to explain firm behavior and performance (e.g.,
ovanovic 1982 ; Hopenhayn 1992 ; Ericson and Pakes 1995 ; Melitz
003 ; Collard-Wexler and De Loecker 2015 ). More recently, Pozzi
nd Schivardi ( 2016 ) emphasized the distinct roles of demand and
roductivity in shaping firm outcomes. This section extends the
iterature by disentangling the effects of fundamental productiv-
ty and fundamental demand on firm revenue, after separately
ccounting for quality-related influences. 

e begin by analyzing how different dimensions of firm hetero-
eneity vary across firm sizes. Note that Section 3.2 implies the
ollowing revenue production function in logarithm: 

𝑟𝑗𝑡 = 

𝜎 − 1 

𝜎
𝜔𝑗𝑡 +

𝜎 − 1 

𝜎
(1 − 𝛼𝜉) ln 𝜉𝑗𝑡 +

𝜎 − 1 

𝜎
𝜙𝑗𝑡 +

𝜎 − 1 

𝜎
𝛼𝑘 𝑘𝑗𝑡 

+𝜎 − 1 

𝜎
𝛼𝓁 𝓁𝑗𝑡 . (16)

his equation helps evaluate the contribution of each revenue
omponent—including fundamental productivity, demand, the
et effect of quality, capital, and labor—to firm size differences.
n Figure 2 , we categorize firm-year observations into 20 equally
ized percentile groups based on revenue. The figure presents the
verage characteristics of each revenue group relative to those of
he bottom 5-percentile revenue group. The figure reveals system-
0

atic differences across various dimensions of firm heterogeneity.
Firms in higher revenue groups tend to have significantly greater
fundamental demand. Notably, firms in the top 5-percentile
revenue group have a fundamental demand exceeding that of
the bottom 5-percentile group by over 4 logarithmic units. This
gap is larger than that in labor (about 2 logarithmic units) and
capital stock (around 3 logarithmic units). In contrast, variations
in fundamental productivity and output quality are more modest
across revenue groups. Firms in the top 5-percentile group exhibit
only about 27% higher fundamental productivity and 14% higher
output quality than firms in the bottom 5-percentile group.
Overall, unobservable heterogeneity (i.e., combining fundamen-
tal productivity, fundamental demand, and output quality) is as
important as observable heterogeneity (i.e., combining capital
stock and labor) in explaining firm size differences in revenue.
Among all these factors, fundamental demand emerges as the
dominant driver of firm size variation. 

We also perform a variance decomposition of revenue to quantify
the contribution of each component in ( 16 ) in explaining revenue
variation. Following the approach of Eaton et al. ( 2004 ) and
Hottman et al. ( 2016 ), we regress each component ( 𝑥𝑗𝑡 ) on
total revenue using the specification: 𝑥𝑗𝑡 = 𝛽𝑥 0 + 𝛽𝑥 1 𝑟𝑗𝑡 + 𝜖𝑥 𝑗𝑡 , where
coefficient 𝛽𝑥 1 represents the contribution of component 𝑥 on
the variance of revenue. By OLS properties, this decomposition
allocates the covariance terms between revenue components
equally across them, implying that 𝛽𝜔 1 + 𝛽

𝜉

1 + 𝛽
𝜙

1 + 𝛽𝑘 1 + 𝛽𝓁 1 = 1 .
The results in Table 5 show that the variation in fundamental
demand, presumably driven by firm-specific characteristics in the
output market such as customer base, marketing investment, and
geographic factors, explains the largest share of revenue variation
(around 57%), surpassing even the significant contribution of
capital stock (about 33%). Finally, although the contribution of
fundamental productivity is relatively small (3.70%), it remains
comparable to that of labor.26 The impact of output quality is
modest (1.25%) because a large part of the quality’s revenue-
enhancing benef its is offset by its production costs. In the absence
of quality costs, the contribution of quality would be similar to
that of fundamental productivity. 

Nonetheless, each factor affects revenue differently through
pricing and quantity channels. These patterns are implied by our
structural model in Section 3 and verified by estimating a panel-
data f ixed- effects model that controls for year–month fixed effects
and observable firm characteristics, as reported in Table A.6 . Both
fundamental productivity and demand are positively associated
with revenue. However, they impact revenue through different
mechanisms. Conditional on other factors, higher fundamental
productivity decreases prices but boosts output. In contrast,
higher fundamental demand raises both prices and outputs.
Notably, although higher output quality also increases revenue,
its mechanism differs from that of productivity and demand:
The RAND Journal of Economics, 2026
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TABLE 5 Revenue variation decomposition: Contribution of firm heterogeneity. 

𝝎 𝐥𝐧 𝝃 𝝓 𝓵 𝒌 Total 

Contribution 
(percentage 
points) 

3.70 1.25 57.39 4.51 33.49 100.00 
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uality raises prices but reduces output. These results align with
he growing literature on the effects of productivity and demand
n firm performance (Foster et al. 2008 ; Pozzi and Schivardi 2016 ;
oberts et al. 2018 ; Kumar and Zhang 2019 ; Jiang and Zhang
024 ) and contribute by decomposing traditional metrics into
iner dimensions of firm heterogeneity. 

verall, these firm-level results highlight the substantial contri-
ution of TFPR to revenue and the distinct roles of its individual
omponents. In the next section, we use the 2008 global financial
risis as a case study to examine TFPR growth in the Chinese steel
ndustry and its driving forces. 

 Quality Shocks and Aggregate TFPR Growth 

his section empirically examines how output quality, alongside
undamental productivity and demand, contributes to aggregate
evenue productivity (TFPR) growth at the industry level, par-
icularly during periods of significant economic shocks when
uality growth may not align with shifts in these demand and
roduction fundamentals. 

he Chinese steelmaking industry around the 2008 global finan-
ial crisis provides an excellent case for this purpose. During
ur data period, the steelmaking industry experienced a signif-
cant economic shock due to the global financial crisis and the
nprecedented stimulus plan implemented by the Chinese gov-
rnment as a response. The shock caused substantial fluctuations
n output quality, fundamental productivity, and fundamental
emand in the industry. We first examine how these individual
omponents influence aggregate productivity growth measured
y TFPR. Then, we illustrate how the contributions of TFPQ and
he demand residual, as proxies for productivity and demand,
espectively, can be biased by embodied output quality. To do
o, we compute the sales-weighted average of each measure and
resent their growth over the crisis-stimulus period (2007–2010)
nd the post-crisis period (2010–2014) in Table 6 . 

.1 The Crisis-Stimulus Period (2007–2010) 

uring this period, industry-level TFPR increased by 7.78 percent-
ge points, primarily driven by a substantial rise in fundamental
emand (contributing 8.00 percentage points), alongside a mod-
st gain in fundamental productivity (0.22 percentage points) and
 decline in output quality (-0.78 percentage points). This reduc-
ion in quality is consistent with the trend depicted in Figure 1 . As
oted in Section 2 , the decline reflects a shift in demand compo-
ition: foreign demand for high-quality steel contracted, whereas
he domestic demand, predominantly for lower-quality products,
he RAND Journal of Economics, 2026
rose, spurred by the Chinese government’s Four Trillion Stimulus
Plan. This decline in quality contrasts with the rising demand
and productivity; however, it also reduces the production costs of
quality, represented by − 𝛼𝜉 ln 𝜉𝑗𝑡 , thereby partially offsetting its
adverse effect on TFPR. As a result, the overall impact of quality,
given by (1 − 𝛼𝜉) ln 𝜉𝑗𝑡 , remains limited. 

The modest role of output quality contrasted sharply with the
significant contribution of the demand residual, the traditional
proxy for quality. Although the demand residual, primarily driven
by fundamental demand, accounted for the largest share of TFPR
growth, the contribution of output quality was negative. Similarly,
TFPQ overstates the production-side contribution during this
period by including quality-related costs. 

6.2 The Post-Crisis Period (2010–2014) 

After 2010, export demand began to recover and grew steadily
as the world gradually recovered from the global financial crisis.
Meanwhile, domestic steel demand decelerated amid a slowdown
in major downstream industries as the effects of China’s stimulus
plan gradually faded. Consequently, the aggregate quality of steel
grew strongly in this period by 3.81 percentage points. The aggre-
gate fundamental demand increased by 7.44 percentage points
as the export market began to recover in the post-crisis period.
Nonetheless, fundamental productivity declined significantly by
3.37 percentage points. 

Notably, without distinguishing between output quality and fun-
damental demand, the demand residual grew by 11.25 percentage
points, which is significantly higher than the growth in output
quality (3.81 percentage points). The demand residual also grew
significantly differently from fundamental demand, because out-
put quality improved substantially in the post-crisis period. This is
in sharp contrast to the crisis-stimulus period, when the demand
residual mainly captures growth in fundamental demand because
output quality growth was mild. The comparison further suggests
the distinct roles of output quality and fundamental demand
in driving TFPR growth. Finally, TFPQ reflects a growth of
-5.01 percentage points, significantly understating the produc-
tivity growth as measured by fundamental productivity (-3.37
percentage points). 

Overall, fundamental demand is a stronger driver of TFPR growth
compared with fundamental productivity, after controlling for
output quality. The improvement of output quality, however,
does not necessarily align with that of fundamental demand
or fundamental productivity. Consequently, the conventional
proxies of demand or productivity may understate or overstate
11
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TABLE 6 Decomposition of aggregate revenue productivity growth (percentage points). 

Crisis-stimulus period Post-crisis period 
(2007–2010) (2010–2014) 

TFPR ( 𝜔 − 𝛼𝜉 ln 𝜉 + ln 𝜉 + 𝜙) 7.78 6.24 
contributed by TFPQ 0.56 − 5.01 
—Fundamental productivity ( 𝜔) 0.22 − 3.37 
—Costs of quality ( − 𝛼𝜉 ln 𝜉) 0.33 − 1.64 
contributed by demand residual 7.22 11.25 
—Benefits of quality ( ln 𝜉) − 0.78 3.81 
—Fundamental demand ( 𝜙) 8.00 7.44 
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heir contributions to TFPR growth, depending on the nature of
he quality shock. 

 Conclusion 

nobserved output quality complicates the assessment of firms’
roductivity and demand advantages, as higher-quality products
nvolve higher production costs but greater demand benefits.
arge shocks, such as the 2008 financial crisis and fiscal stimulus
olicies, disproportionately affect demand across different quality
evels, further obscuring the evaluation of firm capability growth.

his paper examines firm heterogeneity in output quality, pro-
uctivity, and demand using a unique panel with an index of
cientific output quality from the Chinese steel industry. The
bjective quality measure enables us to decompose TFPQ into
undamental productivity and the costs of quality, and to separate
emand residual into fundamental demand and the benefits of
uality. We find that approximately half of quality’s benefits are
ffset by the costs of producing quality. Fundamental demand
ccounts for the largest share of revenue variation, followed by
roductivity, whereas quality’s impact remains modest due to
ts high production costs. Using the shocks of the 2008 global
inancial crisis and China’s stimulus policies, we document
hat output quality can amplify or dampen changes in revenue
roductivity because its growth may diverge from fundamental
roductivity and demand, depending on the nature of economic
hocks. Moreover, TFPQ and demand residual, by conflating
osts and benefits of quality, may significantly bias evaluations
f productivity and demand contributions to firm performance.
onetheless, even after accounting for quality, fundamental
emand continues to play a dominant role in the growth of
irm revenue productivity, highlighting the importance of future
esearch on its underlying drivers, such as marketing investment,
ustomer base, and geographic factors. 
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Endnotes 
1 This observability also simplifies the choice of instrumental variables
for prices. If quality were treated as part of the unobserved demand
residual, then commonly employed cost-related variables might not
serve as adequate instrumental variables for output prices because
quality variations would influence production costs. 

2 Brandt et al. ( 2022 ) study productivity differences in vertically inte-
grated Chinese steel facilities using a dataset from the Chinese
Iron and Steel Association for 3 years, without considering output
quality differences. 

3 Cited from a white paper by Natoli Engineering Company, Inc.
Accessed on November 5, 2018. 

4 Source: https://en.wikipedia.org/wiki/Chinese_economic_stimulus_
program . Accessed on July 14, 2021. 

5 Following Foster et al. ( 2008 ), we adjust the firm-level prices and
revenue using an industry output price index constructed as the
revenue-weighted geometric mean price across all firms in each period.
Alternatively, we can deflate prices and revenue using national inflation
rates, and our main results remain robust. 

6 We illustrate the quality distinctions between the international and
national standards using the example of the widely produced carbon
structural steel in Table A.1 . 

7 This definition follows exactly the regulation in the steelmaking
industry in China. For more details, refer to the decree “Cleaner
Production Standard–Iron and Steel Industry,” which is part of the
“Environmental Protection Industry Standard of the People’s Republic of
China (HJ/T189-2006)” issued in 2006 by the Ministry of Ecology and
Environment. The book (in Chinese) compiled by Chen ( 2003 ) from the
China Iron and Steel Association also provides a detailed explanation of
these quality index numbers. 

8 Although we can compute the firm-level output prices, we do not
observe separate prices for each quality tier within a firm. This limits
our ability to analyze multi-product firm behavior at the firm-product
level, because we cannot estimate separate demand functions for each
quality tier without further assumptions. In Appendix C , we outline
The RAND Journal of Economics, 2026
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how a framework of multi-product firms can be approximated by a
firm-level model without losing the key empirical insights related to
the distinct roles of fundamental productivity and demand as well as
the costs and benefits of quality that this paper seeks to highlight.
In the context where suitable firm-product level output price and
quantity data are available, researchers can estimate a model of multi-
product firms directly without approximation to investigate the demand
and cost heterogeneity both within and across firms, by applying the
approaches in the recent development of the literature (e.g., De Loecker
et al. 2016 ; Orr 2022 ; Dhyne et al. 2022 ; Valmari 2023 ; Caselli et al. 2025 ).

9 In Appendix D.3 , we test the robustness of our results by using a
different set of index numbers estimated flexibly following the insight
of Atkin et al. ( 2019 ). The estimated quality index numbers are close to
the industry practice, and our results are robust. 

10 See Appendix A for a more detailed discussion. 
11 The distinction between objective quality 𝜉𝑗𝑡 and subjective consumer
taste 𝜌𝑗𝑡 is related to, but not identical with, the concepts of vertical
and horizontal differentiation. Specifically, subjective taste 𝜌𝑗𝑡 —and
thus the fundamental demand 𝜙𝑗𝑡 in ( 2 )—contains two main sources of
demand variation: horizontal differentiation and consumers’ subjective
perceptions of product quality. The latter may arise from factors such
as branding and marketing, which shape consumers’ assessment of
quality and their willingness to pay. In this paper, we disentangle
objective product quality ( 𝜉𝑗𝑡 ) from other demand shifters (e.g., 𝜌𝑗𝑡 )
embedded in fundamental demand ( 𝜙𝑗𝑡 ). 

12 For example, a lower price of firm j ’s product, 𝑃𝑗𝑡 , affects its demand
through two channels: the substitution effect, where the consumer
switches from rival firms to firm 𝑗 due to the lower price, and the
income effect, where the decrease in the aggregate price index enables
the consumer to purchase more of firm j ’s product. As a result, the price
elasticity of demand, 𝜕 ln 𝑄𝑗𝑡 

𝜕 ln 𝑃𝑗𝑡 
, and the corresponding markup can vary

across firms, even under a constant 𝜎. This point is also documented in
the literature (e.g., Feenstra and Ma 2007 ). 
The constant elasticity of substitution, 𝜎, remains identifiable even
when allowing for variable markups. Our demand estimation, specified
in ( 2 ), uses time fixed effects to absorb the aggregate price index. This
allows us to identify 𝜎 from relative demand shifts in response to price
changes, purging the influence of income effects. A detailed discussion
is provided in Appendix B . 
Of course, the elasticity of substitution, 𝜎, may not be constant and
could potentially vary with the level of output quality. To assess this
possibility, we conduct a robustness check, as detailed in Appendix D.2 ,
where we allow 𝜎 to depend on output quality. The results indicate that
the effect of output quality on 𝜎 is both economically and statistically
insignificant in this context. Moreover, the key parameter estimates of
our model remain robust. 

13 Crucially, this 45-degree linear relationship holds consistently across
different quality levels, meaning that the Leontief feature is a fun-
damental feature conditional on quality rather than being driven by
cross-quality differences. 

14 As a robustness check, we included output quality in the evolution
process: 𝜔𝑗𝑡+ 1 = 𝑔0 + 𝑔1 𝜔𝑗𝑡 + 𝑔𝜉 ln 𝜉𝑗𝑡 + 𝜖𝑗𝑡+ 1 . We found that 𝑔𝜉 is
insignificant: -0.003 (s.e. = 0.005). This suggests that output quality
influences TFPQ through the quality production costs (i.e., 𝜉

− 𝛼𝜉
𝑗𝑡 

) rather
than through the fundamental productivity evolution process. 

15 Our production function setup can be interpreted in two ways closely
aligned with the existing literature. First, it can be interpreted as the
production of “quality-adjusted” output using standard inputs ( 𝐾𝑗𝑡 
and 𝐿𝑗𝑡 ), expressed as 𝜉

𝛼𝜉
𝑗𝑡 
𝑄𝑗𝑡 = 𝑒𝜔𝑗𝑡 𝐾

𝛼𝑘 
𝑗𝑡 
𝐿
𝛼𝓁 
𝑗𝑡 
. This approach embeds

quality directly into the production function, capturing the trade-
off between quality and quantity as in Grieco and McDevitt ( 2017 ).
Second, our framework is also consistent with the literature that
treats quantity production and quality production as distinct processes
(e.g., Atkin et al. 2019 ), recognizing that firms must use resources to
produce output quality. To see this, assume that a fraction (denoted
he RAND Journal of Economics, 2026
as 𝜆𝑗𝑡 ) of capital and labor are required to produce quality level 𝜉𝑗𝑡 ;
the remaining (1 − 𝜆𝑗𝑡 ) fraction of capital and labor are used in the
production of output quantity 𝑄𝑗𝑡 . Suppose that 𝜆𝑗𝑡 is an increasing

function of the level of quality: 𝜆𝑗𝑡 = 𝜆( 𝜉𝑗𝑡 ) = 1 − 𝜉𝑗𝑡 
−

𝛼𝜉

𝛼𝑘 + 𝛼𝓁 , with 0 <

𝜉𝑗𝑡 
−

𝛼𝜉

𝛼𝑘 + 𝛼𝓁 < 1 . As a result, by accounting for the actual labor and capital
used in the production of quantity, 𝑄𝑗𝑡 = 𝑒𝜔𝑗𝑡 [(1 − 𝜆( 𝜉𝑗𝑡 )) 𝐾𝑗𝑡 ]

𝛼𝑘 [(1 −
𝜆( 𝜉𝑗𝑡 )) 𝐿𝑗𝑡 ]

𝛼𝓁 = 𝑒𝜔𝑗𝑡 𝜉
− 𝛼𝜉
𝑗𝑡 

𝐾
𝛼𝑘 
𝑗𝑡 
𝐿
𝛼𝓁 
𝑗𝑡 
. 

16 The empirical measure of output quality in Section 2.3 is constructed
based on the contemporaneous quantity shares of different quality
tiers. This may introduce a correlation between the contemporaneous
demand shocks and the quality measure, because fluctuations in
demand may influence the observed product mix and, consequently,
the calculated quality index. We explicitly allow for such a correlation
in the demand estimation in Section 4 . 

17 Given the state variables including capital and output quality, choosing
𝑄𝑗𝑡 is equivalent to choosing 𝐿𝑗𝑡 according to ( 4 ). Thus, 𝐿𝑗𝑡 does not
appear in the choice variable set. 

18 Here, 𝑃𝑀𝑡 and 𝑃𝐿𝑡 are assumed to vary by time but not across firms. In
the empirical estimation, we use input quantities measured in physical
terms to estimate the production parameters in Section 4 , thereby
avoiding the “input price bias” highlighted in the literature. Firm-level
variation in input prices, if any, can still complicate the use of a proxy-
based approach for production estimation. The detailed strategy for
addressing this challenge, closely aligned with De Loecker et al. ( 2016 ),
is outlined in Section 4 . 

19 Although the quality choice model presented in the paper assumes
that output quality is predetermined, following the tradition in the
literature, our empirical estimation strategy is also consistent with
an alternative framework in which output quality and quantity are
determined simultaneously. In particular, even if output quality is
determined by the share of contemporaneous output quantity chosen
by multi-product firms—as in our construction of the empirical
quality measure in Section 2.3 —our instrumental variable approach in
Section 4 remains valid and consistent, since contemporaneous quality
is not used as an instrument. 

20 The evolution of productivity and demand is specified in ( 6 ) and ( 12 ),
respectively, whereas the capital evolution process is standard and is
abstracted away for expository purposes. 

21 This definition avoids the scale bias caused by 𝜎− 1 
𝜎
; thus, it is directly

comparable to TFPQ in the literature. 
22 In our context, the correlation coefficient between TFPQ and the
demand residual is 0.29. This correlation is not negative as reported
by the literature, likely because our TFPQ measurement is based on
physical quantities of output and inputs. This approach effectively
removes heterogeneity in material prices, wage rates, and capital
utilization, which are often unobserved in standard TFPQ measures.
However, this correlation remains significantly lower than the 0.47
correlation between fundamental productivity and output quality. This
comparison supports the same underlying implication in the literature:
firms producing higher-quality products incur additional production
costs, which dampens the observed correlation between TFPQ and the
demand residual relative to that between fundamental productivity and
output quality. 

23 This is intuitive—output quality affects the marginal cost of production,
whereas fundamental demand may mainly come from the inherent
customer base and the effort of marketing (as a kind of fixed cost),
which may not increase the marginal cost of production. 

24 This relationship is further confirmed in Figure A.3b . The negative
relationship likely stems from segmented, quality-dependent markets
in the steel industry, where the market size or customer base (fun-
damental demand) for high-quality steel is smaller than that for
lower-quality steel. We demonstrate this point by highlighting the con-
13
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ceptual differences between output quality and fundamental demand
(e.g., customer base) in a model with quality-differentiated products
in Appendix C . Empirically, this does not imply that higher quality
reduces firm demand. By explicitly accounting for both output quality
and fundamental demand in the demand function, our estimates in
Table 2 demonstrate that higher quality increases sales quantities when
price and fundamental demand are held constant. 

25 This pattern is also demonstrated in Figure A.3a . 
26 Labor’s contribution is smaller than that of capital stock, although the
labor differences across revenue groups in Figure 2 are similar to that
of capital stock. This is because of lower labor elasticity to output ( 𝛼𝓁 =
0 . 14 ), which is only one fifth of capital’s elasticity ( 𝛼𝑘 = 0 . 75 ). 

27 The correlation is computed in logarithm after removing firm and
time fixed effects. Removing firm fixed effects is necessary to control
for the impact of any time-invariant factors, such as frictions from
geographic differences, institutions, or market power, which may lead
to cross-sectional differences. 

28 Nonetheless, this does not mean that output price is a perfect measure
of output quality. As demonstrated in Section 3 , many factors can
systematically influence output prices, although these factors are not
directly related to output quality. Indeed, the regression results in
Table A.2 show that market share (market power), capital capacity (firm
size), and fixed effects (consumer taste, demand, and input factors) all
help to explain the variation of output prices. In addition, as evidence
specific to this industry, Appendix Figure A.1 shows that the changes
over time in output (steel) prices are largely influenced by the variation
in input (iron ore) prices. These dramatic changes in iron ore prices
(e.g., fluctuations of over 50% within a year) are not driven by different
levels of quality of iron ore. Instead, they are mainly due to changes in
competition and bargaining outcomes in the international market for
iron ore. 

29 We do not use 𝐿, 𝑀, 𝐻 as in Section 2.3 to avoid confusion with labor 𝐿
and material 𝑀 used in this section. 

30 These papers obtain a firm-level transformation function with
a constant elasticity of substitution (CES) output aggregator,{ [

𝑄1 

𝐴1 

] 1 

𝛿 +
[
𝑄2 

𝐴2 

] 1 

𝛿 +
[
𝑄3 

𝐴3 

] 1 

𝛿

} 𝛿

. Our specification is an analog

with 𝛿 = 1 . Such a restriction is useful in driving the approximation
(i.e., ( C.5 ) and ( C.19 )) of the multi-product firm framework by a
firm-level model, which is the focus of our analysis. 
Whether 𝛿 is equal to 1 or not is an empirical question. If 𝛿 = 1 , the
marginal rate of transformation of any two outputs, for example outputs
1 and 2, will only depend on their relative productivity difference,
𝐴1 ∕𝐴2 ; if 𝛿 ≠ 1 , the marginal rate of transformation also depends
on their relative production scale 𝑄1 ∕𝑄2 . When firm-product-level
output price and quantity data are available, researchers can utilize this
intuition to estimate the value of 𝛿, as proposed by Caselli et al. ( 2025 )
and Khmelnitskaya et al. ( 2025 ). 
Of course, with 𝛿 = 1 , our empirical estimate of 𝛼𝓁 and 𝛼𝑘 in Sec-
tion 4 suggests a decreasing return to scale and consequently implies
diseconomies of scope in producing multiple products within the same
firm, based on the result in Khmelnitskaya et al. ( 2025 ). In our context,
this outcome may be plausible due to production process inflexibility
and the need for specialized equipment in the steel industry. High-
quality steel requires much tighter control over temperature, alloying,
and impurities, and facilities often dedicate specific production lines,
furnaces, or continuous casters to such outputs. When a firm attempts
to produce both high- and low-quality grades, the same equipment must
be frequently adjusted or repurposed, which increases downtime for
cleaning, calibration, and maintenance. Moreover, it may reduce yields
due to contamination risks (e.g., traces of impurities from low-grade
batches compromising high-quality steel). In addition, since we use
utilized capital as the measure of 𝐾𝑗𝑡 in the production model, shared
inputs—as a source of economies of scope emphasized by Cairncross
et al. ( 2025 ) and Khmelnitskaya et al. ( 2025 )—are already controlled
for. As a result, joint production can be less efficient than special-
4

ization across separate firms, thereby giving rise to diseconomies of
scope. 

31 Consider a random variable 𝑥, which takes values of 𝛼𝜉𝛾𝛼𝐿 , 𝛼𝜉𝛾𝛼𝑀 

, and
𝛼𝜉𝛾𝛼𝐻 with probability (

𝑄1 

𝑄 
,
𝑄2 

𝑄 
,
𝑄3 

𝑄 
) , respectively. The second-order

Taylor expansion implies that an approximation: 𝐸( 𝑒𝑥 ) = 𝑒𝐸( 𝑥) (1 +
1 

2 
𝑉𝑎 𝑟 ( 𝑥)) . As a result, 𝐸( 𝑒𝑥 ) ≈ 𝑒𝐸( 𝑥) if 𝑉𝑎 𝑟 ( 𝑥) is sufficiently small. In

our application, after estimating the model, we compute the variance
of a variable taking values of (𝛼̂𝜉 𝛾̂𝛼𝐿 , 𝛼̂𝜉 𝛾̂𝛼𝑀 

, 𝛼̂𝜉 𝛾̂𝛼𝐻 ) with associated
share ( 𝑄𝑗1 𝑡 

𝑄𝑗𝑡 
,
𝑄𝑗2 𝑡 

𝑄𝑗𝑡 
,
𝑄𝑗3 𝑡 

𝑄𝑗𝑡 
) for each firm 𝑗 that produces all three products

in period 𝑡. We find that these variances are indeed small: the median
is 0.011, and the maximum is 0.019. For comparison, the corresponding
values of 𝑒𝐸( 𝑥) have a median of 1.100 across these observations. This
confirms that the variance is negligible relative to the magnitude of
𝑒𝐸( 𝑥) , validating the approximation. 

32 Similar to the explanation in Footnote 31 , the
first approximation is valid when the variance of[
((𝜎̂ − 1) − 𝛼̂𝜉 𝜎̂)𝛾̂𝛼𝐿 , ((𝜎̂ − 1) − 𝛼̂𝜉 𝜎̂)𝛾̂𝛼𝑀 

, ((𝜎̂ − 1) − 𝛼̂𝜉 𝜎̂)𝛾̂𝛼𝐻 
]

with associated probability ( 𝑤1 , 𝑤2 , 𝑤3 ) is small. While ( 𝑤1 , 𝑤2 , 𝑤3 ) are
not directly observed, they can be approximated by the quantity shares(
𝑄1 

𝑄 
,
𝑄2 

𝑄 
,
𝑄3 

𝑄 

)
as explained in Footnote 33 . For each firm in each period

producing all three products, we compute the variance of this variable
and find that it is indeed small. Across these observations, the median
variance is 0.0001 and the maximum is 0.0002. For comparison,
the corresponding values of 𝑒𝐸( 𝑥) have a median of 1.001. Thus, the
variance is negligible relative to the magnitude of 𝑒𝐸( 𝑥) , validating
the approximation. 

33 To see this point, note that ( C.13 ) implies that the quantity share can be
written as 𝑠𝑖 ≡ 𝑄𝑖 ∕

∑
𝑖 𝑄𝑖 = 𝑒( 𝜎− 1) 𝜙𝑖 𝜉

( 𝜎− 1) − 𝛼𝜉𝜎
𝑖 

∕
∑
𝑖 ( 𝑒

( 𝜎− 1) 𝜙𝑖 𝜉
( 𝜎− 1) − 𝛼𝜉𝜎
𝑖 

) ,
𝑖 = 1 , 2 , 3 . These shares are close to the demand shares 𝑤𝑖 =
𝑒( 𝜎− 1) 𝜙𝑖 ∕

∑
𝑖 𝑒
( 𝜎− 1) 𝜙𝑖 when the term (( 𝜎 − 1) − 𝛼𝜉𝜎) , which captures

the net effect of quality on demand, is small. To see this, let 𝑥𝑖 ≡
𝑒( 𝜎− 1) 𝜙𝑖 and 𝜅𝑖 ≡ 𝜉

( 𝜎− 1) − 𝛼𝜉𝜎
𝑖 

, where 𝜅𝑖 is computable from the estimated
model. Then 𝑤𝑖 = 𝑥𝑖 ∕

∑
𝑖 𝑥𝑖 , while the observed quantity share can

be written as 𝑠𝑖 = 𝜅𝑖 𝑥𝑖 ∕
∑
𝑖 ( 𝜅𝑖 𝑥𝑖 ) . From this identity, we obtain 𝑤𝑖 =

( 𝑠𝑖 ∕𝜅𝑖 )∕
∑
𝑖 ( 𝑠𝑖 ∕𝜅𝑖 ) , showing that 𝑤𝑖 can be recovered directly from the

data and the estimated parameters. We then compare the weight vector
( 𝑤1 , 𝑤2 , 𝑤3 ) with ( 𝑠1 , 𝑠2 , 𝑠3 ) by computing the absolute differences Δ =
( |𝑤1 − 𝑠1 |, |𝑤2 − 𝑠2 |, |𝑤3 − 𝑠3 |) for each firm 𝑗 producing all three prod-
ucts in period 𝑡. Across all such firm-year observations, the differences
are very small: the median difference is only 0 . 23% , with a maximum
of 0 . 69% . This confirms that using ( 𝑠1 , 𝑠2 , 𝑠3 ) as an approximation to
( 𝑤1 , 𝑤2 , 𝑤3 ) is accurate in our application. 

34 Because 𝛾 and the scale of 𝛼ʻs are not separately identifiable, we
normalize 𝛼𝐻 − 𝛼𝐿 = 1 to make the estimation comparable with those
in industry practice. That is, the difference between the highest and
lowest quality index numbers is normalized to be 1, as in industry
practice. Given the estimates of the third column in Panel A, this
implies 𝛾 ∗ ( 𝜎 − 1) = 0 . 391 . The implied quality index number for
the international standard ( 𝛼𝐻 ) is thus 1 + 𝛼̃𝐻 ∕( 𝛾 ∗ ( 𝜎 − 1)) = 1 . 468 ,
following the definition of 𝛼̃𝐻 . The implied quality index number for
the enterprise standard ( 𝛼𝐿 ) can be similarly calculated. Given 𝜎̂, the
implied scale-adjustment parameter 𝛾̂ = 0 . 391∕(𝜎̂ − 1) = 0 . 418 . 
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FIGURE A.2 Leontief technology of steel production: quantity of 
input (pig iron) and output (steel). 

Note : This figure provides support for the choice of the Leontief production 
function in ( 3 ), which reflects the characteristics of the production process in 
the steelmaking industry. In our data, the steel output and pig iron input are 
almost perfectly correlated. The correlation coefficient between these two 
variables is 1.00. A linear regression of ln 𝑄𝑗𝑡 against ln 𝑀𝑗𝑡 shows that the 
variation in materials explains 99.89% of the variation in physical output, with 
a regression coefficient of 1.00. This suggests that the usage of materials 
directly determines the quantity of physical output, with little substitution 
between pig iron (material input) and other inputs (labor and capital). 
Crucially, this 45-degree linear relationship holds consistently across different 
quality levels, meaning that the Leontief feature is a fundamental feature 
conditional on quality rather than being driven by cross-quality differences. 
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ppendix A: Output Quality Characteristics 

his appendix presents the patterns of the output quality and its

IGURE A.1 Co-movement of the iron ore price and steel price in
ogarithm, normalized. 

ote : This figure presents the co-movement of prices of steel and iron ore 
rom 2007 to 2014. The vertical axis represents the average prices (in 
ogarithm) at the monthly level, and the horizontal axis is the time (e.g., 
007m7 means July 2007). The average prices of the first month are 
ormalized to be 1 (or 0 in logarithm). The figure shows that the two prices 
o-move and the steel prices largely reflect the changes in iron ore prices 
ver time. 

elationship to key variables. 

utput Quality and Prices In our data, firms producing high-quality
roducts sell at higher prices. The correlation between these two variables
s positive (0.165, significant at the 1% level).27 Table A.2 reports a
ositive association between output prices and the quality index (both
n logarithm) in regressions after controlling for fixed effects and firm
haracteristics, including the market share as a proxy for market power.
he results suggest that a 1% increase in the output quality index is
ssociated with a higher output price by about 0.343% (the fifth column).28
he positive association is intuitive. First, producing higher quality incurs
arger costs (i.e., costs of quality), which drives up prices. Second, higher
uality also promotes demand, allowing firms to charge higher prices. 

utput Quality and Productivity Our data reflect that output quality
s a firm characteristic that is fundamentally different from productivity.
ow output quality is related to productivity depends on how productivity
s defined. Column (1) in Table A.3 shows that output quality is
egatively related to labor productivity measured by quantity (i.e., tons
6

of steel) produced per worker. This suggests a trade-off between quality
and quantity: higher-quality output is more costly to produce. This is
consistent with the findings in Column (3): the quantity of output is
lower for higher quality, conditional on major input variables (labor and
capital) and fixed effects. Such a relationship is the key to identifying
the costs of quality associated with producing high-quality products from
unobservable fundamental productivity, which is formally investigated in
Section 4 . When productivity is measured in revenue terms, nonetheless,
Column (2) shows that it is positively related to output quality. This is
because higher-quality output can sell at a higher price (Table A.2 ). This
effect offsets and dominates the costs of quality. Such a positive effect of
quality is also observed in the relationship between revenue and output
quality in Column (4). 

Appendix B: Derivation of CES Demand Function From Utility 
Function 

This section has three purposes. First, it provides a detailed derivation of
the CES demand function ( 2 ) from the representative consumer utility
function ( 1 ). Second, it demonstrates that the CES may not be equal
to the price elasticity of demand when firm size is non-negligible, and
thus does not preclude variable markups across firms. Finally, it clarifies
that our empirical strategy of estimation is consistent with the potential
variable demand elasticity and markups. We assume that there is no
strategic interaction between individual firms and that a firm’s price
choice impacts other firms only by changing the aggregate price index. 

Deriving the CES Demand Function We start from the CES preference
of the representative consumer, ( 1 ): 

𝑈 =

[ ∑
𝑗 

𝜌

𝜎− 1 
𝜎

𝑗𝑡 

(
𝜉𝑗𝑡 𝑄𝑗𝑡 

) 𝜎− 1 
𝜎

] 

𝜎

𝜎− 1 

, (B.1)
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TABLE A.1 National and international standards for carbon structural steel. 

National (GB/T699-2015) International (Japan, G4051-2016) 

Si(%) 0.17–0.37 0.15–0.35 
Mn(%) 0.35–0.65 0.30–0.60 
P(%) ≤ 0.035 ≤ 0.03 
S(%) ≤ 0.035 ≤ 0.035 
Cr(%) ≤ 0.25 ≤ 0.20 
Ni(%) ≤ 0.25 ≤ 0.20 
Cu(%) ≤ 0.25 ≤ 0.30 
Yield strength (MPa) ≥ 245 ≥ 245 
Tensile strength (MPa) ≥ 410 ≥ 402 
Elongation (%) ≥ 21 ≥ 28 
Impact energy (J) ≥ 27 ≥ 40 

Note : 1 To ensure comparability, we chose the 25mm sample bar size from Type 20 in China and S20C in Japan, which are both carbon structural steel with similar 
carbon content (0.18% –0.23%). Carbon structural steel belongs to the low carbon, low carbon chromium, molybdenum, and nickel case hardening steel. It is widely 
produced by Chinese steelmakers. It is usually in round bars and flat sections but can be cut to any required size. It is widely used for all industrial applications 
requiring more wear resistance and strength, such as gears, pins, and rams. 2 The product is of higher quality if it has fewer impurities (P, S, Cr, and Ni), or higher 
physical properties (yield strength, tensile strength, elongation, and impact energy). 3 Data source: https://www.totalmateria.com 

TABLE A.2 Relationship between output quality and output prices. 

(1) (2) (3) (4) (5) 
log(P) log(P) log(P) log(P) log(P) 

Output quality 0.294* * * 0.352* * * 0.350* * * 0.356* * * 0.343* * * 

(0.035) (0.035) (0.035) (0.035) (0.034) 
Market share 11.631* * * 

(0.637) 
Firm FE Y Y Y Y Y 

Year–month FE Y Y Y Y 

Capital capacity (log) Y Y Y 

Avg. converter size (log) Y Y 

Observations 4,070 4,070 4,070 4,025 4,025 
Adjusted 𝑅2 0.429 0.467 0.467 0.466 0.509 

Note : Standard errors in parentheses. ∗ 𝑝 < 0 . 10 , ∗∗ 𝑝 < 0 . 05 , ∗∗∗ 𝑝 < 0 . 01 . 

TABLE A.3 Relationship between output quality and labor productivity. 

(1) (2) (3) (4) 
Quantity/worker Revenue/worker logQ logR 

Output quality − 0.131* * * 0.214* * * − 0.189* * * 0.162* * * 

(0.041) (0.056) (0.032) (0.034) 
Firm FE Y Y Y Y 

Year–month FE Y Y Y Y 

Labor (log) Y Y 

Capital capacity (log) Y Y 

Avg. converter size (log) Y Y 

Observations 4,035 3,951 3,991 3,909 
Adjusted 𝑅2 0.693 0.600 0.933 0.926 

Note : Standard errors in parentheses. ∗ 𝑝 < 0 . 10 , ∗∗ 𝑝 < 0 . 05 , ∗∗∗ 𝑝 < 0 . 01 . 
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FIGURE A.3 The relationship between output quality and fundamental productivity and demand. 

TABLE A.4 Demand and production estimates without using qual- 
ity data. 

Parameter Demand Parameter Production 

𝜎 1.805* * * 𝛼𝜉 0.013 
(0.105) (0.038) 

𝛾( 𝜎 − 1) — 𝛼𝑘 0.765* * * 

(0.086) 
𝜌1 0.747* * * 𝛼𝓁 0.113 

(0.020) (0.110) 
𝑔0 − 0.027 

(0.017) 
𝑔1 0.960* * * 

(0.021) 

Note : Standard errors in parentheses. ∗ 𝑝 < 0 . 10 , ∗∗ 𝑝 < 0 . 05 , ∗∗∗ 𝑝 < 0 . 01 1 

Capital stock is used as the IV for output price in the demand estimation. 2 

The estimated demand residual from the demand function is used as a proxy 
of output quality measure in estimating the production function. 3 Production 
estimation follows the same procedure as in our main results. 

w

G  

c

 

T

 

w

TABLE A.5 Production costs of quality using quality proxies. 

(1) (2) (3) (4) 
logQ logQ logQ logQ 

Fundamental demand 0.024* * * 0.024* * * 

(0.003) (0.003) 
Demand residual 0.002 0.000 

(0.003) (0.003) 
Year–month FE Y Y 

Fundamental productivity Y Y Y Y 

capital (log) Y Y Y Y 

labor (log) Y Y Y Y 

Observations 3,916 3,916 3,916 3,916 
Adjusted 𝑅2 0.985 0.984 0.984 0.984 

Note : Standard errors in parentheses. ∗ 𝑝 < 0 . 10 , ∗∗ 𝑝 < 0 . 05 , ∗∗∗ 𝑝 < 0 . 01 . 
1 This table reports OLS regression estimates as analogs of production function 
( 4 ) in logarithm using either fundamental demand (in the first two columns) 
or demand residual (in the last two columns) as a replacement for output 
quality. The fundamental demand, fundamental productivity, and demand 
residual are measures constructed from our main model with quality data. 
The fundamental productivity measure is included in the regressions to 
avoid the endogeneity issue caused by unobserved production efficiency (i.e., 
productivity). 
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here 𝜎 is the CES across the products. 

iven the consumer’s total expenditure ( 𝐼𝑡 ) and output prices, the
onsumer maximizes her utility according to the following problem: 

max 
𝑄𝑗𝑡 

[ ∑
𝑗 

𝜌

𝜎− 1 
𝜎

𝑗𝑡 

(
𝜉𝑗𝑡 𝑄𝑗𝑡 

) 𝜎− 1 
𝜎

] 

𝜎

𝜎− 1 

subject to: 
∑
𝑗 

𝑃𝑗𝑡 𝑄𝑗𝑡 = 𝐼𝑡 . (B.2)

he Lagrangian function is written as: 

 =

[ ∑
𝑗 

𝜌

𝜎− 1 
𝜎

𝑗𝑡 

(
𝜉𝑗𝑡 𝑄𝑗𝑡 

) 𝜎− 1 
𝜎

] 

𝜎

𝜎− 1 

+ 𝜆( 𝐼𝑡 −
∑
𝑗 

𝑃𝑗𝑡 𝑄𝑗𝑡 ) , (B.3)

here 𝜆 is the Lagrangian multiplier. 
8

The first-order condition with respect to 𝑄𝑗𝑡 is: 

[ 

( 𝜌𝑗𝑡 𝜉𝑗𝑡 )
𝜎− 1 

𝑄𝑗𝑡 

] 

1 

𝜎
[ ∑

𝑗 

𝜌

𝜎− 1 
𝜎

𝑗𝑡 

(
𝜉𝑗𝑡 𝑄𝑗𝑡 

) 𝜎− 1 
𝜎

] 

1 

𝜎− 1 

= 𝜆𝑃𝑗𝑡 . (B.4)

Take the ratio of the above equation for any two products 𝑖 and 𝑗 to obtain:

𝑃𝑖𝑡 
𝑃𝑗𝑡 

=
( 

𝜌𝑖𝑡 𝜉𝑖𝑡 
𝜌𝑗𝑡 𝜉𝑗𝑡 

) 

𝜎− 1 
𝜎

( 

𝑄𝑗𝑡 

𝑄𝑖𝑡 

) 

1 

𝜎

. (B.5)
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TABLE A.6 Firm heterogeneity and channels to affect sales perfor- 
mance. 

(1) (2) (3) 
Revenue Price Quantity 

Fundamental productivity 0.467* * * − 0.527* * * 0.994* * * 

(0.005) (0.007) (0.012) 
Fundamental demand 0.454* * * 0.450* * * 0.005* * * 

(0.001) (0.001) (0.003) 
Output quality 0.155* * * 0.399* * * − 0.244* * * 

(0.003) (0.004) (0.006) 
Year–month FE Y Y Y 

Capital capacity (log) Y Y Y 

Avg. converter size (log) Y Y Y 

Observations 3,876 3,876 3,876 
Adjusted 𝑅2 0.997 0.963 0.983 

Note : Revenue, price, and quantity are in logarithm. Standard errors in 
parentheses. ∗ 𝑝 < 0 . 10 , ∗∗ 𝑝 < 0 . 05 , ∗∗∗ 𝑝 < 0 . 01 . 

TABLE A.7 Robustness: demand estimates with alternative IVs and 
specifications. 

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

𝜎 1.910* * * 2.019* * * 2.762* * * 1.906* * * 

(0.133)) (0.154) (0.421) (0.132) 
𝛾( 𝜎 − 1) 0.537* * * 0.574* * * 0.597 0.546* * 

(0.267)) (0.268) (0.465) (0.266) 
𝜌1 0.744* * * 0.733* * * 0.766* * * 0.744* * * 

(0.020) (0.020) (0.021) (0.020) 
Year FE, month FE ✓ ✓ ✓ ✓

Firm FE ✓ ✓ ✓ ✓

Observations 3936 3936 3936 3924 

Note : Standard errors in parentheses. ∗ 𝑝 < 0 . 10 , ∗∗ 𝑝 < 0 . 05 , ∗∗∗ 𝑝 < 0 . 01 . 
1 Column (1) uses year fixed effects and month fixed effects (as opposed to 
year–month fixed effects in the main result) while using the same IVs as in the 
main results. Column (2) adds the lagged average prices of other firms as an 
IV. Column (3) includes the industry-level iron ore price interacted with capital 
stock as an IV to capture differences in input costs across firms of varying sizes 
(iron ore price data vary only by time). Column (4) adds the lag of smelting 
time per converter as an IV. 

T

 

S

 

TABLE A.8 Robustness: demand and production estimates with 
variable elasticity of substitution. 

Parameter Demand Parameter Production 

𝜎𝑃 1.789* * * 𝛼𝜉 0.433* * * 

(0.110) (0.006) 
𝜎𝜉 0.515* * 𝛼𝑘 0.777* * * 

(0.269) (0.031) 
𝜎𝜉𝑃 − 0.076 𝛼𝓁 0.102* * 

(0.449) (0.045) 
𝜌1 0.758* * * 𝑔0 − 0.016 

(0.017) (0.006) 
𝑔1 0.973* * * 

(0.007) 

Note : Standard errors in parentheses. ∗ 𝑝 < 0 . 10 , ∗∗ 𝑝 < 0 . 05 , ∗∗∗ 𝑝 < 0 . 01 . 
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hat is, for any product 𝑖, we have 

𝑄𝑖𝑡 =
( 

𝜌𝑖𝑡 𝜉𝑖𝑡 
𝜌𝑗𝑡 𝜉𝑗𝑡 

) 𝜎− 1 ( 

𝑃𝑗𝑡 

𝑃𝑖𝑡 

) 𝜎

𝑄𝑗𝑡 . (B.6)

ubstituting this relationship into the budget constraint, we obtain: 

𝐼𝑡 =
∑
𝑖 

𝑃𝑖𝑡 𝑄𝑖𝑡 = 𝑄𝑗𝑡 𝑃
𝜎
𝑗𝑡 

∑
𝑖 

[ ( 

𝜌𝑖𝑡 𝜉𝑖𝑡 
𝜌𝑗𝑡 𝜉𝑗𝑡 

) 𝜎− 1 

𝑃1 − 𝜎
𝑖𝑡 

] 

. (B.7)
he RAND Journal of Economics, 2026
Solve for 𝑄𝑗𝑡 from the above equation and take logarithm to obtain the
demand function ( 2 ): 

ln 𝑄𝑗𝑡 = − 𝜎 ln 𝑃𝑗𝑡 + ( 𝜎 − 1) ln 𝜉𝑗𝑡 + ( 𝜎 − 1) 𝜙𝑗𝑡 , (B.8)

where 𝜙𝑗𝑡 = ln 𝜌𝑗𝑡 + ln 

( 

𝐼𝑡 ∑
𝑗 [ 𝑃𝑗𝑡 ∕( 𝜌𝑗𝑡 𝜉𝑗𝑡 )] 

1 − 𝜎

) 

1 

𝜎− 1 

. 

Price Elasticity of Demand Next, we demonstrate that the CES ( 𝜎) is
not equal to the price elasticity of demand 𝜕𝑄𝑗𝑡 

𝜕𝑃𝑗𝑡 

𝑃𝑗𝑡 

𝑄𝑗𝑡 
when firm size is non-

negligible. 

According to the demand function, the price elasticity of demand is
written as: 

𝜕𝑄𝑗𝑡 

𝜕𝑃𝑗𝑡 

𝑃𝑗𝑡 

𝑄𝑗𝑡 
=
𝜕 ln 𝑄𝑗𝑡 

𝜕 ln 𝑃𝑗𝑡 
= − 𝜎 + ( 𝜎 − 1)

𝜕𝜙𝑗𝑡 

𝜕 ln 𝑃𝑗𝑡 
, (B.9)

where 𝜙𝑗𝑡 = ln 𝜌𝑗𝑡 + ln 

( 

𝐼𝑡 ∑
𝑗 [ 𝑃𝑗𝑡 ∕( 𝜌𝑗𝑡 𝜉𝑗𝑡 )] 

1 − 𝜎

) 

1 

𝜎− 1 

contains 𝑃𝑗𝑡 . Thus, ( 𝜎 −

1)
𝜕𝜙𝑗𝑡 

𝜕 ln 𝑃𝑗𝑡 
is not zero and the price elasticity of demand 𝜕𝑄𝑗𝑡 

𝜕𝑃𝑗𝑡 

𝑃𝑗𝑡 

𝑄𝑗𝑡 
may vary

by firm. In fact, the model predicts that larger firms have more inelastic
demand. To see this, we explicitly express 𝜕𝜙𝑗𝑡 

𝜕 ln 𝑃𝑗𝑡 
as: 

𝜕𝜙𝑗𝑡 

𝜕 ln 𝑃𝑗𝑡 
=

( 𝜌𝑗𝑡 𝜉𝑗𝑡 )
𝜎− 1 𝑃1 − 𝜎

𝑗𝑡 ∑
𝑖 ( 𝜌𝑖𝑡 𝜉𝑖𝑡 )

𝜎− 1 𝑃1 − 𝜎
𝑖𝑡 

. (B.10)

Using the budget constraint relationship ( B.7 ), we have: 

𝜕𝜙𝑗𝑡 

𝜕 ln 𝑃𝑗𝑡 
=

( 𝜌𝑗𝑡 𝜉𝑗𝑡 )
𝜎− 1 𝑃1 − 𝜎

𝑗𝑡 ∑
𝑖 ( 𝜌𝑖𝑡 𝜉𝑖𝑡 )

𝜎− 1 𝑃1 − 𝜎
𝑖𝑡 

=
𝑃𝑗𝑡 𝑄𝑗𝑡 

𝑄𝑗𝑡 𝑃
𝜎
𝑗𝑡 

∑
𝑖 

[ ( 

𝜌𝑖𝑡 𝜉𝑖𝑡 

𝜌𝑗𝑡 𝜉𝑗𝑡 

) 𝜎− 1 

𝑃1 − 𝜎
𝑖𝑡 

] 

=
𝑅𝑗𝑡 

𝐼𝑡 
. 

(B.11)
That is, 

𝜕𝑄𝑗𝑡 

𝜕𝑃𝑗𝑡 

𝑃𝑗𝑡 

𝑄𝑗𝑡 
= − 𝜎 + ( 𝜎 − 1)

𝑅𝑗𝑡 

𝐼𝑡 
. (B.12)
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TABLE A.9 Robustness: Results using estimated quality index numbers. 

Panel A: Demand function estimates 
OLS IV IV 

𝜎 0.603*** 2.387*** 1.935*** 
(0.017) (0.069) (0.048) 

𝛼̃𝐻 0.105*** 0.269*** 0.184*** 
(0.034) (0.086) (0.066) 

𝛼̃𝐿 − 0.104** − 0.280*** − 0.209*** 
(0.044) (0.106) (0.081) 

Time FE ✓

Firm FE ✓ ✓ ✓

Observations 4,070 3,938 3,896 
Panel B: Implied quality index numbers 

𝛼𝐻 𝛼𝑀 

𝛼𝐿 

Flexibly estimated (based on last column above) 1.468 1.000 0.468 
Industry practice (used in main results) 1.500 1.000 0.500 
Panel C: Production function estimates 

𝛼𝜉 𝛼𝑘 𝛼𝓁 𝑔0 𝑔1 

0.647 ∗∗∗ 0.751 ∗∗∗ 0.140 ∗∗∗ − 0.011 ∗∗ 0.976 ∗∗∗ 

(0.237) (0.031) (0.044) (0.006) (0.006) 
Panel D: Aggregate productivity growth 

2007-2010 2010-2014 
TFPR ( 𝜔 − 𝛼𝜉 ln 𝜉 + ln 𝜉 + 𝜙) 7.22 4.73 
contributed by TFPQ 0.75 − 5.18 
—Fundamental productivity( 𝜔) 0.39 − 3.59 
—Costs of quality ( − 𝛼𝜉 ln 𝜉) 0.36 − 1.59 
contributed by demand residual 6.47 9.91 
—Benefits of quality ( ln 𝜉) − 0.54 2.46 
—Fundamental demand ( 𝜙) 7.01 7.45 
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ecalling that 𝐼𝑡 is the budget, 
𝑅𝑗𝑡 

𝐼𝑡 
is the market share of firm 𝑗 in period

. Because 𝜎 > 1 , the above equation suggests that a firm’s price elasticity
f demand varies in market share: firms with larger market shares are
ssociated with more inelastic demand. This point is also documented in
he literature (e.g., Feenstra and Ma 2007 ). 

ote that the above derivation and relationship apply regardless of the
umber of firms in the market. When there are a large number of firms in
he market and each firm has a small market share, the price elasticity
f demand for each firm is approximately equal to 𝜎. In our context,
he interquartile range (IQR) of market share is approximately 1.8%. This
mplies a negligible variation in the price elasticity of demand, with an
QR of approximately 0.018 based on our estimate of 𝜎. 

mplication on Our Empirical Estimation Strategy Although we
ssume CES, our empirical strategy of estimating the demand and
roduction functions does not require a constant price elasticity of
emand (or a constant markup) across firms. We articulate this point
s follows. 

n the demand estimation outlined in Section 4 , we focus on estimating
 2 ), particularly the elasticity of substitution 𝜎. Note that the industry-
0

level price index, 𝐼𝑡 ∑
𝑗 

[ 
𝑃𝑗𝑡 

𝜌𝑗𝑡 𝜉𝑗𝑡 

] 1 − 𝜎 , is common across all firms in the industry
(i.e., varying by time but not by firm). Consequently, time fixed effects
in the demand estimation absorb the industry-level price index. As
a result, 𝜎 can be identified through cross-sectional comparisons. To
illustrate, consider a two-firm case (firms 1 and 2). If firm 1 experiences
an exogenous price change, this affects its demand both directly through
𝜎 and indirectly by altering the aggregate price index. However, the
change in the aggregate price index also impacts firm 2’s demand. Since
the time fixed effects control for shifts in the aggregate price index
(effectively canceling out the influence of the industry-wide price level),
the relative change in demand between the two firms provides the
identifying variation for 𝜎. 

In the production estimation described in Section 4 , the key assumption
is the invertibility of the proxy function used to approximate unobserved
fundamental productivity. The complexity arising from a variable price
elasticity of demand (and thus a variable markup) is that the markup
should, in principle, be part of the control variables in the proxy
function. However, because in equilibrium the variable markup can be
expressed as a function of market share, as shown in ( B.12 ), which is
essentially determined by the state variables, we can control for it by
The RAND Journal of Economics, 2026
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xplicitly including the state variables, 𝜉𝑗𝑡 , 𝜙𝑗𝑡 , 𝑘𝑗𝑡 , and a set of time
ummies, in the proxy function. In particular, these variables include
he estimated fundamental demand 𝜙𝑗𝑡 , which is the key driving force
f market share (revenue) as documented in Section 5 . As a result, our
mpirical estimation strategy in Section 4 is consistent with the potential
ariable markups. 

ppendix C: Approximating a Model of Multi-Product Firms 

ecause our focus is to understand firm-level heterogeneity, our model
etup in Section 3 assumes that each firm produces a single product,
lthough the firm-level output is aggregated from steel complying with
hree quality standards. In principle, one can view the steel complying
ith three quality standards as three different products, each with its own
emand (in a potentially segmented market) and production functions.
onetheless, our data do not contain firm-product-level output prices,
imiting our ability to estimate the demand function at the product level.
he lack of firm-product-level input data also poses further challenges
n estimating the production function at the firm-product level. In this
ection, we discuss the conditions under which the firm-level model in
ection 3 serves as an approximation to an underlying multi-product firm
odel, while preserving the core insights of our analysis—such as the
istinct roles of fundamental productivity and demand, as well as the
roduction costs and consumption benefits of quality. 

or expository purposes, we suppress the subscript for firm and time.
here are three products, indexed by 𝑖 = {1 , 2 , 3} , produced by the firm.29
ollowing the notation of the demand function ( 2 ) in Section 3 , we assume
ach of the three products has a demand function: 

ln 𝑄𝑖 = − 𝜎 ln 𝑃𝑖 + ( 𝜎 − 1) ln 𝜉𝑖 + ( 𝜎 − 1) 𝜙𝑖 , (C.1)

here 𝜎 > 1 is the elasticity of substitution parameter. 

ere 𝜉𝑖 represents a quality value for product 𝑖 and remains constant
cross both time and firms. To align with the empirical implementation
escribed in Section 4 , we define the quality values as 

𝜉1 = 𝑒𝛾𝛼𝐿 , 𝜉2 = 𝑒𝛾𝛼𝑀 , 𝜉3 = 𝑒𝛾𝛼𝐻 , (C.2)

here 𝛼𝐿 = 0 . 5 , 𝛼𝑀 

= 1 , and 𝛼𝐻 = 1 . 5 are fixed quality index numbers,
ollowing the notation in Section 2.3 , and 𝛾 is a flexible scale parameter
hat adjusts these fixed index numbers to the corresponding quality
alues used in consumer utility in Section 3.1 . The inclusion of the
arameter 𝛾 serves an empirical purpose: it rescales the industry’s quality
ndices ( 𝛼𝐿 , 𝛼𝑀 

, 𝛼𝐻 ) to align them with the conceptual role of quality in
he model. 

n contrast, the fundamental demand 𝜙𝑖 can vary by firm, time, and
roduct. Importantly, the correlation between the quality value 𝜉𝑖 and
undamental demand 𝜙𝑖 can be flexible. For example, quality may
e negatively associated with fundamental demand if the market size
customer base) embodied in the fundamental demand for lower-quality
roducts is larger than that for high-quality products. 

he firm’s production technology is described by a transformation
unction: { 

𝑄1 
𝐴1 

+
𝑄2 
𝐴2 

+
𝑄3 
𝐴3 

} 

= 𝐹 ( 𝐿, 𝑀 , 𝐾 ) , (C.3)

here 𝐴𝑖 = 𝑒𝜔 𝜉
− 𝛼𝜉
𝑖 

, following the setup in ( 5 ), denotes the TFPQ of
roduct 𝑖. As in the main model, TFPQ depends on the firm’s fundamental
roductivity ( 𝜔), which is common across products, and the cost of quality
 𝜉
− 𝛼𝜉
𝑖 

), which varies across products. Here, 𝐿, 𝑀, and 𝐾 denote firm-level
nputs, and 𝐹( ⋅) is a general input aggregator. 
he RAND Journal of Economics, 2026
While Cairncross et al. ( 2025 ) and Khmelnitskaya et al. ( 2025 ) show that
a transformation function can be derived from individual product-level
production functions under certain assumptions—such as differentiabil-
ity and homogeneity of 𝐹( ⋅) ,30 we instead model the firm’s production
technology directly through the transformation function in ( C.3 ). This
specification represents the frontier of the firm’s production possibility set
for given inputs and allows for a broader range of input aggregators 𝐹( ⋅)
without requiring differentiability or homogeneity assumptions. These
features make it compatible with the functional form of 𝐹( ⋅) adopted in
our empirical implementation in Section 3.1 . 

Intuitively, ( C.3 ) states that the firm transforms inputs 𝐿, 𝑀, 𝐾 into
outputs 𝑄1 , 𝑄2 , 𝑄3 , with the marginal rate of transformation between any
two outputs depending on their TFPQ levels ( 𝐴𝑖 ). Since 𝐴𝑖 = 𝑒𝜔 𝜉

− 𝛼𝜉
𝑖 

, this
implies that outputs are technologically substitutable once adjusted for
the cost of producing outputs with different quality levels. 

In what follows, we show that a firm-level model as in our empirical
equations ( 2 ) and ( 4 ) can be an approximation of a multi-product firm
model with individual product-level demand functions and a firm-level
transformation function described above. 

Approximating the Production Side Substituting 𝐴𝑖 = 𝑒𝜔 𝜉
− 𝛼𝜉
𝑖 

into
( C.3 ) and define 𝑄 =

∑
𝑖= 1 , 2 , 3 𝑄𝑖 . After some algebra, we have: 

𝑄 = 𝐴 × 𝐹 ( 𝐿, 𝑀 , 𝐾 ) , (C.4)

where 𝐴 ≡ 𝑒𝜔 
[
𝑄1 

𝑄 
𝜉
𝛼𝜉
1 + 𝑄2 

𝑄 
𝜉
𝛼𝜉
2 + 𝑄3 

𝑄 
𝜉
𝛼𝜉
3 

]− 1 
. 

Replacing 𝜉𝑖 by its corresponding quality index numbers described in
( C.2 ), we have: 

[ 
𝑄1 
𝑄 

𝜉
𝛼𝜉
1 +

𝑄2 
𝑄 

𝜉
𝛼𝜉
2 +

𝑄3 
𝑄 

𝜉
𝛼𝜉
3 

] 
= 

[ 
𝑄1 
𝑄 

𝑒𝛼𝜉𝛾𝛼𝐿 +
𝑄2 
𝑄 

𝑒𝛼𝜉𝛾𝛼𝑀 +
𝑄3 
𝑄 

𝑒𝛼𝜉𝛾𝛼𝐻 
] 

≈ 𝑒

{ 
𝛼𝜉𝛾

𝑄1 
𝑄 
𝛼𝐿 +𝛼𝜉𝛾

𝑄2 
𝑄 
𝛼𝑀 +𝛼𝜉𝛾

𝑄3 
𝑄 
𝛼𝐻 

} 

= 𝑒𝛼𝜉𝛾𝜉
0 

= 𝜉𝛼𝜉 , (C.5)

where 𝜉 = 𝑒𝛾𝜉
0 and 𝜉0 = 𝑄1 

𝑄 
𝛼𝐿 +

𝑄2 

𝑄 
𝛼𝑀 

+ 𝑄3 

𝑄 
𝛼𝐻 as defined in the main

text of the paper. The second equation is an empirical approximation
that is appropriate when the variance of ( 𝛼𝜉𝛾𝛼𝐿 , 𝛼𝜉𝛾𝛼𝑀 

, 𝛼𝜉𝛾𝛼𝐻 ) with
associated share ( 𝑄1 

𝑄 
,
𝑄2 

𝑄 
,
𝑄3 

𝑄 
) is small.31 

Therefore, the transformation function can be written as: 

𝑄 = 𝐴 × 𝐹 ( 𝐿, 𝑀 , 𝐾 ) , (C.6)

where 𝐴 ≈ 𝑒𝜔 𝜉− 𝛼𝜉 . That is, ( C.6 ) is corresponding to our firm-level
production function ( 4 ). In particular, 𝑄 is the firm-level total physical
output quantity of steel in tonnage; 𝐿, 𝑀, 𝐾 are the inputs at the firm level;
𝜔 is the firm-level fundamental productivity; 𝜉, as a firm-level quality
index, is a function of quality numbers weighted by the quantity shares.
Notice that 𝜉 is a continuous function of quantity shares, although 𝜉1 , 𝜉2 ,
and 𝜉3 are constant. Because the values of 𝜉1 , 𝜉2 , and 𝜉3 are in ascending
order, a higher quantity share of product 3, for example, implies a higher
value of quality at the firm level. 

Approximating the Demand Side We illustrate the firm-level demand
function ( 2 ) is an approximation of the individual product demand
functions in this setting under the assumption of profit maximization. 
21
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pecifically, the firm maximizes the profit, subject to the demand
unctions ( C.1 ) and transformation function ( C.3 ): 

max 
𝑄1 ,𝑄2 ,𝑄3 ,𝑀,𝐿 

∑
𝑖= 1 , 2 , 3 

𝑃𝑖 𝑄𝑖 − 𝑃𝑀 

𝑀 − 𝑃𝐿 𝐿. 

lugging in the demand functions, the Lagrangian function can be written
s: 

𝕃 =
∑
𝑖= 1 , 2 , 3 

𝑄
1 − 1 

𝜎
𝑖 

𝜉
𝜎− 1 
𝜎

𝑖 
𝑒
𝜎− 1 
𝜎

𝜙𝑖 − 𝑃𝑀 𝑀 − 𝑃𝐿 𝐿 − 𝜆
[ { 

𝑄1 
𝐴1 

+
𝑄2 
𝐴2 

+
𝑄3 
𝐴3 

} 

− 𝐹 ( 𝐿, 𝑀 , 𝐾 )

] 
(C.7)

he first-order condition with respect to 𝑄𝑖 is: 

𝜕𝕃 

𝜕𝑄𝑖 
= 𝜎 − 1 

𝜎
𝑃𝑖 −

𝜆

𝐴𝑖 
= 0 . (C.8)

ake the ratio of any of the two first-order conditions to obtain: 

𝑃𝑖 
𝑃𝑗 

=
𝐴𝑗 

𝐴𝑖 
, (C.9)

here 𝑖 ≠ 𝑗 = 1 , 2 , 3 . 

ince 𝐴𝑖 = 𝑒𝜔 𝜉
− 𝛼𝜉
𝑖 

, we have: 

𝑃𝑖 
𝑃𝑗 

=
[ 
𝜉𝑖 
𝜉𝑗 

] 𝛼𝜉
. (C.10)

ased on the above equation, we define 

𝑃̃ ≡
𝑃𝑖 

𝜉
𝛼𝜉
𝑖 

, 𝑖 = 1 , 2 , 3 , (C.11)

here 𝑃̃ can be viewed as a quality-adjusted price index which is a
onstant for all the three products produced by the same firm. 

rite the demand function ( C.1 ) equivalently as: 

𝑄𝑖 =

[ 

𝑃𝑖 

𝜉
𝛼𝜉
𝑖 

] − 𝜎

𝜉
( 𝜎− 1) −𝛼𝜉𝜎
𝑖 

𝑒( 𝜎− 1) 𝜙𝑖 . (C.12)

lug the price index ( C.11 ) into the above equation to obtain: 

𝑄𝑖 = 𝑃̃− 𝜎𝜉
( 𝜎− 1) −𝛼𝜉𝜎
𝑖 

𝑒( 𝜎− 1) 𝜙𝑖 . (C.13)

um over the above equation for all three products to obtain 

𝑄 ≡
∑
𝑖= 1 , 2 , 3 

𝑄𝑖 = [ ̃𝑃 ] 
− 𝜎

[ ∑
𝑖= 1 , 2 , 3 

𝜉
( 𝜎− 1) −𝛼𝜉𝜎
𝑖 

𝑒( 𝜎− 1) 𝜙𝑖 

] 

. (C.14)

ote that in the above equation, 𝑄 is the total quantity—the same as we
efined and used in the empirical setup. Similarly, as in our empirical
etup, we define a firm-level price index as the average of prices weighted
y quantity shares: 

𝑃 ≡

∑
𝑖= 1 , 2 , 3 𝑃𝑖 𝑄𝑖 

𝑄 

, (C.15)

hich is usually considered as unit price. 

ubstituting ( C.11 ) into the above equation, we have the following: 

𝑃̃ = 𝑃 ∑
𝑖= 1 , 2 , 3 

𝑄𝑖 

𝑄 
𝜉
𝛼𝜉
𝑖 

. (C.16)
2

Plug the above equation into ( C.14 ) to obtain: 

𝑄 = 𝑃− 𝜎

[ ∑
𝑖= 1 , 2 , 3 

𝑄𝑖 
𝑄 

𝜉
𝛼𝜉
𝑖 

] 𝜎[ ∑
𝑖= 1 , 2 , 3 

𝜉
( 𝜎− 1) −𝛼𝜉𝜎
𝑖 

𝑒( 𝜎− 1) 𝜙𝑖 

] 

. (C.17)

Replacing 𝜉𝑖 by its corresponding quality index numbers described in
( C.2 ) and following the similar spirit of approximation as conducted in
( C.5 ), we have:32 

[ ∑
𝑖= 1 , 2 , 3 

𝜉
( 𝜎− 1) −𝛼𝜉𝜎
𝑖 

𝑒( 𝜎− 1) 𝜙𝑖 

] 
(C.18)

= 

[ ∑
𝑖= 1 , 2 , 3 

𝑒( 𝜎− 1) 𝜙𝑖 

] { ∑
𝑖= 1 , 2 , 3 

𝜉
( 𝜎− 1) −𝛼𝜉𝜎
𝑖 

𝑤𝑖 

} 

= 

[ ∑
𝑖= 1 , 2 , 3 

𝑒( 𝜎− 1) 𝜙𝑖 

] { 

𝑒
[( 𝜎− 1) −𝛼𝜉𝜎] 𝛾𝛼𝐿 𝑤1 + 𝑒

[( 𝜎− 1) −𝛼𝜉𝜎] 𝛾𝛼𝑀 𝑤2 + 𝑒
[( 𝜎− 1) −𝛼𝜉𝜎] 𝛾𝛼𝐻 𝑤3 

} 

≈

[ ∑
𝑖= 1 , 2 , 3 

𝑒( 𝜎− 1) 𝜙𝑖 

] 
𝑒

{ 
[( 𝜎− 1) −𝛼𝜉𝜎] 𝛾𝛼𝐿 𝑤1 + [( 𝜎− 1) −𝛼𝜉𝜎] 𝛾𝛼𝑀 𝑤2 + [( 𝜎− 1) −𝛼𝜉𝜎] 𝛾𝛼𝐻 𝑤3 

} 

≈

[ ∑
𝑖= 1 , 2 , 3 

𝑒( 𝜎− 1) 𝜙𝑖 

] 
𝑒

{ 
[( 𝜎− 1) −𝛼𝜉𝜎] 𝛾𝜉

0 
} 

= 

[ ∑
𝑖= 1 , 2 , 3 

𝑒( 𝜎− 1) 𝜙𝑖 

] 
𝜉

{ 
[( 𝜎− 1) −𝛼𝜉𝜎]

} 
(C.19)

where 𝜉 = 𝑒𝛾𝜉
0 , 𝜉0 = 𝑄1 

𝑄 
𝛼𝐿 +

𝑄2 

𝑄 
𝛼𝑀 

+ 𝑄3 

𝑄 
𝛼𝐻 as defined in the main text

of the paper. Note that 𝑤𝑖 ≡
𝑒( 𝜎− 1) 𝜙𝑖 ∑

𝑖= 1 , 2 , 3 𝑒
( 𝜎− 1) 𝜙𝑖 

is a weight, and the last

approximation is valid when this weight is approximately the same as the
quantity weight 𝑄𝑖 ∑

𝑖= 1 , 2 , 3 𝑄𝑖 
. In our application, these weights are close and

the approximation is appropriate.33 

Substitute ( C.5 ) and ( C.19 ) into ( C.17 ), we obtain: 

𝑄 = 𝑃− 𝜎𝜉𝜎− 1 𝑒( 𝜎− 1) 𝜙, (C.20)

where 𝜉 = 𝑒𝛾𝜉
0 , 𝜉0 = 𝑄1 

𝑄 
𝛼𝐿 +

𝑄2 

𝑄 
𝛼𝑀 

+ 𝑄3 

𝑄 
𝛼𝐻 as defined in the main text

of the paper, and 

𝜙 ≡ ln 

[ ∑
𝑖= 1 , 2 , 3 

𝑒( 𝜎− 1) 𝜙𝑖 

] 

1 

𝜎− 1 

. (C.21)

Take the logarithm of ( C.20 ) to obtain: 

ln 𝑄 = − 𝜎 ln 𝑃 + ( 𝜎 − 1) ln 𝜉 + ( 𝜎 − 1) 𝜙. (C.22)

This aggregated (firm-level) demand function corresponds to our empiri-
cal demand function ( 2 ). In particular, 𝑄 is the firm-level physical quantity
of output; 𝑃 is the firm-level unit price defined accordingly in ( C.15 ); 𝜙
is the firm-level fundamental demand specified in ( C.21 ); 𝜉 = 𝑒𝛾𝜉

0 and
𝜉0 = 𝑄1 

𝑄 
𝛼𝐿 +

𝑄2 

𝑄 
𝛼𝑀 

+ 𝑄3 

𝑄 
𝛼𝐻 as defined in the main text of the paper. 

Finally, we impose assumptions on the underlying firm-product-level
demand shocks 𝜙𝑗 𝑖 𝑡 , in order to provide foundation to support the
assumption that the firm-level fundamental demand 𝜙𝑗𝑡 follows an AR(1)
process as assumed in Section 4 . 

Specifically, by reintroducing the full index notation consistent with the
demand function ( 2 ) and following the derivation in Appendix B , the firm-
product-level demand shock for product 𝑖 , firm 𝑗 , and time 𝑡 can be written
The RAND Journal of Economics, 2026
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𝜙𝑗 𝑖 𝑡 = ln 𝜌𝑗 𝑖 𝑡 + ln 
⎛ ⎜ ⎜ ⎝ 

𝐼𝑖𝑡 ∑
𝑗 

[
𝑃𝑗 𝑖 𝑡 ∕( 𝜌𝑗 𝑖 𝑡 𝜉𝑖 )

]1 − 𝜎 ⎞ ⎟ ⎟ ⎠ 
1 

𝜎− 1 

, 

here 𝜙𝑗 𝑖 𝑡 represents the consumer taste for product 𝑖, and 𝐼𝑖𝑡 is the total
xpenditure allocated to product 𝑖, consistent with the setup in Section 3.1 .

ssume that the firm-product-specific taste parameter can be multiplica-
ively separated as: 

𝜌𝑗 𝑖 𝑡 = 𝜓𝑗𝑡 × 𝜓𝑖 , 

here 𝜓𝑗𝑡 is a firm–time-specific component and 𝜓𝑖 is a product-specific
omponent. Under this assumption, the firm-product-level demand
hock becomes: 

𝜙𝑗 𝑖 𝑡 = ln 𝜓𝑗𝑡 + ln 𝜓𝑖𝑡 , 

here 

𝜓𝑖𝑡 =
⎛ ⎜ ⎜ ⎝ 

𝐼𝑖𝑡 ∑
𝑗 

[
𝑃𝑗 𝑖 𝑡 ∕( 𝜓𝑗𝑡 𝜉𝑖 )

]1 − 𝜎 ⎞ ⎟ ⎟ ⎠ 
1 

𝜎− 1 

, 

hich varies only by product 𝑖 and time 𝑡. 

hus, the firm-level fundamental demand can be written as: 

𝜙𝑗𝑡 = ln 

[ 

3 ∑
𝑖= 1 

𝑒( 𝜎− 1) 𝜙𝑗 𝑖 𝑡 

] 

1 

𝜎− 1 

= ln 𝜓𝑗𝑡 + ln 𝜓 𝑡 , (C.23)

here 

𝜓 𝑡 =

[ 

3 ∑
𝑖= 1 

𝑒( 𝜎− 1) 𝜓𝑖𝑡 

] 

1 

𝜎− 1 

, 

hich depends only on time 𝑡. 

e assume that the firm–time-specific taste component ln 𝜓𝑗𝑡 follows an
R(1) process. It then follows that 𝜙𝑗𝑡 , being the sum of ln 𝜓𝑗𝑡 and a time-
pecif ic term ln 𝜓 𝑡 , also follows an AR(1) process with time fixed effects.
his structure justifies the empirical implementation in Section 4 , where
he firm-level fundamental demand 𝜙𝑗𝑡 is assumed to follow an AR(1)
rocess with both firm and time fixed effects in the estimation of the
emand function. 

ppendix D: Robustness Analysis 

.1 Additional IVs and Alternative Specifications in Demand 
Estimation 

n our main results, we estimate the demand function ( 13 ) via GMM,
sing 𝑘𝑗𝑡 , 𝑝𝑗𝑡− 1 , 𝑞𝑗𝑡− 1 , and 𝜉0 𝑗𝑡− 1 as IVs. These variables are correlated
ith the explanatory variables in period 𝑡 but are uncorrelated with the
diosyncratic term 𝜈𝑗𝑡 , which is realized in period 𝑡 in the AR(1) evolution
rocess of the demand shock. This section presents demand estimates
sing additional instrumental variables and fixed effects specifications to
ssess the robustness of our results. 

olumn (1) of Table A.7 tests the robustness of our results when using
ear and month fixed effects instead of the year–month fixed effects used
n Table 2 , while maintaining the same set of instrumental variables. In
he RAND Journal of Economics, 2026

t

Column (2), we expand the IV set by including the lagged average price
of rival firms. Column (3) adds industry-level iron ore prices interacted
with firm size (proxied by capital stock) to capture differences in input
costs across firms of varying sizes, given that our iron ore price data are
industry-wide and vary only by time. Column (4) introduces lagged smelt-
ing time per converter—an operational statistic influenced by output
quality but unrelated to demand—as an additional instrument. Across all
these alternative specifications, the estimated demand parameters remain
quantitatively similar to our main findings. 

D.2 Allowing Elasticity of Substitution as a Function of 
Output Quality 

Our analysis assumes that the elasticity of substitution 𝜎 is constant.
Nonetheless, it is possible that steel of different quality levels may
be associated with different elasticities. In this section, we show that
our main results are robust by estimating a variant of the model with
the elasticity of substitution varying as a function of output quality.
Our results show that the demand and production function parameters
are qualitatively similar to our main result and that the elasticity of
substitution does not vary significantly by quality in our context. 

Specifically, while keeping all other elements of the model unchanged,
we allow the elasticity of substitution to vary with quality by defining it
as: 𝜎 = 𝜎𝑃 + 𝜎𝜉𝑃 ln 𝜉𝑗𝑡 , where 𝜎𝑃 and 𝜎𝜉𝑃 are parameters to be estimated.
This modification leads to a more flexible demand function: 

ln 𝑄𝑗𝑡 = − 𝜎𝑃 ln 𝑃𝑗𝑡 + 𝜎𝜉 ln 𝜉𝑗𝑡 − 𝜎𝜉𝑃 ln 𝜉𝑗𝑡 ln 𝑃𝑗𝑡 + 𝜙𝑗 + 𝜙𝑡 + 𝑒𝑗𝑡 . (D.1)

To ensure comparability with our main results, we use the previously
estimated 𝛾̂ to define ln 𝜉𝑗𝑡 = 𝛾̂𝜉0 

𝑗𝑡 
in the modified specification. Under

this formulation, the elasticity of substitution, given by 𝜎𝑃 + 𝜎𝜉𝑃 ln 𝜉𝑗𝑡 ,
varies with output quality ( ln 𝜉𝑗𝑡 ) whenever 𝜎𝜉𝑃 is nonzero. If 𝜎𝜉𝑃 = 0 ,
the model simplifies to our main specification in ( 13 ). 

We employ the same estimation method outlined in Section 4 to estimate
the demand function ( D.1 ) and the production function ( 4 ). The results,
presented in Table A.8 , indicate that while output quality does have an
effect on the elasticity of substitution, this impact is both economically
and statistically insignificant. Specifically, a 1% increase in output quality
is estimated to increase elasticity by only 0.08%, implying a marginal shift
toward greater inelasticity. More importantly, the parameter estimates
for both the demand and production functions remain largely consistent
with our main findings in Tables 2 and 3 . This robustness check confirms
that our primary specification effectively captures the key characteristics
without being significantly affected by variations in the elasticity of
substitution across quality levels. 

D.3 Flexibly Estimated Quality Index Numbers 

In our main results, we follow the industry practice to define the firm-
level steel quality index as the average of a set of descending quality index
numbers (i.e., 𝛼𝐻 = 1 . 5 , 𝛼𝑀 

= 1 , and 𝛼𝐿 = 0 . 5 ) weighted by the quantity
shares of output produced under each of the three quality standards. In
this section, we examine the validity of these quality index numbers in
representing the quality differences among the three standards. We show
the robustness of our results by estimating the quality index numbers
flexibly, following the insight of Atkin et al. ( 2019 ). 

Specifically, we treat 𝛼𝐻 , 𝛼𝑀 

, and 𝛼𝐿 as parameters to be estimated.
Similar to Section 2.3 , we define the quality index as 𝜉0 

𝑗𝑡 
= 𝛼𝐻 𝑆𝐻𝑗𝑡 +

𝛼𝑀 

𝑆𝑀𝑗𝑡 + 𝛼𝐿 𝑆𝐿𝑗𝑡 , where 𝑆𝐻𝑗𝑡 =
𝑄𝐻𝑗𝑡 

𝑄𝑗𝑡 
, 𝑆𝑀𝑗𝑡 =

𝑄𝑀𝑗𝑡 

𝑄𝑗𝑡 
, and 𝑆𝐿𝑗𝑡 =

𝑄𝐿𝑗𝑡 

𝑄𝑗𝑡 
are

the quantity shares of output produced at the international standard,
national standard, and enterprise standard, respectively. Substituting the
quality index into ( 13 ), we have: ln 𝑄𝑗𝑡 = − 𝜎 ln 𝑃𝑗𝑡 + 𝛾( 𝜎 − 1)( 𝛼𝐻 𝑆𝐻𝑗𝑡 +
𝛼𝑀 

𝑆𝑀𝑗𝑡 + 𝛼𝐿 𝑆𝐿𝑗𝑡 ) + 𝜙𝑗 + 𝜙𝑡 + 𝑒𝑗𝑡 . 

Without loss of generality, we set 𝛼𝑀 

= 1 as a location normalization.
Because 𝑆𝐻𝑗𝑡 + 𝑆𝑀𝑗𝑡 + 𝑆𝐿𝑗𝑡 ≡ 1 , the demand function can be rewritten as:
23
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ln 𝑄𝑗𝑡 = − 𝜎 ln 𝑃𝑗𝑡 + 𝛼̃𝐻 𝑆𝐻𝑗𝑡 + 𝛼̃𝐿 𝑆𝐿𝑗𝑡 + 𝜙𝑗 + 𝜙𝑡 + 𝑒𝑗𝑡 , (D.2)

here 𝛼̃𝐻 = 𝛾( 𝜎 − 1)( 𝛼𝐻 − 1) and 𝛼̃𝐿 = 𝛾( 𝜎 − 1)( 𝛼𝐿 − 1) . With a slight
buse of notation, we combine the normalization term with 𝛼𝑀 

into the
ixed effect terms to avoid additional notations. Obviously, the scale of 𝛼𝐻 
nd 𝛼𝐿 is not identified separately from 𝛾 in this flexible specification.
nstead, we can only estimate the combined terms 𝛼̃𝐻 and 𝛼̃𝐿 . The
ign of 𝛼̃𝐻 and 𝛼̃𝐿 shows the ordinal relationship among 𝛼𝐻 , 𝛼𝑀 

,
nd 𝛼𝐿 , given 𝛾 and 𝜎. ( D.2 ) can be estimated similarly to our main
esults, using the instrumental variable approach to deal with potential
ndogeneity in output prices and shares of products produced following
ifferent standards. 

he estimation results are reported in Panel A of Table A.9 . In the first
olumn, 𝜎 is biased in the OLS estimation. In the second column, we
se capital stock and the interaction of lagged output shares produced
ccording to international and enterprise standards as the IVs for output
rices and output shares. In the third column, we further control for
ear–month fixed effects in the IV approach. The estimated elasticity
f substitution ( 𝜎 = 1 . 935 ) from is similar to that in our main results.
ore importantly, the quality index numbers (Panel B) implied from
he estimates are 𝛼̂𝐻 = 1 . 468 , 𝛼̂𝑀 

= 1 (as normalized), and 𝛼̂𝐿 = 0 . 468 .34
hese values are very close to those used in the industry. This shows that
he quality index numbers used in our main results are indeed consistent
ith the quality ladder of the three quality standards. 

iven the estimated quality index numbers and demand function, we re-
alculate the output quality index and re-estimate the production function
n the same way as in Section 4 . The output quality index is highly
orrelated with that used in the main results, with a correlation coefficient
f 0.98. We report the production function estimation results in Panel
 of A.9 . Finally, we re-calculate the aggregate growth of TFPR and its
ecomposition and report them in Panel D. Not surprisingly, all the results
re similar to our main findings. This supports the validity of the quality
ndex numbers used in practice and shows that our main results are robust
o the alternative index numbers flexibly estimated fromhe data. 
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