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ABSTRACT

This dissertation consists of two chapters in Industrial Organization that study firm
choices beyond prices. The chapters examine product portfolios in digital ecosystems and
reformulation incentives under corrective taxation. Together, they show how demand link-
ages and regulation can shape firms’ product offerings and product attributes.

Chapter 1, “Complementarity and Product Variety: Strategic Product Offerings in Digi-
tal Ecosystems,” studies how ecosystem complementarities affect firms’ product choices and
the welfare consequences of interoperability policies. I develop and estimate a structural
model of demand, pricing, and product choice in the U.S. smartphone and tablet markets
from 2010 to 2022. The estimates imply willingness to pay of about $47 for a smartphone
compatible with a consumer’s owned tablet and $51 for a tablet compatible with a con-
sumer’s owned smartphone. Relative to the observed equilibrium, removing demand-side
cross-device complementarity affects product variety through portfolio reallocation rather
than through a simple change in aggregate product counts: firms with established ecosys-
tems reduce their product portfolios, while rivals expand into the resulting product-space
gaps. This reallocation lowers quality-space variety by 3.0 percent and total welfare by 17.8
percent. A government mandate requiring interoperability across existing features generates
welfare gains through broader compatibility and lower prices, but these gains are partially
offset by induced portfolio responses, as ecosystem incumbents reduce their portfolios and
rival firms add products that do not offer the full set of complementarity features. In con-
trast, under a full-feature interoperability benchmark, in which all complementarity features
are available on all models and interoperable across device pairs, rival product entry pre-
serves complementarity value and the portfolio response becomes welfare improving. In the
2022Q3 market, relative to the observed equilibrium, existing-feature interoperability raises
welfare by $0.3 billion, with portfolio reoptimization offsetting about 70 percent of direct
compatibility and price-response gains; full-feature interoperability raises welfare by $4.3
billion.

Chapter 2, “Optimal Sin Tax with Endogenous Reformulation,” studies corrective taxa-
tion when firms can redesign the taxed product attribute. The chapter develops an optimal

xii



tax framework in which firms choose both prices and sugar content. Using data from the
California non-alcoholic beverage market, we estimate a structural model of demand and
supply and calibrate reformulation costs using evidence from the U.K. Soft Drinks Industry
Levy. Under an efficiency benchmark that places equal welfare weight on all consumers and
therefore abstracts from redistributional concerns, incorporating manufacturers’ reformula-
tion responses nearly triples the optimal linear sugar tax on a 12 g/100ml drink, increases
annual welfare gains from $39.9 million to $261.6 million, and lowers average purchased
sugar from 6.27 to 1.74 g/100ml. The results show that analyses treating product charac-
teristics as fixed can understate both the gains from sugar taxation and the optimal tax
rate.
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CHAPTER 1

Complementarity and Product Variety: Strategic Product
Offerings in Digital Ecosystems

Abstract. Complementarity across product markets can shape firms’ strategic
product offerings by generating demand spillovers across compatible products.
A marginal product can generate value not only through its own sales, but also
by expanding the installed base that raises demand for complementary prod-
ucts in adjacent markets. Interoperability alters firms’ ability to appropriate
these cross-market spillovers, so its welfare effects depend not only on prices
and consumers’ direct gains from compatibility, but also on firms’ endogenous
product-portfolio responses. This paper studies this mechanism in U.S. smart-
phone and tablet markets from 2010 to 2022. I develop and estimate a struc-
tural model of demand, pricing, and product choice in which consumers value
cross-device features when owned devices are compatible and firms choose prod-
uct portfolios internalizing own-category profits and follow-on demand in the
adjacent category. The estimates imply willingness to pay of about $47 for a
smartphone compatible with an owned tablet and $51 for a tablet compatible
with an owned smartphone. Counterfactuals show that complementarity affects
product portfolios mainly through reallocation across firms. Removing comple-
mentarity lowers welfare by $1.6 billion, reduces aggregate product count by
1.3 products, and lowers quality-space variety by 38.2 units: Apple and Sam-
sung reduce their product offerings, while other firms expand into the resulting
product-space gaps. Making existing features interoperable increases product
count by 3.3 products, raises quality-space variety by 22.7 units, and raises wel-
fare by $0.3 billion; however, portfolio reoptimization reduces welfare by $0.67
billion, offsetting about 70 percent of the direct compatibility and price-response
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gains. A broader full-feature interoperability benchmark raises welfare by $4.3
billion because rival entry then preserves complementarity value rather than
merely replacing products that exit.

1.1 Introduction

Complementarity arises when the utility one derives from a product depends on the own-
ership or use of another. While some complementarity naturally exists across all products
within their respective categories, such as milk and cereal, others appear only for certain
product pairs. A prominent setting in which the latter occurs is digital ecosystems: groups
of interconnected devices, software, and services linked by firm-developed features and com-
patibility rules. For example, features such as cloud synchronization, wireless sharing, and
continuity raise the value of owning smartphones and tablets within the same ecosystem by
enabling consumers to move content and tasks seamlessly across products.

When complementarity arises only between compatible product pairs offered by the same
firm, it changes firms’ return to product variety. In the absence of complementarity, firms
determine product variety by weighing the incremental profit from the additional product
against its fixed cost, net of cannibalization. However, when products are interconnected
through complementarity, introducing a new product can raise profit not only through its
own sales, but also by increasing demand for compatible products offered by the same firm
in adjacent categories. These cross-product demand spillovers, particularly in the presence
of heterogeneous consumer preferences, can substantially alter firms’ variety decisions by
amplifying the returns to carrying a more differentiated portfolio. Apple’s introduction of
the iPhone SE illustrates this margin: in its 2016Q2 earnings call, Apple described the
model as attracting more “new-to-iPhone customers” and bringing “new people into the
iOS ecosystem.”

This product-variety channel also changes the welfare analysis of digital ecosystems and
interoperability policies. Policy concerns often emphasize the market-power effects of lim-
ited compatibility: ecosystem-specific features can reduce substitution across firms, increase
switching costs, and allow dominant firms to raise prices. Recent policy interventions re-
flect this concern, including the DOJ’s 2024 Apple suit and the EU Digital Markets Act’s
interoperability obligations for designated gatekeepers.1 However, when product portfolios

1In 2024, the U.S. Department of Justice and state attorneys general sued Apple, alleging that restrictions
around the iPhone ecosystem impede switching and interoperability. In the European Union, the Digital
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are endogenous, interoperability also changes firms’ incentives to introduce and maintain
products.2 On the one hand, by making cross-device features work across ecosystems, inter-
operability reduces the extent to which demand spillovers are tied to a firm’s own ecosystem.
A firm may therefore have weaker incentives to offer products whose profitability depends on
generating follow-on demand within its own ecosystem. On the other hand, interoperability
can raise the incremental return to differentiated products by making them attractive to
consumers outside the firm’s existing ecosystem. For example, a Samsung tablet may be-
come more appealing to iPhone owners once cross-device features work across ecosystems,
strengthening incentives to introduce products that reach otherwise underserved consumer
segments. The net effect on product variety depends on whether the added demand from
rival-ecosystem owners exceeds the lost value of within-ecosystem follow-on demand, after
accounting for cannibalization, price competition, and fixed costs. The welfare effect of
interoperability therefore depends not only on direct consumer gains from broader com-
patibility and lower prices, but also on how firms reoptimize their product portfolios when
intra-ecosystem spillovers are replaced by broader inter-ecosystem spillovers.

This paper studies how ecosystem complementarity affects firms’ product choices and how
endogenous product variety changes the welfare consequences of interoperability policy. I
focus on three questions. First, to what extent does ecosystem complementarity increase
the number and differentiation of products firms offer? Second, how does complementarity
affect equilibrium prices and consumer welfare once product portfolios adjust? Third, how
do interoperability mandates affect welfare when firms reoptimize both prices and product
offerings?

I answer these research questions by developing a structural model of demand, pricing,
and product choice in the context of the U.S. smartphone and tablet markets. On the
demand side, consumers choose smartphones and tablets and derive utility from product
characteristics, prices, replacement incentives, and complementarity with their owned de-
vices. On the supply side, firms first choose product portfolios to maximize expected profits,
internalizing contemporaneous profits within the product’s own category and follow-on prof-
its generated by complementarity-driven demand spillovers to the adjacent category. After
product offerings are chosen, firms observe demand and cost shocks and set prices.

Markets Act requires designated gatekeepers to provide interoperability with operating-system hardware and
software features, and the European Commission adopted specification decisions applying these obligations
to Apple devices in 2025.

2In this paper, I use interoperability to refer to settings or policies in which cross-device features pre-
viously available or compatible only within the same ecosystem can operate across ecosystems, allowing
consumers to realize complementarity benefits from device pairs supplied by different firms.
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I estimate the demand and pricing model jointly using U.S. smartphone and tablet prod-
ucts sold between 2010 and 2022. The main dataset comes from International Data Cor-
poration (IDC)’s Mobile Phone Tracker and PC Tracker, which report quarterly prices,
quantities, and hardware characteristics for products sold in the United States. To mea-
sure hardware quality, I construct category-specific quality indices using the first principal
component of standardized product attributes separately within smartphones and tablets.
I supplement these product data with manually collected information on cloud synchroniza-
tion, wireless sharing, and continuity features. Finally, I use Statista and Pew measures of
overall device ownership and cross-device joint-brand ownership, together with OpenBrand
purchase surveys, to construct micro-moments that inform income heterogeneity in demand
and discipline device ownership patterns. Demand estimates show that consumers on aver-
age value device quality, with especially large heterogeneity in preference for tablet quality.
Consumers also value same-ecosystem compatibility: evaluated at median income, the es-
timated complementarity index implies willingness to pay of about $47 for an additional
smartphone when the consumer owns a compatible tablet and about $51 for an additional
tablet when the consumer owns a compatible smartphone. On the supply side, recovered
marginal costs rise with hardware quality and model age.

Using the no-profitable-deviation conditions implied by Nash equilibrium in product of-
ferings, I recover lower bounds on fixed costs of offered products and upper bounds on fixed
costs of not-offered feasible products. I then parameterize fixed costs as functions of prod-
uct quality, product age, brand, and distance from the firm’s nearest existing product in
quality. Following the bounded-support logic in Eizenberg (2014), I complete the one-sided
bounds using comparable products within cells defined by product and portfolio attributes,
and use the resulting intervals to set-identify fixed-cost parameters. The estimates imply
high fixed-cost components for Apple and Samsung products, and fixed costs declining as
products age.

Using the model estimates, I conduct counterfactuals that vary the complementarity
environment linking smartphones and tablets. The first counterfactual removes Cloud Sync,
Share, and Continuity for all products, isolating the role of ecosystem complementarity in
the observed equilibrium. Removing complementarity lowers total welfare by $1.6 billion in
the 2022Q3 market. Most of this loss comes from the direct value of cross-device features,
although lower prices partially offset it. Portfolio responses are more mixed; while firms
with established ecosystems reduce product offerings, rivals expand into the resulting gaps
in product space, resulting in a modest change in aggregate product count.
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The second counterfactual evaluates existing-feature interoperability: active cross-device
features are made interoperable across ecosystems, while each product’s observed comple-
mentarity feature availability is held fixed. Interoperability has opposing effects on firms’
product-choice incentives. On the one hand, it weakens within-ecosystem follow-on demand,
reducing the value of marginal products for firms with established ecosystems. On the other
hand, it makes rival products more attractive to consumers who already own devices in an-
other ecosystem, increasing the potential return to differentiated products offered by other
firms. In the estimated 2022Q3 market, relative to the observed equilibrium, the second force
increases product offerings by Samsung and other non-Apple firms, raising aggregate product
counts and quality-space variety. For Apple, however, the first force dominates, leading it to
narrow its product offerings. Relative to the observed 2022Q3 equilibrium, existing-feature
interoperability raises welfare by $0.3 billion, with gains coming from broader compatibility
and lower prices. These gains are partially offset by the endogenous portfolio response:
despite the increase in aggregate product counts and quality-space variety, the products
added or retained under interoperability do not fully compensate consumers and firms for
the products that exit, especially in smartphones.

I therefore also consider a broader full-feature interoperability benchmark in which all
products offer all cross-device complementarity features and these features are fully inter-
operable across ecosystems. This benchmark raises welfare by $4.3 billion and generates a
positive portfolio channel. Comparing the two interoperability exercises clarifies the mech-
anisms behind the ambiguous supply-side effects. When feature availability is held fixed,
interoperability primarily reallocates demand across products that already differ in their
feature environments; product variety can rise, but the portfolio response can still reduce
welfare if the entering products do not replace the value of the products that exit. When
expanding compatibility is accompanied by broader adoption of cross-device features, rival
entry becomes more valuable because added products also carry complementarity benefits.
In that case, the portfolio response becomes a major source of welfare gains.

This paper contributes to the literature on indirect network effects and complementar-
ities across markets. Early empirical work studies settings in which one side has limited
standalone value without the complementary good, such as CD players and titles (Gandal,
Kende, and Rob 2000), video game consoles and exclusive titles (Lee 2013), and electric
vehicles and charging stations (Li 2019). Other work studies products with substantial
standalone value whose utilities nevertheless depend on joint consumption, including online
and print newspapers (Gentzkow 2007) and asymmetric product complements (Lee, Kim,
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and Allenby 2013). Smartphones and tablets fit the latter class. Each product is valuable
on its own, but cloud synchronization, wireless sharing, and continuity features make own-
ership of one device affect demand for the other. The setting adds two margins that are
central for policy: the goods are durable, so past purchases create ownership stocks that
determine current complementarity benefits; and the leading firms operate in both markets,
so a marginal product can generate profits through future demand for compatible products
in the other category.

Recent work on mobile ecosystems shows that these demand-side forces are economically
large. Lidany (2025) estimates smartphone–laptop compatibility and compares open and
closed ecosystems; his experimental evidence implies that compatibility raises willingness
to pay for a compatible smartphone by about $75, or 9% of the retail price. Chun (2026)
estimates a dynamic model of mobile bundles and evaluates remedies in the DOJ case against
Apple; he estimates the cost of switching from iOS to Android at about $93, or 45.8% of
the mean purchase price. These papers show that ecosystem attachment, compatibility,
and switching frictions can meaningfully shape demand and pricing. My paper studies the
supply-side margin that remains fixed in those analyses: when compatibility affects the
value of an installed base, firms may change which products they introduce and maintain.

The paper also contributes to the literature on endogenous product choice. Fan (2013),
Eizenberg (2014), Fan and Yang (2020), and Wollmann (2018) show that policy counterfac-
tuals can change substantially once firms adjust product portfolios. Fan and Yang (2020)
apply this logic to smartphone mergers, where product entry and exit mediate the welfare
effects of ownership changes. In my setting, the product-choice margin operates across two
durable-goods markets. A phone can affect future tablet demand through the installed base
of compatible phone owners, and a tablet can affect future phone demand in the same way.
Interoperability therefore changes firms’ ability to appropriate cross-market spillovers, so its
welfare effects depend on both the direct compatibility gains and the induced response in
product variety.

The closest paper in this strand is Chatterjee et al. (2024), which studies cross-market
spillovers and endogenous product portfolios in complementary markets. They show that
early entry of technologically advanced 4G handsets speeds up wireless network rollout,
and that faster network rollout raises the profitability and variety of 4G handsets. Con-
sumers benefit from diffusion in both markets, while domestic handset firms face a tradeoff
between direct competition from international firms and the indirect spillover created by
a more developed complementary market. This paper shares the idea that complementar-
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ity can raise product variety, but the mechanism is different. In Chatterjee et al. (2024),
product variety is tied to technology diffusion: more advanced-generation handsets become
profitable as complementary network coverage expands, and the complementarity operates
through same-period handset-service availability. Here, the product-variety margin comes
from durable-goods lock-in and heterogeneous preferences. A differentiated phone or tablet
can attract a consumer segment into the ecosystem, and that installed base then raises fu-
ture demand for compatible devices. Complementarity and durability therefore magnify the
return to variety: firms value marginal products not only for their own sales, but also for
the future compatible purchases of consumers they bring into the ecosystem. This makes
interoperability the central counterfactual margin: changing compatibility across ecosystem
boundaries changes consumers’ direct compatibility benefits and firms’ ability to appropriate
the future demand spillovers that support marginal products.

The remainder of the chapter proceeds as follows. Section 1.2 provides background on
the U.S. smartphone and tablet markets and describes the data. Section 1.3 presents the
demand, pricing, and product-choice model. Section 1.4 describes estimation and reports the
demand, marginal-cost, and fixed-cost estimates. Section 1.5 evaluates no-complementarity
and interoperability counterfactuals. Section 1.6 concludes.

1.2 Industry Background and Data

1.2.1 Industry Background

This paper studies U.S. smartphone and tablet markets from 2010 to 2022, a period that
captures the early growth and subsequent maturation of both industries. Smartphones are
one of the largest consumer-electronics categories, with over 120 million units sold in 2022
and total sales value of $101.7 billion. Tablets are smaller but still substantial, with over 26
million units sold in 2022 and revenue of $15.7 billion.

Both product categories emerged in the late 2000s. Early smartphones were produced by
firms such as Nokia and BlackBerry, but Apple’s release of the first iPhone in 2007 is widely
regarded as the beginning of the modern smartphone era. The modern tablet market began
with Apple’s launch of the iPad in 2010, which quickly spurred industry-wide adoption.

The two markets exhibit substantial firm overlap, creating scope for cross-market strat-
egy. Of the 47 firms active in at least one market, 19 operated in both smartphones and
tablets. These dual-market firms account for 98% of smartphone sales and 92% of tablet
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sales in the dataset. The industries are also highly concentrated, with Apple and Samsung
jointly capturing the majority of sales in both categories throughout the sample period.
To compete across both markets, these firms developed ecosystem-specific complementarity
features, including cross-device file sharing, app continuity, and cloud-based syncing. Apple
integrated these features through its closed operating system, while Samsung layered them
onto Android through pre-installed applications. Both firms, and especially Apple, also
expanded product portfolios to reach broader consumer segments and leverage the comple-
mentarities generated by these features. Apple introduced lower-cost models such as the
iPhone SE and diversified its tablet offerings across the iPad Mini, Air, and Pro lines.

Figure 1.1 shows that the leading firms in each category have expanded their product
offerings over the sample, while industry-median counts remain low. The dashed vertical
lines mark the staggered rollout of the ecosystem features in Table 1.2, making the timing
of product-line expansion visible relative to the introduction of cross-device compatibility.
Apple and Samsung carry many more concurrent smartphone and tablet models than the
typical competitor, consistent with strategies that rely on broad portfolios across ecosystem
segments, motivating the central question studied in this paper.3

Joint-ownership patterns provide a complementary motivation for studying ecosystem
complementarity. Figure 1.2 reports the difference between observed joint ownership shares
and the product of marginal shares, P (phone, tablet) − P (phone)P (tablet), using 2022
Statista joint-ownership data. Positive cells along the diagonal for Apple and Samsung
indicate that within-ecosystem joint ownership is substantially more common than inde-
pendent product choice would imply, while off-diagonal cells are typically negative. This
co-ownership pattern is consistent with both correlated tastes and ecosystem complemen-
tarity; the structural model uses staggered feature rollouts to separate these mechanisms.

1.2.2 Data

I combine several data sources to measure consumer demand, ownership patterns, comple-
mentarity and compatibility.

Product-market data.— The primary data come from the International Data Corporation
(IDC) Mobile Phone Tracker and PC Tracker, which report prices, units sold, and hardware

3Samsung adopted a many-product strategy early on and offers substantially more products than Apple.
This difference is consistent with Samsung’s greater vertical integration in manufacturing: Samsung oper-
ates its own production facilities and component businesses, thereby reducing the incremental fixed costs
of introducing and offering additional products, whereas Apple relies primarily on external suppliers for
manufacturing (Samsung Electronics Co., Ltd. 2024, pp. 4, 18; Apple Inc. 2024, pp. 5, 7, 46).

8



2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
0

5

10

15

20

25

30

35

40
Nu

m
be

r o
f U

ni
qu

e 
M

od
el

s
Apple
Samsung
Industry Median

Apple rollouts
Samsung rollouts

(a) Smartphones
2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

0

5

10

15

20

25

30

35

40

Nu
m

be
r o

f U
ni

qu
e 

M
od

el
s

Apple
Samsung
Industry Median

Apple rollouts
Samsung rollouts

(b) Tablets

Figure 1.1: Number of Unique Models and Feature Rollouts by Vendor
Notes: The figure plots the number of distinct models offered each quarter by Apple, Samsung, and the
industry median across firms. Models are counted at the model-quarter level used in estimation. Dashed
vertical lines mark the initial rollout quarters for the complementarity features in Table 1.2: red for
Apple (2011Q4, 2013Q4, 2014Q4) and blue for Samsung (2015Q2, 2017Q1, 2020Q3). The tablet panel
uses the same y-axis range as the smartphone panel to facilitate cross-market comparison.
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Figure 1.2: Excess Joint Ownership Relative to Independence, 2022
Notes: Cells report P (phone brand, tablet brand)−P (phone brand)P (tablet brand) in per-
centage points, using 2022 cross-brand ownership shares from the Statista U.S. Consumer
Survey. Marginals are computed across the displayed brand cells. Positive values indicate
that the joint ownership combination is more common than independence implies; negative
values indicate the opposite. This cross-sectional pattern is descriptive; the staggered roll-
out timing in Table 1.2 and Figure 1.1 provides time-series variation used by the model to
distinguish complementarity from correlated brand tastes.
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characteristics for smartphones and tablet PCs sold in the United States.4 The final demand
sample covers 2010Q1–2022Q4 for smartphones and 2011Q1–2022Q4 for tablets.5 Products
are defined at the model level. For example, iPhone 4S storage configurations are combined
into a single iPhone 4S product in each quarter.6

Table 1.1 summarizes the final IDC product-market samples used in estimation, including
product counts, prices, quantities, the quality index, and the hardware characteristics used
to construct it.

Complementarity data.— I supplement the IDC data with manually collected public in-
formation on complementarity features and compatibility across devices. I focus on three
feature families: Cloud Sync, Share, and Continuity. Table 1.2 summarizes the function,
availability, and initial rollout timing in the estimation sample. The release timing is stag-
gered across feature families and ecosystems: Apple introduces Cloud Sync and Share before
comparable Samsung or Android services, while Continuity appears in adjacent years for
Apple and Samsung. I measure feature availability at the product-quarter level; availability
and compatibility can begin and change after a device’s release upon software support up-
date. A smartphone–tablet pair receives complementarity from a feature only when public
support information indicates that both devices can use the feature with each other in that
quarter.7 Complementarity therefore varies across firms over time, and across the specific
device pairs owned.

Cost shifters and market sizes.— To construct cost shifters and market sizes, I use Bureau
of Labor Statistics data on population, import price indices, and exchange rates. I also use
historical memory and flash memory prices from an online dataset.

4I supplement missing hardware characteristics using GSMArena and additional web-scraped or manually
collected sources.

5The demand sample includes smartphone observations and consumer-segment tablet observations. I
exclude carrier-branded phones since their prices are often tied to service-contract incentives not observed
in my data. I exclude nonstandard tablet products, such as kids’ tablets, keyboard-bundled tablets, and
Windows or ChromeOS tablets, as they serve distinct use cases from slate tablets such as the iPad and
Samsung Galaxy Tab, which form the core tablet segment through which the ecosystem complementarity
features operate. I also drop tablet records reported under the aggregate brand category “Others,” product-
quarter observations with fewer than 100 units sold, and brands whose maximum quarterly inside share is
below 0.1 percent; together, these exclusions account for less than 2 percent of total sales.

6Models are defined as brand–model name–hardware-feature combinations, with storage and RAM con-
figurations of the same device model aggregated into a single product. Storage and RAM are retained
as unweighted average product characteristics to avoid treating demand-driven changes in the mix of con-
figurations sold as changes in the product, while price is measured as the sales-weighted average across
SKU-quarters.

7I collect rollout dates and device-support information from public feature-release announcements, prod-
uct documentation, and device-support pages.
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Table 1.1: IDC Product-Market Summary Statistics

Variable N Mean SD Min Median Max
Panel A. Smartphones
Products per quarter 52 192.1 82.9 64.0 193.0 349.0
Units sold (000s) 9,987 182.5 674.1 0.1 26.6 14,874.0
Real price 9,987 253.1 225.5 9.9 165.8 2,059.4
Quality index 9,987 0.00 2.53 -7.58 -0.16 6.28
Screen size 9,987 5.08 1.02 2.20 5.00 8.30
OLED display 9,987 0.197 0.398 0.000 0.000 1.000
Pixel density 9,987 3.1 1.0 1.2 2.8 8.0
Processor speed 9,987 1.59 0.60 0.30 1.40 3.50
Processor cores 9,987 4.69 2.53 1.00 4.00 10.00
Storage (GB) 9,987 42.7 74.2 0.1 16.0 768.0
RAM (GB) 9,987 2.39 2.33 0.02 2.00 18.00
Network generation 9,987 1.80 0.56 0.00 2.00 3.00
Rear cameras 9,987 1.35 0.76 0.00 1.00 5.00
Thickness 9,987 9.62 2.09 4.80 9.10 23.00
Panel B. Tablets
Products per quarter 48 80.5 24.9 12.0 78.0 126.0
Units sold (000s) 3,863 118.8 487.7 0.1 8.2 11,400.0
Real price 3,863 202.1 170.2 25.7 141.1 1,303.1
Quality index 3,863 -0.00 2.22 -4.28 -0.40 8.66
Screen size 3,863 8.55 1.47 7.00 8.00 14.60
OLED display 3,863 0.027 0.162 0.000 0.000 1.000
Pixel density 3,863 1.8 0.6 0.9 1.7 3.6
Processor speed 3,863 1.47 0.45 0.60 1.30 3.49
Processor cores 3,863 3.53 2.15 1.00 4.00 8.00
Storage (GB) 3,863 30.4 70.4 1.0 16.0 793.6
RAM (GB) 3,863 1.54 1.36 0.10 1.00 12.00
Rear cameras 3,863 0.92 0.33 0.00 1.00 2.00
Thickness 3,863 9.69 2.05 4.70 9.90 20.00

Notes: The table reports summary statistics for the final IDC product-market
samples used in estimation. The smartphone sample contains 9,987 product-
quarter observations in 52 quarters, and the tablet sample contains 3,863
product-quarter observations in 48 quarters. Products per quarter is computed
at the quarterly product-market level; all other rows are product-quarter ob-
servations. Units are reported in thousands. Prices are real prices used in
estimation. Storage and RAM are reported in GB; tablet storage is converted
back from the scaled estimation variable for readability. The variable set in-
cludes unit sales, the PCA quality index, and the hardware characteristics used
to construct the quality index.

Ownership moments.— I use Statista Consumer Insights and Pew Research Center sur-
veys to discipline ownership states. Statista Consumer Insights is a repeated online survey
of U.S. internet users aged 18–64, fielded in rolling waves with quotas on age, gender, and
region. The Statista extracts report aggregate tables rather than individual panel histo-
ries: smartphone users report the brand of their primarily used smartphone, tablet-owning
households report the tablet brands they own, and cross-tabulations report tablet brand
ownership by smartphone brand. I use the 2019–2022 Statista brand and cross-brand tables
to construct brand-ownership and joint-ownership moments. The final Statista moments
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Table 1.2: Complementarity Features and Rollout Timing

Feature Description Ecosystem Initial rollout

Cloud Sync Syncs information across
devices.

Apple, Samsung Apple: 2011Q4
Samsung: 2017Q1

Share Sends files, photos, or links
across devices.

Apple, Samsung,
Android

Apple: 2013Q4
Samsung/Android:
2020Q2–2020Q3

Continuity Lets users continue tasks,
calls, texts, or application
sessions across devices.

Apple, Samsung Apple: 2014Q4
Samsung: 2015Q2

Notes: Rollout timing is measured by the first quarter in which supported phone-tablet pairs appear
in the estimation sample. Dates come from public feature-release announcements and device-support
information. A feature is available for a phone-tablet pair only when public support information indicates
that both products support the same feature in that quarter.

use 41,780 brand-ownership observations and 17,565 cross-ownership observations.8 Pew
Research Center surveys provide annual smartphone and tablet ownership rates that anchor
population-wide device ownership levels.

Income moments.— I use OpenBrand’s Consumer Electronics survey to discipline income
heterogeneity in demand. OpenBrand surveys U.S. households quarterly about durable-
goods purchases made in the previous 90 days, including the product purchased, brand,
transaction price, retailer, alternatives considered, and stated reasons for purchase. I use
the 2015–2022 records for cell phones and tablets, which report survey weights and respon-
dent income bins.9 I aggregate these records into income-specific moments that summarize
differences in brand choice and paid prices across consumers, as described in Section 1.4.1.2.
These moments complement the aggregate IDC market shares and ownership moments by
providing additional information on income heterogeneity in price sensitivity and ecosystem
preferences. Appendix Table A.1.3 reports summary statistics for the OpenBrand sample
used in the income moments.

8Appendix Table A.1.1 reports the underlying sample sizes by survey wave and the pooled brand com-
position.

9The income-moment sample keeps priced cell-phone and tablet purchases with nonmissing brand, income
bin, and transaction price. I map reported income ranges into Low, Middle, and High bins and deflate paid
prices by the quarterly CPI index normalized to 2010Q1=100 before constructing high-price indicators.
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1.2.3 Quality Index

In order to capture heterogeneity in preferences for product quality without estimating
random coefficients on a large vector of hardware characteristics, I summarize observed
hardware characteristics using category-specific quality indices. Specifically, within each
product category, I standardize the attributes listed in Table 1.3 and use their first princi-
pal component as a summary measure of vertical quality. This approach captures common
hardware upgrading without requiring separate coefficients on many highly correlated char-
acteristics in a setting with limited market-level variation. The resulting index provides a
parsimonious measure of hardware quality for demand, marginal cost, and product-choice
payoffs.10 Table 1.3 reports the PCA loadings, and Figure 1.3 shows broad upgrading in
smartphones and tablets over the sample.

Appendix Table A.1.4 makes the scale of the index concrete by listing the ten highest-
quality smartphones and tablets in 2022Q4, together with selected hardware attributes.

Table 1.3: PCA Loadings for the Quality Index

Attribute Smartphone loading Tablet loading

Screen size 0.351 0.262
OLED display 0.193 0.191
Pixel density 0.304 0.354
Processor speed 0.359 0.387
Processor cores 0.335 0.369
Storage 0.365 0.381
RAM 0.376 0.408
Network generation 0.312
Rear camera 0.262 0.219
Thickness -0.258 -0.352

Share of variance explained 0.642 0.546

Notes: The table reports the loadings from the first principal component, computed
separately for smartphones and tablets. Prior to constructing the index, each char-
acteristic is standardized within product category to have mean zero and standard
deviation one. The reported loadings are the coefficients on these standardized char-
acteristics in the first principal component. The negative loading on thickness is a
feature of the estimated first component: thinner devices tend to vary with higher
values of the other quality-related hardware attributes.

10PCA loadings reflect the covariance structure of observed hardware attributes across products. An
alternative approach by Fan (2013) and Fan and Yang (2020) constructs quality indices as linear combina-
tions of product characteristics with weights estimated in the demand model; the relative importance of each
characteristic is then determined through observed sales patterns. In my setting, however, this approach
would add a large number of nonlinear parameters to the estimation, substantially expanding the search
space and making the procedure computationally challenging.
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Figure 1.3: Evolution of the Quality Index
Notes: The figure plots quarterly sales-weighted mean values of the quality index by product category
and major brand group. The index is constructed separately for smartphones and tablets from
standardized hardware characteristics.

Within each quarter, leading vendors span a significant portion of the industry-wide
quality space. I summarize this margin using the Fan–Yang quality-spacing measure in
Fan and Yang (2020). For each firm-category-quarter, products are sorted by the quality
index; the measure sums the square roots of adjacent positive quality gaps and squares the
sum, assigning higher variety to portfolios that cover a wider range of quality levels and fill
that range with more distinct products. Figures 1.4 and 1.5 report this measure for Apple,
Samsung, and the median non-Apple, non-Samsung firm.11 As Apple and Samsung roll out
cross-device complementarity features, their product lines widen. This pattern motivates
the supply-side margin in the model: complementarity can raise the return to carrying
products across multiple quality tiers, so product variety may respond through the breadth
of the portfolio as well as through the number of models.

11The appendix figures provide an alternative min-to-max measure of product variety and illustrate a simi-
lar expansionary pattern. Appendix Figure A.1.2 compares the minimum and maximum quality-index values
offered by Apple, Samsung, and the industry in each quarter, while Appendix Figures A.1.3, A.1.4, A.1.5,
and A.1.6 show the same range-based measure for the main hardware attributes underlying the quality
index.
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Figure 1.4: Smartphone Quality-Space Variety by Firm Group
Notes: For each quarter and product set, the figure sorts smartphone models by the quality
index and computes the Fan–Yang quality-spacing measure as the squared sum of square roots of
adjacent quality gaps. The other-firm series reports the median firm-level measure among active
non-Apple, non-Samsung firms. All series are plotted on the same scale.
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Figure 1.5: Tablet Quality-Space Variety by Firm Group
Notes: For each quarter and product set, the figure sorts tablet models by the quality index and
computes the Fan–Yang quality-spacing measure as the squared sum of square roots of adjacent
quality gaps. The other-firm series reports the median firm-level measure among active non-
Apple, non-Samsung firms. All series are plotted on the same scale.
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1.3 Model

1.3.1 Demand

Smartphone and tablet demand follows a random-coefficient discrete choice model. In each
period, consumers make purchase decisions separately in the smartphone and tablet markets.
Utility from buying a product in one category depends on the consumer’s existing device
in the other category, so past purchases link demand across categories even though current
choices are category-specific. Firms may operate in both markets, set prices, and choose
product offerings, taking the current complementarity environment as given.

This paper considers two product categories: smartphones (P ) and tablets (T ). Let
m ∈ {P, T} denote the category of product j, and let −m denote the other category.
Individual i in period t owns product dm

it in category m and product d−m
it in the other

category. The indirect utility from purchasing product j is

uijt = βm,0
i +αm

i pjt + x′
jtβ

m
i +βm,q

i qjt +βcct(j, d−m
it ) +λm

(
(t− tmi ) − t̄m

)
+FEmt + ξjt + ϵijt.

(1.1)
The inside-good intercept varies across consumers according to βm,0

i = σm
0 ν

0
i , where

ν0
i ∼ N (0, 1); this term captures heterogeneity in consumers’ baseline propensity to purchase

a device in category m in a given period. The price of product j in period t is denoted
by pjt. Price sensitivity varies with income according to αm

i = αm + πm
p yit, where yit

is standardized log real income. The vector xjt contains observed product attributes other
than price and quality, including product age, brand dummies, and major-brand trend terms.
Preferences for Apple and Samsung products also vary with income: βm

i,b = β̄m
b + πm

b yit,
for b ∈ {Apple, Samsung}. Product quality is denoted by qjt and is measured using the
quality index described in Section 1.2.3. Consumer tastes for quality are given by βm,q

i =
β̄m,q + σm

q ν
q
i , where νq

i ∼ N (0, 1).12

Complementarity between product j and consumer i’s existing device in the other cat-
egory, d−m

it , enters through the index ct(j, d−m
it ) = xc

t(j, d−m
it )′θc. The vector xc

t(j, d−m
it )

records whether specific complementarity features are available in period t and mutually
12Unobserved tastes are assumed to be perfectly correlated across the smartphone and tablet choice

problems for a given consumer. In principle, the cross-category correlation in tastes could be estimated
directly; in practice, it is weakly identified given the available data. This assumption is conservative for the
estimated complementarity parameter. If the true correlation is less than perfect, the model attributes too
much cross-category ownership correlation to persistent tastes, thereby attenuating the estimated role of
complementarity.
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compatible between product j and d−m
it . Since the scale of ct(·) and βc is not separately

identified, the first element of θc is normalized to one. βc reflects the utility value of the
baseline complementarity feature, while the remaining elements of θc measure the relative
importance of other features. The replacement term, λm

(
(t− tmi ) − t̄m

)
, captures state

dependence in upgrade incentives, allowing purchase utility to vary as a consumer’s current
device becomes older relative to the typical replacement horizon. Specifically, tmi is the
purchase period of the currently owned device and t̄m is the average replacement cycle for
category m; the term therefore depends on the age of consumer i’s current device.13

The term FEmt denotes category-specific time fixed effects to capture common changes
in demand and seasonality. ξjt denotes product-market demand shocks. Finally, ϵijt is
an i.i.d. consumer-product-market idiosyncratic shock that follows a type-I extreme value
distribution. The mean utility of the outside option is normalized to zero, so that ui0t = ϵi0t.

1.3.2 Supply

Supply is modeled as a two-stage game within each period. Firms first choose product
portfolios, then set prices after demand and marginal-cost shocks are realized.

At the start of period t, firms observe the current complementarity features Ct, exist-
ing product portfolios in both markets, current product characteristics, and the ownership
distribution generated by past purchases. This state is the simulated distribution over own-
ership histories generated by the demand system; the empirical ownership moments disci-
pline that distribution but are not themselves the firms’ information set. Firms then choose
portfolios from their potential product sets. After portfolio choices, current-period demand
and marginal-cost shocks are realized, firms set prices, and consumers make purchases that
determine future ownership.

Pricing. In the second stage, firms choose retail prices after observing demand shocks
ξt.14 Firm n solves:

max
{pjt,j∈Jnt}

∑
j∈Jnt

(pjt − cjt)MStsjt(pt, ξt) (1.2)

13By disciplining the evolution of ownership states over time, this term helps the model match brand-
ownership patterns, which determine the installed base over which complementarity operates.

14The data contain retail sticker prices of devices, not the potentially contracted prices negotiated between
device manufacturers and mobile service providers (e.g., discounted iPhones offered through AT&T plans).
The pricing model assumes that any such contractual discounts, if present, are uniform across products and
do not vary systematically with complementarity features or other product characteristics. This assumption
allows observed retail prices to serve as sufficient statistics for firms’ pricing decisions in the second stage.
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where MSt is the market size in period t. Equivalently, let Djt(·) = MStsjt(·) denote
product-level demand. The pricing first-order conditions imply the standard BLP markup
equation. Let st and pt collect shares and prices within a product category, and let Ωfirm

jk,t = 1
if products j and k are sold by the same firm. Define the markup matrix ∆t by

∆jk,t = −Ωfirm
jk,t

∂skt

∂pjt

. (1.3)

Then recovered marginal costs satisfy

ct = pt − ∆−1
t st. (1.4)

Marginal cost is specified as:

cjt = xjtγ
m + γm

q qjt + FEmt + ωjt. (1.5)

Here, xjt includes observed cost shifters and product characteristics, such as brand dummies
and product age. qjt denotes the quality index.

Since consumers make current purchase decisions separately for smartphones and tablets
based on ownership inherited from past choices, there are no contemporaneous cross-market
demand spillovers in the pricing stage. Smartphone and tablet pricing can thus be solved
separately in the second stage.

Product Offerings. Product offerings are the first-stage margin through which comple-
mentarity affects supply. At the beginning of period t, firms observe the complementarity
environment Ct, existing portfolios, product characteristics, and the ownership distribution
inherited from past purchases. Following a common assumption in the endogenous product
choice literature (e.g., Eizenberg (2014), Wollmann (2018), and Fan and Yang (2020)), firms
choose portfolios before current-period demand shocks ξt and marginal-cost shocks ωt are
realized, but know their distributions. Firm n operating in product market m ∈ {P, T}
is endowed with a feasible product set Km

nt and chooses a subset J m
nt ⊆ Km

nt to offer. The
firm chooses J m

nt to maximize expected variable profits across product categories net of
per-period fixed costs:

max
J m

nt ⊆Km
nt

π̃m
nt(J m

nt ,J m
−nt,J −m

nt ,J −m
−nt , Ct) −

∑
j∈J m

nt

FCjt. (1.6)
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where π̃m
nt denotes the expected profit from offering products in market m. Specifically, let

J̃t′ = (J̃ m
nt′ , J̃ m

−nt′ , J̃ −m
nt′ , J̃ −m

−nt′) denote the portfolios used to evaluate period t′ after applying
the period-t deviation. Then

π̃m
nt = 1

H

t+H−1∑
t′=t

∑
ℓ∈J̃ m

nt′ ∪J̃ −m
nt′

Eξℓt′ ,ωℓt′

[(
pℓt′(J̃t′ , Ct′) − cℓt′

)
Dℓt′(pt′ , J̃t′ , Ct′)

]
. (1.7)

The profit object is constructed from expected second-stage equilibrium variable profits
from offering the products in J m

nt over a horizon of H periods. For each future period,
prices and quantities are computed under the induced product portfolios, allowing ownership
states to evolve while holding fixed the period-t complementarity feature availability and
compatibility structure. Expectations are taken over the distribution of transitory demand
and marginal-cost shocks. Age-related product characteristics are updated forward to reflect
the decline in demand as products age.

Expected variable profits are aggregated across both product categories. Thus, a devia-
tion in category m affects the product-choice payoff not only through expected profits in that
category, but also through the follow-on demand it induces in category −m as ownership
states evolve. In forming these expectations, firms take rivals’ current product portfolios in
both categories as given, and future product offerings are held fixed over the horizon.15

The per-period fixed cost of offering product j in categorym and period t is parameterized
as

FCjt = xF C
jt θF C

m + νm
jt , E[νm

jt | j ∈ Km
nt] = 0. (1.8)

The vector xF C
jt contains product and portfolio characteristics that shift the cost of main-

taining product j in the choice set. These include the quality index qjt, product-age bins,
brand indicators, and the distance between product j’s model quality and the nearest model
already offered by the same firm. The quality-distance measure allows fixed costs to vary
with the extent to which a product expands the firm’s existing line, reflecting additional
design, marketing, distribution, or software-support costs associated with products that are
farther from the current portfolio.

Observed product portfolios are outcomes of Nash equilibria in product offerings and
imply revealed-preference restrictions on fixed costs. Given rivals’ product portfolios and
the complementarity environment, the observed portfolio must yield weakly higher expected

15This restriction is imposed for tractability. The model therefore captures the direct effect of complemen-
tarity on product-choice payoffs, while abstracting from dynamic strategic interactions in product offerings
across firms and over time.
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profit net of fixed costs than all feasible one-product deviations. For notational convenience,
define

Πm
nt(A) ≡ π̃m

nt(A,J m
−nt,J −m

nt ,J −m
−nt , Ct),

where A denotes firm n’s portfolio in category m, holding the other portfolios and the
complementarity environment fixed.

For an offered product j ∈ J m
nt , removing the product should not increase expected profit

net of the fixed cost saved:

Πm
nt(J m

nt ) − FCjt ≥ Πm
nt(J m

nt \ {j}). (1.9)

Equivalently, the fixed cost of an offered product is bounded above by the expected incre-
mental variable profit generated by that product:

FCjt ≤ Πm
nt(J m

nt ) − Πm
nt(J m

nt \ {j}) ≡ FCjt. (1.10)

For a feasible product j /∈ J m
nt , adding the product should not increase expected profit

net of the additional fixed cost:

Πm
nt(J m

nt ) ≥ Πm
nt(J m

nt ∪ {j}) − FCjt. (1.11)

Thus, the fixed cost of an absent product is bounded below by the expected incremental
variable profit it would generate if added:

FCjt ≥ Πm
nt(J m

nt ∪ {j}) − Πm
nt(J m

nt ) ≡ FCjt. (1.12)

These inequalities provide upper bounds on the fixed costs of offered products and lower
bounds on the fixed costs of absent products. The estimation procedure uses these bounds
to construct moment inequalities that discipline the fixed-cost parameters, as described in
Section 1.4.
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1.4 Estimation

1.4.1 Demand and Marginal Cost

I jointly estimate demand and marginal costs by Generalized Method of Moments using
both aggregate product-market shares and the micro-moments described in Section 1.4.1.2.
A market is defined as a U.S. quarter, and market size is the U.S. population in that quar-
ter.16 Because complementarity depends on the stock of devices consumers already own,
I simulate ownership states from model-implied purchase probabilities before constructing
the ownership moments, as described in Section 1.4.1.1 below. Aggregate demand moments
follow the mean-utility inversion in Berry, Levinsohn, and Pakes (1995), which recovers de-
mand residuals by matching model-predicted shares to observed product-market shares. I
include cost shifters and characteristics of other products in the same market as instrumen-
tal variables. Specifically, the cost shifters include lagged exchange rates and storage and
RAM input prices, interacted with product-level average storage and RAM. I also include
Gandhi and Houde (2019) differentiation instruments, which shift markups by changing the
closeness of a product’s substitutes along different dimensions.17 The maintained timing as-
sumption that firms make product-portfolio choices before shocks realize implies that these
instruments are orthogonal to product-quarter demand shocks. The micro-moments com-
plement the aggregate moments by disciplining cross-device ownership patterns and income
heterogeneity in brand choice and price sensitivity.

1.4.1.1 Ownership State Simulation

Given that complementarity enters the model through the products consumers already own,
demand must track ownership stocks as well as current purchase shares. While aggregate
product-market data identify purchase flows, they do not reveal individual smartphone and
tablet purchase histories or ownership states. To recover the ownership distribution required

16Studies of digital device markets, particularly smartphone markets, often define market size as the
population divided by the average number of periods between device purchases. For example, if consumers
replace their devices every eight quarters, market size would be the U.S. population divided by eight. Since
complementarity depends on population-level ownership stocks rather than quarterly replacement flows, I
instead use population as market size and model replacement behavior directly through the demand system.

17Exchange rates and component prices enter with one-quarter lags. The selected differentiation instru-
ments are based on local product counts within a half-standard-deviation window of the relevant character-
istic in the same quarter. For smartphones, these characteristics include pixel density, screen size, processor
speed, and network generation; for tablets, they include pixel density, thickness, processor cores, rear-camera
count, and screen size. The selected instruments also include counts of rival Apple and Samsung products.
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for demand, I simulate ownership states for a fixed panel of simulated individuals over time.
Starting from an initial ownership distribution, model-implied purchase probabilities update
next-period ownership probabilities. Since the same persistent tastes may affect both past
purchases, and hence current ownership states, and current demand, I hold each consumer’s
taste draws fixed along the simulated history to preserve this selection.18

For a candidate parameter vector, the ownership simulation maps model-implied purchase
probabilities into the ownership states that enter future utility. Let sm

idt(θ) denote the model-
implied probability that consumer i purchases product d of type m in period t, and let sm

i0t(θ)
denote the outside-option probability. Let pm

idt(θ) be the probability that consumer i owns
device d of type m at the beginning of period t, with d = 0 denoting no owned device.
Before the first period for market m, I set pm

i0tm
0

= 1 and pm
idtm

0
= 0 for d ̸= 0. After solving

the choice probabilities in period t, the ownership probabilities carried into period t+ 1 are
updated according to

pm
i0,t+1(θ) = sm

i0t(θ)pm
i0t(θ), (1.13)

pm
id,t+1(θ) = sm

idt(θ) + sm
i0t(θ)pm

idt(θ), d ̸= 0. (1.14)

The transition rule treats replacement as a durable-goods choice, where an inside purchase
replaces the consumer’s previously owned device, while the outside option leaves ownership
unchanged. For products outside the current choice set, sm

idt(θ) = 0, so ownership per-
sists only through the outside option. The resulting ownership states enter current utility
through the complementarity term and the replacement term, and generate the model-
implied ownership-related moments below. In practice, I use multiple ownership paths for
each base simulated consumer to reduce simulation noise, holding taste and income draws
fixed across paths while varying ownership draws; detailed simulation settings are reported
in Appendix A.4.

Appendix A.4 reports a Monte Carlo validation of the ownership-state simulation using
the empirical smartphone and tablet product-market skeleton. In each simulated dataset,
I estimate mean coefficients on product characteristics, the quality-taste dispersion, and a
scalar complementarity coefficient that turns on during the sample. The design tests whether

18I initialize ownership states to match observed overall ownership level in the first quarter of the sample,
and subsequent purchase flows and ownership moments discipline the simulated evolution of device stocks.
The timing of the sample limits the role of the initial ownership distribution. The sample begins near the
emergence of tablets and the early expansion of modern smartphones, so much of the installed base forms
within the sample rather than being inherited from an unobserved pre-period distribution.
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aggregate shares and simulated ownership histories recover complementarity when current
demand depends on devices accumulated through past purchases. Table 1.4 summarizes
the results. The estimator recovers the quality-taste dispersion closely, and the estimated
complementarity coefficient moves approximately one-for-one with the true complementarity
scale. The exercise validates the ownership-state mapping under the maintained transition
rule.

Table 1.4: Monte Carlo Validation of Ownership-State Simulation

Scale Reject True comp. Estimated comp. True σq Est. σq

0.0 0.10 0.000 -0.016 0.500 0.503
0.5 1.00 0.500 0.518 0.500 0.503
1.0 1.00 1.000 0.984 0.500 0.502
1.5 1.00 1.500 1.485 0.500 0.502

Notes: The table reports 10 Monte Carlo replications for each com-
plementarity scale, with 500 simulated consumers per replication.
Complementarity is a scalar index that is switched on in the middle
of the sample period. “Reject” is the fraction of replications reject-
ing the null that the complementarity coefficient equals zero at the
5 percent level. The estimator jointly recovers the standard demand
parameters, the scalar complementarity parameter, and the quality-
taste dispersion σq.

1.4.1.2 Micro-Moments

I supplement aggregate shares with four sets of micro-moments: (1) Statista cross-brand
ownership moments, which inform the distribution of joint ownership across devices and
brands; (2) Pew ownership rates, which anchor overall smartphone and tablet ownership
stocks; (3) Replacement moments, which identify how these stocks evolve over time; and
(4) OpenBrand income moments, which identify income heterogeneity in brand preferences
and price sensitivity.

The first set uses Statista brand and cross-brand ownership tables. Let τ index the
survey period over which a moment is constructed. For phone brand group b and tablet
brand group b′, I match

Pr(own tablet brand b′ | own phone brand b, own a tablet; τ).
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I also match marginal brand-ownership shares for Apple and Samsung phones and tablets,

Pr(own brand b | own type m; τ).

The marginal brand-ownership shares provide the baseline distribution of phone and tablet
ownership by brand. Same-brand conditional shares above these marginals reveal concen-
tration of ownership within ecosystems; together, these moments anchor realistic ownership
shares and help pin down complementarity.

The second set of moments matches overall ownership rates from Pew for smartphones
and tablets in the survey years,

Pr(own type m; τ).

These moments discipline the stock of smartphone and tablet ownership over time. Because
the complementarity term enters utility through consumers’ existing device ownership, the
ownership stock determines the share of consumers exposed to cross-device complemen-
tarities. Underpredicting ownership in the other category would understate this exposure
margin and could lead the model to rationalize aggregate share co-movement through an
artificially large complementarity parameter. Matching ownership levels therefore helps sep-
arately discipline the extensive margin of device ownership and the strength of ecosystem
complementarities conditional on ownership. Appendix Figure A.1.1 shows the correspond-
ing ownership rates over time.

The third set matches replacement cycles,

E(years between acquisitions of type m; τ).

I match the average interval between consecutive device acquisitions to survey-based re-
placement intervals for smartphones and tablets. These moments discipline the replacement
parameters, which affect the persistence of ownership stocks between purchase occasions and
in turn determine the set of consumers exposed to cross-device complementarities.

The fourth set uses OpenBrand purchase records to identify income heterogeneity in
current purchases. I construct these moments as differences relative to the low-income
group, so that they rely on income gradients rather than purchase-share levels that may
differ across datasets due to differences in sample coverage and measurement. I first match
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differences in Apple and Samsung purchase shares within price tiers across income groups,

Pr(brand = b | purchase type = m, p ∈ P , y ∈ Y ; τ)
− Pr(brand = b | purchase type = m, p ∈ P , y ∈ YLow; τ).

By comparing brand shares within price tiers, these moments help isolate income-based
brand preferences from income-driven heterogeneity in price sensitivity, in a setting where
brands differ systematically in prices. Similarly, to identify the income-price interaction, I
also match brand-conditional paid-price differences across income groups,

E[p | purchase type = m, brand = b, y ∈ Y ; τ ]
− E[p | purchase type = m, brand = b, y ∈ YLow; τ ],

where the brand set is {Apple, Samsung,Other}, with Other pooling all non-Apple and
non-Samsung brands. The baseline includes 16 brand-by-price-band share differences and
8 brand-conditional price differences across phones and tablets. Appendix A.3 gives the
exact moment definitions. Table 1.7 reports selected ownership, income, and replacement
moments, and Appendix Table A.1.2 reports the full set of 49 active micro-moments.

1.4.1.3 Identification

Because the product-market data consist of national quarterly markets, the model relies
heavily on changes over time in product choice sets, ownership stocks, and feature availabil-
ity, together with micro-moments that discipline income heterogeneity.

First, heterogeneity in tastes for quality, σq, is disciplined by changes in choice sets across
markets along the quality index. Table 1.5 summarizes this variation by reporting product
turnover and changes in the quarterly distribution of the quality index. As new products
enter and older products exit, consumers face different distributions of price, brand, and
quality. The resulting substitution patterns identify the extent to which consumers differ in
their willingness to pay for higher-quality or lower-quality devices.

Second, heterogeneity in the value of inside goods, σ0, is disciplined by changes in the
number of available products across markets, together with micro-moments that track own-
ership shares over time. A larger σ0 concentrates purchases among consumers with high
baseline tastes for inside goods, implying more repeat purchasing and a smaller ownership
base for a given level of aggregate purchase flows. A smaller σ0 spreads purchases more
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Table 1.5: Choice-Set Variation Along the Quality Index

Panel A. Choice-set size and turnover

Category Quarters
Mean active

products
SD active
products

Mean
entries

Mean
exits

Smartphones 52 192.1 82.9 32.4 30.9
Tablets 48 80.5 24.9 8.1 7.0
Panel B. Variation in the quality distribution

Category Quarters
SD mean
quality

SD minimum
quality

SD maximum
quality

Mean within
quarter

quality SD

Smartphones 52 2.43 1.82 2.74 1.57
Tablets 48 1.33 0.75 2.57 1.86

Notes: Products are model-level products in the final IDC estimation samples. Entries and exits
are products whose first or last observed quarter occurs in a given quarter; the first sample quarter
is excluded from entry averages and the final sample quarter is excluded from exit averages.
Panel B follows the descriptive choice-set variation calculation by first computing the quarterly
mean, minimum, maximum, and cross-sectional standard deviation of the category-specific PCA
quality index across products. The table then reports the standard deviation over quarters of the
quarterly mean, minimum, and maximum quality values, and the average within-quarter quality
standard deviation.

broadly across consumers, generating higher ownership rates from the same flows. Fig-
ure 1.6 illustrates this mechanism by showing how different values of σ0 imply different
ownership paths over time.

Third, the income-gradient micro-moments discipline the income coefficients on price, Ap-
ple preferences, and Samsung preferences, denoted by πp, πApple, and πSamsung. Replacement-
cycle moments for smartphones and tablets discipline the replacement parameter, λ. Since
replacement behavior affects the persistence of ownership stocks, these moments also disci-
pline the installed base that enters the complementarity term.

Finally, the complementarity coefficients are disciplined by co-movements in compatible
phone and tablet shares, staggered rollout of complementarity features, and cross-device
ownership moments. Feature rollouts vary across firms and features, and each feature raises
utility only for mutually compatible phone–tablet pairs. This pair-specific timing helps dis-
tinguish complementarity from common demand trends, persistent demand for high-quality
devices, and income-based brand sorting. Cross-brand-type ownership moments further
constrain the implied joint distribution of smartphone and tablet ownership, providing addi-
tional information on whether observed same-ecosystem ownership reflects complementarity
rather than only persistent sorting into particular brands.
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Figure 1.6: Inside-Good Taste Heterogeneity and Ownership Stocks

Notes: The figure maps observed quarterly purchase flows into ownership stocks under alternative
values of the inside-good taste dispersion σ0. For each device category, quarter, and value of σ0, the
exercise solves for a category-level inside-good intercept, analogous to a BLP mean-utility inversion,
so that predicted aggregate purchases match the observed aggregate purchase flow in that category.
This normalization matches total category purchase flows rather than individual product shares.
The first-period ownership stock is normalized to the observed ownership rate. Higher values of σ0
concentrate purchases among consumers with high baseline tastes for inside goods and therefore
generate smaller installed bases from the same aggregate flows.

1.4.2 Fixed Costs

Given the demand and marginal-cost estimates, I recover fixed-cost bounds from the
product-choice inequalities in Section 1.3.2. To evaluate product-addition deviations, I
construct a set of feasible absent products for each firm, market, and product category. Re-
cently discontinued models provide one source of feasible absent alternatives, but this set is
selected on observables: discontinued products are typically older models and may provide
limited support for the fixed costs associated with introducing technologically current, dif-
ferentiated products. I therefore augment the absent-product set with feasible model-level
alternatives drawn from the empirical support of product-quality cells to obtain lower-bound
inequalities over a broader region of the product space.19

Even with supplementing the potential product set with a large set of feasible alterna-
tives, the one-sided product-choice bounds still create a selection problem. Firms observe

19Appendix A.5.2 describes the construction of the absent-product set, including the support of feasible
quality cells, the minimum quality-distance requirement, and the assignment of non-quality characteristics.
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the fixed-cost component νm
jt when choosing portfolios, while the econometrician does not.

Offered products are therefore selected partly on favorable fixed-cost realizations, and absent
products are selected partly on unfavorable realizations. In general,

E[νm
jt | j ∈ J m

nt ] ̸= 0, E[νm
jt | j /∈ J m

nt ] ̸= 0,

even though E[νm
jt | j ∈ Km

nt] = 0 by the fixed-cost specification. Averaging product-drop-
deviation upper bounds over offered products, or product-addition-deviation lower bounds
over absent products, would therefore condition on selected subsets of the potential set. I
therefore construct lower and upper endpoints for every product in the potential set Km

nt.
The resulting inequalities average over potential products rather than selected offered or
absent products, allowing the fixed cost residual to enter through its unconditional mean-
zero restriction. To do this, I make the following assumption.

Assumption 1.1 (bounded fixed-cost support within comparable cells). Within
each product category, let g(j, t,m) denote the cell containing product j in period t, defined
by year, firm group, model-quality bin, quality-distance bin, and product-age group. Let A0

g

and A1
g denote the absent and offered potential products in cell g, respectively. The direct

one-product bounds observed in cell g are

Dg(θ) =
{
FCkt(θ) : k ∈ A0

g

}
∪
{
FCkt(θ) : k ∈ A1

g

}
.

Define V L
g (θ) = inf Dg(θ) and V U

g (θ) = sup Dg(θ). For every feasible product j ∈ Km
nt,

supp(FCjt | j ∈ Km
nt, g(j, t,m) = g) ⊆

[
V L

g (θ0), V U
g (θ0)

]
.

The assumption is similar in spirit to Eizenberg (2014) but restricts the support of fixed
costs within narrower cells of comparable products.20 Since the counterfactual products
considered here are device models drawn from the observed product-quality support rather
than arbitrary new technologies beyond the current frontier, this restriction is rather mild.
Within each cell, products have similar technological sophistication, distance from the firm’s
existing portfolio, and life-cycle position. The empirical range of one-product profit changes

20Eizenberg (2014) imposes a firm-level support restriction, under which fixed costs for all potential prod-
ucts of a firm are bounded by the support of that firm’s expected variable-profit changes from single-product
deviations. I instead impose the support restriction within characteristic-based cells. This avoids using profit
changes from economically distant products and yields more informative bounds for characteristics-based
fixed-cost parameters, at the cost of requiring sufficient add- and drop-deviation support within cells.
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within the cell therefore provides a conservative support for the missing endpoint.
The completed interval for each potential product is

Ljt(θ) =

FCjt(θ), j /∈ J m
nt ,

V L
g(j,t,m)(θ), j ∈ J m

nt ,
Ujt(θ) =

FCjt(θ), j ∈ J m
nt ,

V U
g(j,t,m)(θ), j /∈ J m

nt .
(1.15)

Thus Ljt(θ0) ≤ FCjt ≤ Ujt(θ0) for all potential products. This preserves the revealed-
preference content of the add and drop inequalities while replacing the non-randomly missing
endpoints with support bounds.

With the completed intervals, I estimate θF C
m using the sample analogues of moment

inequalities implied by the product-choice restrictions. Let hℓ(Zjt) denote a nonnegative
instrument function measurable with respect to information available when the portfolio
decision is made. For each product category m and each instrument ℓ, the fixed-cost speci-
fication implies

E
[
hℓ(Zjt)

(
xF C

jt θF C
m − Ujt

)]
≤ 0, (1.16)

E
[
hℓ(Zjt)

(
Ljt − xF C

jt θF C
m

)]
≤ 0. (1.17)

This formulation converts the no-profitable-deviation restrictions into unconditional inequal-
ities, as in the moment-inequality approach to endogenous product offerings. The empirical
instruments are indicator functions for bins of model quality, Quality Distance from the
firm’s existing portfolio, product age, and brand group; for tablets, the specification also
uses quality-by-age indicators. The instruments overlap, so a product can contribute to
quality-bin, age-bin, and brand-bin moments.

The fixed-cost parameters are set identified. For inference, I follow Andrews, Roth, and
Pakes (2023) by inverting coordinate-wise tests based on a profiled max statistic for the
linear moment inequalities. I use least-favorable critical values, which yield conservative
confidence sets relative to moment-selection refinements but avoid selecting an estimated
set of binding product-choice inequalities.

1.4.3 Estimation Results

Table 1.6 reports the joint smartphone–tablet demand estimates. The table first reports
mean utility parameters, followed by preference heterogeneity, income interactions, and the
common complementarity feature index that links ownership across device categories.
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Table 1.6: Demand Estimates

Parameter Smartphones Tablets
Mean utility
Price -0.0284 (<0.001) -0.0268 (<0.001)
Quality 2.116 (0.057) 2.012 (0.055)
Model age: 4–7 quarters -0.255 (0.073) 0.066 (0.064)
Model age: 8+ quarters -0.296 (0.148) -0.165 (0.077)
Apple-year trend 0.391 (0.109) -0.229 (0.075)
Samsung-year trend 0.346 (0.038) -0.294 (0.023)
Preference heterogeneity and replacement
S.D. intercept 2.706 (0.004) 2.263 (0.132)
S.D. quality 0.207 (0.004) 0.861 (0.021)
Replacement-age coefficient 0.371 (0.0001) 3.155 (0.104)
Income interactions
Apple × income 0.249 (0.024) 0.221 (0.031)
Samsung × income 0.108 (0.008) -0.142 (0.014)
Price × income 0.0016 (<0.001) 0.0056 (<0.001)
Complementarity feature index
Scale parameter 0.817 (0.030)
Cloud Sync weight 1
Share weight 0.289 (0.092)
Continuity weight 0.345 (0.995)
Fixed effects
Year fixed effects Yes Yes
Quarter-of-year fixed effects Yes Yes
Coarse-brand fixed effects Yes Yes

Notes: Cells report coefficient estimates, with standard errors in parentheses. Model
age is measured in quarters since model release; the omitted age category is 0–3 quar-
ters. Income is standardized log real income. Fixed effects are absorbed separately
by product category. The complementarity term equals the scale parameter times a
feature index; Cloud Sync is the normalized feature weight, while Share and Conti-
nuity are estimated relative to Cloud Sync.

Table 1.7 reports selected ownership, income, and replacement moments, and Appendix
Table A.1.2 reports the full active micro-moment set.

The mean utility estimates show substantial willingness to pay for vertical quality in
both categories. Evaluated at the median-income individual with about $52,900 in real
annual income, the quality coefficients imply willingness to pay of about $75 for a one-unit
increase in the smartphone quality index and $77 for a one-unit increase in the tablet quality
index.21 Because these dollar magnitudes use the income-specific price coefficient, their scale

21Dollar conversions divide utility coefficients by the absolute value of the income-specific price coefficient,
evaluated at the median-income draw. The median simulated income is about $52,900 in real annual income,
corresponding to standardized log income yit = 0.119 and price coefficients of −0.0282 for smartphones and
−0.0261 for tablets.
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Table 1.7: Selected Micro-Moment Fit

Moment Data Model

Income sorting
Phone Apple high-price share, High–Low income 0.134 0.155
Phone Samsung high-price share, High–Low income -0.113 -0.118
Tablet Apple high-price share, High–Low income 0.065 0.113
Tablet Samsung high-price share, High–Low income -0.051 -0.103
Phone Apple paid price, High–Low income 57.8 95.3
Phone Other paid price, High–Low income 115.1 77.3
Tablet Apple paid price, High–Low income 41.2 163.2
Tablet Other paid price, High–Low income 61.5 25.7

Cross-device ownership
Apple tablet share among Apple-phone owners, 2020–2022 0.579 0.647
Samsung tablet share among Samsung-phone owners, 2020–2022 0.392 0.351
Samsung tablet share among Apple-phone owners, 2020–2022 0.122 0.085
Apple tablet share among Samsung-phone owners, 2020–2022 0.224 0.220

Ownership levels
Apple smartphone owner share, 2019–2022 0.455 0.394
Samsung smartphone owner share, 2019–2022 0.295 0.245
Apple tablet owner share, 2019–2022 0.453 0.393
Samsung tablet owner share, 2019–2022 0.251 0.175
Smartphone ownership rate, 2021 0.850 0.653
Tablet ownership rate, 2021 0.530 0.542

Replacement
Smartphone replacement cycle 2.71 2.18
Tablet replacement cycle 4.60 4.76

Notes: The table reports selected moments from the active micro-moment set. Data
are empirical moments; Model reports fitted values from the estimated model. Share,
ownership, and ownership-rate moments are probabilities. Paid-price differences are in real
dollars, and replacement moments are in years. Income moments are differences relative
to low-income consumers. Appendix Table A.1.2 reports all 49 active micro-moments used
in demand estimation.

is linked to the income moments in Table 1.7; the table shows that the model captures the
sign of the main high-minus-low income gradients in high-price phone purchases, although
the paid-price gradients fit less tightly.

Product age reduces utility more sharply for smartphones than for tablets, consistent with
the shorter replacement cycle for smartphones. Relative to products released within the last
three quarters, smartphone models aged four to seven quarters are valued about $9 less, and
models aged at least eight quarters are valued about $10.5 less. Tablet age discounts are
smaller: the four-to-seven-quarter coefficient is close to zero, while the eight-plus-quarter
coefficient implies a modest discount of about $6.3.

Brand-specific time trends imply rising valuations for Apple and Samsung smartphones
over the sample period, but declining valuations for Apple and Samsung tablets.

Replacement-age coefficients are positive in both categories, so purchase utility rises as
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owned devices age relative to the category-specific replacement cycle. Since this term is
centered at the average replacement cycle, the larger tablet coefficient reflects a steeper
response once tablets are old relative to their longer replacement horizon rather than more
frequent tablet replacement overall. The replacement moments in Table 1.7 support this
interpretation: the model matches the tablet replacement cycle closely, 4.76 years compared
with 4.60 years in the data, while the smartphone replacement cycle is shorter in the model
than in the data, 2.18 years compared with 2.71 years.

The estimates also imply substantial preference heterogeneity. The standard deviation
of quality tastes is about 10 percent of the mean quality coefficient for smartphones and 43
percent for tablets, implying substantially more dispersion in tablet quality preferences. The
standard deviation of the inside-good intercept is also large, suggesting persistent differences
in consumers’ baseline propensity to purchase devices. This inside-good dispersion helps
determine how aggregate purchase flows map into ownership stocks. In Table 1.7, the
model closely matches tablet ownership in 2021, 0.542 compared with 0.530 in the data,
but underpredicts smartphone ownership, 0.653 compared with 0.850, so the estimated σ0

should be read together with this remaining stock-level fit gap.
The income interactions are broadly consistent with the purchase-level moments com-

paring brand choices and paid prices across income groups. Higher-income consumers are
less price sensitive in both categories and have stronger preferences for Apple products in
both smartphones and tablets. The Samsung-income relationship differs across categories,
with higher-income consumers tilting toward Samsung in smartphones but away from Sam-
sung in tablets. For example, the high-minus-low income difference in the Apple high-price
phone share is 0.134 in the data and 0.155 in the model; the corresponding Samsung phone
moment is −0.113 in the data and −0.118 in the model. The model also matches the signs
of the tablet brand-share moments, although it overpredicts the high-price tablet differences
and fits the paid-price moments less closely.

Finally, the complementarity estimates imply economically meaningful cross-device de-
mand spillovers. Evaluated at the full complementarity feature index, 0.817 × (1 + 0.289 +
0.345), the estimates imply willingness to pay of about $47 for a smartphone when the
consumer owns a compatible tablet and about $51 for a tablet when the consumer owns
a compatible smartphone. These estimates are supported by a reasonable fit to the cross-
device ownership moments in Table 1.7: Apple tablet ownership among Apple-phone owners
is 0.647 in the model and 0.579 in the data, and Samsung tablet ownership among Samsung-
phone owners is 0.351 in the model and 0.392 in the data. Although not directly identical
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in construction, the implied magnitudes are comparable to Lidany (2025), who estimates
willingness to pay of about $75 for complementarity features on a compatible smartphone–
laptop pair.

Table 1.8 reports local diversion ratios for the top-selling Apple, Samsung, and other-
brand products in 2022Q3. These ratios are the most useful price-response summary for
the mechanism in this paper because they describe the composition of substitution rather
than the level of local price sensitivity. Own- and cross-price semi-elasticities depend on the
units of the price change and on baseline product shares; I report them for completeness
in Appendix Table A.1.5. By normalizing each cross-price derivative by the corresponding
own-price derivative, diversion ratios show where demand goes when a product loses sales.

The diversion ratios make the ecosystem dimension of substitution transparent. A price
increase for the iPhone 14 Pro Max diverts more demand to other iPhones than to Samsung
or Google models, consistent with stronger substitution within the Apple smartphone line.
The selected iPad models also divert strongly to one another. Among tablets, the matrix
shows substitution among lower-priced non-Apple products: in particular, the strongest
cross-product diversion from the Fire HD 10 within the non-Apple set is to the Galaxy
Tab A8. These substitution patterns matter for product choice because they determine how
much of a product’s lost demand is recaptured by the firm’s existing portfolio and how much
spills over to rival ecosystems.

Table 1.9 reports marginal-cost estimates used to compute markups, profits, and product-
choice payoffs. The recovered first-order conditions imply median margins of about 21.7
percent of price for smartphones and 27.6 percent of price for tablets. The marginal-cost
estimates indicate that hardware quality is the main observed per-unit cost shifter: a one-
unit increase in the quality index raises marginal cost by about $94 for smartphones and $63
for tablets, holding product age and fixed effects fixed. Relative to products released within
the last three quarters, older active models have higher recovered marginal costs, especially
among models at least eight quarters old. I interpret these coefficients primarily as controls
for systematic age-related variation in recovered per-unit costs among products that remain
on the market, rather than as direct evidence that physical production costs rise with age.

Appendix Figure A.1.7 reports the recovered marginal-cost distribution implied by the
pricing FOC inversion, separately for smartphones and tablets with Apple and Samsung
overlays.

Using the demand and marginal-cost estimates, I recover product-level upper bounds on
fixed costs for observed in-market products and lower bounds for feasible but absent prod-
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Table 1.8: Demand Diversion Ratios

Panel A. Smartphones
Price of 13 14 Pro Max 14 Pro A13 S22 S22 Ultra Pixel 6a Moto Power Moto Stylus

13 – 5.1 4.4 1.2 1.3 1.4 1.5 0.4 0.5
14 Pro Max 7.2 – 5.2 1.0 1.3 1.6 1.3 0.4 0.4
14 Pro 6.9 5.8 – 1.1 1.2 1.5 1.4 0.4 0.4
A13 2.8 1.6 1.5 – 1.7 1.4 1.9 0.8 0.7
S22 3.9 2.8 2.5 2.4 – 2.3 1.9 0.6 0.6
S22 Ultra 4.6 3.7 3.2 2.1 2.4 – 1.8 0.5 0.5
Pixel 6a 3.5 2.2 2.0 2.0 1.4 1.2 – 0.7 0.7
Moto Power 2.6 1.5 1.4 2.1 1.1 0.9 1.9 – 0.7
Moto Stylus 3.1 1.9 1.7 2.0 1.3 1.1 1.9 0.8 –

Panel B. Tablets
Price of iPad 2021 Air 2022 mini 2021 Tab A8 S7 FE S6 Lite HD 10 HD 8 HD 8 Plus

iPad 2021 – 20.0 6.0 6.8 1.0 0.9 6.2 2.6 2.5
Air 2022 28.6 – 7.6 4.4 1.1 0.7 2.9 0.7 0.7
mini 2021 25.3 22.2 – 4.4 0.9 0.6 3.3 1.0 1.0
Tab A8 14.8 6.8 2.3 – 1.3 1.5 11.0 4.2 3.7
S7 FE 17.8 13.1 3.6 10.7 – 1.4 5.3 1.5 1.5
S6 Lite 16.2 8.4 2.7 12.2 1.4 – 7.4 2.8 2.6
HD 10 13.3 4.3 1.7 10.9 0.6 0.9 – 5.9 4.9
HD 8 8.1 1.4 0.8 6.0 0.3 0.5 8.5 – 7.1
HD 8 Plus 9.3 1.8 0.9 6.3 0.3 0.5 8.5 8.6 –

Notes: Cells report local diversion ratios in percent, evaluated in 2022Q3. Rows index the product
whose price increases, and columns index the product receiving diverted demand. An entry is the
column product’s local share derivative with respect to the row product’s price divided by the absolute
value of the row product’s own-price share derivative. The derivative uses each simulated consumer’s
individual price coefficient, including the estimated price-by-income interaction, and averages over the
income-weighted integration draws. Within each device category, displayed products are the top three
Apple products, top three Samsung products, and top three non-Apple/non-Samsung products by
market share in the evaluation quarter. Displayed products do not exhaust all diversion destinations.
Diagonal entries are omitted.

Table 1.9: Marginal-Cost Estimates

Cost shifter Smartphones Tablets

Model age: 4–7 quarters 5.405 (2.443) 11.257 (1.941)
Model age: 8+ quarters 26.933 (4.936) 43.353 (2.006)
Quality 93.650 (0.953) 62.907 (0.609)
Fixed effects
Year fixed effects Yes Yes
Quarter-of-year fixed effects Yes Yes
Coarse-brand fixed effects Yes Yes

Notes: Cells report marginal-cost coefficients, with standard errors in parentheses.
The dependent variable is recovered marginal cost in the same real-price units used
in demand estimation. Model age is measured in quarters since model release; the
omitted age category is 0–3 quarters. Fixed effects are absorbed separately by
product category.
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ucts, following the procedure in Section 1.4.2. Figures 1.7 and 1.8 plot these bounds against
the quality index, with colors distinguishing Apple, Samsung, and other firms. The left pan-
els report add-deviation lower bounds for discontinued products and feasible hypothetical
products; the right panels report drop-deviation upper bounds for observed products. The
fixed-cost bounds are higher for Apple and Samsung than for other firms in both categories,
but the Apple–Samsung gap is much larger in smartphones than in tablets. This pattern
is consistent with the firms’ observed smartphone portfolios: Apple offers a narrower set
of mostly premium models, while Samsung offers many more models per period, includ-
ing lower-quality budget devices. The figures show little systematic relationship between
quality and the fixed-cost bounds. In smartphones, some same-brand absent products have
lower bounds above the upper bounds for observed products with similar quality. This
difference reflects product age and other life-cycle characteristics that are not shown in the
two-dimensional plots, rather than quality alone.

Using product-level upper and lower fixed cost bounds, I then estimate 95% confidence
intervals for fixed cost parameters. Table 1.10 reports projected 95 percent intervals for the
fixed-cost parameters for smartphones and tablets.

Table 1.10: Fixed-Cost Parameter Estimates

Smartphones Tablets

Fixed-cost parameter Lower Upper Lower Upper

Constant -4.38 20.8 0.27 22.8
Quality -13.5 -5.39 -3.20 3.65
Quality Distance -7.10 36.5 -9.92 11.4
Apple 167 282 -9.42 39.2
Samsung 16.9 51.3 -18.0 20.9
Model age: 4–7 quarters -22.9 1.02 -14.9 -1.29
Model age: 8+ quarters -40.2 -3.46 -15.8 -3.43

Notes: Entries are in millions of real dollars per model-quarter.
“Lower” and “Upper” report the endpoints of the 95% coordinate-
wise confidence interval from the profiled least-favorable moment-
inequality procedure using diagonal covariance. Quality Distance is
the distance between a product’s model-level quality index and the
nearest product already offered by the same firm in that market. The
omitted model-age category is 0–3 quarters.

The coefficients are in millions of dollars per model-quarter and enter the fixed-cost
index rather than representing standalone product fixed costs. The constant represents
the baseline fixed cost for non-Apple, non-Samsung newly released products, evaluated at
zero quality and zero distance from the firm’s existing portfolio. Using midpoints of the
intervals, this baseline is approximately $8.2 million for smartphones and $11.5 million for
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tablets. Conditional on model quality, Quality Distance, and age, the smartphone estimates
imply substantially higher fixed costs for Apple and Samsung products than for other phone
makers: the Apple interval ranges from $167 million to $282 million, while the Samsung
interval ranges from $16.9 million to $51.3 million. This Apple–Samsung ranking is the fixed-
cost analogue of the portfolio pattern in Section 1.2: Samsung’s greater vertical integration
in manufacturing is consistent with lower incremental costs of offering additional smartphone
models, whereas Apple’s reliance on external manufacturing and narrower premium portfolio
is consistent with higher model-level fixed-cost components. Tablet brand intervals are less
sharply separated, consistent with the product-level fixed-cost bounds in Figures 1.7 and 1.8.
Model age shifts fixed costs downward. At the midpoint, products aged 4–7 quarters lower
the fixed-cost index by $10.9 million for smartphones and $8.1 million for tablets, relative
to products in their first three quarters; products aged 8 or more quarters lower it by $21.8
million for smartphones and $9.6 million for tablets. The age pattern is consistent with
fixed costs being largest around product introduction and declining as design, marketing,
distribution, and support costs are amortized over the product life-cycle.

Overall, higher quality does not imply higher fixed costs. For smartphones, the quality
coefficient is negative, with a midpoint of about −9.45 million per quality-index unit, and the
interval lies below zero. For tablets, the quality coefficient is close to zero, with a midpoint
of about 0.23 million and an interval that includes zero.22 Quality Distance shows a more
positive relationship with fixed costs in smartphones: the midpoint is about 14.7 million,
although the interval includes zero. This estimate is consistent with differentiated smart-
phone variants requiring additional product-positioning and distribution resources when
they expand the firm’s portfolio away from nearby existing models. For tablets, the Qual-
ity Distance coefficient is close to zero, consistent with a smaller and less finely segmented
product space in which a one-dimensional Quality Distance is less informative about the
fixed resources required to maintain an additional model.

1.5 Counterfactual Analysis

Using the estimated model and the 2022Q3 U.S. smartphone and tablet market, I consider
three counterfactual complementarity regimes. The first, no complementarity, examines

22This pattern should not be interpreted as high-quality products being intrinsically cheaper to offer.
Rather, conditional on brand, model age, and distance from the firm’s existing portfolio, the quality index
mainly summarizes hardware content that is strongly reflected in marginal costs, while the fixed-cost index
captures per-period design, marketing, distribution, and support costs.
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Figure 1.7: Product-Level Fixed-Cost Bounds: Smartphones
Notes: Each point is a smartphone product-market bound directly supplied by a one-product devi-
ation. The left panel plots lower bounds from add deviations for feasible absent products, and the
right panel plots upper bounds from drop deviations for observed products. Both panels plot bounds
against the model-level quality index. Bounds are in millions of real dollars per model-quarter.
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Figure 1.8: Product-Level Fixed-Cost Bounds: Tablets
Notes: Each point is a tablet product-market bound directly supplied by a one-product deviation.
The left panel plots lower bounds from add deviations for feasible absent products, and the right panel
plots upper bounds from drop deviations for observed products. Both panels plot bounds against the
model-level quality index. Bounds are in millions of real dollars per model-quarter.
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how ecosystem complementarity affects product variety and welfare. To do this, I remove
complementarity by setting Cloud Sync, Share, and Continuity availability to zero for all
products. This exercise measures the extent to which observed product variety is sustained
by firms’ incentives to internalize demand spillovers across their own compatible phones and
tablets, and separates the welfare effects of complementarity into three channels: product-
variety changes, price changes, and the direct consumer value of cross-device features.

The second counterfactual, existing-feature interoperability, examines how interoperabil-
ity mandates affect product variety and welfare. Specifically, I make active features uni-
versally compatible across ecosystems: products that offer a given cross-device feature are
treated as compatible with all other products that offer that feature.23 This policy holds
feature availability and estimated preferences fixed, but changes compatibility and therefore
which firms can capture the resulting demand spillovers. Under interoperability, a consumer
who owns one firm’s product can obtain similar complementarity benefits from products in
rival ecosystems whenever the relevant cross-device features are active. This weakens the
return to products that generate follow-on demand within the firm’s own ecosystem, but
raises the return to products that become complementary to devices consumers already own
from rival ecosystems. Whether the within-ecosystem loss or cross-ecosystem gain dom-
inates depends on installed bases, existing product portfolios, substitution patterns, and
fixed costs. The exercise quantifies this net portfolio response and the associated welfare
change by recomputing equilibrium product portfolios and prices under existing-feature in-
teroperability.

The third counterfactual, full-feature interoperability, is a broader interoperability man-
date benchmark. Unlike the existing-feature interoperability counterfactual, which holds
observed feature availability fixed and consequently restricts the complementarity effects
largely to Apple and Samsung, this exercise allows the interoperability environment to be
accompanied by full feature availability: Cloud Sync, Share, and Continuity are turned on
for all products and made compatible across all smartphone–tablet pairs. This scenario ap-
proximates a more expansive form of interoperability, in which opening cross-device feature
interfaces allows other firms to implement the same complementarity features on their own
devices. Because the model does not estimate the costs of adopting these features or the pro-

23I maintain the observed availability of Cloud Sync, Share, and Continuity, but alter the compatibility
matrix so that all devices with a given feature are compatible with each other. In 2022Q3, Cloud Sync,
Share, and Continuity are available for the Apple ecosystem and select products in the Samsung ecosystem,
while Share is additionally available for newer Android phones and tablets. The counterfactual exercise
therefore makes these products mutually compatible within each active feature.
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cess by which firms would implement them, I interpret this exercise as a benchmark rather
than as a true estimated effect of a broader interoperability mandate; it measures what
product variety and welfare would be if interoperability both removed ecosystem exclusivity
and made cross-device functionality broadly available.

In each counterfactual regime, I solve the product portfolio game over the same 2022Q3
potential product set.24 For each firm and product category, the feasible set includes prod-
ucts offered in the baseline market, models discontinued in the previous two quarters, and
newly drawn alternatives as constructed in the fixed-cost estimation exercise. Newly drawn
products enter with age zero, inherit the firm’s brand fixed effect and the period’s time
fixed effects, and have Quality Distance recomputed relative to the firm’s contemporaneous
portfolio. Appendix A.5.2 gives the full construction.

Fixed-cost coefficients are set identified, so the counterfactuals require a choice of fixed-
cost parameters. Following Wollmann (2018), I evaluate the systematic fixed-cost compo-
nent at the midpoint of the projected identified set and represent product-level fixed costs as
this systematic component, plus a residual. The one-product inequalities used for estimation
imply product-specific bounds on these residuals: observed-product drop deviations gener-
ate upper bounds, while feasible add deviations generate lower bounds. I use the bounded
support restriction in Assumption 1.1 to construct missing sides of these bounds using the
empirical distribution of fixed-cost bounds for similar products and draw admissible resid-
ual vectors from the resulting product-specific intervals. To isolate policy effects, the same
fixed-cost residual vectors are used across the baseline and counterfactual regimes.

For each fixed-cost environment, firms reoptimize product portfolios using the sequential
one-product best-response algorithm of Fan and Yang (2020). Starting from the observed
2022Q3 portfolios, firms sequentially consider feasible single-product additions and removals,
taking rivals’ current portfolios as given, and adopt profitable deviations until no further
one-product deviation is available. Within each firm’s best-response step, I update the
smartphone portfolio first and then update the tablet portfolio conditional on the result-
ing smartphone portfolio. This ordering reflects the larger smartphone inside share and
ownership base, which makes smartphone portfolio choices a natural first step in evaluat-
ing cross-device demand spillovers, and is held fixed across all policy regimes. Conditional
on the selected portfolio equilibrium, I solve the pricing equilibrium and compute product
counts, quality-space variety, prices, consumer surplus, firm profits net of fixed costs, and

24For computational tractability, I endogenize product-portfolio choices for the leading firms in each
product category: Apple, Samsung, Motorola/Lenovo, LG, ASUS, and Amazon. Portfolios of other firms
are held fixed at their 2022Q3 offerings.
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total welfare using common shocks across policy environments.

1.5.1 Counterfactual Results

Table 1.11 reports changes in equilibrium outcomes relative to the baseline market. Over-
all, changes in complementarity and compatibility have economically meaningful effects on
product offerings, prices, and welfare, with substantial differences across smartphones and
tablets. Removing complementarity lowers total welfare by $1.591 billion, or 17.8 percent
relative to baseline, despite a 17.2 percent decline in sales-weighted average prices. Aggre-
gate product count falls by only 1.3 products, or 0.6 percent, and aggregate quality-space
variety falls by 38.2 units, or 3.0 percent, but these aggregate changes mask offsetting
responses across categories. Both interoperability mandates raise total welfare. Existing-
feature interoperability raises total welfare by $0.278 billion, or 3.1 percent, product count
by 3.3 products, or 1.6 percent, quality-space variety by 22.7 units, or 1.8 percent, and re-
duces sales-weighted average prices by 2.8 percent. The broader full-feature interoperability
benchmark generates larger effects, raising total welfare by $4.332 billion, or 48.4 percent,
with larger changes in product offerings, prices, and surplus.

Table 1.11: Counterfactual Changes in Product Variety, Prices, and Welfare

Policy ∆ Products ∆ Variety ∆ Price ∆ Quality ∆ CS ∆ Profit ∆ Welfare

No complementarity -1.3 -38.2 -$98.6 -0.61 -$0.808 -$0.783 -$1.591
Smartphones +0.8 +23.0 -$102.0 -0.63 -$0.726 -$0.756 -$1.482
Tablets -2.0 -61.3 -$56.2 -0.41 -$0.082 -$0.027 -$0.110

Existing-feature Interoperability +3.3 +22.7 -$15.9 +0.11 +$0.276 +$0.002 +$0.278
Smartphones +3.8 +21.2 -$17.1 +0.11 +$0.241 -$0.023 +$0.218
Tablets -0.5 +1.4 +$4.6 +0.16 +$0.035 +$0.025 +$0.060

Full-feature Interoperability +11.0 +32.9 -$122.5 -0.98 +$3.000 +$1.332 +$4.332
Smartphones +9.3 +57.2 -$127.0 -1.01 +$2.818 +$1.224 +$4.042
Tablets +1.7 -24.3 -$67.7 -0.59 +$0.182 +$0.109 +$0.290

Notes: Entries report changes relative to the baseline 2022Q3 market. Unindented policy rows report
aggregate changes; indented rows decompose the same policy change into smartphone and tablet con-
tributions. The rows average across four admissible fixed-cost residual draws. Products are model-level
products in the final portfolio. Variety is the Fan–Yang quality-spacing measure; aggregate rows sum the
category-specific smartphone and tablet variety changes. Price and quality are sales-weighted averages,
using model-predicted equilibrium unit sales as weights, pooled across categories for aggregate rows and
computed within category for indented rows. CS, profit, and welfare changes are reported in billions of
dollars. Firm profit is net of fixed costs.
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Table 1.12 decomposes these welfare changes into three sequential channels: the direct
effect of changing the complementarity environment while holding prices and portfolios fixed,
the price response holding portfolios fixed, and the remaining effect of endogenous portfolio
adjustment. The decomposition shows that the welfare loss from removing complementarity
is driven primarily by the direct loss of cross-device feature value, while price adjustment
partially offsets this loss. For existing-feature interoperability, the direct compatibility and
price-response gains are positive, but they are partially offset by the negative welfare impact
from the endogenous portfolio channel. For full-feature interoperability, both the direct
complementarity channel and the portfolio channel contribute substantially to the welfare
gain.

Table 1.12: Welfare Decomposition by Counterfactual Channel

Policy Feature/compatibility Price Portfolio Total

No complementarity -$1.789 +$0.243 -$0.045 -$1.591
Existing-feature interoperability +$0.878 +$0.067 -$0.666 +$0.278
Full-feature interoperability +$3.128 -$0.027 +$1.232 +$4.332

Notes: Entries are changes in total welfare relative to the baseline 2022Q3 market,
in billions of dollars. The feature/compatibility channel changes the complementarity
environment while holding baseline prices and portfolios fixed. The price channel then
allows prices to reoptimize holding the baseline portfolio fixed. The portfolio chan-
nel is the remaining change from allowing firms to reoptimize product portfolios and
associated equilibrium prices. The sequential decomposition is path-dependent by con-
struction.

The remainder of this section discusses the detailed interpretation and firm-level break-
down of each counterfactual exercise.

No complementarity. – Removing complementarity lowers welfare substantially. The wel-
fare decomposition shows that most of the decline comes from the direct loss of cross-device
feature value: the feature channel lowers welfare by $1.789 billion, while the price response
offsets $0.243 billion of this loss. This price offset is consistent with the model’s mechanism:
removing complementarity reduces consumers’ willingness to pay for compatible devices
and weakens firms’ pricing incentives, leading to substantially lower sales-weighted average
prices. Aggregate product count changes little, but the category decomposition reveals off-
setting responses: smartphone offerings rise by 0.8 products, while tablet offerings fall by
2.0 products. Similarly, the aggregate decline in quality-space variety masks an increase in
smartphone variety that partially offsets a large reduction in tablet variety. The increase in
smartphone offerings and variety reflects an equilibrium replacement effect: removing com-
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plementarity weakens the portfolio incentives of firms with established ecosystems, while
some rival firms expand into product-space gaps created by these contractions. Table 1.13
illustrates this firm-level reallocation. Apple and Samsung reduce their portfolios, with
contractions in both product counts and quality-space variety; the contraction is especially
pronounced for Apple tablets, where the portfolio falls from 5 products to 1. Other firms
partially offset these exits by expanding their own product offerings. This offsetting entry
is nevertheless not enough to fully preserve product count, variety, and welfare. Consumer
surplus falls by $0.808 billion, firm profit falls by $0.783 billion, and total welfare falls by
$1.591 billion relative to the baseline.

Table 1.13: Product-Portfolio Response Under No Complementarity

Firm Market Base
products

No-comp.
products

Change Base
variety

No-comp.
variety

Change

Apple Phones 10.00 6.50 -3.50 18.2 11.8 -6.4
Apple Tablets 5.00 1.00 -4.00 13.2 0.0 -13.2
Samsung Phones 21.00 16.75 -4.25 57.9 50.2 -7.7
Samsung Tablets 11.00 10.25 -0.75 44.7 48.0 3.2
Others Phones 13.00 21.50 8.50 35.9 79.4 43.6
Others Tablets 17.00 19.75 2.75 63.7 68.3 4.6

Notes: Entries report averages across four admissible fixed-cost residual draws for
firms whose portfolios are optimized in the counterfactual. Products are model-level
products in the 2022Q3 market. Variety is the Fan–Yang quality-spacing measure
computed within firm and product market. Others sums the corresponding firm-
market entries for all non-Apple, non-Samsung firms. No-comp. denotes the no-
complementarity counterfactual.

Existing-feature interoperability. – The existing-feature interoperability counterfactual
raises welfare, but the portfolio response is more nuanced than the aggregate increase in
product variety suggests. By making active features interoperable across ecosystems, the
policy changes not only consumer value and prices, but also the ownership bases over which
marginal products generate demand spillovers. This creates two opposing product-portfolio
incentives. On the one hand, interoperability weakens the return to products whose prof-
itability depends on generating follow-on demand within the firm’s own ecosystem. On the
other hand, it expands the set of consumers for whom rival products generate complementar-
ity value, raising the return to differentiated products that appeal to owners of rival devices.
In the aggregate, the second force dominates for product counts and quality-space coverage:
product count rises by 1.6 percent, and quality-space variety rises by 1.8 percent. Most of
this expansion occurs in smartphones, where offerings rise by 3.8 products and variety rises
by 21.2 units; tablet offerings fall slightly and tablet variety changes little. Table 1.14 shows
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that these aggregate changes mask offsetting firm-level responses. Apple narrows its portfo-
lios in both smartphones and tablets, consistent with the loss of within-ecosystem follow-on
demand being more pronounced for a firm with a large installed base and high fixed costs.
Samsung expands in both categories, consistent with lower fixed costs and a larger gain from
access to the larger share of consumers who own Apple devices. Other firms also expand
in smartphones, as select newer products with active Share features become interoperable
with Apple and Samsung products, and other products enter to fill gaps in product-space
from Apple’s contraction.

Table 1.14: Product-Portfolio Response Under Existing-Feature Interoperability

Firm Market Base
products

Univ.
compat.
products

Change Base
variety

Univ.
compat.
variety

Change

Apple Phones 10.00 7.50 -2.50 18.2 13.5 -4.7
Apple Tablets 5.00 4.00 -1.00 13.2 9.0 -4.3
Samsung Phones 21.00 23.75 2.75 57.9 63.4 5.5
Samsung Tablets 11.00 11.75 0.75 44.7 54.2 9.5
Others Phones 13.00 16.50 3.50 35.9 43.3 7.4
Others Tablets 17.00 16.75 -0.25 63.7 61.9 -1.8

Notes: Entries report averages across four admissible fixed-cost residual draws for firms
whose portfolios are optimized in the counterfactual. Products are model-level products
in the 2022Q3 market. Variety is the Fan–Yang quality-spacing measure computed
within firm and product market. Others sums the corresponding firm-market entries
for all non-Apple, non-Samsung firms. Existing-feature interoperability keeps feature
availability unchanged and makes active features interoperable across ecosystems.

Although existing-feature interoperability increases aggregate product count and quality-
space variety, the endogenous portfolio response lowers welfare by $0.666 billion in the se-
quential decomposition. This negative portfolio contribution is driven primarily by changes
in portfolio composition rather than by induced repricing after portfolio adjustment.25 The
result reflects two features of the existing-feature interoperability experiment. First, the
products that exit are valuable: Apple products have high baseline demand and strong esti-
mated consumer value, so their removal can reduce surplus even when rival entry increases
the number of products and expands quality-space coverage. Second, feature availability is
held fixed; products added by other firms do not offer the full set of cross-device features, so

25Holding prices fixed for products that remain in the final portfolio, the change in portfolio composition
lowers welfare by $0.821 billion. Allowing prices to reoptimize after the final portfolio is selected offsets
$0.154 billion of this loss, leaving a total portfolio channel of −$0.666 billion. The composition loss is
concentrated in smartphones: portfolio composition lowers smartphone welfare by $0.806 billion, compared
with $0.015 billion for tablets.
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they do not fully replace the complementarity value associated with the exiting products.
As a result, the added or retained products do not fully compensate consumers and firms for
the products that leave the market, especially in smartphones. The composition effect also
reduces firm profit, indicating that the new portfolio mix is less valuable after accounting
for substitution, fixed costs, and demand reallocation.

Prices move in the opposite direction and partially offset the negative portfolio con-
tribution. Interoperability weakens the exclusivity of ecosystem-specific complementarity
and reduces the lock-in associated with cross-device features. When consumers can obtain
similar cross-device benefits from products in rival ecosystems, ownership of one device no
longer makes consumers as captive to the same firm’s products in the other category, re-
ducing equilibrium pricing power. In the welfare decomposition, the price response holding
portfolios fixed raises welfare by $0.067 billion. Together with the direct compatibility gain
of $0.878 billion, this price effect more than offsets the negative portfolio channel. Overall,
consumer surplus rises by $0.276 billion, aggregate firm profit is essentially unchanged, and
total welfare rises by $0.278 billion relative to the baseline.

Full-feature interoperability. – The full-feature interoperability benchmark generates sub-
stantially larger welfare gains than existing-feature interoperability because it expands fea-
ture availability in addition to compatibility. Total welfare rises by $4.332 billion relative
to the baseline. The welfare decomposition shows that this gain is driven by two forces.
First, the direct complementarity channel is large: holding baseline portfolios and prices
fixed, turning on Cloud Sync, Share, and Continuity for all products and making each fea-
ture interoperable across ecosystems raises welfare by $3.128 billion. Second, unlike in the
existing-feature interoperability counterfactual, the endogenous portfolio response is also
positive, increasing welfare by $1.232 billion.

The positive portfolio channel reflects a broad expansion in products that become prof-
itable once all firms can offer the same cross-device feature environment. Product count
rises by 11.0 products, or 5.5 percent, and quality-space variety rises by 32.9 units, or 2.6
percent. The product-count increase is concentrated in smartphones, where offerings rise
by 9.3 products, while tablet offerings rise by 1.7 products. Quality-space responses dif-
fer across categories: smartphone variety rises by 57.2 units, while tablet variety falls by
24.3 units. Table 1.15 shows that this aggregate expansion is driven by entry from firms
outside the original feature ecosystems. Apple reduces product offerings in both markets,
especially tablets, and Samsung’s tablet portfolio also narrows. However, these exits are
more than offset by substantial expansion from other firms. Unlike in the existing-feature
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interoperability counterfactual, the products added by these firms also carry the full set of
complementarity features. As a result, rival entry expands product-space coverage while
preserving the cross-device feature value that consumers receive from the added products.
The positive portfolio channel therefore reflects not only an increase in the number of prod-
ucts, but also a change in the profitability and welfare value of rival products once they
participate in the common complementarity environment.

Table 1.15: Product-Portfolio Response Under Full-Feature Interoperability

Firm Market Base
products

Univ.
comp.

products

Change Base
variety

Univ. comp.
variety

Change

Apple Phones 10.00 7.33 -2.67 18.2 16.8 -1.4
Apple Tablets 5.00 1.33 -3.67 13.2 0.6 -12.6
Samsung Phones 21.00 21.67 0.67 57.9 68.6 10.7
Samsung Tablets 11.00 9.67 -1.33 44.7 43.3 -1.4
Others Phones 13.00 24.33 11.33 35.9 108.4 72.5
Others Tablets 17.00 23.67 6.67 63.7 93.0 29.2

Notes: Entries report firm-market portfolio outcomes for firms whose portfolios are
optimized in the counterfactual. Products are model-level products in the 2022Q3
market. Variety is the Fan–Yang quality-spacing measure computed within firm and
product market. Others sums the corresponding firm-market entries for all non-Apple,
non-Samsung firms. Full-feature interoperability denotes the broader interoperability
benchmark defined in Section 1.5.

The comparison between existing-feature interoperability and full-feature interoperability
is therefore informative about the range of possible supply-side responses to interoperability.
Existing-feature interoperability is a conservative benchmark: it holds feature availability
fixed and changes only cross-ecosystem compatibility among products that already offer a
given feature. In this case, interoperability raises welfare mainly through direct compatibility
gains and lower prices, while the endogenous portfolio response reduces welfare. Full-feature
interoperability is an expansive benchmark: it assumes that interoperability is accompanied
by full adoption of Cloud Sync, Share, and Continuity across all products. In this case,
the portfolio response becomes a major source of welfare gains, and the overall welfare
gain is substantially larger. Since the model does not estimate feature-adoption costs or
implementation frictions, I do not interpret these exercises as formal bounds on the effect
of an interoperability mandate. Rather, they bracket two economically relevant cases: a
mandate that only opens existing features, and a broader environment in which opening
compatibility also facilitates widespread adoption of cross-device functionality.

45



1.6 Conclusion

Digital ecosystems create complementarities across product markets: the value of a smart-
phone can depend on the tablet a consumer owns, and vice versa. This paper studies how
these complementarities affect firms’ product-portfolio decisions and how this supply-side
response changes the welfare consequences of interoperability policy. The central mecha-
nism is that ecosystem complementarity changes the profitability of marginal products. A
phone or tablet can generate profit not only through its own sales, but also through the de-
mand it creates for compatible products in the adjacent category. When product portfolios
are endogenous, policies that change compatibility therefore affect welfare through direct
consumer value, prices, and product variety.

I develop and estimate a structural model of demand, pricing, and product choice in the
U.S. smartphone and tablet markets. The demand model allows consumers to value device
quality, prices, replacement incentives, brand preferences, and cross-device complementarity
with their owned devices. The supply model allows firms to choose product portfolios before
setting prices, internalizing demand spillovers across smartphones and tablets. I estimate the
model using product-market data from IDC, manually collected information on cross-device
feature availability and compatibility, and micro-moments on ownership, replacement, and
income-based purchase patterns. The estimates imply economically meaningful willingness
to pay for complementarity features and fixed-cost components that differ substantially
across firms and product categories.

The counterfactual results show that complementarity supports product variety and af-
fects welfare in ways that would be missed in a price-only analysis. Removing Cloud Sync,
Share, and Continuity lowers total welfare by about $1.6 billion in the 2022Q3 market. The
direct loss of cross-device feature value is the primary driver, while lower prices partially
offset the loss. Product counts change only modestly in the aggregate, but the firm- and
category-level responses reveal substantial reallocation: firms with established ecosystems
reduce product offerings, while some rival firms expand into the resulting product-space
gaps. This pattern illustrates why aggregate product counts alone are insufficient for eval-
uating the welfare effects of complementarity.

The interoperability counterfactuals highlight a further ambiguity. When observed fea-
ture availability is held fixed and active features are made interoperable across ecosystems,
welfare rises by about $0.3 billion. The gain comes from direct compatibility benefits and
lower prices, while the endogenous portfolio response reduces welfare in the sequential de-
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composition. This negative portfolio contribution reflects portfolio composition: the prod-
ucts added or retained under interoperability do not fully compensate consumers and firms
for the products that exit, especially in smartphones. In contrast, a broader full-feature
interoperability benchmark, in which all products are assumed to offer all cross-device fea-
tures and these features are interoperable across ecosystems, generates much larger welfare
gains. In that exercise, the portfolio response becomes a major source of welfare improve-
ment because rival products also carry complementarity features and become more valuable
to consumers outside their original ecosystems.

These results imply that the welfare effects of interoperability depend critically on the
supply-side response. Opening compatibility can reduce ecosystem-specific market power
and increase consumers’ ability to mix products across firms. At the same time, it changes
firms’ incentives to introduce and maintain products by reallocating cross-category demand
spillovers across ecosystems. Whether this reallocation expands or contracts welfare-relevant
product variety depends on installed bases, substitution patterns, fixed costs, and whether
interoperability also facilitates broader adoption of cross-device features. Policies that focus
only on prices or direct compatibility gains may therefore miss an important margin of
adjustment.

The counterfactuals do not model the costs or strategic process of adopting new com-
plementarity features; the existing-feature and full-feature interoperability exercises should
therefore be interpreted as benchmarks rather than precise forecasts of a particular mandate.
Nonetheless, the comparison between them is informative: an interoperability mandate that
only opens existing features can have different supply-side consequences from a broader
environment in which opening compatibility also makes cross-device functionality widely
available. More generally, the results suggest that digital-ecosystem policy should account
for both demand-side compatibility gains and the endogenous product-variety incentives
created by cross-market complementarities.
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CHAPTER 2

Optimal Sin Tax with Endogenous Reformulation

Abstract.1 This paper studies optimal sugar taxation when firms can refor-
mulate differentiated products. Existing theories of sin taxation typically treat
product characteristics as fixed, yet empirically large reductions in sugar intake
occur through manufacturers’ reformulation responses rather than solely through
consumer substitution. We therefore develop a theory of optimal sin taxation
with market power and endogenous reformulation, showing that reformulation
raises the optimal sugar tax when taxes induce large reductions in sugar content,
but lowers it when reformulation is costly or entails large private-utility losses.
We then estimate a structural model of demand and supply for the California
non-alcoholic beverage market using retail and household-panel data, calibrate
reformulation costs using empirical evidence from the U.K. Soft Drinks Indus-
try Levy, and solve optimal-tax counterfactuals. In an efficiency benchmark,
incorporating firms’ reformulation responses into the counterfactual raises the
optimal linear sugar tax from 18 to 48 cents on a 12 g/100ml drink, increases
welfare gains from $119.7 million to $784.9 million over a 36-month horizon, and
lowers average purchased sugar from 6.27 to 1.74 g/100ml. Although we focus
on sugar-sweetened beverages, the framework applies more broadly to correc-
tive taxation in differentiated-product markets where firms can adjust the taxed
characteristic.

1With Eva Wang and Xinyu Chen.
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2.1 Introduction

“Sin taxes,” or corrective excise taxes imposed on goods whose consumption results in
negative externalities, such as alcohol and tobacco, have been extensively studied in the
public finance literature and widely adopted across the world. Recently, taxes on sugar-
sweetened beverages have become an area of interest due to rising rates of obesity and
cardiovascular diseases associated with excessive sugar consumption. To address this issue,
as of 2019, 8 American cities and 39 countries have adopted sugar-sweetened beverage taxes.
WHO’s 2023 global report documents that such taxes have continued to spread and now
take many different forms, including volumetric taxes, ad valorem taxes, and tiered taxes
based on sugar content (World Health Organization, 2023).

While much of the literature has focused on the impact of taxes on sin-good prices,
empirical evidence suggests that taxes also elicit non-price responses. A prominent example
is the Soft Drinks Industry Levy (SDIL) introduced in the U.K. in 2018. The SDIL is a
tiered tax on beverages, with rates of 18 pence per litre for products containing between 5
and 8 grams of added sugar per 100ml, and 24 pence per litre for products with more than
8 grams of added sugar per 100ml. In response, over 50% of beverage manufacturers altered
the sugar content of their products (HM Treasury, 2018). Moreover, more than 80% of
the reductions in sugar intake resulting from the SDIL were due to reformulation activities
(Dickson et al., 2025). This points to a powerful channel through which excise taxes reduce
consumption of sin goods: when properly designed, sin taxes may induce firms to lower
the harmful attributes of their products. More broadly, evidence from multiple U.S. cities
finds substantial effects of sugar-sweetened beverage taxes on prices and purchases, while
distributional analyses suggest that these taxes can remain progressive on net once revenue
use is taken into account (Jones-Smith et al., 2022).

Much of the optimal-tax literature abstracts from this margin. The relevant bench-
mark for our paper is O’Connell and Smith (2024), who study optimal sugar taxation in
differentiated-product markets with market power but treat product characteristics as fixed.
Once firms can reformulate, however, a sugar tax can reduce external harm not only by shift-
ing demand away from high-sugar products, but also by inducing manufacturers to lower
sugar content directly. Because sugar content rather than beverage volume is the corrective
object in this setting, that additional margin can materially change the design of the optimal
tax.

Whether reformulation raises or lowers the optimal tax is theoretically ambiguous. Re-
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formulation strengthens the corrective case for sugar taxation because part of the reduction
in sugar exposure comes through product redesign rather than through a contraction in bev-
erage demand. But reformulation may itself be costly, and lowering sugar can reduce private
surplus when consumers value sugar directly. The optimal tax must therefore balance the
corrective gains from induced reformulation against the costs of bringing it about.

To study that tradeoff, we develop a framework in which heterogeneous consumers choose
among differentiated products, firms with market power choose both prices and sugar con-
tent, and the government chooses a tax schedule to maximize social welfare. We then specify
and estimate an equilibrium model of supply and demand for the California non-alcoholic
beverage market. On the demand side, we estimate a random-coefficients discrete-choice
model that allows for heterogeneity in consumer preferences over sugar, price, and other
product characteristics. On the supply side, we model a two-stage game in which firms first
choose sugar contents, incurring reformulation costs when they alter product composition,
and then set prices after observing demand and cost shocks.

The reformulation margin is quantitatively important in the California application. In an
efficiency benchmark, a fixed-characteristics counterfactual selects an optimal linear sugar
tax of 18 cents on a 12 g/100ml drink. Incorporating manufacturers’ reformulation responses
raises the optimal tax to 48 cents, increases welfare gains from $119.7 million to $784.9
million over a 36-month horizon, and lowers average purchased sugar from 6.27 to 1.74
g/100ml. Even at the fixed-characteristics tax rate, allowing for reformulation raises welfare
gains to $241.5 million, indicating that a policy analysis that abstracts from reformulation
misses a substantial share of the gains from sugar taxation.

We also use the framework to study notched sugar taxes as a policy extension. Because
notches concentrate incentives around sugar thresholds, they are especially relevant when
reformulation is an important margin of response.

This paper contributes to three related literatures. First, it contributes to the public
finance literature on optimal sin taxation. Allcott et al. (2019a, 2019b) provide a benchmark
framework for optimal soda taxes, while Dubois et al. (2020) and Eichner and Runkel (2025)
emphasize the importance of targeting sugar content directly rather than beverage volume.
Our paper extends this literature by allowing the tax base itself to respond endogenously
through reformulation in a differentiated-product oligopoly.

Second, the paper contributes to the literature on sugar-sweetened beverage taxes. Em-
pirical studies on soda taxes in the U.S. document pass-through, changes in purchases, and
reductions in sugar consumption (Cawley and Frisvold, 2017; Cawley et al., 2020; Rojas
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and Wang, 2021; Cawley et al., 2021). A growing literature on the U.K. SDIL highlights
reformulation as a central policy margin. Dickson et al. (2025) show that reformulation
accounts for most of the reduction in sugar intake induced by the levy. Our contribution is
to make reformulation an explicit object in the optimal tax problem rather than an auxiliary
outcome of policy.

Third, the paper contributes to the literature on imperfect competition and endogenous
product choice. O’Connell and Smith (2024) show that market power and redistribution
materially affect the design of optimal sugar taxes in differentiated-product markets. We
extend that environment by allowing firms to choose sugar content endogenously. In doing
so, we also connect to the broader industrial organization literature on endogenous product
design and policy-induced changes in product attributes (Fan and Yang, 2020; Fan and
Yang, 2022; Barahona et al., 2023; Barwick et al., 2024).

The rest of the paper is organized as follows. Section 2 presents the theoretical framework
and the optimal tax problem. Section 3 describes the setup of the empirical model. Section
4 describes the data. Section 5 explains the estimation procedure. Section 6 presents the
estimation results. Section 7 calibrates the reformulation-cost parameter using external U.K.
SDIL evidence. Section 8 presents the optimal linear sugar-tax counterfactuals. Section 9
concludes.

2.2 Theoretical Framework

We begin with a general optimal-tax condition and then specialize it to a single-rate volu-
metric tax, a linear tax on the sin characteristic, and a notched tax. Throughout the theory,
we use the term sin characteristic to denote the harmful product attribute; in the empirical
application, this characteristic is sugar content.

To solve for the optimal tax system, we consider a setting in which individuals choose
their consumption of sin goods and substitutes, and the consumption of sin goods is as-
sociated with a negative externality imposed on the government in the form of healthcare
expenses. We assume that products are differentiated and allow multi-product firms to
choose both prices and sin characteristics of their products to maximize profits. The gov-
ernment then chooses tax policies to maximize total welfare, accounting for redistribution
and externalities.
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2.2.1 Individuals

There is a continuum of individuals, indexed by i, who earn after-tax income Yi.2 Individual
i earns after-tax labor income zi and potentially receives a share, δi ≥ 0, of the after-tax
aggregate firm profits (1 − τΠ)Π, so that Yi = zi + (1 − τΠ)δiΠ. Note that

∫
i δ

idi = 1.
The market of interest consists of a set of differentiated sin products, a set of alternative

goods that serve as substitutes for sin goods, and a composite outside option. M = S ∪ N
denotes the set of inside goods, i.e., sin products, S and alternative products, N , and O

denotes the composite outside good. We assume that the utility that consumer i derives
from consuming good j depends on the quantity of the sin characteristic in the product,
denoted by sj; sin products have sj > 0, whereas other goods have sj = 0. Consumers
also face a tax-inclusive price vector p = (pS ,pN ,1) for sin goods, alternative goods, and
the composite outside option, respectively. The individual’s budget constraint can then be
summarized by ∑j∈M pjx

i
j + xi

o = Y i.
Individual i chooses consumption of inside goods xi

M given the sin-characteristic vector
s and consumption of the composite outside good xi

O to maximize individual utility, subject
to budget constraints:

max
(xi

M,xi
o)
U i(xi

M, xi
O, s, Y i) s.t.

∑
j∈M

pjx
i
j + xi

o = Y i (2.1)

From the utility maximization problem, individual i’s demand for product j is denoted
by xi

j = xi
j(p, s, Y i), and individual i obtains indirect utility V i(p, s, Y i).

We allow utility to depend directly on a product’s sin characteristic. This is the key
force that gives firms an incentive to choose product characteristics strategically: changing
a product’s sin characteristic changes consumer demand, and therefore profits. In standard
optimal sin tax frameworks, product characteristics are typically taken as fixed, so this
channel is absent. In our setting, by contrast, endogenous reformulation is central, and the
demand system must therefore depend explicitly on product sin characteristics.

Following the optimal sin tax literature, one could allow consumption to generate both
internalities and externalities. In this chapter, we abstract from internalities and focus
on external harms, so that the central novel margins are market power and endogenous

2We take households’ after-tax income as exogenous. Equivalently, the government budget enters the
problem through a lump-sum transfer term rather than through interactions with distortionary labor taxa-
tion. We therefore abstract from labor-supply responses and from any erosion of labor income tax revenue
induced by sin taxes. This allows us to focus on the central tension in our setting, which arises from market
power and endogenous reformulation.
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reformulation.

2.2.2 Firms

There is a set of firms, indexed by m = 1, . . . ,M , where each firm m produces a set of
inside goods denoted by Jm ⊂ M. For each product j in its portfolio, firm m chooses both
tax-inclusive prices, pj, and sin characteristics, {sj}j∈Jm , to maximize profit, taking into
account the market demand for product j, Xj(p, s,Y) =

∫
i x

i
jdi, the sin tax rate, τj, and

costs.3 For each product j offered by firm m, the firm faces a marginal cost, cj(sj), where
cj(sj) ≥ 0, c′

j(sj) > 0. The firm also faces a fixed cost FCj ≥ 0 of offering product j, and
a reformulation cost, RCj(sj, s̃j) ≥ 0, which depends on both the current sin characteristic
sj and the prior sin characteristic s̃j. We assume reformulation costs are continuous and
increasing in the distance between the new and pre-reformulation sin characteristic. While
household income, Yi, is a function of aggregate firm profits, we assume that firms treat
household income as exogenous when making price and sin-characteristic decisions.

We assume that the market is imperfectly competitive, so that firms play a simultaneous-
move Nash-Bertrand game over prices and sin characteristics.4 Firmm’s profit maximization
problem is given by:

πm ≡ max
{pj}j∈Jm ,{sj}j∈Jm

∑
j∈Jm

(pj − cj(sj) − τj)Xj(p, s,Y) −RCj(sj, s̃j) − FCj (2.2)

Firm m’s optimal choices of p̃j and sj are then functions of marginal costs, reformulation
costs, the sin tax rates, market demand for product j, and the price and attribute elasticities
of demand. For each product j, the first-order condition for price is given by:

Xj(p, s,Y) +
∑

j′∈Jm

(pj′ − cj′(sj′) − τj′)∂Xj′

∂pj

(p, s,Y) = 0 (2.3)

Whether a first-order condition exists for the firm’s choice of sin characteristic depends
on whether RCj is continuously differentiable. When RCj is not continuous, such as when
a reformulation cost is incurred if and only if sj ̸= s̃j, then the firm’s optimal choice of sj

3At present, the firms’ decisions to enter the market and offer products are treated as exogenous in this
paper. Given that reduced-sugar or diet versions of the majority of products analyzed here already exist,
the benefits of introducing new products are relatively small.

4Some studies overlook firm competition details in their theoretical frameworks. However, since product
reformulation is a key consideration in this paper, we impose a structure on how firms compete over prices
and sin characteristics.
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becomes a discrete problem. If RCj is instead continuous in (sj, s̃j), then for each product
j, the first-order condition for the sin characteristic is given by:

(
−dcj

dsj

(sj) − dτj

dsj

)
Xj(p, s,Y) − ∂RCj

∂sj

(sj, s̃j)

+
∑

j′∈Jm

(
pj′ − cj′(sj′) − τj′

)∂Xj′

∂sj

(p, s,Y) = 0 (2.4)

To separate the effect of firm-set prices and taxes on tax-inclusive prices faced by con-
sumers, let p̃j = pj − τj denote tax-exclusive prices. Let µj = pj − cj − τj = p̃j − cj denote
the markup for product j. The aggregate profit in the economy is then characterized by:

Π ≡
∑

j∈M
µjXj −RCj − FCj =

M∑
m=1

πm (2.5)

Similar to much of the existing literature on optimal sin taxation (e.g., Allcott et al.
(2019b), O’Connell and Smith (2024)), we make a simplifying assumption that the price of
the outside option, po, is unaffected by any sin tax policies introduced to product set M.
This abstracts from substitution toward untaxed goods whose prices may also respond in
equilibrium, an issue that may be quantitatively important if such substitution is substantial.

2.2.3 Government

We consider a government that chooses a linear or piecewise-linear sin tax policy to maximize
social welfare. Let θ denote the policy instruments, and let τj(θ) denote the tax liability
of product j under policy θ. Given θ, households and firms interact in equilibrium, which
determines prices, product characteristics, household income, tax revenue, and external
harm.

Let wi denote the Pareto weight on individual i, and let λ denote the marginal value of
government revenue. The government collects revenue from sin taxes and profit taxes. Sin
tax revenue from individual i is given by T i

S = ∑
j∈M τjx

i
j, and profit tax revenue is given

by T i
Π = τΠδ

iΠ.
Let Φi(X i

S) denote the external harm associated with individual i’s consumption of sin
goods, where X i

S ≡ ∑
j∈M sjx

i
j is individual i’s total consumption of the sin characteristic.

We assume that this externality is increasing in sin-good consumption, i.e. ∂Φi

∂xi
j

≥ 0 for all
j ∈ S, and let ∂Φi

∂X i
S

≡ ϕi denote the marginal external harm. We allow ϕi to vary across
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individuals.
The government chooses θ to maximize the social welfare function

max
θ

∫
i
wiV i(p, s, Y i) + λ

(
T i

S + T i
Π − Φi(X i

S)
)
di (2.6)

2.2.4 Optimal Sin Tax Policy

In standard sin tax frameworks where sin characteristics are exogenous, externalities from
consumption of sin goods are addressed through the price channel only. However, when
sin characteristics are endogenous, tax systems with higher tax rates on products with
high sin characteristics can lead to greater decreases in externality by incentivizing product
reformulations, while maintaining minimal welfare loss in other channels (O’Connell and
Smith, 2024; Allcott et al., 2019b; Grummon et al., 2019). To analyze the implications of
endogenous reformulation and identify the optimal linear sin tax policy, we consider three
different tax systems: a single-rate volumetric tax on sin goods, a linear tax on the sin
characteristic, and a single-notch volumetric tax.

2.2.4.1 Optimal Taxation under Smooth Reformulation Costs

We assume reformulation costs are smooth and convex. In the beverage setting, this cap-
tures incremental changes in sweetener blends and related ingredients that reduce sugar
while preserving sweetness and mouthfeel, with larger departures from the baseline for-
mulation becoming progressively more costly. Under this maintained specification, firms’
reformulation choices can be characterized using first-order conditions. We first derive a
general optimal-tax condition and then specialize it to the three tax instruments considered
below.

We begin with a general, continuous tax system τj and associated policy parameters θ.
For any equilibrium object a, let aθ ≡ da/dθ denote the total derivative with respect to
the policy parameter. The optimal tax policy is characterized broadly by the first-order
condition:

∫
i

(
wiV i

θ + λ(T i
S)θ + λ(T i

Π)θ − λ(Φi)θ

)
di = 0 (2.7)

Let αi ≡ dV i

dY i , and let gi ≡ wiαi

λ
represent the social marginal welfare weights. Then the

optimal tax policy satisfies:
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∫
i

(
dT i

S

dθ
− ∂T i

S

∂θ

)
di︸ ︷︷ ︸

fiscal externality

+
∑

j∈M

(
µj
dXj

dθ
−Xj

dcj

dθ
− dRCj

dθ

)
︸ ︷︷ ︸

market power distortions

−
∫

i
ϕi
∑

j∈M

(
dsj

dθ
xi

j +
dxi

j

dθ
sj

)
di

︸ ︷︷ ︸
sin externality distortions

+
∫

i

1
αi

∑
j∈M

∂V i

∂sj

dsj

dθ
+ (gi − 1)dV

i

dθ

 di
︸ ︷︷ ︸

distributional concerns

= 0. (2.8)

The optimal policy reflects four forces: fiscal externality, a firm-side term labeled “mar-
ket power distortions” in the decomposition, sin externality distortions, and distributional
concerns. By inducing changes in consumption patterns that affect tax revenue, a change in
the sin tax policy can create fiscal externalities. The firm-side term combines the markup
channel with induced changes in marginal costs and reformulation costs, while the sin-
externality term captures how the policy changes total consumption of the harmful char-
acteristic through both demand responses and reformulation. Finally, the distributional-
concerns term captures two channels through which tax policy affects household welfare:
the direct utility gain or loss from product reformulation (valued in dollars through 1/αi),
and the redistribution wedge (gi − 1) applied to the total utility change, which accounts for
differential consumption patterns across individuals with different social welfare weights.
Optimal Single-Rate Volumetric Tax
We begin with a single-rate volumetric tax, τj = 1(sj > 0)τ , and limit attention to the
choice of the common rate τ . For this case, we impose dsj/dτ = 0, so the tax operates
through prices and quantities but not reformulation.5 The optimal placement of notches is
considered later in this section.

Letting dX/dτ ≡ ∑
j∈S

dXj

dτ
denote the tax derivative of aggregate demand for sin goods,

5This is a modeling assumption rather than an equilibrium implication. It is intended to capture the
limited reformulation incentives created by moderate volumetric soda taxes: products far above the zero-
sugar threshold face little incentive to adjust sugar content locally, most major products already have
zero-sugar versions, and the empirical literature on U.S. volumetric soda taxes finds little reformulation
response (Cawley et al., 2020; Cawley and Frisvold, 2017; Rojas and Wang, 2021; Cawley et al., 2021).
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specializing equation (8) to τj = 1(sj > 0)τ with dsj/dτ = 0 yields the first-order condition

τ
dX
dτ︸ ︷︷ ︸

fiscal externality

+
∑

j∈M
µj
dXj

dτ︸ ︷︷ ︸
market power distortions

−
∫

i
ϕi
∑
j∈S

sj

dxi
j

dτ
di

︸ ︷︷ ︸
sin externality distortions

+
∫

i

gi − 1
αi

dV i

dτ
di︸ ︷︷ ︸

distributional concerns

= 0. (2.9)

Rearranging and expanding the distributional-concerns term using V i
τ /α

i =
−∑

j x
i
j(dp̃j/dτ + 1(sj > 0)) + (1 − τΠ)δi dΠ/dτ , the optimal single-rate volumetric tax

is

τ =
∫

i ϕ
i∑

j∈S sj dx
i
j/dτ di

dX/dτ︸ ︷︷ ︸
Pigouvian correction

−
∑

j∈M µj dXj/dτ

dX/dτ︸ ︷︷ ︸
market power correction

+ 1
dX/dτ

∫
i
(gi − 1)

∑
j∈M

xi
j

(
dp̃j

dτ
+ 1(sj > 0)

)
− δi(1 − τΠ)dΠ

dτ

 di
︸ ︷︷ ︸

distributional correction

. (2.10)

Similar to equation (8), the optimal tax rate balances fiscal externality, sin externality
distortions, market power distortions, and distributional concerns. The Pigouvian correction
is the standard externality-per-marginal-tax-dollar term, now weighted by individual-specific
marginal externality ϕi and the sugar content sj of each sin product whose demand responds
to the tax. The market-power correction is typically negative in an imperfectly competitive
setting (positive markups, dXj/dτ < 0 for sin goods), pulling the optimal rate down because
taxing an already-distorted quantity amplifies the quantity distortion. The distributional
correction vanishes under utilitarian weights (gi ≡ 1) and otherwise captures how price
pass-through and profit changes fall on consumers with welfare weights above or below 1.
Optimal Tax on Sin Characteristic
We next consider a tax linear in the sin characteristic, τj = sjτ . In this case, firms may
reformulate, and reformulation costs remain continuous. The tax therefore operates through
both demand responses and changes in product characteristics.
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Specializing equation (8) to τj = sjτ yields the first-order condition

τ
∑
j∈S

sj
dXj

dτ︸ ︷︷ ︸
fiscal externality

+
∑

j∈M

(
µj
dXj

dτ
−Xj

dcj

dsj

dsj

dτ
− ∂RCj

∂sj

dsj

dτ

)
︸ ︷︷ ︸

market power distortions

−
∫

i
ϕi
∑
j∈S

(
dsj

dτ
xi

j + sj

dxi
j

dτ

)
di

︸ ︷︷ ︸
sin externality distortions

+
∫

i

1
αi

∑
j∈M

∂V i

∂sj

dsj

dτ
+ (gi − 1) dV

i

dτ

 di
︸ ︷︷ ︸

distributional concerns

= 0. (2.11)

Unlike equation (9), τ enters the distributional-concerns term implicitly through dV i/dτ :
because dτj/dτ = sj+τ dsj/dτ , the consumer’s tax burden changes not just mechanically but
also through reformulation at rate τ . Collecting the τ -linear pieces from the distributional
term together with the fiscal externality defines the effective sugar base

Bτ ≡
∑
j∈S

sj
dXj

dτ
+
∫

i
(1 − gi)

∑
j∈M

xi
j

dsj

dτ
di,

where the first term captures the aggregate sugar-weighted demand response and the second
adjusts for the welfare-weighted reformulation-induced change in tax burden. Solving for τ
yields the implicit function:

τ =

∫
i ϕ

i∑
j∈S

(
dxi

j

dτ
sj + dsj

dτ
xi

j

)
di

Bτ︸ ︷︷ ︸
Pigouvian correction

−
∑

j∈M

(
µj

dXj

dτ
−Xj

dcj

dsj

dsj

dτ
− ∂RCj

∂sj

dsj

dτ

)
Bτ︸ ︷︷ ︸

market power correction

+ 1
Bτ

∫
i
(gi − 1)

∑
j∈M

xi
j

(
dp̃j

dτ
+ sj

)
− δi(1 − τΠ) dΠ

dτ

 di
︸ ︷︷ ︸

distributional correction

− 1
Bτ

∫
i

gi

αi

∑
j∈M

∂V i

∂sj

dsj

dτ
di

︸ ︷︷ ︸
reformulation-utility correction

. (2.12)

The optimal tax on the sin characteristic balances the same four forces as equation (8):
fiscal externality (now scaled by Bτ rather than a simple demand elasticity), a firm-side
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correction, sin externality distortions, and distributional concerns. Relative to O’Connell
and Smith (2024), which treat product characteristics as fixed, the Pigouvian correction now
picks up two channels through which the tax reduces sin consumption: standard demand
substitution (dxi

j/dτ) and product reformulation (dsj/dτ). As in O’Connell and Smith,
market power implies a pre-existing quantity distortion, so the term labeled market-power
correction typically pushes the optimal tax down relative to the competitive benchmark; in
the present setting that term should be interpreted broadly, because reformulation affects
both marginal costs (dcj/dsj · dsj/dτ) and reformulation costs in addition to markups. The
distributional and reformulation-utility corrections separate: the former handles how price
pass-through and profit changes redistribute across consumers, while the latter accounts for
the direct welfare impact of altered product characteristics on consumers who have prefer-
ences over sj. When reformulation is endogenized, dsj/dτ enters nearly every component.

The central implication is therefore conditional. When the externality from sugar is large
and reformulation is an effective way to reduce sugar exposure, allowing for endogenous
reformulation strengthens the corrective case for taxation, so the optimal sugar tax can
exceed the fixed-characteristics benchmark in O’Connell and Smith (2024). By contrast,
when reformulation is costly, or when induced reductions in sj generate substantial private-
surplus losses, this additional margin is less valuable, and the optimal tax is correspondingly
lower; in the limit, as reformulation costs become prohibitive, the problem approaches the
fixed-characteristics benchmark. Put differently, the sign and magnitude of the difference
relative to O’Connell and Smith depend on how efficiently the tax induces manufacturers to
reduce sugar content rather than simply incur reformulation costs. This logic also motivates
the notched-tax exercise below: when the externality is large and much of the welfare gain
comes from discrete reductions in sugar content, a notch may outperform a linear sugar tax
by concentrating incentives at salient reformulation thresholds.
Optimal Notched Tax

We next consider a notched tax of the form τj = τ̄1(sj > ¯
s). Relative to a linear tax on

the sin characteristic, a notch concentrates incentives on products near the threshold. In
a differentiated-products oligopoly with endogenous reformulation, however, the products
that cross the threshold are not known a priori: they are determined jointly by demand,
multiproduct pricing, and reformulation costs. The notched-tax problem is therefore an
equilibrium policy problem rather than a local sufficient-statistic problem.
Numerical Mechanism Exercise
We study this problem in a normalized four-product duopoly and compare a linear sugar
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tax, τj = τsj, with a single notched tax, τj = r1(sj > ¯
s). The exercise is intended to clarify

when threshold-based incentives to reformulate can dominate the more uniform incentives
created by a linear tax. Table 2.1 reports the maximal welfare gain attained by the best
linear tax and the best notch in each supply environment. Appendix B.1 provides the
primitives and computational details.

Table 2.1: Toy Mechanism Exercise: Welfare Comparison of Linear and Notched Taxes

Supply environment Linear
sugar tax

Notched
tax

Equilibrium response

Fixed characteristics 0.084 0.074 Prices adjust, but sugar content is
fixed. The linear tax is slightly better
because it targets sugar intensity
directly.

Smooth convex
reformulation cost

0.146 0.172 The notch sets
¯
s = 3.0 and induces

two products to cross the threshold.
The linear tax induces all four
products to reformulate smoothly.

Notes: Entries report the maximal welfare gain under each tax instrument, relative to the no-tax
allocation, in the normalized toy economy. Welfare is measured as consumer surplus plus producer
surplus plus tax revenue minus external harm and any reformulation costs. The notched tax is a per-
volume tax paid only by products with sj >

¯
s; the zero-threshold case is nested in this instrument.

Table 2.1 highlights the central mechanism. With fixed characteristics, the linear tax
performs slightly better because it targets sugar intensity directly. With smooth reformula-
tion costs, by contrast, the notch can outperform by concentrating incentives on products
near the threshold and inducing discrete reductions in sugar content while avoiding some of
the output distortion from taxing inframarginal sugar on products that remain below the
cutoff.

2.3 Empirical Model

2.3.1 A Structural Approach

Much of the existing optimal-tax literature expresses the optimal tax formula as a function
of elasticities, sufficient statistics, or other objects that can be calibrated using empirical
estimates. In the present setting, however, that approach becomes inadequate. As O’Connell
and Smith (2024) argue, the optimal tax formula is influenced by firm-side distortions,
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which require knowledge of markups and marginal costs that are hard to observe directly.
Endogenous reformulation adds a second difficulty: the policy problem depends on how firms
adjust product characteristics in response to the tax schedule, and empirically estimating
those responses in a setting with heterogeneity and strategic interaction is challenging.
We therefore estimate an equilibrium model of supply and demand for the California non-
alcoholic beverage market. For tax systems with analytic solutions, the model delivers the
elasticities and firm-side margins needed to implement the formulas. For tax systems that
do not admit an analytic characterization, it provides the computational environment for
comparing candidate tax schedules in equilibrium.

2.3.2 Demand

We estimate demand for non-alcoholic beverages following the standard random-coefficient
discrete-choice approach proposed by Berry, Levinsohn, and Pakes (1995). Household i

derives indirect utility from product j in market m and month t according to

uijmt = αipjmt+βsugar
i sugarjt+γsugar2 sugar2

jt

10 +βjuice
i xjuice

j +β0
i +ζb(j)mt+ξjmt+ϵijmt (2.13)

where pjmt is the price of product j per 20-oz equivalent, sugarjt is grams of sugar per
100ml, xjuice

j equals 1 if product j is a juice drink, and ζb(j)mt stacks brand-county, brand-
month, retailer-county, retailer-month, county-month, and brand-retailer fixed effects. We
retain the quadratic sugar term, scaled by ten, to capture diminishing marginal utility in
sugar. The term ξjmt is an unobserved product-market-month demand shock and ϵijmt is an
i.i.d. type-I extreme-value taste shock. We include an outside option indexed by j = 0 and
assume that, in each month, the household selects the alternative that maximizes utility.
The monthly choice frequency mitigates concerns about consumer stockpiling behavior.6

Consumer heterogeneity enters through two random coefficients and four demographic
interactions:

αi = ᾱ + αyyi

βsugar
i = β̄sugar + βsugar

y yi

βjuice
i = β̄juice + βjuice

y yi + σjuiceνjuice
i

β0
i = β0

yyi + σ0ν0
i ,

6Hendel and Nevo (2006) document stockpiling at the weekly frequency in the U.S. soft-drinks market.
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where yi is standardized log household income and νjuice
i , ν0

i ∼ N(0, 1) are independent
unobserved-heterogeneity draws. Since sugar taxes operate through prices that may depend
on sugar content, the model needs to capture how preferences for sugar consumption covary
with price sensitivity. We generate this correlation by allowing both sugar preferences and
price sensitivity to depend on household income.7

2.3.3 Supply

We assume that beverage manufacturers play a two-stage static game. We abstract away
from firm-retailer relationships and assume that manufacturers set consumer prices. In
doing so, we assume that manufacturer-retailer markups do not change in counterfactual
simulations.

In stage 1, firms simultaneously choose the sugar content of existing products. In stage
2, they play a simultaneous-move Nash-Bertrand game in which they choose retail prices
after observing demand and marginal cost shocks. This timing assumption is standard in
the endogenous-product-choice literature and follows Eizenberg (2014) and Fan and Yang
(2020).

• Stage 2: In month t, after observing demand and marginal cost shocks (ξjmt, ωjmt),
firm n chooses pjmt to maximize

max
pjmt,(j)∈Jnmt

∑
(j)∈Jnmt

(pjmt −mcjmt)Djmt(pmt, sugart) (2.14)

where the marginal cost is

mcjmt = η0ddiet
jt +ηsugarsugarjt+ηjuicexjuice

j +ηsugar×juice(sugarjt ·xjuice
j )+ψb(j)mt+ωjmt.

(2.15)
Here ddiet

jt = 1(sugarjt = 0) is a zero-sugar indicator, and ψb(j)mt stacks the same six
sets of two-way fixed effects used on the demand side. The parameters estimated in
this stage, beyond the fixed effects, are (η0, ηsugar, ηjuice, ηsugar×juice).

• Stage 1: At the beginning of quarter T , before observing demand and marginal cost
shocks (ξjmt, ωjmt), firm n chooses the sugar content of products in its portfolio to

7Because random coefficients enter only the juice indicator and the inside-good intercept, within-product
substitution across retailers inherits the IIA structure of the type-I extreme-value shock. This restriction is
less important for the sugar-tax counterfactuals in this paper, which operate primarily through changes in
sugar content and cross-product substitution.
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maximize expected variable profits net of reformulation costs:

max
sugarjT ,j∈JnmT

∑
j∈JnmT

(πnjT (sugarT ) −RCj(sugarjT , sugarj,T −1)) (2.16)

where

πnjT (sugarT ) =∑
t∈TT

Eξjmt,ωjmt

{(
pjmt(sugarjt, sugar−jt) −mcjmt(sugarjt)

)
Djmt(pmt, sugart)

}
(2.17)

πnjT is the expected stage-2 T -period profit from product j given sugar-content vector
sugarT . The empirical implementation uses a continuous quadratic reformulation
cost,

RCj(sugarjT , sugarj,T −1) = κQj

(
sugarjT − sugarj,T −1

10

)2
, (2.18)

where sugar is measured in grams per 100ml and Qj is baseline product quantity,
measured in 20-oz equivalents, over the payoff horizon. Since the California data do
not contain policy-induced reformulation, κ is calibrated using external evidence from
the U.K. SDIL rather than estimated from observed California reformulation choices.

One limitation of the empirical model is that it does not observe the use of non-caloric
sweeteners, such as aspartame and sucralose, in either demand or supply. In practice, man-
ufacturers often offset sugar reductions with such ingredients in order to preserve sweetness
and mouthfeel. Because nutrition labels do not report the quantity of these sweeteners, the
model treats reformulation as changes in sugar content alone. This omission may cause the
recovered marginal costs of lower-sugar products to reflect the cost of substitute ingredients,
and it may also overstate the demand response to sugar reductions in counterfactuals if firms
can preserve taste with unobserved sweetener substitution.

2.4 Data

We study the California non-alcoholic beverage market in calendar year 2018, focusing on
carbonated beverages and juice drinks. The empirical analysis combines Nielsen Retail
Scanner data, which provide store-week prices, quantities, brand, size, and category infor-
mation, with Nielsen Consumer Panel data, which provide household purchase behavior and
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demographics. We aggregate the retail data to the monthly level and use sales-weighted av-
erage prices within month. Because neither Nielsen source reports nutrition information,
we match products to the USDA Branded Food Data and Open Food Facts using UPCs
and hand-collect sugar content for the remaining unmatched UPCs among the top 20 best-
selling brands. County demographics come from the American Community Survey, and the
input-cost series used to construct price instruments come from Federal Reserve Economic
Data.

The unit of observation in the estimation is a county-month market. We define a prod-
uct as a brand-category-sugar content-retailer quadruple, so UPCs with the same brand,
product category, sugar content, and retailer are aggregated to a common product. Sizes
are converted to 20-oz equivalents, and product prices are computed as volume-weighted
averages across sub-UPCs within market-month. A product is treated as available in a
market-month if it belongs to a brand with at least 0.5% market share among all brands in
the Nielsen RMS data in 2018. Under this definition, the estimation sample accounts for
roughly 72% of all sales in the Nielsen Retail Scanner data.

The resulting sample spans 648 county-month markets and 3,693 product-market obser-
vations produced by 16 firms across 61 brands and sold through 33 retail chains. We define
market size as the median monthly non-alcoholic beverage sales in a county, measured in
20-oz equivalents, divided by 0.16, the average monthly share of household trips on which a
beverage is purchased in the panel data. The household panel serves two roles in the analy-
sis. First, it provides the micro moments that discipline heterogeneity in demand. Second,
it describes purchase patterns in the category. Table 2.2 shows that households typically
undertake 2 trips on which beverages are purchased per month and buy 2 unique products.

Table 2.2: Average Monthly Consumption, Trip, and Retailer Statistics

Mean 25th pct. Median 75th pct. SD
Number of Products 3.21 1 2 4 3.07
Number of Trips 2.34 1 2 3 1.81
Number of Retailers 1.58 1 1 2 0.90
Number of 20-oz Units Purchased 21.68 5.07 12.67 28.36 27.76
* This table provides summary statistics for the monthly number of unique non-alcoholic bev-

erages purchased, monthly number of trips on which beverages were purchased, number of
retailers visited in a month, and the monthly total 20-oz equivalent units purchased per house-
hold in the Nielsen Consumer Panel data in 2018.

Table 2.3 summarizes the market-level structure of the estimation sample. The average
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county-month market contains 117 products and 43 brands, and the in-sample products
account for about 72% of total scanner volume.

Table 2.3: Product, Brand, Market-Share, and Volume Statistics by Market

Mean Median SD
Number of Products 117.22 118 16.88
Number of Brands 43.11 43 1.22
Share of In-sample Products 0.7244 0.7254 0.0371
Number of 20-oz Units Sold Per Month 730195.5 277228.3 1531110
Number of County-Month Markets 648
* This table presents market-level statistics of the unique number of products, brands,

share of in-sample products, and units sold per month. Share of in-sample prod-
ucts reflects the share of total beverage volume in the Nielsen data accounted for
by in-sample products in 2018, and does not represent the market shares used in
estimation.

Table 2.4 summarizes the in-sample products by category and sugar status. The sample
is concentrated in sugar-added products, especially juice drinks, while zero-sugar products
appear only among carbonated beverages. Figure 2.1 displays the distribution of sugar
content for all products in the sample. The distribution exhibits a rough bimodal pattern,
with diet products primarily located at a sugar level of 0, while sugar-added products cluster
in the range of 11 to 13 grams per 100ml.

Table 2.4: Product, Brand, Market-Share, and Price Statistics by Product Category

Product Category Sugar Content # Products # Brands Share (%) Price

Carbonated Beverages With sugar 51 16 31.72 0.8128
Zero sugar 13 12 17.97 0.7622

Juice Drinks With sugar 133 17 24.14 0.8173

All 197 45 73.83 0.8020
* This table contains the unique number of products and brands in each product category. Shares

reflect the relative proportion of total beverage volume accounted for by in-sample products in 2018,
and do not represent actual market shares used in estimation. Prices are weighted by sales across
products.
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Figure 2.1: Sugar Content of In-Sample Products, 2018

2.5 Estimation

Following Fan and Yang (2022) and Petrin (2002), we use three sets of moments to identify
the demand and supply parameters.

The first set of moments are macro moments. Following Berry, Levinsohn, and Pakes
(1995), we match observed market shares to model-predicted market shares to identify the
mean taste coefficients and the absorbed fixed effects.

To address potential price endogeneity, we instrument price with variables constructed
from input costs: 1) the monthly average U.S. price of sugar interacted with product sugar
content, 2) the monthly average U.S. price of corn-based sweetener interacted with product
sugar content, 3) the monthly global price of aluminum interacted with a product’s sales-
weighted average size, and 4) the producer price index of plastic bottles interacted with
a product’s sales-weighted average size. We also interact these variables with a product-
category dummy to allow for cost heterogeneity across product types.

The second set of moments uses household-panel micro data to discipline heterogeneity.
These moments target expenditure per inside purchase by income bin, the number of inside
purchases per month overall and by income bin, the number of juice-drink purchases per
month overall and by income bin, and total sugar consumed through purchased beverages
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per month by income bin.
The third set of moments uses the correlation of product choices with income to identify

the income-taste coefficients. Estimation is carried out by two-step GMM with clustered
weighting matrices, where demand and marginal costs are jointly estimated.

2.6 Estimation Results

Table 2.5 reports demand estimates. Demand for non-alcoholic beverages meaningfully price
sensitive, with grouped own-price elasticities ranging from −2.41 to −1.82. The estimates
also imply a natural pattern of sugar valuation: consumers value sweetness, but the marginal
value of sugar declines with sugar content. At the mean coefficients, corresponding to a
household with average income, the sugar component of utility peaks at about 7.8 grams
per 100ml.

Table 2.5: Demand Estimates

Mean Coefficients (β) price −3.40 Income Interactions (π) price 0.064
(1.01) (0.034)

sugar 0.239 sugar −0.007
(0.056) (0.006)

sugar2/10 −0.154 juice −0.024
(0.044) (0.055)

juice −1.207 intercept 0.118
(0.239) (0.067)

Random Coefficients (σ) juice 1.649
(0.060)

intercept 1.558
(0.077)

Standard errors clustered at the brand level are in parentheses. Income interactions are reported
in standardized log-income units (mean zero, unit standard deviation across simulated agents).
The linear sugar coefficient varies across households only through the income interaction. An
earlier specification included a free random coefficient on the linear sugar term, disciplined by the
sugar analog of the juice micro moment used in the estimation. This moment was matched well at
zero through income-based heterogeneous sugar taste, so we restrict sugar taste heterogeneity to
enter only through the income interaction. Brand–county, brand–month, retailer–county, retailer–
month, county–month, and brand–retailer fixed effects are absorbed.

The estimates also imply economically sensible heterogeneity. Variation across house-
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holds through unobserved taste shocks is concentrated in tastes for juice drinks and in
baseline participation in the packaged-beverage category, rather than in large differences in
sugar tastes.8 Higher-income households are less price sensitive, more likely to choose inside
goods, less likely to purchase juice, and have weaker preferences for sugar. For a product
with 5 grams of sugar per 100ml, the implied marginal willingness to pay for one additional
gram of sugar is 2.64 cents per 20-ounce equivalent for households with an annual income of
roughly $21,000, compared with 2.31 cents for households with an annual income of roughly
$149,000.

Table 2.6 reinforces this interpretation. Cross-price elasticities are positive but modest,
suggesting that products are substitutes without implying unrealistically narrow diversion
patterns. A 1 percent increase in the prices of all sugar-sweetened beverages lowers sugar-
sweetened-beverage volume by 1.94 percent.9 The model therefore implies that sugar taxes
operate through both reductions in aggregate sugar-sweetened beverage purchases and sub-
stitution across beverages, the two margins central to the policy analysis. These magnitudes
are also close to the disaggregated cola elasticities reported by O’Connell and Smith (2024),
who find own-price elasticities around −2 for selected Coke products and Coke–Pepsi cross-
price elasticities of about 0.02–0.04 for comparable package sizes.

8An earlier specification included a free random coefficient on the linear sugar term, disciplined by the
sugar analog of the juice micro moment used in the estimation. This moment was matched well at zero
through income-based heterogeneous sugar taste, so we restrict sugar taste heterogeneity to enter only
through the income interaction.

9For comparison, O’Connell and Smith (2024) estimate a corresponding elasticity of 1.41 using U.K.
data.
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Table 2.6: Pooled Grouped Own- and Cross-Price Elasticities

Sugar (g/100ml) (1) (2) (3) (4) (5) (6)

(1) Coca Cola 11 -1.94 +0.04 +0.02 +0.04 +0.02 +0.05
(2) Coca Cola Diet 0 +0.08 -2.04 +0.02 +0.03 +0.02 +0.05
(3) Coca Cola Zero 0 +0.08 +0.04 -2.41 +0.03 +0.02 +0.05
(4) Pepsi 12 +0.08 +0.03 +0.02 -1.82 +0.02 +0.05
(5) Sprite 11 +0.09 +0.04 +0.02 +0.04 -2.15 +0.05
(6) Gatorade Perform 02 6 +0.05 +0.02 +0.01 +0.03 +0.01 -2.18

Entries report the percent change in total row-group quantity from a 1 percent common price
increase for all products in the column group. Product-level elasticities are aggregated across
county-month markets using baseline 20-oz-equivalent quantities.
Groups aggregate brand-product-retailer alternatives across retailers, FIPS, and months. The
two other-soda groups and the juice-drink group are selected by pooled baseline quantity.
Pooled row quantities (millions of 20-oz equivalents): (1) 232.4, (2) 103.1, (3) 39.4, (4) 113.9,
(5) 61.5, (6) 175.8.
Markets with row-group availability: (1) 648, (2) 648, (3) 646, (4) 648, (5) 648, (6) 648.

Table 2.7 reports the marginal cost estimates from the supply side, recovered jointly with
demand under the multi-product Nash-Bertrand assumption. Conditional on the absorbed
fixed effects, the zero-sugar intercept is significantly negative, implying that diet prod-
ucts carry lower recovered marginal costs than otherwise comparable sugar-added products.
Among non-juice products, the negative sugar coefficient implies that lower observed sugar
is associated with higher recovered marginal cost, while the positive interaction ηsugar×juice

implies that this relationship is much weaker for juice drinks. These coefficients are best
read as reduced-form cost slopes within the pricing system rather than as literal engineer-
ing cost parameters. Because the model does not observe non-caloric sweeteners or other
taste-preserving ingredients, any cost differences associated with greater reliance on those
inputs in lower-sugar products are loaded onto the sugar dimension. For the reformulation
counterfactuals, this is the relevant object: if reducing sugar requires firms to substitute to-
ward more expensive non-caloric sweeteners or other taste-preserving inputs, the estimated
sugar-cost slope captures the resulting change in marginal cost and therefore preserves firms’
incentives to reformulate.
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Table 2.7: Marginal Cost Estimates

Estimate

zero-sugar indicator (η0) −0.587
(0.176)

sugar (ηsugar) −0.046
(0.013)

juice (ηjuice) −0.417
(0.186)

sugar × juice (ηsugar×juice) 0.036
(0.017)

Standard errors clustered at the brand
level are in parentheses. The same six
sets of two-way fixed effects used in the
demand specification are absorbed in
the supply side as well.

Table 2.8 compares the fourteen relative micro moments used in estimation to their
model-implied counterparts. The moments split into four families: expenditure per inside
purchase by income bin, the number of inside purchases per month overall and by income
bin, the number of juice-drink purchases per month overall and by income bin, and total
sugar consumed through purchased beverages per month by income bin. The model fits
most moments closely.
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Table 2.8: Micro Moments: Observed vs. Model-Implied

Moment Observed Model-Implied Difference

Expenditure per inside purchase, high income 0.700 0.741 −0.041
Expenditure per inside purchase, middle income 0.676 0.724 −0.048
Expenditure per inside purchase, low income 0.646 0.712 −0.066

Number of inside purchases per month 9.207 8.712 +0.495
Number of inside purchases, high income 9.648 9.267 +0.382
Number of inside purchases, middle income 9.361 8.590 +0.771
Number of inside purchases, low income 8.256 8.429 −0.173

Number of juice purchases per month 5.103 4.998 +0.104
Number of juice purchases, high income 5.386 5.201 +0.185
Number of juice purchases, middle income 4.961 4.849 +0.111
Number of juice purchases, low income 4.663 5.024 −0.360

Sugar amount per month, high income 67.370 70.629 −3.260
Sugar amount per month, middle income 74.344 67.277 +7.066
Sugar amount per month, low income 65.672 67.892 −2.221

Moments are computed from the Nielsen Consumer Panel for California households in 2018
(n = 4,886 household-month observations). Income bins use raw annual income thresholds
of $45,000 and $120,000. Expenditure per inside purchase is measured in dollars per 20-
oz equivalent; number of inside purchases and number of juice purchases are counts of
purchase occasions per household per month; sugar amount per month is total grams of
sugar per household per month consumed through purchased beverages. Each moment is
normalized by its observed value when entering the GMM objective.

Figures 2.2 and 2.3 provide a final supply-side diagnostic. They plot the distributions
of implied markups, pjmt − mcjmt, and marginal costs mcjmt pooled across all 429,165
product–market observations. The median markup is $0.31 per 20-oz equivalent and the
median Lerner index (pjmt − mcjmt)/pjmt is 0.34, indicating substantial but not extreme
market power in the California non-alcoholic beverage sector. The lower tail of the markup
distribution lies close to the single-product Bertrand floor of 1/|βp| ≈ $0.29 implied by
βp = −3.40.
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Figure 2.2: Distribution of implied markups

Figure 2.3: Distribution of implied marginal costs

2.7 Reformulation Cost Calibration

A central empirical challenge is that reformulation costs are not observed. In principle,
observed reformulation choices could set-identify these costs: a product that reformulates
must have reformulation costs below the gain from doing so, while a product that does not
reformulate must have costs high enough to make reformulation unprofitable. The California
sample, however, contains too few reformulations to make these inequalities informative;
this is expected in a setting without a policy shock that creates sharp incentives for firms
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to move products across sugar thresholds. We therefore use external policy evidence from
the U.K. Soft Drinks Industry Levy (SDIL) to discipline the reformulation-cost parameter
that governs firms’ endogenous sugar responses in the counterfactuals. The SDIL generated
substantial reformulation at well-defined sugar thresholds, taxing liable drinks at 18 pence
per litre when sugar content is at least 5 and below 8 grams per 100ml, and at 24 pence per
litre when sugar content is at least 8 grams per 100ml.

The calibration sets the common reformulation-cost parameter that would make the
estimated California model reproduce the product-level reformulation rate implied by the
SDIL evidence, under the same tax policy. For each eligible formulation j with baseline
sugar sj > 5, we compute the present value of the unilateral firm-portfolio profit gain from
changing only product j’s sugar content to a candidate value s′

j:

PV∆Πj(s′
j) =

H∑
h=1

δh

[
Πf(j),h(s′

j, s−j; τSDIL) − Πf(j),h(sj, s−j; τSDIL)
]
, (2.19)

where Πf(j),h is the variable profit of the firm that owns product j in horizon h, including all
products in the firm’s portfolio in the markets where j is sold. Both terms in equation (2.19)
are post-tax profits: the comparison is between keeping the observed sugar content under the
SDIL and reformulating under the same SDIL schedule. After each unilateral sugar change,
prices are re-solved in the stage-2 Nash-Bertrand game and marginal costs are updated using
the estimated supply equation. This profit object lets the firm internalize cannibalization
across its own products without requiring a full simultaneous reformulation equilibrium.

The cost of moving from sj to s′
j is

RCj(s′
j, sj) = κQj

(
s′

j − sj

10

)2

, (2.20)

where Qj is baseline 20-oz-equivalent quantity over the same payoff horizon used in equa-
tion (2.19). The quantity term means that κ is measured in dollars per baseline 20-oz
equivalent for a 10 g/100ml sugar-content change over the payoff horizon. Scaling reformu-
lation costs by quantity allows the calibration to accommodate the U.K. pattern in which
some high-volume flagship products remained taxed while many other products moved below
the thresholds.10 The parameter should be interpreted broadly: it captures recipe, testing,

10A pure product-level sunk cost, independent of sales, would have to be calibrated high enough to
rationalize non-reformulation by high-volume products; mechanically, that value would make reformulation
prohibitively expensive for smaller products.
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packaging, and supply-chain costs, as well as any quality or taste loss from sugar reduction
that is not separately modeled through observed product characteristics.

The candidate set follows the SDIL thresholds. Products with 5 < sj < 8 may move to
4.9 g/100ml, just below the lower threshold. Products with sj ≥ 8 may move either to 7.9
g/100ml, avoiding the high tier while remaining in the low tier, or to 4.9 g/100ml, avoiding
the levy entirely. Given a value of κ, product j chooses the candidate that maximizes net
value:

ŝj(κ) = arg max
s′∈Sj

PV∆Πj(s′) − κQj

(
s′ − sj

10

)2
 , (2.21)

where staying at sj is always available and has value zero. The model-predicted reformula-
tion rate is

R(κ) = Pr (ŝj(κ) ̸= sj | sj > 5) . (2.22)

We choose κ so that R(κ) matches external evidence on the share of initially levy-eligible
products that reformulated. Because the external evidence does not pin down a single
transition moment perfectly aligned with the California product universe, we report a target
range. The main range, 35–40 percent, is anchored by recent product-level evidence on
reformulation under the SDIL and by evidence that the levy caused large movements of
products out of taxable sugar bands. Appendix B.2 gives the tax conversion, representative-
month scaling, and choice-set details.

Table 2.9: Reformulation Cost Calibration

Target κ Count share Sales share Below 5 5–8 Mean ∆sugar

30% 0.463 30.2% 26.1% 12.6% 17.6% -0.72
35% 0.449 35.2% 27.8% 12.6% 22.6% -0.87
40% 0.444 40.3% 30.5% 12.6% 27.7% -1.03
50% 0.391 50.3% 31.4% 12.6% 37.7% -1.43

The eligible set is products with baseline sugar above 5 g/100ml. Count share is
the share of eligible reformulation units whose chosen sugar differs from baseline.
Sales share weights reformulation units by baseline quantity in the calibration
sample. Below 5 and 5–8 report the post-calibration shares of eligible units in
each sugar band. Mean ∆sugar is the count-weighted average change in grams
per 100ml across all eligible units. The benchmark uses firm-portfolio profit
gains, re-solved post-tax prices, a 36-month horizon, and the last observed
month across all California FIPS as a representative monthly profit environ-
ment.
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Table 2.9 reports the calibrated values. The benchmark uses the last observed month
across all California FIPS as a representative monthly profit environment, a 36-month payoff
horizon, a 5 percent annual discount rate, and re-solves post-tax prices for each unilateral
deviation. Under the central 35–40 percent target range, the calibrated κ lies between 0.444
and 0.449 dollars per baseline 20-oz equivalent for a 10 g/100ml sugar-content change. At
these values, the model predicts that 27.8–30.5 percent of eligible sales volume reformulates
and that the count-weighted average sugar reduction among eligible products is 0.87–1.03
g/100ml. The average present-value gross profit gain among predicted reformulators is
$1.22–$1.31 million, and the corresponding average implied reformulation cost is $330,000–
$360,000. In this sense, the calibration implies a reformulation margin that is quantitatively
important but far from costless.

This calibration should be interpreted as a benchmark for counterfactual policy analysis
rather than as a structural estimate identified from California reformulation choices. It uses
U.K. evidence to discipline a California model, and it evaluates unilateral rather than simul-
taneous reformulation incentives.11 Because simultaneous competitor responses would lower
each firm’s marginal benefit from reformulating, the calibrated κ should be viewed as an
upper bound on the equilibrium value that would rationalize the same target reformulation
rate in a full stage-1 game. Appendix B.2 provides the remaining implementation details.

2.8 Optimal Linear Sugar Taxes

We next use the estimated model to quantify how endogenous reformulation changes the
design and welfare consequences of an optimal linear tax on sugar concentration under
an efficiency benchmark.12 The section compares three cases. First, we solve the fixed-
characteristics benchmark, in which firms keep observed sugar contents and adjust only
prices after the tax is introduced; this is the natural benchmark relative to O’Connell and
Smith (2024). Second, we evaluate that same tax when firms are allowed to reformulate,
which isolates the welfare value of the reformulation margin itself. Third, we solve for the

11Although applying U.K. SDIL reformulation evidence to a California model is imperfect, it provides a
useful external calibration target because the estimated California demand system implies elasticities close
to those estimated in U.K. data.

12Welfare is the money-metric change in consumer surplus, producer surplus, tax revenue, and externality
savings, net of reformulation costs, evaluated over a 36-month horizon with a 5 percent annual discount
rate. We set gi = 1 for all consumers, λ = 1, and the profit-tax wedge to zero. External harm is calibrated
following the O’Connell-Smith implementation of Wang et al. (2012), so each physical gram of sugar gener-
ates 0.7 cents of external damage. Product j pays τsj per 20-oz equivalent, where sj is grams of sugar per
100ml, so a 12 g/100ml drink pays 12τ .
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optimal tax when firms may adjust sugar content before repricing. This sequence shows
both how much is missed by shutting down reformulation and how much the optimal tax
changes once reformulation is incorporated into the policy counterfactual.

Benchmark

Table 2.10 compares the fixed-characteristics benchmark with our model’s optimal-tax rec-
ommendation once firms may reformulate before repricing. The first row reports the fixed-
characteristics benchmark in the spirit of O’Connell and Smith (2024); the second reports the
reformulation-allowed optimum implied by our model. Relative to the fixed-characteristics
benchmark, the reformulation-allowed optimum features a higher tax rate, a larger welfare
gain, lower average purchased sugar, and positive reformulation activity. Under the fixed-
characteristics benchmark, the optimal rate is τ = 0.015, which implies an 18 cent tax on
a 12 g/100ml product. Expressed per 10 grams of sugar, this benchmark is about 2.54
U.S. cents, which is broadly comparable in scale to the 2.28 pence (about 3.1 U.S. cents)
fixed-characteristics sugar-tax estimate in O’Connell and Smith’s U.K. application. Under
our reformulation-allowed optimum, the rate rises to τ = 0.040, or 48 cents on a 12 g/100ml
product, while welfare increases from $119.7 million to $784.9 million and average purchased
sugar falls from 6.27 to 1.74 g/100ml.

Table 2.10: Optimal Tax Choice: Fixed Characteristics vs. Endogenous Reformulation

Scenario Firms can reform. τ Tax on 12g Welfare Avg. sugar Reform. units
($/20oz) ($m) (g/100ml)

Fixed characteristics No 0.015 0.18 119.7 6.27 0
Endog. reformulation Yes 0.040 0.48 784.9 1.74 88

The tax is τsj per 20-oz equivalent, where sj is sugar in grams per 100ml. The first row
reports the fixed-characteristics benchmark in the spirit of O’Connell and Smith (2024).
The second row reports our model’s optimal tax when firms are allowed to reformulate
before repricing. Firms can reform. indicates whether firms are allowed to adjust sugar
content in the counterfactual. Welfare is the present-value change relative to no tax over a
36-month horizon with a 5 percent annual discount rate.

Table 2.11 separates tax choice from the counterfactual used to evaluate the policy. The
first row repeats the fixed-characteristics benchmark. The second row keeps the same tax
rate, τ = 0.015, but allows firms to reformulate. Comparing these two rows isolates the value
of the reformulation margin at a fixed tax rate: welfare rises from $119.7 million to $241.5
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million and average purchased sugar falls from 6.27 to 5.69 g/100ml. The third row then
reports our model’s optimal tax when the planner anticipates reformulation, so comparing
the second and third rows shows how incorporating reformulation into the policy problem
changes both the tax choice and the resulting welfare.

Table 2.11: Tax Choice When Reformulation Is Available

Policy choice Firms can reform. τ Tax on 12g Welfare Exter. Reform. Avg. sugar Reform. units
($/20oz) savings cost (g/100ml)

Fixed char. optimum No 0.015 0.18 119.7 632.0 0.0 6.27 0
Fixed-char. tax Yes 0.015 0.18 241.5 694.3 56.6 5.69 76
Endog. reform. optimum Yes 0.040 0.48 784.9 1456.7 355.0 1.74 88

Policy choice names the model used to select the tax rate. Firms can reform. indicates whether firms
are allowed to adjust sugar content when the policy is simulated. Welfare, externality savings, and
reformulation costs are reported in millions of dollars. Welfare is measured relative to no tax and
includes consumer surplus, producer surplus, tax revenue, externality savings, and reformulation costs.

Welfare Decomposition

Under our reformulation-allowed optimum,13 the tax rises to 48 cents on a 12 g/100ml drink
and welfare rises to $784.9 million. Figure 2.4 shows where those additional gains come
from.

Figure 2.4 helps organize the welfare comparison across the three counterfactuals. Be-
cause each bar reflects a different equilibrium outcome, the figure is most informative when
read as a comparison of how the welfare components move together across policies. Two
comparisons are most useful. First, comparing the first and second bars holds the tax
rate fixed at τ = 0.015 and shows how much a fixed-characteristics analysis understates
the welfare gain from that tax. Once firms are allowed to reformulate in response to the
same tax, net welfare rises from $119.7 million to $241.5 million. The figure shows that
the understatement comes mainly from missing externality savings. Consumer and pro-
ducer surplus are still lower than under no tax, but those losses are smaller once firms can
reformulate, while reformulation costs remain modest. Second, comparing the second and
third bars shows what happens when the planner reoptimizes the tax once reformulation

13The counterfactual uses the central 35 percent reformulation-cost calibration, κ = 0.449, and holds fixed
baseline formulation-cost residuals that rationalize the observed no-tax product formulations, so the no-tax
baseline remains an equilibrium object before the tax is introduced. Appendix B.3 gives the simulation
details for the optimal-tax counterfactuals.
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is anticipated. The higher tax induces much larger externality savings and much higher
reformulation costs, while tax revenue falls somewhat. Consumer and producer surplus re-
main below their no-tax levels, but their losses are smaller than under the lower tax. In the
California application, the planner therefore prefers a higher tax not because reformulation
is costless, but because the additional reduction in sugar-related harm more than offsets the
extra private costs of inducing it.

Figure 2.4: Welfare Decomposition for Linear Sugar Taxes

Notes: The figure decomposes present-value welfare changes relative to no tax over the
36-month counterfactual horizon. Externality savings are the negative of the change in ex-
ternal damages. Reformulation costs enter welfare negatively. Diamonds report net welfare
changes.

Product Reformulation

The sugar-distribution figures show how reformulation occurs in product space.
Because the histograms are based on counts of unique products in the reformulation

choice set, they are best read as evidence on the breadth and direction of product redesign
rather than on sales-weighted importance. Under the tax chosen by the fixed-characteristics
model, Figure 2.5 already shows some large downward adjustments: the mass of near-zero-
sugar products increases, but the main cluster of products remains centered around 10 to
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Figure 2.5: Sugar Content Under the Fixed-Characteristics Optimum

Notes: The figure plots the distribution of sugar content across unique prod-
ucts in the reformulation choice set under observed formulations and under
the fixed-characteristics optimum, τ = 0.015. Bars report counts of unique
products in one-gram bins.

Figure 2.6: Sugar Content Under the Endogenous-Reformulation Optimum

Notes: The figure plots the distribution of sugar content across unique prod-
ucts in the reformulation choice set under observed formulations and under
the endogenous-reformulation optimum, τ = 0.040. Bars report counts of
unique products in one-gram bins.

13 g/100ml. Under the reformulation-allowed optimum, Figure 2.6 shows a much stronger
response. The number of near-zero-sugar products rises sharply, while product counts fall
across a range of mid- and high-sugar bins. The model therefore predicts that reformulation
does not occur as a uniform trimming of sugar across all products. Instead, a subset of
products makes large reductions in sugar content, and that subset expands when the tax is
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set optimally.
Taken together, the decomposition and distribution figures show why reformulation is

first-order in the policy problem. A fixed-characteristics analysis misses this margin twice:
it understates the welfare gain from a given tax, and it recommends a tax rate that is too
low once firms are able to redesign products.

2.9 Conclusion

This paper studies optimal sugar taxation when firms can endogenously reformulate differ-
entiated products. We develop a theory of sin taxation in which taxes affect welfare through
both consumer substitution and firms’ choice of sugar content, so the optimal policy depends
not only on external harms, market power, and redistribution, but also on the cost of refor-
mulation. To quantify that margin, we estimate a structural model of demand and supply
for the California non-alcoholic beverage market and use product-level evidence from the
U.K. Soft Drinks Industry Levy to calibrate the reformulation-cost parameter, which is not
observed in the California data.

The quantitative results show that reformulation is first-order for policy design. In an
efficiency benchmark, a fixed-characteristics counterfactual selects an optimal linear sugar
tax of 18 cents on a 12 g/100ml drink. Incorporating manufacturers’ reformulation responses
raises the optimum to 48 cents, increases welfare gains from $119.7 million to $784.9 million
over a 36-month horizon, and lowers average purchased sugar from 6.27 to 1.74 g/100ml.
Even at the fixed-characteristics tax rate, allowing firms to reformulate raises welfare to
$241.5 million, implying that a policy analysis that abstracts from reformulation misses a
substantial share of the gains from sugar taxation. Those additional gains come mainly from
larger externality savings as the tax induces a broad shift of products toward lower-sugar
formulations.

More broadly, the paper suggests that the design of sin taxes should depend on the
supply-side margins they create. When reformulation is feasible, taxes on sugar content
can be substantially more effective than a fixed-characteristics analysis would imply, and
threshold-based designs may be especially attractive when policy aims to induce discrete
reductions in sugar content around salient cutoffs.
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APPENDIX A

Complementarity and Product Variety: Appendix

A.1 Additional Tables and Figures

Table A.1.1: Statista Consumer Insights Sample for Ownership Moments

Panel A. Survey respondents by wave
Module 2019 2020 2021 2022 Total

Smartphone brand ownership 3,965 4,013 6,667 9,522 24,167
Tablet brand ownership 2,928 2,813 4,469 6,304 16,514
Dual-owner cross-ownership 2,832 2,736 4,315 6,052 15,935

Panel B. Pooled brand composition (%), 2019–2022
Module Apple Samsung Other

Smartphone respondents 45.5 29.5 25.0
Tablet respondents 45.3 25.1 29.6

Notes: Source is Statista Consumer Insights, U.S. adults aged 18–64, fielded in
annual waves. Panel A reports the survey base of respondents reached by each
module in each year; the smartphone module asks for the brand of the primarily
used smartphone (single pick), the tablet module asks for tablet brands owned
(multi-pick), and the dual-owner cross-ownership module is the subset of respon-
dents who own at least one device of each type. Panel B reports unweighted
shares of respondents whose mapped brand is Apple, Samsung, or Other, pooled
across 2019–2022. The brand-ownership moments enter the estimation with
41,780 mapped brand records pooled across the smartphone and tablet mod-
ules; the difference relative to the sum of bases reflects the multi-pick structure
of the tablet module and the inclusion of an “Other” aggregator in the mapped
denominator. The cross-ownership moments enter the estimation with 17,565
dual-owner records jointly mapped to the (Apple, Samsung, Others)×(Apple,
Samsung, Others) grid, pooled as a separate 2019 wave and a 2020–2022 wave.
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Table A.1.2: Full Micro-Moment Fit

Moment Data Model

Income share moments
Phone Apple non-high-price share, Middle–Low income 0.132 0.092
Phone Apple non-high-price share, High–Low income 0.268 0.231
Phone Apple high-price share, Middle–Low income 0.052 0.067
Phone Apple high-price share, High–Low income 0.134 0.155
Phone Samsung non-high-price share, Middle–Low income 0.030 0.038
Phone Samsung non-high-price share, High–Low income -0.015 0.009
Phone Samsung high-price share, Middle–Low income -0.035 -0.046
Phone Samsung high-price share, High–Low income -0.113 -0.118
Tablet Apple non-high-price share, Middle–Low income 0.128 0.120
Tablet Apple non-high-price share, High–Low income 0.251 0.249
Tablet Apple high-price share, Middle–Low income 0.041 0.060
Tablet Apple high-price share, High–Low income 0.065 0.113
Tablet Samsung non-high-price share, Middle–Low income 0.031 0.002
Tablet Samsung non-high-price share, High–Low income 0.008 -0.021
Tablet Samsung high-price share, Middle–Low income -0.028 -0.054
Tablet Samsung high-price share, High–Low income -0.051 -0.103

Income paid-price moments
Phone Apple paid price, Middle–Low income 38.7 52.9
Phone Apple paid price, High–Low income 57.8 95.3
Phone Other paid price, Middle–Low income 62.6 42.5
Phone Other paid price, High–Low income 115.1 77.3
Tablet Apple paid price, Middle–Low income 15.9 49.7
Tablet Apple paid price, High–Low income 41.2 163.2
Tablet Other paid price, Middle–Low income 22.3 16.4
Tablet Other paid price, High–Low income 61.5 25.7

Cross-device ownership moments
Apple tablet share among Apple-phone owners, 2019 0.656 0.605
Apple tablet share among Apple-phone owners, 2020–2022 0.579 0.647
Samsung tablet share among Samsung-phone owners, 2019 0.371 0.325
Samsung tablet share among Samsung-phone owners, 2020–2022 0.392 0.351
Samsung tablet share among Apple-phone owners, 2019 0.106 0.117
Samsung tablet share among Apple-phone owners, 2020–2022 0.122 0.085
Apple tablet share among Samsung-phone owners, 2019 0.275 0.246
Apple tablet share among Samsung-phone owners, 2020–2022 0.224 0.220

Continued on next page
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Table A.1.2: Full Micro-Moment Fit (continued)

Moment Data Model

Apple tablet share among other-brand phone owners, 2019 0.248 0.193
Apple tablet share among other-brand phone owners, 2020–2022 0.205 0.191
Samsung tablet share among other-brand phone owners, 2019 0.278 0.192
Samsung tablet share among other-brand phone owners, 2020–2022 0.254 0.167

Brand ownership moments
Apple smartphone owner share, 2019–2022 0.455 0.394
Samsung smartphone owner share, 2019–2022 0.295 0.245
Apple tablet owner share, 2019–2022 0.453 0.393
Samsung tablet owner share, 2019–2022 0.251 0.175

Ownership-rate moments
Smartphone ownership rate, 2015 0.690 0.571
Smartphone ownership rate, 2018 0.770 0.624
Smartphone ownership rate, 2021 0.850 0.653
Tablet ownership rate, 2013 0.340 0.431
Tablet ownership rate, 2015 0.450 0.542
Tablet ownership rate, 2018 0.530 0.542
Tablet ownership rate, 2021 0.530 0.542

Replacement moments
Smartphone replacement cycle 2.71 2.18
Tablet replacement cycle 4.60 4.76

Notes: The table reports all 49 active micro-moments used in demand estimation. Data are
empirical moments; Model reports fitted values from the estimated model. Share, ownership,
and ownership-rate moments are probabilities. Paid-price differences are in real dollars, and re-
placement moments are in years. Income share and paid-price moments are differences relative
to low-income consumers; non-high-price denotes prices below the product-specific high-price
cutoff.
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Table A.1.3: OpenBrand Survey Sample for Income Moments

Panel A. Sample size and price cutoff
Model market OpenBrand

purchase category
Years Priced

purchases
Weighted
purchases

High-price
cutoff

Smartphones Cell phones 2015–2022 294,225 290,524 $596.59
Tablets Tablets/e-readers 2015–2022 173,505 168,643 $365.58

Panel B. Weighted composition (%)
Model market Apple Samsung Other

brand
Low

income
Middle
income

High
income

Smartphones 32.6 31.3 36.1 48.1 27.7 24.2
Tablets 37.1 21.3 41.6 44.2 28.7 27.0

Notes: The table summarizes the priced OpenBrand respondent-purchase records used to
construct income micro-moments. High-price cutoffs are the product-market-specific 80th
percentiles of CPI-normalized paid prices used to split purchases into high-price and non-
high-price groups. Composition shares use survey weights and sum to 100 within market
up to rounding.
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Table A.1.4: Highest-Quality Smartphone and Tablet Products, 2022Q4

Rank Brand Model Quality
index

Screen PPI CPU RAM

Panel A. Smartphones
1 Sony Xperia 1 IV 6.28 6.5 643 3.00 16.0
2 Samsung Galaxy Z Fold4 6.13 7.6 373 3.20 12.0
3 Samsung Galaxy S21 Ultra 5.97 6.8 516 2.90 12.0
4 Sony Xperia PRO-I 5.96 6.5 643 2.80 12.0
5 Sony Xperia 1 III 5.89 6.5 643 2.80 12.0
6 Sony Xperia Pro 5.79 6.5 643 2.80 12.0
7 Samsung Galaxy Z Fold3 5.78 7.6 372 2.80 12.0
8 Samsung Galaxy S22 Ultra 5.70 6.8 379 3.00 11.0
9 ZTE Axon 40 Pro 5.61 6.7 393 3.20 10.0
10 Xiaomi MI 12T Pro 5.56 6.7 444 3.20 12.0

Panel B. Tablets
1 Samsung Galaxy Tab S8 Ultra 8.66 14.6 239 3.00 12.0
2 Lenovo Tab P12 Pro 8.15 12.6 240 3.20 8.0
3 Samsung Galaxy Tab S8+ 8.12 12.4 266 3.00 9.3
4 Samsung Galaxy Tab S7+ 7.98 12.4 266 3.09 7.0
5 Apple iPad Pro (2022) 7.91 12.9 265 3.49 11.2
6 Apple iPad Pro (2021) 7.67 12.9 265 3.20 11.2
7 Apple iPad Pro (2022) 7.66 11.0 265 3.49 11.2
8 Apple iPad Pro (2021) 7.41 11.0 265 3.20 11.2
9 Samsung Galaxy Tab S8 6.64 11.0 274 3.00 9.3
10 Samsung Galaxy Tab S7 6.50 11.0 274 3.09 7.0

Notes: The table reports the ten highest-quality model-level product-quarter observations in the
2022Q4 IDC smartphone and tablet samples. Products are ranked within category by the category-
specific PCA quality index used in the demand, marginal-cost, fixed-cost, and product-variety
analyses. PPI is pixels per inch, CPU is processor speed in GHz, RAM is measured in GB, and
screen size is measured in inches. Repeated commercial names correspond to distinct model-level
products in the estimation data.

90



Table A.1.5: Demand Responses to a $10 Price Increase

Panel A. Smartphones
Price of 13 14 Pro Max 14 Pro A13 S22 S22 Ultra Pixel 6a Moto Power Moto Stylus

13 -6.46 0.43 0.43 0.21 0.27 0.30 0.26 0.20 0.24
14 Pro Max 0.31 -6.15 0.35 0.12 0.19 0.23 0.16 0.11 0.14
14 Pro 0.27 0.30 -6.32 0.11 0.17 0.20 0.14 0.11 0.13
A13 0.09 0.07 0.07 -8.03 0.18 0.15 0.16 0.18 0.17
S22 0.08 0.08 0.08 0.13 -7.26 0.17 0.11 0.09 0.10
S22 Ultra 0.09 0.09 0.09 0.10 0.16 -6.75 0.09 0.07 0.08
Pixel 6a 0.10 0.09 0.09 0.16 0.14 0.13 -7.86 0.16 0.16
Moto Power 0.03 0.02 0.03 0.06 0.04 0.03 0.06 -8.43 0.06
Moto Stylus 0.03 0.03 0.03 0.06 0.05 0.04 0.05 0.06 -8.16

Panel B. Tablets
Price of iPad 2021 Air 2022 mini 2021 Tab A8 S7 FE S6 Lite HD 10 HD 8 HD 8 Plus

iPad 2021 -5.34 1.33 1.47 1.23 1.27 1.28 1.14 0.64 0.73
Air 2022 0.96 -4.69 1.29 0.55 0.95 0.65 0.35 0.11 0.14
mini 2021 0.29 0.35 -6.07 0.18 0.26 0.21 0.14 0.06 0.07
Tab A8 0.42 0.26 0.33 -9.57 0.94 1.20 1.26 0.66 0.69
S7 FE 0.05 0.06 0.06 0.11 -7.65 0.12 0.06 0.02 0.03
S6 Lite 0.05 0.04 0.04 0.14 0.11 -8.79 0.09 0.05 0.05
HD 10 0.38 0.16 0.24 1.21 0.45 0.73 -10.25 0.93 0.92
HD 8 0.15 0.03 0.07 0.44 0.12 0.27 0.65 -10.11 0.88
HD 8 Plus 0.14 0.04 0.07 0.37 0.12 0.24 0.52 0.72 -9.94

Notes: Cells report the local percent change in the column product’s market share from a $10 increase in
the row product’s price, evaluated in 2022Q3. Rows index the product whose price changes, and columns
index the product whose market share responds. Within each device category, displayed products are
the top three Apple products, top three Samsung products, and top three non-Apple/non-Samsung
products by market share in the evaluation quarter.
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Figure A.1.1: Ownership Rates Used in the Ownership Micro-Moments

Notes: The figure plots the quarterly smartphone and tablet ownership rates used to construct the
Pew ownership-rate moments. Annual survey observations are assigned to product-market quarters
through the interpolation used in the estimation data.
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Figure A.1.2: Minimum-to-Maximum Quality-Index Range by Brand
Notes: Shaded regions show the brand-level minimum-to-maximum range of the quality index by quarter
for Apple and Samsung. Solid black lines mark the industry-wide minimum and maximum across all firms.
The quality index is constructed separately for smartphones and tablets from standardized hardware
characteristics.
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Figure A.1.3: Range of Screen Sizes by Brand
Notes: Shaded regions show the brand-level minimum-to-maximum range of screen sizes (inches) by
quarter for Apple and Samsung. Solid black lines mark the industry-wide minimum and maximum across
all firms.
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Figure A.1.4: Range of Pixel Density by Brand
Notes: Shaded regions show the brand-level minimum-to-maximum range of pixel density by quarter for
Apple and Samsung. Solid black lines mark the industry-wide minimum and maximum across all firms.
The plotted values are in pixels per inch.
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Figure A.1.5: Range of RAM by Brand
Notes: Shaded regions show the brand-level minimum-to-maximum range of RAM (GB) by quarter for
Apple and Samsung. Solid black lines mark the industry-wide minimum and maximum across all firms.
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Figure A.1.6: Range of Processor Speed by Brand
Notes: Shaded regions show the brand-level minimum-to-maximum range of processor speed (GHz) by
quarter for Apple and Samsung. Solid black lines mark the industry-wide minimum and maximum across
all firms.
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Figure A.1.7: Distribution of Recovered Marginal Costs
Notes: The figure plots density histograms of recovered product-level marginal costs, cjt, using
product-quarter observations in the final estimation sample. Gray bars use all products in the cat-
egory; red and blue outlines overlay Apple and Samsung products. The dotted vertical line marks
zero. Histogram ranges trim the lower and upper 0.5 percent of the plotted variable for readability;
negative-cost shares reported in the text are computed on the full estimation sample.
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A.2 Complementarity Feature Coding

The complementarity data record feature availability separately from cross-device compat-
ibility. For each product-quarter and feature f , an availability indicator records whether
public release notes and support documentation imply that the product can use feature f
in that quarter. A separate compatibility group records the ecosystem over which the fea-
ture works. A smartphone–tablet pair receives feature f in the complementarity index only
when both devices have the feature and their compatibility groups match. Pairs involving
no previously owned device receive zero feature complementarity.

Cloud Sync maps iCloud and Samsung Cloud. Apple cloud support begins in 2011Q4 for
eligible iPhones and iPads, following the release of iOS 5 and the contemporaneous iCloud
rollout. Samsung cloud support enters in 2017Q1 for supported Galaxy phones and tablets.
The compatibility groups distinguish Apple iCloud, Samsung Cloud, and products without
supported cloud synchronization.

Share maps cross-device file sharing. Apple sharing begins in 2013Q4 for AirDrop-eligible
iPhones and iPads. Samsung and Android sharing enters later, beginning around the 2020
rollout of Quick Share and Nearby Share for supported Galaxy and Android devices. The
sharing compatibility group is Apple for AirDrop and Android-based for supported non-iOS
devices.

Continuity maps handoff, call forwarding, and text-message continuity. Apple continuity
begins in 2014Q4 for iOS 8-supported devices. Samsung continuity begins in 2015Q2 for el-
igible Samsung phones and tablets. The compatibility groups distinguish Apple Continuity,
Samsung continuity, and unsupported devices.

Potential products in the fixed-cost and counterfactual exercises keep these rules when
eligibility can be inferred from brand, model family, operating system, release timing, and
product category. For newly drawn model-quality alternatives without product-specific
support pages, eligibility is assigned on the external quality scale. Apple cloud support is
available after the iCloud rollout, and Apple phone sharing and continuity use the quality
thresholds implied by the iPhone 4S and iPhone 4 eligibility rules. Samsung and other non-
Apple support is assigned when the new product’s quality exceeds the minimum quality
of an in-data supported product for the same firm-market and feature. Otherwise, unsup-
ported potential-product features are coded as zero. These rules make potential-product
compatibility depend on local empirical support rather than on unrestricted feature adop-
tion.
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A.3 Micro-Moment Definitions

This appendix defines the micro-moment analogues used in estimation.
Let wi denote simulation weights, and let Dm

bt denote products of type m ∈ {P, T} in
brand group b that can be owned in period t, with Dm

t = ∪bDm
bt . The brand-level ownership

probability is the sum of the product-level ownership probabilities defined in Section 1.4.1.1,∑
d∈Dm

bt
pm

idt(θ).
For phone brand group b ∈ {Apple, Samsung,Others} and tablet brand group b′ ∈

{Apple, Samsung}, the Statista conditional ownership moment is

Pr
θ

(own tablet brand b′ | own phone brand b, own a tablet; τ)

=
∑

t∈Tτ

∑
i wi

(∑
d∈DP

bt
pP

idt(θ)
) (∑

d′∈DT
b′t
pT

id′t(θ)
)

∑
t∈Tτ

∑
i wi

(∑
d∈DP

bt
pP

idt(θ)
) (∑

d′∈DT
t
pT

id′t(θ)
) . (A.3.1)

The Statista marginal brand-ownership moment is

Pr
θ

(own brand b | own type m; τ) =
∑

t∈Tτ

∑
i wi

∑
d∈Dm

bt
pm

idt(θ)∑
t∈Tτ

∑
i wi

∑
d∈Dm

t
pm

idt(θ)
, b ∈ {Apple, Samsung}.

(A.3.2)
The Pew ownership-rate moment is

Pr
θ

(own type m; τ) = 1
|Tτ |

∑
t∈Tτ

∑
i

wi

∑
d∈Dm

t

pm
idt(θ). (A.3.3)

Let am
i1 < am

i2 < · · · < am
iKm

i
denote the simulated acquisition periods for consumer

i in category m. The replacement-cycle moment is the average time, in years, between
consecutive acquisitions:

Eθ(years between acquisitions of type m) =

∑
i wi1{Km

i ≥ 2}
[

1
Km

i −1
∑Km

i
k=2

am
ik−am

i,k−1
4

]
∑

i wi1{Km
i ≥ 2}

.

(A.3.4)
For the income moments, let mi denote the product type purchased by consumer i, bi the

purchased brand, yi income, and pi the real paid price. The income bins are YLow, YMiddle,
and YHigh. For each m ∈ {P, T}, PHigh

m collects purchases with pi above the 80th percentile
of real paid prices, and POther

m collects the remaining purchases. For Y ∈ {YMiddle,YHigh},
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P ∈ {POther
m ,PHigh

m }, and b ∈ {Apple, Samsung}, the brand-share moment is

Pr
θ

(brand = b | purchase type = m, pi ∈ P , yi ∈ Y)

− Pr
θ

(brand = b | purchase type = m, pi ∈ P , yi ∈ YLow). (A.3.5)

The brand-conditional paid-price moment is

Eθ[pi | purchase type = m, brand = b, yi ∈ Y ]
− Eθ[pi | purchase type = m, brand = b, yi ∈ YLow], b ∈ {Apple,Other}, (A.3.6)

where Other pools all non-Apple and non-Samsung brands.
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A.4 Ownership Simulation Details and Monte Carlo Vali-
dation

This appendix documents the ownership-state simulation used in demand estimation and
the Monte Carlo design behind Table 1.4. The Monte Carlo exercise tests whether aggre-
gate shares and simulated ownership histories recover a complementarity parameter when
individual ownership transitions are unobserved. The design is simpler than the full empiri-
cal model, but keeps the relevant state-dependence problem: two durable-goods categories,
evolving ownership states, persistent quality tastes, and a complementarity shock that turns
on mid-sample.

A.4.1 Empirical Ownership Simulation Settings

The empirical demand estimation uses 500 base simulated consumers and eight ownership-
state paths for each base consumer, for a total of 4,000 simulated rows per product category
and market. The base consumers are common across the smartphone and tablet panels.
A scrambled Halton sequence with seed 999 generates the persistent taste nodes and the
market-specific ownership-transition draws. The persistent taste draws are held fixed for
each base consumer and repeated across the eight state paths, while the transition draws
vary across paths and markets. Base simulation weights are normalized to sum to one and
then divided equally across the eight paths.

Quarterly real income is attached before the ownership paths are expanded. Annual
nominal household income follows a persistent latent-rank process with persistence 0.95 and
seed 271828. Each year’s simulated income cross-section is rank-matched to the CPS ASEC
HINC-06 distribution, with uniform draws inside closed income bins and a Pareto tail in
the top open bin. Nominal income is fixed within a calendar year and deflated quarter by
quarter using the CPI. The demand specification uses standardized log real income.

Ownership states are initialized to no owned product before each category enters the
sample; in the simulation arrays, product id −1 denotes no owned device. In the first
smartphone market, the ownership probabilities are rescaled to match the observed owner-
ship rate. After that initial calibration, inside purchases replace the consumer’s previous
device in that category and outside-option draws leave the previous device in place. These
simulated ownership histories generate both the ownership probabilities used in the moment
analogues and the realized ownership paths used for replacement moments.
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A.4.2 Monte Carlo Design

The data-generating process uses the empirical smartphone and tablet product-market skele-
ton, holding products, prices, observed characteristics, and market timing fixed. The three
empirical compatibility features are replaced by a single scalar complementarity index, equal
to zero before 2016Q3 and active thereafter. Simulated demand follows a random-coefficients
logit with price, quality, brand, age-bin controls, product-market demand shocks, a scalar
complementarity parameter, and a random coefficient on quality. Simulated consumers be-
gin with no owned device in either category; each inside purchase replaces the previously
owned device in that category, while an outside-option draw leaves ownership unchanged.

The estimator observes simulated aggregate product shares and product-market charac-
teristics, but not individual ownership transition matrices. For each candidate parameter
vector, it simulates ownership histories, solves market-by-market intercepts to match aggre-
gate inside shares, and predicts product-level market shares. It then estimates the standard
demand parameters, the scalar complementarity parameter, and the quality-taste dispersion
by minimizing product-level log-share residuals.

The exercise uses 10 replications for each complementarity scale, 0, 0.5, 1, and 1.5, where
the scale multiplies the baseline scalar complementarity parameter of 1. Each replication
uses 500 simulated consumers, 9,987 smartphone product-market observations, 3,863 tablet
product-market observations, and 52 quarterly markets, of which 48 include tablets. The
true quality-taste dispersion is σq = 0.5, and the product-market demand shock standard
deviation is 0.2. Aggregate shares are computed from model choice probabilities rather than
finite-sample purchase counts.

Table A.4.1: Monte Carlo Recovery of Standard Demand Parameters

Scale Price Quality Apple Samsung Age 2 Age 3

True -1.000 0.600 0.400 0.200 -0.250 -0.500
0.0 -1.006 0.603 0.405 0.206 -0.254 -0.505
0.5 -1.007 0.605 0.406 0.202 -0.253 -0.500
1.0 -1.005 0.602 0.400 0.203 -0.253 -0.506
1.5 -1.006 0.604 0.401 0.204 -0.254 -0.503

Notes: The table reports mean estimates across 10 replica-
tions for each complementarity scale. The estimator jointly
recovers these mean-utility parameters, the scalar complemen-
tarity parameter, and σq.

The additional mean-utility recovery estimates reported in Table A.4.1 show that the
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standard mean-utility parameters are centered close to their true values across complemen-
tarity scales. Together with Table 1.4, these results indicate that the estimator recovers
complementarity without attributing the same variation to quality-taste dispersion or stan-
dard product characteristics in this controlled environment.

The Monte Carlo validates the ownership-state mapping under the maintained transition
rule. It does not test robustness to misspecified replacement, churn, depreciation, initial
ownership distributions, or equilibrium supply responses to unobserved demand shocks.
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A.5 Fixed-Cost and Counterfactual Details

This appendix defines the support and simulation objects used in the fixed-cost and portfolio
counterfactual exercises: revealed-preference intervals, the potential product set, admissible
fixed-cost residuals, and the counterfactual equilibrium computation.

A.5.1 Fixed-Cost Bounds and Moment Inequalities

Observed portfolios imply revealed-preference bounds through one-product add and drop
deviations. Drop deviations for products offered in the data generate upper bounds on
fixed costs; add deviations for feasible absent products generate lower bounds. The payoff
comparison is the finite-horizon expected profit statistic from the supply model, so the
bounds incorporate both own-market variable profits and cross-market spillovers through
future ownership states.

The bound sample contains 10,187 smartphone product-market intervals and 5,071 tablet
product-market intervals before instrument-bin stacking. Direct inequalities supply 4,904
smartphone lower endpoints, 5,283 smartphone upper endpoints, 3,379 tablet lower end-
points, and 1,692 tablet upper endpoints. Raw negative bounds are set to zero, and all
bounds are measured in millions of real dollars, before support completion.

The support-completion step fills the missing side of each one-sided interval within cells
defined by year, firm bracket, within-year quality bin, Quality Distance bin, and model-age
group. Apple and Samsung retain separate firm brackets, while all other firms are pooled.
Model age is grouped as 0–3, 4–7, and 8 or more quarters. Within each cell, a missing lower
endpoint is filled with the minimum finite direct bound in the cell and a missing upper
endpoint is filled with the maximum finite direct bound in the cell. These completion cells
are used only to form finite product-market intervals; the moment-instrument bins below
are separate nonnegative instrument functions.

Let XF C
jt denote the fixed-cost covariates and let γm denote the fixed-cost coefficient vec-

tor for product category m ∈ {P, T}. For a completed interval [FCjt, FCjt] and nonnegative
instrument function zg(XF C

jt ), the unconditional moment inequalities are

E
[
zg(XF C

jt )
(
XF C′

jt γm − FCjt

)]
≥ 0, E

[
zg(XF C

jt )
(
FCjt −XF C′

jt γm
)]

≥ 0.

The empirical moments use bins of model quality, Quality Distance, model age, and brand
group. Tablet moments also include quality-by-age bins. The stacked moment system has

103



40,748 lower and 40,748 upper smartphone rows across 14 instrument groups, and 25,355
lower and 25,355 upper tablet rows across 26 instrument groups.

The fixed-cost index includes a constant, the model-level quality index, Quality Distance,
Apple and Samsung indicators, and indicators for model ages 4–7 quarters and 8 or more
quarters. Quality Distance is the absolute distance between the product’s quality index and
the nearest product already offered by the same firm in that product market. The omitted
model-age group is 0–3 quarters. All fixed-cost objects are measured in millions of real
dollars per model-quarter.

A.5.2 Potential Product Set

The potential set Km
nt is defined at the model level. It combines recently discontinued

models with newly drawn model-quality alternatives. This support matches the product-
choice margin in the supply model: firms choose device models, while storage and RAM
configurations are absorbed into model-quarter characteristics.

Recently discontinued models remain in the potential set for two quarters after their final
observed appearance. These carry-forward products keep their model-level quality index,
age forward, and remain attached to the firm that offered them. They capture continuation
of a model just outside the observed portfolio.

New model-quality alternatives are drawn from local empirical support. For a firm-
market, the support is

[
max{qmin

mt , q
min
nt − 2},min{qmax

mt , q
max
nt + 1}

]
,

where qmin
mt and qmax

mt are the market-level quality endpoints and qmin
nt and qmax

nt are the firm’s
endpoints in that market. A draw is accepted only if it is at least 0.2 quality-index units
from every model already offered by the firm in the market. The fixed-cost bound exercise
uses eight accepted draws per firm-market and doubles that number for Apple and Samsung.
The terminal-market counterfactual support uses the same rule with five accepted draws per
firm-market, again doubled for Apple and Samsung.

Newly drawn products enter as observed model-level products do. They enter with age
zero, inherit the firm’s major-brand fixed-effect category when available, and receive imputed
initial prices from observed price-quality-age relationships with common year and quarter
effects. Imputed prices are floored at $30 for smartphones and $50 for tablets. Quality
Distance is recomputed after the potential set is formed, so add-deviation inequalities use
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the distance from each candidate to the firm’s contemporaneous portfolio. Figure A.5.1
illustrates this draw rule for the 2022Q4 market.
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Figure A.5.1: Example Potential-Product Quality Draws
Notes: The figure uses 2022Q4 as an example market. Circles are observed model-level products
and crosses are accepted newly drawn potential products. The horizontal axis ranks observed and
newly drawn products together by the quality index within each product category. The figure isolates
the new-quality draw rule; the full potential set also includes recently discontinued carry-forward
products.

A.5.3 Fixed-Cost Residual Calibration

The portfolio counterfactual implementation constructs the systematic fixed-cost component
using the componentwise midpoints of the projected identified intervals for γm. For each
product j in the terminal-market potential set, write fixed cost as

FCj = XF C′
j γm

mid + νj,

where γm
mid denotes the midpoint vector and νj is a product-level residual. The residuals are

drawn to satisfy the baseline revealed-preference inequalities, so the observed 2022Q3 port-
folio remains consistent with no profitable one-product deviations before the counterfactual
policy is applied.

For each residual draw, expected variable profits are computed for the one-product devi-
ations in the portfolio game. These deviations translate the baseline no-profitable-deviation
conditions into residual bounds. Observed products impose drop-deviation upper bounds;
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feasible absent products impose entry-deviation lower bounds. Because a direct one-product
inequality usually identifies only one side of a product’s fixed cost, the support is completed
before drawing residuals.

This terminal-market residual completion is distinct from the support completion used to
estimate the fixed-cost inequalities. The direct residual bounds are converted into total fixed-
cost bounds, and missing endpoints are filled using the empirical minimum and maximum
of finite direct add/drop total fixed-cost bounds in the same product category, firm bracket,
and quality-bin cell, where the firm bracket treats major firms separately and pools other
firms. If this primary cell produces a zero-width interval, the completion uses the broader
product-category by quality-bin cell.

The completed interval [FCj, FCj] is then converted back into a residual interval

[
FCj −XF C′

j γm
mid, FCj −XF C′

j γm
mid

]
.

Residuals are drawn independently across products from uniform distributions on these
product-specific intervals. The draws are therefore independent but not identically dis-
tributed. Infeasible completed intervals stop the counterfactual run. The reported coun-
terfactuals average over four admissible fixed-cost residual draws, and the same residual
vectors are used across the baseline and policy environments.

A.5.4 Counterfactual Simulation Settings

The reported portfolio counterfactuals evaluate the 2022Q3 market for ASUS, Amazon,
Apple, LG, Motorola/Lenovo, and Samsung. Each policy changes the complementarity
environment and holds fixed the estimated demand, marginal-cost, and fixed-cost primi-
tives, the ownership-state simulation, and the product universe. The endogenous-portfolio
equilibrium recomputes both product offerings and prices.

Firms update assortments through the sequential one-product best-response algorithm
of Fan and Yang (2020). In each firm-category step, the firm compares the current port-
folio with all feasible single-product additions and removals in that category, taking rivals’
portfolios in both categories as given. The payoff is expected profit across smartphones and
tablets, averaged over a 12-quarter horizon with equal period weights. Each expected-profit
calculation uses 10 antithetic demand and marginal-cost shock draws.

The best-response routine cycles through firms and categories until no one-product de-
viation raises expected profit, up to 50 rounds. Within a firm-category best response, the
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routine can accept up to 20 successive one-product improvements before moving to the next
firm-category pair. Conditional on the final portfolio, prices are resolved and outcomes are
evaluated using common fresh demand and marginal-cost shocks across baseline and policy
environments. Reported outcomes include consumer surplus, profits net of fixed costs, fixed
costs, product counts, and prices.
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APPENDIX B

Optimal Sin Tax with Endogenous Reformulation:
Appendix

B.1 Numerical Mechanism Exercise

This appendix describes the normalized four-product duopoly used in the numerical mecha-
nism exercise. The purpose of the exercise is to clarify the conditions under which a notched
tax can outperform a linear sugar tax; it is not intended as a quantitative calibration to the
California application. Each firm owns two products, and each product has a baseline sin
characteristic s0

j , a mean quality δj, a constant marginal cost mcj, and a reformulation-cost
scale.

Table B.1.1: Toy Simulation Primitives

Product Firm δj s0
j mcj Cost scale

A classic Firm A 0.78 12.0 0.20 0.0130
A light Firm A 0.64 8.0 0.17 0.0095
B classic Firm B 0.74 13.0 0.21 0.0145
B fruit Firm B 0.58 10.0 0.18 0.0115

Notes: Sugar sj is measured in grams per 100ml.
Cost scale is the product-specific reformulation-cost
parameter used below. The market size is normal-
ized to one.

Demand is logit. Product j’s deterministic utility is

uj(pj, sj) = δj − γs(sj − s0
j)2 − αpj, α = 2.4, γs = 0.0075. (B.1.1)

The quadratic term captures the idea that moving away from the baseline formulation
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can reduce product appeal. Marginal cost is fixed at mcj in the central exercise. This
isolates reformulation incentives from mechanical marginal-cost changes. External harm is
proportional to aggregate sin consumption, 0.10∑j sjqj.

For each policy, firms reoptimize prices and product characteristics. The stage-2 pricing
equilibrium is the multiproduct Bertrand equilibrium under the relevant taxes and sugar
choices. Welfare is

W = CS + PS + TR − 0.10
∑

j

sjqj, (B.1.2)

where producer surplus is variable profit net of any reformulation costs.
The exercise compares two tax instruments. The linear sugar tax sets τj = τsj and

searches over τ ∈ [0, 0.12]. The single-notch volumetric tax sets τj = r1{sj > s̄} and
searches over r ∈ [0, 1.20] and a threshold grid that includes zero, baseline sugar levels,
policy-relevant sugar levels, and midpoints. The central run used 41 linear-tax grid points, 11
rate grid points for r, and 13 threshold points. The grid is designed to compare mechanisms
rather than to estimate calibrated policy magnitudes.

The supply side is solved under three reformulation environments. With fixed character-
istics, firms only reprice and sj = s0

j . With zero-cost continuous reformulation, firms choose
sj ∈ [0, s0

j ] without reformulation costs. This case serves as an upper-bound diagnostic.
With smooth costs, product j pays

RCsmooth
j (sj, s

0
j) = kj

(
sj − s0

j

4

)2

. (B.1.3)

For the linear tax, the continuous-cost models solve firms’ best responses over sugar and
prices.

For the notched tax, the discontinuity makes local first-order conditions unreliable at
the threshold. The toy therefore evaluates policy-implied candidate formulations: each
product can remain at baseline, move to the threshold from above, or move to zero. This
candidate set captures the bunching margin that the notched tax is designed to create under
the normalized primitives. For each candidate threshold and rate, the code enumerates
pure equilibria and records the welfare-maximizing selected equilibrium. This is the object
reported in Table 2.1.

The numerical checks verify the internal consistency of the supply models and their
shared zero-tax allocation. In the central run, the maximum price first-order-condition
residual is below 2 × 10−13, maximum profitable-deviation gains are zero, and the zero-tax
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comparability check has zero welfare and sugar gaps.

B.2 Reformulation-Cost Calibration Details

The calibration applies the original U.K. Soft Drinks Industry Levy schedule to the Cali-
fornia products. For a product with sugar content sj in grams per 100ml, the levy per litre
is

τSDIL(sj) =


0, sj < 5,

0.18 pounds/litre, 5 ≤ sj < 8,

0.24 pounds/litre, sj ≥ 8.

(B.2.1)

The model’s quantity unit is a 20-oz equivalent. The benchmark conversion uses 0.591 litres
per 20-oz equivalent and an exchange rate of 1.335 dollars per pound, so the model tax is

taxSDIL
j = τSDIL(sj) × 0.591 × 1.335. (B.2.2)

The candidate set reflects the two tax notches in the SDIL schedule:

Sj =


{sj}, sj ≤ 5,

{sj, 4.9}, 5 < sj < 8,

{sj, 7.9, 4.9}, sj ≥ 8.

(B.2.3)

The values 4.9 and 7.9 are computational proxies for moving just below the relevant thresh-
old. Products below the lower threshold are not used to match the reformulation-rate target
because they are not initially levy-eligible.

For each eligible product j and candidate s′ ∈ Sj, the calibration changes only product j’s
sugar content and leaves all other products’ sugar contents fixed. It then applies the SDIL
schedule, updates marginal cost for product j, and solves the stage-2 pricing equilibrium.
With the linear marginal-cost specification in the main text, the marginal-cost update is

∆mcj = ηsugar(s′
j − sj) + ηsugar×juicexjuice

j (s′
j − sj) + η0

[
1{s′

j = 0} − 1{sj = 0}
]
. (B.2.4)

The SDIL candidates 4.9 and 7.9 do not change the zero-sugar indicator, but the same
formula is used for consistency with the estimated supply equation.

The benchmark profit object is firm-level rather than own-product profit. For each market
where formulation j is sold, the profit gain sums the change in variable profit over every
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product owned by the same firm. This captures within-firm cannibalization when product
j reformulates.

The benchmark computes profit gains in the last observed month across all California
FIPS and treats that month as a representative monthly profit environment. The one-month
profit gain is scaled to a 36-month present value using a 5 percent annual discount rate:

PV∆Πj(s′) = ∆Πmonth
j (s′)

36∑
m=1

1
(1 + rm)m

, rm = (1.05)1/12 − 1. (B.2.5)

The same present-value factor scales the baseline quantity Qj in the reformulation-cost term.
This keeps the profit benefit and the quantity-scaled adjustment cost on the same payoff
horizon.

For a candidate κ, each eligible product chooses the sugar level with the highest net
value:

Vj(s′;κ) = PV∆Πj(s′) − κQj

(
s′ − sj

10

)2

. (B.2.6)

The product reformulates if the best candidate differs from sj. Exact ties are assigned
to no reformulation. The calibrated κ is the grid value that makes the count-weighted
reformulation share closest to the target:

κ̂ = arg min
κ

∣∣∣∣∣∣ 1
|E|

∑
j∈E

1{ŝj(κ) ̸= sj} −Rtarget

∣∣∣∣∣∣ , E = {j : sj > 5}. (B.2.7)

Sales-weighted reformulation shares are reported as diagnostics, but the benchmark matches
the count-weighted target because the external evidence is closest to a product-level refor-
mulation moment.

The benchmark uses 159 eligible reformulation units observed in 54 county markets in
the last month of 2018. All baseline pricing equilibria and all 303 candidate-level pricing
equilibria converged under the pricing solver. The maximum attainable count-weighted
reformulation share at κ = 0 is 75.5 percent; the corresponding sales-weighted share is 36.4
percent. No eligible products are dropped by the within-unit sugar-stability filter in the
benchmark run.
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B.3 Optimal Linear Sugar-Tax Simulation Details

The optimal-tax counterfactuals use the estimated demand and marginal-cost primitives
from the structural model and recompute equilibrium prices under each tax. The current
benchmark uses the last observed month across all California FIPS as a representative
monthly market environment, giving 54 markets and 40,650 product–market rows. Products
are measured in 20-oz equivalents, and sugar is measured in grams per 100ml. For a linear
sugar tax τ , product j in market m pays

taxjm(τ, sj) = τsj (B.3.1)

per 20-oz equivalent.
The counterfactual first normalizes the no-tax baseline to be a pricing equilibrium. For

each market, observed prices and observed sugar contents imply predicted shares and a mul-
tiproduct Bertrand markup vector ηm(p0, s0). Baseline marginal costs for the counterfactual
are set to

c0
m = p0

m − ηm(p0
m, s

0
m). (B.3.2)

This normalization leaves the estimated demand system unchanged but makes the observed
no-tax prices a fixed point of the same pricing map used in the policy simulations. When a
product changes sugar content, marginal cost changes according to the estimated sugar-cost
terms:

cjm(sj) = c0
jm + ηsugar(sj − s0

j) + ηsugar×juicexjuice
j (sj − s0

j) + η0
[
1{sj = 0} − 1{s0

j = 0}
]
.

(B.3.3)
Given a sugar vector s, the stage-2 equilibrium price vector solves the multiproduct

Bertrand fixed point
pm = cm(s) + τsm + ηm(pm, sm), (B.3.4)

where ηm(pm, sm) is computed from the random-coefficients demand derivatives and the ob-
served firm ownership matrix. The demand system is evaluated at counterfactual prices
and sugar contents relative to the estimated baseline utilities. The mean-utility and
heterogeneous-utility components are updated for price, sugar, sugar squared, and the esti-
mated price and sugar heterogeneity terms.

The fixed-characteristics benchmark holds sj = s0
j for every product. For each candidate

τ , the simulation solves (B.3.4) in every market, computes shares, profits, tax revenue,
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external damages, and consumer surplus, and then selects the tax rate with the highest
present-value welfare over the grid. There is no reformulation cost in this benchmark because
product characteristics are fixed.

The endogenous-reformulation benchmark adds a stage-1 sugar-content game before pric-
ing. The reformulation choice set contains products whose observed sugar content is stable
within the counterfactual sample, whose baseline sugar is positive, and whose observations
are assigned to a single firm. In the current all-FIPS run this gives 179 reformulation
units. A reformulation unit may choose any sugar content in [0, s0

j ]; sugar increases are
not allowed. Products outside the reformulation choice set remain in the market and enter
demand, pricing, and firm profits, but their sugar contents are held fixed.

For each tax rate, firms play a sequential best-response algorithm over their eligible
reformulation units. Given rival sugar choices, firm f chooses the vector sf for all eligible
units in its portfolio to maximize

AΠf (sf , s−f ; τ) −RCf (sf , s
0
f ), A =

36∑
h=1

1
(1 + rm)h

, rm = (1.05)1/12 − 1. (B.3.5)

The profit term is the firm’s total variable profit across all of its products after re-solving
the stage-2 pricing equilibrium. This is the margin that allows the firm to internalize can-
nibalization between a reformulated product and other products in its portfolio. The refor-
mulation cost combines the calibrated smooth cost with the one-sided baseline formulation
residual:

RCf (sf , s
0
f ) =

∑
j∈J R

f

κQjA

(
sj − s0

j

10

)2

+ ηjQjAmax{s0
j − sj, 0}

 . (B.3.6)

The smooth component uses the 35 percent calibration, κ = 0.449. The residual ηj is
a one-sided formulation-cost term recovered from no-tax deviations. It is the minimum
product-level linear cost, within the tested deviation set and additional firm-level cuts,
needed to make observed no-tax formulations stable against profitable sugar reductions.
These residuals are held fixed in all tax counterfactuals.

Each firm best response is solved as a bounded continuous optimization problem over its
eligible sugar vector. A best response is accepted when it increases the firm’s present-value
payoff by more than the payoff tolerance. The stage-1 game is treated as converged when
no accepted best response changes any firm’s sugar vector by more than the sugar tolerance
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and the maximum remaining payoff gain is below the payoff tolerance. The reported endoge-
nous optimum is selected only among tax points for which all market-level price equilibria
converge and the stage-1 reformulation game satisfies this convergence criterion. Negative
marginal costs induced by the baseline marginal-cost anchoring are reported as diagnostics,
but they are not used as a hard filter in the benchmark optimum selection.

For both supply environments, welfare is computed relative to the no-tax observed base-
line. In the efficiency benchmark reported in the main text, gi = 1, λ = 1, and the profit-tax
wedge is set to zero. Monthly welfare for a tax rate τ is

∆W (τ) = ∆CS(τ) + ∆Π(τ) + TR(τ) − ∆D(τ), (B.3.7)

where D(τ) is external damage from physical sugar consumption. Damages are 0.007 dollars
per gram of sugar, and physical grams equal sj×5.9147×qjm for quantity qjm measured in 20-
oz equivalents. Present-value welfare is A∆W (τ) − RC(τ). Consumer surplus is computed
from the log-sum change for each simulated consumer draw, using the draw-specific price
coefficient to convert utility into dollars and the social weight for that draw. Producer
surplus is total variable profit, tax revenue is ∑jm τsjqjm, and reformulation costs are paid
only in the endogenous-reformulation benchmark.

The fixed-characteristics grid is refined around its welfare peak. The endogenous grid
is refined around tax rates where the stage-1 game produces high welfare and satisfies the
convergence criterion. The main-text tables report the best converged grid point in each
environment rather than fitting a smooth welfare curve through the discrete tax evaluations.
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