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Abstract
The paper investigates firms’ rollout strategies for quality-differentiated
products across geographically dispersed markets. Using a theoretical
framework that integrates nonhomothetic preferences, we show that
premium goods are more likely to enter wealthier markets first, allowing
firms to capture higher markups. We find that the main factors influencing
the selection of follow-up markets differ by product quality: for premium
goods, income levels are the primary determinant of expansion paths, whereas
geographic proximity is the main driver for lower-quality products. Using
micro-level data from the refrigeration industry, we confirm a significant
positive association between market-entry order and income for higher-
quality products. Furthermore, we observe that follow-up markets tend to
be geographically more dispersed for premium goods, reflecting a shift away
from proximity-based expansion strategies.
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Non-technical Summary
This paper investigates how firms introduce products of differing quality into multiple
international markets over time, revealing systematic links between income levels,
geographic proximity, and the diffusion of innovation. The authors show that product
launches are not simultaneous but follow strategic “waterfall” patterns – progressive
expansions shaped by both market demand and spatial frictions. The study’s central
insight is that the determinants of market entry differ sharply by product quality: affluent
markets attract higher-quality goods first, while lower-quality products spread primarily
through geographically proximate channels.
Building on a dynamic theoretical model that combines nonhomothetic preferences

with geographic constraints, the authors argue that consumer income crucially influences
firms’ sequencing of market entry. Wealthier markets exhibit weaker price sensitivity for
premium products, enabling firms to charge higher markups that compensate for greater
trade and coordination costs. Conversely, for lower-quality goods – whose demand
is less income-elastic – geographic proximity and reduced entry costs dominate. This
mechanism yields a dynamic form of the Alchian-Allen effect: “good apples” (high-quality
varieties) progressively reach more distant, richer markets, while lower-quality goods
remain concentrated nearby.
Empirical validation uses detailedmicro-data from the European refrigerator industry

between 2009 and 2017, a sector marked by strong vertical differentiation and
standardized product attributes. A hedonic price index is constructed tomeasure product
quality, and subsequent econometric analyses trace the order and geography of market
entries across 24 countries. The findings confirm that premiummodels systematically
debut in richer markets, while entry-level products’ diffusion follows a proximity-based
pattern. Conditional and rank-ordered logit estimates reveal that income exerts a
significant influence on both the first market of entry and the overall rollout sequence for
high-quality goods, but its effect diminishes for lower-quality ones.
Further analysis shows that for premium products, follow-up markets are

geographically more dispersed, underscoring a shift away from traditional gravity-
driven expansion. Counterfactual simulations suggest that a 10% rise in a country’s per
capita income increases the likelihood of hosting first entry of premium goods by 4.4%,
corresponding to a roughly 9% higher variety of high-endmodels available to consumers.
Consequently, wealthier regions enjoy earlier access to innovations, while poorermarkets
experience delayed diffusion, reinforcing cross-country disparities in product quality and
technological adoption.
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By integrating demand heterogeneity into a spatial trade framework, the paper
extends the literature on gravity and nonhomothetic preferences, offering a dynamic
explanation for how quality and income jointly shape international market expansion. The
results have broad implications for understanding inequality in access to innovation, the
diffusion of durable goods, and the spatial evolution of global consumermarkets.

1 Introduction
Firms rarely launch new products simultaneously across all their target markets. Instead,
rollouts typically followa sequential expansion pattern –known in themarketing literature
as a waterfall entry strategy– in which new markets are added progressively along the
product life cycle.1 These entry and expansion decisions are not random; rather, they
reflect strategic trade-offs that weigh relative demand conditions against the sequencing
of entry costs across locations. This paper examines how firms introduce vertically
differentiated goods across dispersed markets. Such rollout patterns determine the
variety of products available to consumers at any given point in time. Crucially, they
also governwhichmarkets benefit from quality upgrades earlier and become gateways
throughwhich higher-end versions spread outward, thereby shaping the dissemination of
product innovations.
We establish that the relative importance of demand conditions and geographic

proximity in shaping firms’ entry and expansion decisions varies systematically with
product quality. For premium products, firms prioritize entry intomore affluent markets
where they can charge highermarkups, as consumer demand for high-quality goods is less
price-elastic. In contrast, markups for lower-quality products are less sensitive to income
variation, making geographic proximity to existingmarkets amore prominent driver of
expansion. Our findings therefore indicate that the gravity pull of proximate markets
diminishes with product quality, with income considerations dominating proximity at the
top of the quality distribution. This, in turn, shapes entry and the spatial diffusion of new
products, giving rise to a dynamic version of the Alchian-Allen effect, whereby premium
products –the good apples– are progressively spread tomore distant markets relative to
their initial destinations.
Our paper combines path dependence inmarket-entry frictions with demand-driven

forces arising from nonhomothetic preferences for vertically differentiated goods. We
develop a novel multi-country dynamic framework that embeds a geography and employs
the Almost Ideal Demand System (AIDS) of Deaton andMuellbauer (1980) as a setting

1See, e.g., Kalish, Mahajan and Muller (1995), Ganesh, Kumar and Subramaniam (1997),
Chryssochoidis andWong (1998), and Cho, Lee and Jeong (2023).
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for introducing nonhomothetic preferences over quality. This structure accommodates
flexible price elasticities that vary systematically with both consumer income and product
quality. As a result, firms can charge highermarkups on premium products in wealthier
markets, where consumers exhibit lower price sensitivity. These enhancedmargins more
than offset the increased trade costs of serving more distant destinations, generating
heterogeneous dynamic patterns of market expansion across goods of different quality.
Guided by the model’s key predictions, we empirically examine market-entry and

expansion patterns at the product levelwithin the refrigerator industry. This industry is
particularly suited to our analysis due to its significant vertical differentiation and high
degree of uniformity of product offerings across markets. Our empirical approach uses a
panel dataset of monthly sales and prices of refrigerators across 24 European countries
from 2009 to 2017. The dataset enables us to trace product lifecycles within individual
countries and, importantly, across the entire EU formost years. Additionally, the dataset
includes detailed attributes, allowing us to construct product-specific quality indices
through hedonic regressions.2
Leveraging the derived quality indices, we examine how per capita income shapes

both the initial market-entry decisions and the subsequent sequence of market expansion
for products of varying quality. To this end, we employ conditional logit regressions to
study the initial market of entry and rank-ordered logit regressions to analyze the order of
entry for the entire market sequence. The conditional logit estimates indicate that high-
quality goods tend to enter higher-incomemarkets first. The rank-ordered logit estimates
confirm that this pattern also applies to the order of entry, and that the relation between
choices of earlier market entry and high income weakens as quality decreases. These
findings remain robust even after accounting for potential country-level confounders,
such as population size and brand familiarity. Furthermore, by focusing on a subsample
of products whose initial market entry differs from their brands’ production locations,
we demonstrate that these dynamic patterns are unlikely to stem solely from supply-side
factors.
We next study the impact of geographic distance from the initial market of entry

on subsequentmarket expansion decisions. Focusing on the secondmarket(s) of entry,
our findings connect with those of the extended gravity model in international trade,
indicating that geographic proximity to the initial market significantly influences further

2As a preliminary stepmotivating our theoretical model, we report evidence that the fridge
industry engages in nonhomothetic pricing-to-market: higher-quality fridges command higher
markups in richermarkets; conversely, markups do not vary significantly with income for fridges of
lower quality. These results confirm those previously obtained by Auer, Chaney and Saure (2018)
for the automobile industry.
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expansions.3 However, our analysis also reveals that the strength of this gravity effect
weakens as product quality increases. Specifically, wefind that higher-quality products are
more likely to expand into non-contiguous markets than their lower-quality counterparts.
Additionally, the average distance between the first and secondmarkets of entry is also
significantly greater for premium products.
By shaping the sequence of access to higher quality goods, firms’ launch and expansion

decisions influence both the timing and diffusion of product innovation. Specifically,
wealthier markets tend to receive newer products earlier. Our counterfactual analysis
indicates that a 10% increase in per capita income leads to a roughly 4.4% rise in the
number of premium products entering thesemarkets first. This translates into about a
9% greater variety of high-quality models offered to consumers in wealthier European
markets compared to their poorer counterparts. The specific geographical context of
Europe further delays the diffusion of these premium products from richer to poorer
countries, which are typically surrounded by other less affluent neighbors. Consequently,
wealthier markets gain earlier access, and their neighbors benefit from a geographical
externality, creating disparities in the timing and reachof innovationbasedonboth income
levels and geographic proximity. These dynamic entry patterns across countries alignwith
–and extend– Jaravel (2019) bymoving from nondurables within the context of the U.S.
retail sector, where higher-income households experienced a faster increase in product
variety and quality, to international durable goods andmarket-entry sequences.4
In our framework, the presence of nonhomothetic preferences is pivotal to

endogenously generatingflexiblemarkups, therebyweakening the impact of entry costs to
more distantmarkets at higher-quality segments. The trade literature has long recognized
that accounting for specialization patterns in vertically differentiated industries requires
incorporating nonhomothetic demand schedules. Previous contributions have typically
employed static models of comparative advantage, emphasizing income elasticities
of demand for quality as a key driver of Linder-type (Linder, 1961) international
specialization (Flam andHelpman, 1987;Murphy and Shleifer, 1997; Hallak, 2010), often
resulting in home-market effects that shape trade flows (Fajgelbaum, Grossman and
Helpman, 2011; Dingel, 2017; Jaimovich, Madzharova and Merella, 2023) and higher
trade intensity at higher levels of quality (Hummels and Klenow, 2005; Jaimovich and

3E.g., Morales, Sheu, and Zahler (2019), Defever, Heid and Larch (2015), Albornoz et al. (2012).
4More broadly, this dynamic patternmirrors the unequal diffusion of technologies like energy-

efficient products and new pharmaceuticals, with poorer countries often lagging in access.
Such disparities have significant implications for addressing challenges like climate change and
healthcare outcomes (e.g., Cockburn et al., 2016).
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Merella, 2015).5 Our model, alongside the empirical analysis, focuses on the dynamic
implications of nonhomotheticities for market entry and expansion along the quality
dimension in the presence of geographic frictions.
Our study is concernedwith the rollout of new products by incumbent exporters into

familiar markets. By showing that, in the presence of nonhomothetic demand, income
emerges as the predominant factor at the top-quality tiers, we complement the existing
literature on extended gravity. These contributions find that new exporters typically
expand sequentially to nearbymarkets to test profitability (Albornoz et al., 2012), exploit
adaptation-cost savings and improved market information (Defever et al., 2015), and
leverage experience in similar markets and networks of international contacts to reach
more distant ones (Morales et al., 2019, Chaney, 2014). Our framework and empirical
analysis reveal that for vertically differentiated goods and nonhomothetic preferences,
income disparities can overturn traditional proximity-driven expansion patterns for
premium products.
The paper proceeds as follows. Section 2 discusses themain dataset and constructs

product-specific quality indices from hedonic regressions. Section 3 provides empirical
evidence of nonhomothetic pricing-to-market in the refrigeration industry. In Section
4, we document some stylized facts regarding product market-entry sequences and
their relation to income and product quality. Section 5 develops a theoretical multi-
country framework that embeds variable markups and features products’ market entry
and expansion. Section 6 reports the results from choice models that support the
theoretical predictions of faster entry of higher-quality products in richer markets.
Section 7 further provides empirical evidence that geographic proximity matters less
in themarket expansion paths of premium goods relative to entry-level ones. Section 8
calibrates the model to the European refrigerator market and runs counterfactuals on
market size and geographic agglomeration. Section 9 concludes.

2 Data and Construction of Quality Index
2.1 Scanner Data
The empirical analysis is conducted primarily with GfK GmbH’s Retail Panel on Major
Domestic Appliances, which is a product-level monthly frequency database comprising

5These results consistently indicate that trade flows are closely linked to countries’ income
levels, with wealthier nations showing stronger demand for higher-quality products and less
affluentmarkets gravitating towards lower-quality products, as documentedby, e.g., Schott (2004),
Hallak (2006), Verhoogen (2008), Khandelwal (2010), Hallak andSchott (2011),Manova andZhang
(2012).
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the unit sales and VAT-inclusive scanner prices of different types of white goods.6 As
we are interested in products characterized by a high degree of vertical differentiation,
we focus on refrigerators, as they exhibit the widest price distribution in the data. The
panel covers 22 current EU members plus the UK and Serbia from January 2009 until
September 2013 and extends to January 2017 for a subset of eight countries.7 In addition
to prices andmonthly quantities, the data contains a number of product characteristics
such as brand, energy label, and others summarized in Table C.2 in Appendix C.8
Forty-two different brands are present in the data. Nineteen of them account for 90%

of all observations and, with few exceptions, the top brands are present in all 24markets.
Identical products share the same unique identifier across countries. We can thus observe
both the country-specific and (at least until 2013) nearly all EU-wide sales of a given
product, as well as its contemporaneous prices across its various sales destinations. On
average, the dataset records information on 5,421 unique refrigeratormodels annually
and a total of 11,529 products throughout the duration of the panel. These products
account for about 74.4% of the EU’s aggregate expenditure on refrigerators between
2009-2013.9

2.2 Product-Specific Quality Index
To segment the product space by quality, we construct a time-invariant product-specific
quality index using a hedonic log-linear regression relating the prices of goods to a set of

6These include refrigerators, washing machines, dishwashers, and other household appliances.
Unit sales are the total units sold of a product across all brick-and-mortar retailers in a given
country on a givenmonth-year combination, whereas scanner prices are the unit sales-weighted
mean prices across these retailers over the same period. We do not observe retailer-specific sales
or prices within a country. Sales by online retailers are not part of the database. Throughout the
analysis, we will refer to a unique product (e.g., Bosch KAG93AIEP) interchangeably as a ‘product’,
‘model’, or ‘variety’.

7See Table C.1 in Appendix C for detailed time coverage by country. The UKwas still part of
the EU during the years covered by the dataset. The five EUmarkets not included in the data are
Bulgaria, Cyprus, Ireland, Luxembourg, andMalta.

8The coverage of refrigerators’ characteristics is also relatively more comprehensive than that
of other types of products in the data (see Table C.2). These appliances are also more diverse
in capacity and dimensions, energy efficiency, functionality and settings, and other important
attributes.

9This share drops from 2014 onward due to the fall in country coverage. For 2009-2013, the
average share was estimated on the basis of yearly aggregate apparent consumption, defined
as the value of production plus imports net of exports in the Prodcom database as reported in
Table 7 in European Commission (2016). The relevant categories are 27511110 - Combined
refrigerators-freezers, with separate external doors, 27511133 - Household-type refrigerators
(incl. compression-type, electrical absorption-type) (excl. built-in) and 27511135 - Compression-
type built-in refrigerators.
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TABLE 1. Descriptive Statistics
All By quality quartile

(1) (2) (3) (4)
Mean Mdn Mean Mdn Mean Mdn Mean Mdn Mean Mdn

Price 684.2 544 357 329 517 473 703 641 1,213 1060
(493.7) (128.3) (194.5) (291.1) (676.7)

N 912,951 238,651 236,309 223,187 214,804
Units 35.7 49.0 37.3 31.3 24.0

(111.1) (149.9) (107.7) (93.3) (75.1)
N 1,026,132 263,219 265,878 251,152 245,883
Qlty 0.148 -0.375 -0.020 0.283 0.777

(0.454) (0.153) (0.091) (0.090) (0.269)
N 9,817 2,564 2,634 2,267 2,352
Notes: The table shows descriptive statistics per product per date per country for a subsample
that excludes the 1,250 products (about 15,000 observations) in the data sold in only onemarket
throughout their life cycle. Observations with prices that were zero or negative, or with negative
sales, have been discarded. ‘Quality’ is the product-specific quality index constructed from the
hedonic specification (2). Columns (1)-(4) report statistics for four quantiles of the quality index.
‘Mdn’ stands for median value. All prices are in Euro. Table C.4 in Appendix C reports identical
statistics for the full sample including single-sale-destination products.

observed essential attributes. In particular, we use the specification:

lnPricejmd =
4∑

a=1

baκaj + λmd + ujmd, (1)

where lnPricejmd is the logarithm of the price of product j in country/marketm on date
(month-year) d and κaj is attribute a, which is product-specific. We consider four separate
attributes coded as categorical variables; namely, number of doors and freezer position,
availability of no-frost function, energy label, and brand (see Table C.2).10 Since there are
multiple price observations for each product over countries and time, we explicitly control
for country-by-date fixed effects λmd. These indicators capture any country-specific time-
varying confounders thatmay affect average prices of fridges in a given country on a given
date, as well as nest country dummies and EU-wide time-varying confounders.
We compute product-specific quality indices using the estimated coefficients on each

characteristic’smarginal contribution to the product’smarket price, purposefully omitting
10In particular, high energy and cooling efficiency as captured by the energy label are closely

associated with higher quality due to requirements of advanced compressor-technology.
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country-date and idiosyncratic variation; namely:

q̂j =
4∑

a=1

b̂aκaj. (2)

The point estimates from eq. (1) are reported in Table B.1 in Appendix B.More energy-
efficient appliances, fridges featuring multiple doors, as well as the presence of a no-
frost system, are associated with higher prices. In addition, well-known high-end brands
(such as Gaggenau andMiele) tend to exhibit a significant price premium.11 Figure C.1 in
Appendix C displays a histogramwith the quality index, pointing to a substantial degree
of vertical differentiation in the sector.12
As our analysis studies the pricing and entry dynamics of the same product across

multiple destinations, we focus henceforth solely on multi-market appliances. These
models constitute 90% of the sample. The descriptive statistics for all products and by
quality quartiles are reported in Table 1 after removing single-sales-destination devices.
Average sales are about 35 units per month per country at a mean price of 682 euro.
Not surprisingly, segmenting the product space by quality translates into clear price and
unit sales separation: premium quality products (those in the top quality quartile) are
nearly four timesmore expensive and sell roughly half the volume of entry-level products
(bottom quality quartile). Given the limited prevalence of single-country appliances,
the sample in Table 1 remains similar in terms of characteristics to the complete sample
summarized in Table C.4 in Appendix C.
Figure 1 plots the relation between the shares of high-quality and low-quality products

over the total number of products offered in a country and its income per head. The figure
reveals a distinct pattern of quality differentiation in consumption linked to income levels.
Specifically, panel (a) shows that as income increases, the share of entry-level products
declines. In contrast, panel (b) shows a positive correlation, indicating that the proportion
of top quality products increases with higher income levels.

3 Pricing-to-Market along theQuality Dimension
The trade literature has repeatedly acknowledged that nonhomothetic preferences,
especially in relation to quality, may imply that richer households display lower price
11Brand names are not explicitly reported in Table B.1 but are available from the authors upon

request.
12The index ranges from -1.05 (a refrigerator model of brand PKMwith an average price over

its life cycle of 254 Euro) to 2.31 (a refrigeratormodel of brandGaggenauwith an average price
over its life cycle of 6,421 Euro).
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FIGURE 1. Premium and Entry-level Product-shares by Income per Capita
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(a) Entry-level
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(b) Premium
Notes: The figure plots country-specific yearly shares of entry-level products (number of entry-
level products over the total number of products per year) in (a) and of premium products (number
of premium-quality products over the total number of products per year) in (b) vis-a-vis GDP per
capita. Entry-level products are those in quartile one, and premium products in quartile four of
the product-specific quality estimates obtained from eq. (2). The lines in both graphs are linear
prediction plots. Figure C.2 in Appendix C shows that the same relationships hold with respect to
the shares of unit sales from total sales for entry-level and premium products.

elasticities for higher-quality varieties. If this is indeed the case, markups charged on
higher-quality models would turn out to be relatively higher in richer markets.13 Next, we
provide evidence that quality-pricing-to-market is present in the cold-appliances sector.
Specifically, we employ the following regression equation:

lnPricejmd = αjd + δjm + β1 · ln Incomemd(t) + β2 · (ln Incomemd(t) × q̂j) + εjmd, (3)

where ln Incomemd(t) is the log of per capita income in countrym in year t and q̂j is the
product-specific estimate of quality as per eq. (2). A positive β2, the coefficient on the
interaction term between per capita income and the quality index would be indicative
of higher-quality goods commanding relatively higher markups in richer markets. The
inclusion of product-date specific fixed effects αjd ensures that price comparisons across
countries occur within the same appliance j and date d, and thus that any time-varying
product-specific shocks common to all markets (such as aging over the life cycle or
13Simonovska (2015), for example, finds that for identical items supplied by a large and global

clothing retailer, a substantial fraction of cross-country price variation is driven by pricing-to-
market. Auer et al. (2018) have found evidence of quality pricing-to-market depending on income
in the automobile industry.
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variation in the cost ofmodel-specific inputs) are taken into account. Note thatαjd further
subsume brand indicators and also control for all other permanent product attributes.
Variations in the prices of products across destinations at a given date may also

reflect certain country-specific costs. In particular, since each product destined for a
specificmarket is usuallymanufactured in a single location, part of the cross-country price
variation for identical goods will arise from differences in transportation and handling
costs. Furthermore, because the data include sales in brick-and-mortar stores, price
differences will also result from destination-specific rents, local wages, and distribution
costs. To disentangle the effect of discretionarymarkups from those of the above costs,
we rely on additional controls: eq. (3) includes product-by-country fixed effects δjm, which
will capture the impact of factors such as varying shipping costs, as well as absorb country
dummies, and thus average differences in labor, rental, and other operational costs across
countries. Furthermore, in ourmost demanding specification, we incorporate country-
by-date fixed effects (θmd), which control not only for the levels of any country-specific
confounders but also for any changes in these over time.
Table 2 reports the results of the estimation of eq. (3). Column (1) exploits the cross-

country variation in prices within the same product within the same date, yielding a
statistically significant price elasticitywith respect to incomeper head of 0.25%. However,
this estimate ceases to be significant once product-by-country indicators enter the
specification in Column (2). Note that if products sold in a specific destination market
aremanufactured in one single location throughout its life cycle, these fixed effects will
tend to absorb the impact on final prices paid by consumers of product-specific across-
destination variation in transport costs. They will also absorb any non-time-varying
differences between countries such as geographical features, alongside long-standing
disparities in consumer preferences, infrastructure, taxation, etc.
Specifications (3)-(7) include our main coefficient of interest: an interaction term

between the quality estimate and log GDP per capita to capture heterogeneity in pricing-
to-market. The sign and significance of the interaction term suggest that the impact of
per capita income onmarkups is increasing in product quality. In terms of its quantitative
impact, the estimate of β2 in (3) indicates that relative to a product of median quality
(q = 0.118), the effect of income on a product in the 90th percentile of quality is a 0.120
higher log-price ((0.799− 0.118) ∗ 0.177).
In columns (4)-(7) we sequentially add a set of additional covariates. Specifically, based

on the GfK data, we calculate brand-specific market shares (MS Brand) as the ratio of
a brand’s unit sales in a given country on a given date to its total sales within the same
country-date pair. We also use these shares to construct a Herfindahl-Hirschman index
(HHI) of market concentration for each country-date. We further supplement the GfK
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TABLE 2. Pricing-to-market: Income andQuality
(1) (2) (3) (4) (5) (6) (7)

ln Income 0.251*** -0.021 -0.042 -0.061 -0.060 -0.059
(0.052) (0.060) (0.063) (0.070) (0.071) (0.071)

ln Income×q̂j 0.177** 0.191*** 0.191*** 0.184** 0.192***
(0.065) (0.067) (0.067) (0.068) (0.047)

ln Pop -0.232 -0.230 -0.238
(0.377) (0.372) (0.370)

lnMS Brand -0.006*** -0.006***
(0.002) (0.002)

ln Retail 0.009 0.009 0.009
(0.020) (0.020) (0.020)

ln Energy 0.060 0.060 0.061
(0.043) (0.043) (0.043)

HHI -0.018 -0.026
(0.128) (0.118)

HHI×q̂j 0.189* -0.005
(0.109) (0.070)

δjm Yes Yes Yes Yes Yes Yes
θmd Yes
N 785,232 778,341 778,341 778,341 778,341 778,341 778,341
Notes: The table shows results from the estimation of eq. (3). All specifications include product-by-
date fixed effects, not reported. Specifications (2)-(7) control for product-by-country indicators,
while (7) further incorporates country-by-date fixed effects. Ln Pop, ln Retail, lnMS Brand, and ln
Energy are the logarithms of population, retail turnover index, brandmarket share, and bi-annual
household energy prices. HHI is the Herfindahl-Hirschman index of market concentration. See
Table C.3 for a detailed description of these variables and summary statistics. Standard errors are
robust, and two-way clustered by product and by country throughout. * p < 0.10, ** p < 0.05, ***
p < 0.01.

datawith a set of country-specific variables at date, bi-annual, or yearly frequency, namely
population, index of retail turnover, energy prices, and others. (All these variables are
defined and summarized in Table C.3.)
Column (4) adds (log) population to control formarket size, country-date specific brand

market shares, and retail index to capture any underlying brand and retail expenditure
evolution over time. It also includes bi-annual household energy prices as in economies
with relatively costly energy, better quality refrigerators may be purchased due to their
higher energy efficiency. Amongst these additional covariates, only the brand market
share is found to be significantly associatedwith prices, specifically a 1% share increase
(brand familiarity) is found to reduce prices by about 0.01%. The point estimate of the
interaction term increases to 0.191, remaining highly significant. In (5)-(6) we additionally
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control for market concentration through the HHI and its interaction with the quality
estimates. Estimates and significance of β2 in (5) and (6) remain virtually unaffected.
Interestingly, the specification in (6) also suggests that higher-quality products are also
more expensive in less competitivemarkets.14
Lastly, in column (7) we add a full set of country-date fixed effects. These fixed

effects nest all previous controls except for the interaction terms. Remarkably, the point
estimate of β2 remains essentially intact, and so does its level of statistical significance.
That is, even when controlling for all time-varying factors within each country, higher-
quality refrigerator models are found to command relatively higher prices when sold
to consumers in richer markets. Given the inclusion of extensive sets of fixed effects,
effectively absorbing different sources of price variability across destinations and time,
we interpret the results in columns (3)-(7) as robust evidence of variable markups along
the quality dimension.

4 Market Entry andQuality
Section 3 shows supporting evidence for the presence of nonhomothetic preferences
along the quality distribution enabling firms to engage in pricing-to-market. In this section,
we explore a series of qualitative dynamic patterns in terms of themarket entry order of
products belonging to different quality layers.
Within eachmonth-year combination (date), eachmarket comprises various cohorts

of products launched at different dates.15Wedifferentiate between two types of entry
dates per product: a country-specific (local) and an EU-wide (global) date. Let yjmd be
the unit sales of product j in country m on date d. The country-specific date of entry
of j inm is given by: d̃jm = min{d|yjmd > 0}. In other words, we consider the country-
specific date of entry in a given market to be the first date when the sales of j in this
market are positive. The minimum of the set of all of j’s country-specific entry dates,
d̃j = min{d̃jm, d̃jm′ , ..., d̃jz}, yields the EU-wide entry date of product j. The ordered
sequence of country-specific entry dates {d̃jm ≤ d̃jm′ ≤, ...,≤ d̃jz} maps directly into
product j’s destination entry sequence, with countrym being the first market of entry,
countrym′ the secondmarket of entry (provided that strict inequality applies), and so on.
Correctly identifying the timing and location of EUentry requires full country coverage

and the ability to trace a product from the start of its life cycle. Because our data cover
14The estimate of the coefficient associated with this interaction term loses significance,

however, once we control for country-date fixed effects in specification (7).
15Henceforth, by ‘cohort’ wewill designate a group of products entering a givenmarket on the

same date, and by ‘annual-cohort’ all (maximum twelve) cohorts launched in the same year.
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2009-2017, we can observe sales of products introduced before 2009, but their market
sequences cannot be fully reconstructed. Similarly, when country coverage shrinks in
2014, we face the same problem for new entrants: both their first market and overall
sequence become uncertain.16 To address this, our analysis is now restricted to products
with global first dates between 2009 and 2013, tracking their sales (if any) through 2017.
This restriction cannot fully prevent incomplete sequences in later years, but it ensures
that each product’s first EUmarket is correctly observed.17
Table 3 splits countries by the year-specificmedianGDPper capita and reports product

characteristics for those sold: (i) only in above-median countries, (ii) only in below-median
countries, and (iii) in both groups over their life cycles. Products sold exclusively in a single
country throughout their life cycles are excluded (since these are likely to serve localized,
retailer-specific markets). Among the remaining sample, 29% of the products appear only
in richermarkets, 14% only in poorermarkets, and the rest in amixture of both. A clear
pattern of quality and price segmentation also emerges: themean quality of products sold
exclusively in richer destinations is substantially higher than those confined to poorer
economies, as already indicated in Figure 1. The same pattern repeats within the group
of products marketed in a mixture of higher and lower income locations: quality (and
average prices) decrease with the share of below-median income destinations in which
these appliances are present.
We next turn to analyzing products’ destination-entry patterns. Is the order of market

entry associatedwith income and does this pattern vary with quality? Figure 2 displays
the average income per head by order of market entry for all products (Plot (a)) and for
those in Panel C of Table 3 (Plot (b)). The plots show that market order is negatively
correlated with income, with first (earlier) destinations generally associated with higher
per capita incomes than follow-upmarkets. Interestingly, this relationship is particularly
pronounced for models in the top quartile (premium products), while it appears rather
weak (or barely existent) for those in the bottom quartile (entry-level products). Figure
C.3 in Appendix C replicates Figure 2 using only products sold in at least five destinations
over their life cycle, suggesting that the dynamic patterns shown in Figure 2 do not seem
to be driven by selection with different product composition per market order.
16See Plot (a) of Figure C.6 in Appendix C, which visualizes aggregate sales per annual cohort.

Sales for the 2008 cohort are truncated, whereas cohorts from 2014 onward (not shown) omit
markets. In both cases, the first EUmarket of entry cannot be identified.
17Given an average EU life cycle of 4-5 years, country sequences are nearly exhaustive for

the 2009-2010 cohorts and least complete for the 2013 cohort, whose secondmarketsmay be
misidentified once coverage drops to eight markets in 2014. Section C.1 details methods for
estimating product life cycles within and across EU markets. The distribution of the country-
specific first dates is depicted in Figure C.7 in the Appendix.
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TABLE 3. Market Segmentation by Income
Products sold throughout life cycle in countries with incomes
A. Above B. Below C. Both
median median

of whichmean share below-median
0.1 0.4 0.6 0.9

Quality 0.144 -0.034 0.219 0.345 0.257 0.148 0.042
(0.466) (0.386) (0.446) (0.472) (0.429) (0.423) (0.363)

Price (Euro) 634.0 438.5 659.2 821.2 701.6 659.4 526.2
(454.2) (274.7) (517.4) (608.2) (441.6) (579.7) (375.2)

Units sold 42.4 32.1 36.7 34.5 36.2 40.6 38.6
(103.0) (97.4) (112.1) (119.7) (111.8) (124.7) (102.6)

Life cycle (months) 40.2 41.9 55.2 54.7 55.4 55.7 55.5
(21.0) (17.5) (16.4) (16.5) (17.3) (16.5) (15.3)

No. of products 1,880 832 2,500 872 600 465 563
Notes: The table provides descriptive statistics on the quality index, prices (in Euro), and units
sales for products sold in: only above-median income countries, only below-median income
countries, or a mixture of both. Median income is year-specific. Austria, Belgium, Denmark,
Finland, France, Germany, Italy, the Netherlands, Sweden and the UK are always classified as
above-median income countries; Croatia, the Czech Republic, Estonia, Greece, Hungary, Latvia,
Lithuania, Poland, Portugal, Romania, Serbia, Slovakia, Slovenia are always classified as below-
median income countries; Spain is above-median in some years, and classified as below-median
in others. The sample excludes products sold in only one country and is based on annual cohorts
2009-2013 whose sales can be observed until 2017. The last four columns report statistics by
quantiles of the share of below-median-income countries in the total number of countries where
they are sold. Thus, quantile one has a 10%mean share of below-median-income countries, while
the analogous for quantile four is 90% on average. The life cycle is the time length (in months)
between a product’s last and first date present in the panel.

If income is a stronger predictor of (early) market entry for high-quality products
than for low-quality ones, then geographic proximity between sequential markets should
play a relatively smaller role for the former. Preliminary evidence supporting this idea is
presented in Figure 3. This figure plots the average distance in km of products’ follow-
up markets relative to their initial markets of entry for premium products (solid line)
and entry-level products (dashed line). Two patterns stand out. First, proximitymatters
regardless of quality: markets nearer the first destinations are entered earlier in the life
cycle thanmore remote ones. Second, premium products tend to be rolled out in markets
that aremore distant from their initial markets of entry than entry-level products.
The stylized facts regarding the initial markets of entry in Figures 2 and 3 can

arguably reflect a home market effect, in which high-quality products are produced
disproportionately in higher-income countries, which are also more likely to serve as
their first markets of sale. Likewise, distance may matter less to them simply because
such products are manufactured closer to a wealthier customer base. In Appendix C.2
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FIGURE 2. Order ofMarket Entry vis-a-vis Income
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(a) all products
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(b) products sold in above- and below
-median income countries

Notes: Plot (a) depicts average income per capita by all products’ order of market entry (first,
second, third, etc. market) and quality (premium products (quartile four) shown as solid line, and
entry-level products (quartile one) – as dashed line) for all products. Plot (b) visualizes the same
relationship but only for products sold both in above-median and below-median income countries.
The order of market entry is determined as per Table C.5. Quality quartiles are based on the full
set of products.

FIGURE 3. Distance of further markets relative to first destination of entry
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Notes: The figure plots the average distance (in km) of products’ sequential markets of entry
(second, third, etc. markets) relative to their first destination market differentiating between
premium and entry-level products. Bilateral distances between countries are retrieved from the
CEPII data set, using intra-country agglomeration weightedmeasures.
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(see Table C.6), we examine the European manufacturing locations of refrigerators of
the 41 brands in our sample over the period 2009–2013. This analysis shows that for
roughly 65%of the products in our sample, the first sale destinationwas actually an export
market (i.e., the initial market of entry did not coincide with themanufacturing location).
This evidence will be leveraged in Sections 6 and 7 to conduct robustness analyses on
subsamples of products whose initial markets of entry differ from their countries of
production.

5 AModel with VariableMarkups and Gravity
This section introduces a tractable model with nonhomothetic preferences along the
quality dimension building on the Almost Ideal Demand System proposed by Deaton
andMuellbauer (1980). The framework generates demand functions with variable price
elasticities linked to income elasticities, leading firms to optimally adjust markups based
on consumers’ incomes. The first subsection analyzes this mechanism within a static
single-country setup. We then extend the framework to a dynamicmulti-countrymodel,
where proximity to previously servedmarkets facilitates market expansions.18

5.1 Static model in a single country
We consider an economywith a continuum of households withmassH . Each household
has the same nominal income Y . There is a continuum of varieties of a differentiated good
withmassN . Household preferences are summarized by the indirect utility function:

ln

(
Y

a (p)

) 1
b(p)

,

where a (p) and b (p) are price aggregators given by:

a (p) ≡ exp

(∫
J
αj ln pj dj +

1

2

∫
J

[
γjj (ln pj)

2 +

∫
k 6=j

γjk ln pj ln pk dk

]
dj

)
,

b (p) ≡ exp

(∫
J
βj ln pj dj

)
,

18The AIDS structure has been recently used by Fajgelbaum and Khandelwal (2016) tomodel
nonhomothetic demand and capture its implications on gains from trade across consumers with
different incomes. Unlike our study, theirs does not consider quality differentiation. To our
knowledge, this is the first paper in the trade literature to rely on the AIDS structure to account
for nonhomotheticities along the vertical dimension.
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where j, k ∈ J index varieties. As shown by Deaton andMuellbauer (1980), to adhere to
consumer rationality, a (p) and b (p)must satisfy the following restrictions:

i)

∫
J
αj dj = 1, αj > 0; ii)

∫
J
βj dj = 0; iii) γjj +

∫
k 6=j

γjk dk = 0, γjk = γkj. (4)

We let henceforthΥ ≡ H × Y denote the level of nominal GDP in the economy. Using
Roy’s identity, we can derive themarket demand for variety j, which (provided that it is
strictly positive) will be given by:

Dj =

(
αj + γjj ln pj +

∫
k 6=j

γjk ln pk dk + βj ln

(
Y

a (p)

))
Υ

pj
. (5)

Following Deaton andMuellbauer (1980) a (p) can be interpreted as a price index at
the subsistence level.19We can thus define real income as:

y ≡ Y

a (p)
.

We let y ≥ 1 always hold, meaning that households’ incomes lie above the subsistence
level. In this context, βj will govern the income elasticity of demand for variety j. Varieties
whose βj > 0 exhibit an income elasticity above one and will thus account for larger
expenditure shares in richer households. Varieties with βj < 0will instead display income
elasticity below one, and households’ expenditure shares in those varieties decline with y.
Each variety j is characterized by a level of quality qj . For simplicity, we assume that

there are only two levels of quality, q = l, h, with l < h, and letNq be themass of the set
Jq of varieties of quality q, withNl +Nh = N . The trade literature has consistently shown
empirically that higher-quality varieties are associated with greater income elasticity of
demand (e.g., Hallak, 2006; Verhoogen, 2008; Khandelwal, 2010). Accordingly, we let the
parameter governing the income elasticity of variety j (βj) be positively tied to its level of
quality relative to the average level of quality in themarket.
Assumption 1 (nonhomotheticities). Let Γ ≡ (Nll +Nhh) /N . Then:

βj = qj − Γ. (6)

Assumption 1 implies that varieties whose quality is greater than the average quality
in the market (qj > Γ) have an income elasticity above one (hence, they are luxuries).
19a (p) becomes in fact the exact price index at any income level when βj = 0 for all j.
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Varieties with qj < Γ conversely display income elasticity below one.20Without any loss
of generality, wewill henceforth let l > 0 and h− l = 1.
Next, we impose some additional structure on the demand functions in (5) in terms of

the patterns of cross-substitution of demand between varieties.
Assumption 2 (cross-substitution). Let j ∈ Jq and k ∈ Jq′ , with q, q′ = l, h. Then:

i) γjk =
1

Nq

, for all k 6= j such that q′ = q;

ii) γjk = 0, for all k 6= j such that q′ 6= q.

Assumption 2.i entails that the degree of cross-substitution across all pairs of varieties
within the same quality level is strictly positive and inversely related to the total mass of
these varieties present in themarket. Assumption 2.ii precludes cross-substitution across
varieties belonging to different layers of quality.21
To comply with the parametric restrictions (i) and (iii) in (4), we lastly impose a specific

structure onαj and on γjj . For the former, wewill henceforth assume thatαj = 1/N for all
j ∈ J . With regards to γjj , Assumption 2 entails that γjj = −

∫
k∈Jq ,k 6=j N

−1
q dkmust hold

for any variety j ∈ Jq . This, in turn, boils down to γjj = −1 for every variety j regardless
of its quality level.
Assumption 2 coupledwith the parametric restrictions in (4) allows us to obtain the

following expression for the price elasticity ofDj :

εj ≡ −
∂ lnDj

∂ ln pj
= 1 +

1

− ln pj + (qj − Γ) ln y +
1

N
+

1

Nq

∫
k 6=j

ln pk dk
. (7)

Note thatDj > 0 implicitly entails εj > 1.22 In the optimum, the producer of variety j will
thus set pj = [εj/(εj − 1)]cj , where cj denotes themarginal cost j.23
20Note that Assumption 1 ensures that condition ∫J βj dj = 0 in (4) will always be satisfied in

ourmodel.
21In conjunction with Assumption 2.i, fixing cross-substitution between varieties belonging to

different quality layers at zero through Assumption 2.ii is an extremeway tomodel the notion that
consumers aremore likely to substitute between similar rather thanmarkedly different levels of
quality. The assumption can be relaxed at the cost of more complicated algebra.
22Note that the continuum of varieties implies that a change in the price of a single variety

has measure-zero weight on the cost-of-living index a (p), and therefore real income remains
unaltered by the change in pj while holding the prices of all the other varieties constant.
23Recall that pj = [εj/ (εj − 1)] cj is the standardmarkup over themarginal cost that obtainsfrom solving the optimization problem:max

pj
Πj = (pj − cj)×Dj (pj), where εj ≡ − (∂Dj/∂pj)×

(Dj/pj).
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We let henceforth µj ≡ εj/ (εj − 1) denote themarkup charged by firm j. Thus, firms
optimally set pj = µjcj . We assume that themarginal cost of production is constant and
identical for all varieties in the same quality layer, that is, cj = cq for all j ∈ Jq . From (7), it
then follows that:

µj + lnµj = 1 + (qj − Γ) ln y +
1

N
+

1

Nq

∫
k 6=j

lnµkq dk. (8)

Equilibriummarkups
The previous analysis has focused on the optimal behavior of a generic firm j in isolation,
taking the behavior of other firms in the market as given. In equilibrium, each firm will
behave optimally given the behavior of their competitors. The strategy of each firm j

consists of choosing the optimal markup µ∗j given themarkups chosen by all other firms
{µk}k 6=j .
Equation (8) determines the optimal markup charged by firm j producing a variety of

quality q given the markups charged by all other firms producing varieties of the same
quality level. Those firmswill also optimally choose their markups following an expression
analogous to that in (8). The Nash equilibrium will therefore be characterized by a full
set of conditions like (8) holding simultaneously for all firms. The lemma 2 in Appendix D
shows that there is a unique Nash equilibrium and that this equilibriumwill necessarily be
symmetric, in the sense that µ∗j will be identical for all for all j ∈ Jq .
Denote henceforth by µ∗q the equilibrium markups charged on varieties of quality

q = l, h. The following proposition demonstrates that markups behave heterogeneously
across different quality and income levels:
Proposition 1. Given the massNq of varieties of quality q = l, h, whereNl + Nh = N , the
equilibriummarkups are given by:

µ∗l = 1 +
1

N
− Nh

N
ln y, (9)

µ∗h = 1 +
1

N
+
Nl

N
ln y. (10)

Themain implication of Proposition 1 is that markups vary heterogeneously with the
level of income y: markups charged on higher-quality varieties are increasing in y, whereas
the opposite holds for low-quality varieties.24 This result stems from the interplay
24To be perfectly rigorous, µ∗h varies with y provided that 0 < Nq < N . This is indeed the case,

as according to Assumption 1 the income elasticity of demand depends on the quality of a variety
relative to the average quality in the market. As a result, whenNq = N for some q, all varieties
actively offered on themarket are of equal quality, and demand elasticity is one for all of them.
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between Assumption 1 and the fact that, within the AIDS structure, higher income
elasticities translate into weaker price elasticity of demand via the term (q − Γ) ln y in (7).
Assumption 1 ties income elasticities to the levels of quality of each variety. In turn, as is
clear from (7), the presence of the term (q − Γ) ln ymeans that income-elastic varieties
tend to display lower price elasticity as real incomes grow. Consequently, higher-quality
varieties will end up exhibiting lower price elasticity in richermarkets, thereby allowing
firms to charge higher markups in thosemarkets.
Lastly, we can compute the equilibrium profit (πj) earned by the producer of variety j.

Since πj = (pj − cj)Dj , using (5) and (7) together with µj = εj/(εj − 1), we can obtain:

πj =
(µj − 1)2

µj
Υ. (11)

Notice from (11) that µj > 1 implies that ∂πj/∂µj > 0. Based on (9) and (10), it follows
that holding the value ofΥ constant, producers of high-quality varieties (resp. low-quality
varieties) will tend to earn higher profits in richer markets (resp. poorer markets).

5.2 A multiple-country dynamic framework: Market entry and
expansion

This subsection extends the single-market static framework to a dynamic setup with
multiple markets. The goal is to allow entry of newly designed varieties and study how
their dynamics in terms of first market entry and subsequent expansions to additional
markets vary with the quality of incoming varieties.
We assume that there is an even numberM > 4 of countries/markets in the world

economy (W), indexed bym ∈ W . Half of the countries host low-income households
and the other half host high-income households. We assume that the level of household
income in the poorer markets is yp = 1, whereas that of richer households is yr > 1.
Since themain intention of themodel is to focus on the impact of real income differences
onmarkups and entry dynamics, we deliberately shut down any variation of aggregate
market size across countries. For that reason, we further assume that nominal GDP is
identical across markets; that is, we letΥm = Υ.25 In addition, we normalizeΥ = 1.
Life evolves along an infinite discrete-time horizon t = 1, 2, ..,∞. In each period t,

a mass ρ̃q > 0 of newly designed varieties of quality q = l, h becomes available. For
simplicity, we assume that ρ̃q = ρ̃ for both q = l, h. We also assume that delaying the
25This essentially amounts to assuming that while countries may differ in their per capita

nominal income (Ym) and population (Hm), the product Ym × Hm is equal to Υ for all m. As
we show in Section 8, themodel is robust to relaxing this restriction.
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introduction of a newly designedmodel is not feasible. At the beginning of each period t, a
share δq = δ ∈ (0, 1) of the varieties of quality q already present in t− 1 in a givenmarket
m are randomly removed forever from that market. In other words, a variety present in a
market in t− 1 faces a probability δ of exiting that market in t.
To keep the dynamic analysis relatively simple, we assume that only onemarket can be

entered as the firstmarket in any period t. Conversely, we allowproducers of a variety first
introduced in period t to expand their market coverage (if desired) tomultiple additional
countries as ‘second markets’ in period t + 1. However, we will restrict any market
expansion to a single round, that is, for a variety first introduced in period t, subsequent
market entry takes place only in the following period t+ 1.26

5.2.1 World economy geography and entry costs
We assume thatW exhibits a “fractal” geographic structure. Specifically, regardless of its
income level (yp or yr), each countrym ∈ W is surrounded by two neighboring countries,
one inhabited by low-income households and the other by high-income households. In
addition to its neighboring countries, eachm also has two nearby (albeit non-neighboring)
countries, which are again characterized by different levels of household income. We
denote bymdp (resp.mdr) the low-income (resp. high-income)market located at a distance
d fromm. We normalize the distance betweenm and each of its neighbors to be equal to
zero (d = 0). The two nearbymarkets are located equidistantly at d = 1.
We will refer to all remaining markets in the setW as faraway markets assumed to

be located at a distance greater than one (d > 1) relative tom. Lastly, when considering
any pair of countriesm,m′ ∈ W , withm 6= m′, we assume that the sets {m0p,m0r} and{
m′0p,m

′
0r

}will have at most one element in common. Analogously, the sets {m1p,m1r}
and {m′1p,m′1r} also share at most one element.27
26Allowing multiple (simultaneous) first markets of entry or more than one round of market

expansions would rapidly increase the dimensionality of the choice set faced by firms rendering
the theoretical model essentially intractable. In particular, relaxing any of these two assumptions
would mean that a firm’s optimal plan must take into account all possible period-by-period
deviations in terms of market entry sequences. A similar problem is dealt with empirically by
Morales et al. (2019) who rely onmoment inequalities derived using Euler’s perturbationmethod
in discrete time.
27At first glance, such a geographic structure appears ad-hoc, but the purpose is to build a

framework in which all markets are (ex-ante) identical from the viewpoint of a generic producer of
a new variety except for their incomes and exact realizations of the entry cost (see Assumptions
3 and 4 below). In particular, we wish to ensure that within the framework the producer of a
newmodel j designed in the period twill optimally choose j’s first market in twithout regard for
strategic considerations about futuremarket expansions in t+ 1. The numerical analysis in Section
8 shows that themodel is robust to relaxing this specific geography.
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Ifm is chosen as the first market of entry for a new variety j, its producermust incur
an entry cost of φjm > 0. We impose the following structure governing the first market
entry costs:
Assumption 3 (entry cost: first market of entry). When a newly designed variety j enters
marketm as its first market, the producer incurs an entry cost φjm independently drawn from
a probability distribution with cdf F (φ), which satisfies: i) F (φ) = 0, ii) F (φ) = 1, and iii)
F ′ (φ) > 0 for all φ ∈ [φ, φ), where 0 < φ < φ.
A variety j initially introduced in marketm in period t, and not withdrawn from this

market in t+1, may subsequently enter newdestinations in t+1. Todo so, j’s producermust
incur additional entry costs. We assume that market expansion costs will be influenced by
the distance to the initial market of entry. More specifically:
Assumption 4 (entry costs: market expansions). Consider a variety j, first introduced in
marketm ∈ W in period t. If variety j enters marketm′ ∈ W , withm′ 6= m, in period t+ 1, its
producer must incur an entry cost ϕjm′ , where:
i) Neighboring markets — If m′ ∈ {m0p,m0r}, then ϕjm′ is independently drawn from a
probability distributionG0 (ϕ) = G (ϕ) such thatG (0) = 0 andG′ (ϕ) > 0 for all ϕ ≥ 0;
ii) Nearby (non-neighboring) markets — Ifm′ ∈ {m1p,m1r}, then ϕjm′ is independently drawn
from a probability distributionG1 (ϕ) = (G (ϕ))λ, where λ > 1;
iii) Farawaymarkets — Ifm′ /∈ {m0p,m0r} andm′ /∈ {m1p,m1r}, then ϕjm′ =∞.
Assumption 4 implies that expanding the market coverage of variety j beyond m

involves additional entry costs. As G0 (ϕ) first-order stochastically dominates G1 (ϕ),
these costs are likely to be smaller in neighboringmarkets than in nearbymarkets. Note
also that Assumption 4.iii means that it will never be profitable to enter a farawaymarket.
For the sake of tractability, in what followswe let the “exit rate” δ be small enough to

ensure that entry in somemarketmwill always be profitable for the producer of a newly
designed variety.28 As a result, in each period t themass ρ̃ of newly designed varieties of
each quality level will always enter somemarket within the setW for the first time. To
ease notation, we henceforth let ρ ≡ ρ̃/M , which equals themass of newmodels (of each
of the two quality levels) per country in the world on each date.
28This assumption is posed essentially to ensure that the present value of the flow of expected

profit upon entry of a newly designed variety in period t, given probability of survival until period
τ > t, namely (1− δ)τ−t, will be large enough to justify entry in somemarketm ∈ W evenwhen
the entry costs is equal to φ. None of the main results in this section depend crucially on this
assumption.
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5.2.2 Market entry dynamics
We focus on equilibrium dynamics along a steady state characterized by a constant mass
of varieties of each quality level in each marketm. We further restrict the analysis to
symmetric steady states, where the mass of varieties of a given quality level is identical
across markets with the same income. We let henceforth N∗qr (resp. N∗qp) denote the
steady-statemass of varieties of quality q = l, h in a market with income yr (resp. yp).
Let alsoΛqy denote the (intertemporal) expected profit flow generated by a variety of

quality q in a market with consumer income y. Given the exit rate δ, the expression in (11),
and the normalizationΥ = 1, in steady state:

Λ∗qy =
1

δ

(
µ∗qy − 1

)2

µ∗qy
, (12)

where µ∗qy denotes now the steady state level of markups charged on varieties of quality q
in a market with income level y = yp, yr.
A share 1−δ among the newly designed varieties first introduced in period twill remain

present in their firstmarket of entry in period t+ 1. Those surviving varietiesmay undergo
market expansions in t+ 1. Assumption 4 indicates that any variety j ∈ Jq first introduced
in m at time t can branch out into all possible combinations between the elements of
{m0p,m0r,m1p,m1r}. Additionally, it may be the case that entry cost realizations are too
high such that nomarket expansion proves profitable. Taking into account (12), it follows
that the producer of variety j will expand its market coverage to anymarketm′ 6= m for
whichΛ∗qy > ϕjm′ .
A steady statemust feature equality between the total entry of varieties of quality q

(either as the first market of entry of newly designed varieties or as a secondmarket of
entry duringmarket expansions) and the exit of existing varieties of the same quality, in
everymarket in the world economy in any period t. LetPqy denote the probability that a
country with income y is chosen as the first market of entry for a variety of quality q, and
let Γ

(
µ∗qy
)
≡ G

(
Λ
(
µ∗qy
))

+
(
G
(
Λ
(
µ∗qy
)))λ equal the probability of varieties of quality q

expanding towards a market with income y from its neighboring and nearby countries,
respectively. Then, in the steady state, the following equality must hold:

PqyρM + (1− δ)PqyρM Γ
(
µ∗qy
)

+ (1− δ)Pqy′ρM Γ
(
µ∗qy
)

= δN∗qy, (13)

where y′ 6= y. To interpret (13), note that the first term on the left-hand side equals the
total mass of varieties of quality q that enter a marketmwith income y as the first market
in t, while the sum of the remaining two terms is the total mass of varieties of quality q
enteringmarketm as a secondmarket of entry in t. In particular, the second term is the
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mass of varieties expanding towardsm from its neighboring or nearbymarket having the
same income levels asm (i.e.,m0,y orm1,y), while the third term constitutes the mass of
varieties expanding towardm from its neighboring or nearbymarket having a different
income level thanm (i.e.,m0,y′ orm1,y′).
Lemma 3 in Appendix D shows that, letting∆qy ≡ Λqy −Λqy′ for a country with income

y and y′ 6= y, whereΛqy andΛqy′ are as in (12), we get:

Pqy = Φ (∆qy) , (14)

whereΦ(∆qy) is an increasing function of∆qy andΦ(0) = 1/M . That is, the probability
that a marketmwith income level y becomes the first market of entry of a variety j ∈ Jq
is increasing in the difference between j’s intertemporal expected profit throughout its
life cycle inm and the one corresponding to any other market with income level y′ 6= y.
Note that ifΛq,y = Λq,y′ , then all markets (regardless of their income level) would face an
identical probability 1/M of becoming j’s first market of entry.
Restricting the analysis to the class of symmetric steady states implies that a steady

state will be determined by four dynamic equilibrium conditions stemming from the
country-level dynamic conditions (13). Each of the four conditions applies to a specific
quality-income combination— see equations (23)-(26) in the appendix. From these we
derive the following result:
Proposition 2. There exists a unique symmetric steady state. In the steady state, high-quality
varieties command higher markups in richmarkets than in poor markets, whereas the opposite is
true for low-quality varieties. Formally, µ∗hr > µ∗hp and µ∗lp > µ∗lr. Furthermore, the steady state
features identical markups for high- and low-quality varieties in poorer markets, which in turn
implies that µ∗hr > µ∗hp = µ∗lp > µ∗lr.
In the steady state, markups will vary across quality levels depending on the income of

themarketwhere varieties are sold. Furthermore, the variation ofmarkups across quality-
income combinations is non-monotonic: along the steady state, high quality varieties
command greater markups in richer markets relative to those charged on varieties of
low quality, but the opposite qualitative pattern is observed for varieties of low quality.
However, the gap inmarkups in high- and low-quality varieties depends on income and is
greater in richer markets than in poorer markets; that is, µ∗hr − µ∗lr > µ∗hp − µ∗lp.
Taking into account (14) andΛ∗qy in (12), the likelihood of becoming the first market of

entry of a variety of quality q is directly related to the difference in expected profits across
markets. In addition, from (13) in conjunction with (14) it follows that within each of the
two quality layers, the left-hand side of (13) is greater for markets that command higher
markups along the steady state. These two observations lead to the following corollary.
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Corollary 1. The fact that the steady state features µ∗hr > µ∗hp and µ∗lp > µ∗lr implies that:
1. The proportion of newly designed high-quality (resp. low-quality) varieties entering a richer
market as their first market is greater (resp. smaller) than the proportion entering a poorer
market as their first market.

2. The mass of varieties of high quality (resp. low quality) offered in a richer market is greater
(resp. smaller) than the mass of those varieties offered in a poorer market. That is, along
the steady state,N∗hr > N∗hp andN∗lr < N∗lp.

5.2.3 Geographic patterns of market expansion
When market expansions are allowed, the specifics of the geographic structure of the
model will play a role in subsequent market choices. In general, one implication of
Assumption 4 is that expansions to neighboring markets tend to be more profitable
than to non-neighboring ones. Yet, the frictions brought about by entry costs will be
heterogeneous across quality layers and, in particular, will crucially depend on how
markups for different qualities respond to income.
To characterize the geographic patterns of market expansions, let Sq ∈ [0, 1] denote

the ratio of the number of market expansions to non-neighboringmarkets over the total
number of market expansions of varieties of quality q = l, h. Keeping in mind Assumption
4 coupled with (12), the following result obtains.
Lemma 1. Along the steady state, the ratio of market expansions to non-neighboring markets
relative to total market expansions in the world economyW is given by:

S∗q =

(
G(Λ∗qr)

)λ
+
(
G(Λ∗qp)

)λ
G(Λ∗qr) +G(Λ∗qp) +

(
G(Λ∗qr)

)λ
+
(
G(Λ∗qp)

)λ , for q = l, h. (15)

From (15) and since λ > 1, onemay observe that S∗q < 1− S∗q for both q = l and q = h.
Put anotherway, irrespective of the level of quality,market expansions to non-neighboring
markets are always less likely than to neighboringmarkets. However, in themodel, the
dampening effect of geographic distance on the likelihood ofmarket expansion is stronger
for lower-quality varieties than for higher-quality ones.
Proposition 3. The share of market expansions that take place in non-neighboring markets is
strictly greater for higher-quality varieties than for lower-quality ones. That is, bearing in mind
(15): S∗h > S∗l .
Proposition 3 formally characterizes the heterogeneous impact of geographic distance

onmarket expansion choices along the quality dimension. In our model, twomain factors
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guide these choices for an existing variety. One is geographical proximity, which tends to
lower the entry cost faced by producers. The other factor is the impact of households’
incomes on relative demand and equilibriummarkups for different qualities through the
AIDS nonhomothetic structure. The result in Proposition 3 can be interpreted as stating
that the impact of geographical distance onmarket expansion choices becomes relatively
weaker for higher-quality varieties.
The intuition behind Proposition 3 lies in the fact that themarkups on higher-quality

varieties increase with income and are higher than those on lower-quality varieties. As a
result, geographic proximity tends to have a smaller relative impact onmarket expansions
for higher-quality varieties, especially when producers plan to expand into other wealthy
markets. As the influence of geographic proximity weakens for higher-quality varieties,
incomesimilaritywill appear as a comparatively stronger force indeterminingwhere these
premium varieties expand. We conclude this section with a proposition characterizing
expansion pathways in terms of income similarity at different levels of quality.
Proposition 4. Higher-quality varieties are more likely to undergo expansions toward markets
with the same income level as their first market of entry than lower quality varieties.
Proposition 4 stems from the variable markup structure in our model. Specifically,

as markups depend on consumers’ incomes, the selection of a second market reflects
similar income-related considerations as for the initial market entry. Moreover, since
markups aremore sensitive to income at higher quality levels, this effect gets amplified
for higher-quality varieties relative to lower-quality ones.

6 Empirical Analysis I: FirstMarket of Entry
The dynamic model presented in Section 5.2 predicts that richer markets aremore likely
to be the initial market of entry for higher-quality varieties. Although the model relies
on several simplifying assumptions tomaintain tractability, the coremechanism linking
consumer income levels to first-market-of-entry choices across quality levels derives
from the presence of variable markups. Specifically, the nonhomothetic framework yields
demand functions where the price elasticity of higher-quality varieties is more sensitive
to variations in income, and hence such varieties can command greater markups in richer
markets. Within our dynamic framework, this in turn leads to faster entry of new varieties
of high quality in richer markets.
In this section, our aim is to test whether this dynamic prediction is supported in the

data. To that end, we exploit the fact that we follow the entire life cycles of the same
refrigerator models across 24 Europeanmarkets for annual cohorts 2009-2013.
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6.1 Market entry: Empirical framework
Collapsing the longitudinal data into a cross section of products alongside the first dates
in which they enter each of their respective markets yields product-specific sequences of
countries in which products are sold throughout their life cycles. These sequences can be
interpreted as ‘rankings’ of firms’ preferred locations of entry for their products, with an
earlier presence in a particular location indicating amore desirable choice out of a set of
available alternatives.
To empirically assess the dynamics patterns of entry, we let each product j face a

choice setΩj of size Cj consisting of countries (alternatives) where it can be launched.
Given the dataset’s coverage, we consider that producers must decide the timing of entry
into (potentially) all 24 European markets present in the dataset, such that Ωj = Ω and
Cj = C = 24 for all j. Furthermore, each countrym ∈ Ω is associated with a number
of characteristics such as income per capita, population, and level of infrastructure,
among others. Since products’ life cycles start and end at different times, the markets’
characteristics will be time dependent. These can be summarized by a vectorXmt. A
crucial element of Xmt in our context is the level of income per capita of country m
in period t, namely ymt. We also let each product comprise a set of product-specific
attributes, where themost relevant in our context is its quality level qj .
The producer of model j to be first introduced at time twill rank countries based on

the revenue stream potential of product j in countrym, denoted by Rjmt. We let Rjmt

comprise a deterministic component (Vjmt) and a random component (εjmt):

Rjmt = Vjmt + εjmt. (16)

The deterministic componentVjmt is assumed in turn to be additive and linear in the vector
Xmt, in the set of product-specific attributes, and also in a set of interaction termsbetween
Xmt and qj . We henceforth subsume the set of product-specific attributes (herein the
quality index qj) within a set of product fixed effects denoted by ζj . More specifically, we
let Vjmt be given by:

Vjmt = Θ ·Xmt + Γ · (Xmt ∗ qj) + ζj + γm, (17)

where in addition to the previously described terms in (17), Vjmt also includes a set of
country dummies γm which absorb all country-specific constant characteristics that may
influence the overall intensity of entry of new products in countrym.29
29The country dummies γm will, for instance, capture the fact that the specific geographiclocation or tariff structure of certain countries may make them more likely to become earlier
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Let rjmt = 1 denote the case inwhich a producer choosesm as the firstmarket of entry
for product j in period t. That meansRjmt ≥ max{Rjm′t, ..., RjCt}. Assuming further that
all random terms εjmt are independent, the probability that countrym is the first market
most preferred for product j would be given by:

Pr(rjmt = 1) =
C∏

m′ 6=m

Pr(εjm′t < (Vjmt − Vjm′t) + εjmt) (18)

To operationalize the extreme value probability expression in (18) we further assume
that all random terms follow an extreme value type-1 distribution.30 Therefore, (18) boils
down to the standard logit choice probability; namely:

Pr(rjmt = 1) =
eVjmt∑C
k=1 e

Vjkt
, (19)

where the values of each Vjkt in (19) are given by (17) with k = m. The first set of
regressions used to test the predictions of themodel (Corollary 1)will follow this empirical
framework. Specifically, we will estimate a conditional logit model (CLM) to examine
whether higher-quality products aremore likely than lower-quality ones to enter richer
markets first.
The above empirical strategy follows from the implicit logic of the theoretical model,

which yields predictions regarding the first market of entry while abstracting from the
geographic structure of the world economy. Nevertheless, resorting to a CLM means
disregarding potentially useful information contained within the entire sequence of
market entry over products’ life cycles. This sequence could be rationalized as informative
of a complete rank of preferences over entry choices. With ranked preference data,
an econometric model for estimating the influence of specific variables associatedwith
products/countries on the locations-of-entry process is the rank-ordered logit (ROL).
Let now rjmt denote the rank assigned to a given market m for product j to be

introduced first in period t. The complete ranking of countries/alternatives for product
markets for newmodels. They would also control for the fact that certain countries may host the
production of larger sets of brands.
30Thematch between εjmt and the random component in the theoretical model for entry costsposed by Assumption 3 is not perfect as we have assumed that entry costs are independently

drawn fromabounded probability distributionwith support over a subset ofR+, while the extremevalue type-1 distribution is an unbounded distribution defined over the entire setR. Naturally,
we let εjmt follow such a distribution so that we may obtain a known closed-form solution forthe empirical expression (18) that wemay then be able to bring to the data. However, one could
interpret the random component εjmt as absorbing not only the impact of entry costs but alsoother sources of possible product-destination-time specific randomness in demand factors.

28



j is given by rj = (rjm1t, rjm2t, ..., rjmCt) if all alternatives are ranked fully in subsequent
order. Consequently, the probability of such a ranking is:

Lj = Pr(Rjm1 > Rjm2 > ... > RjmC ) =
C∏
j=1

[
eVjmt∑C

k=1 ρmke
Vjkt

]
, (20)

where ρmk = 1 if rjm > rjk, and zero otherwise.
Implementing (20) requires a complete sequence of entries for each product in the

dataset. Table C.5 in the appendix outlines how country sequences (ranks) are generated
for each product based on the first-ever date of entry in a givenmarket, d̃j , and first dates
of entry in any subsequentmarkets. Themarket entry order is the same for countries in
which a product is introduced on the same date. The Rank variable is then constructed
by assigning a value of 24 to the first market(s), 23 to the second market(s), and so on
until the last market of entry, which is product-specific (i.e., market sequences will have
different depths across products).31
One last caveat tomention is that the ROL cross-sectional framework assumes that

decisions regarding a product’s geographical coverage aremade once and for all, rather
step by step at different points in time. This assumption seems reasonable in our context,
given thematurity of the sector. The top 19 brands in our dataset –accounting for 90%
of the sample– are well-established and generally active in all 24 EU markets studied.
Firms with extensive exporting experience such as those we study are likely to have good
knowledge of their profitability potential in various destinations, allowing for an ex ante
profit-maximizing selection of market sequences before observing actual performance in
individual locations. Crucially, assuming pre-determined sequences remains consistent
with staggered entry in practice, as the timing of decisions about rollouts may differ from
their actual implementation.

6.2 Choice of first (earlier) market(s)
First market selection.We start with specifications focusing solely on the first market of
entry. Specifically, we implement the conditional logit model (CLM). Note that the CLM
can flexibly account for products with two ormore simultaneous first markets of entry in
the estimation.
The results of the CLM specifications are reported in Panel A of Table 4. These include

log income and its interaction with the quality estimate as explanatory variables. The
interaction term allows for a differential impact of income per head on the choice of
31The ranking informationmay be incomplete at the bottom, as some products may not end up

entering all 24 countries over their life cycles.

29



first markets at different levels of quality. The estimation implicitly controls for product
fixed effects by specifying products as an identifier variable. In (2), we further include
country fixed effects, which capture non-time-varying country-level confounders such
as geographic proximity tomainmanufacturing hubs, differences in taxation, and others.
Except for Serbia, all countries in the period under consideration were part of the EU. As
a result, there are virtually no differences in legal requirements, tariffs, and barriers to
trade at the country level.
The specifications in columns (1) and (2) both yield a positive and statistically

significant estimate of the interaction term between income and quality, the main
coefficient of interest. This finding aligns with themodel’s predictions: premium-quality
products aremore likely to enter first higher-incomemarkets than lower-quality ones.
The log income coefficient also appears as positive and statistically significant in those
specifications. However, this result is not robust across alternative specifications. When
additional controls are introduced, the coefficient on income often becomes statistically
insignificant.
A potential concern with the previous results is that theymay be essentially reflecting

supply-side factors. In particular, if products are often first introduced in the country
where they are manufactured, then disentangling demand-driven from supply-driven
determinants of market entry becomes problematic. Ideally, to tackle this crucial issue,
wewould observe the exact production location for every product in our sample, which
would allow us to directly control for the country of manufacture. Since collecting such
detailed product-level data is infeasible on a large scale, we instead use information on
brand production locations, reported inAppendix C.2 and TableC.6. We treat all countries
in Europe in which a brandmanufactures fridges as possible production sites and then
restrict estimation to subsampleswhere the firstmarket of entry is clearly not the country
of manufacture. By focusing on this subsample, we minimize the risk that supply-side
factors influence the observed pattern of first-market selection.
In specification (3), we implement this restriction by excluding all products whose

first market of entry coincides with any of their brand’s production locations. This
constraint reduces the estimation sample to 67% of the original set of products. Under
this specification, the effect of log income is no longer statistically significant, but the
interaction term with product quality remains both quantitatively and qualitatively
consistent with the benchmark estimate in specification (2). These results, based solely
on first markets of entry that are export destinations, reinforce the conclusion that first-
market selection is importantly driven by demand factors and cannot be fully explained
by supply-side considerations.
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TABLE 4. Role of Income andQuality in First (Earlier) Market Entry
(1) (2) (3) (4) (5) (6)
A. Conditional logit B. Rank-ordered logit

ln Income 1.509*** 1.458** 1.093 4.271*** 4.907*** 7.585***
(0.466) (0.646) (0.844) (0.562) (0.416) (0.916)

ln Income×q̂ 2.008*** 1.814*** 1.275** 1.535*** 1.050*** 1.228***
(0.548) (0.564) (0.527) (0.393) (0.383) (0.368)

γm No Yes Yes Yes Yes Yes
ζj Yes Yes Yes Yes Yes Yes
Products 5,212 5,212 3,478 5,212 3,480 1,710
Brands 41 41 40 41 40 41
N 125,088 125,088 83,478 125,088 83,520 41,040

Notes: The method of estimation is conditional logit in (1)-(3) and rank-ordered logit in (4)-(6).
The dependent variable in (1)-(3) equals one for the first market(s) of entry and zero for all the
remaining countries, and it is the market sequence or Rank in (4)-(6). The method of handling
ties in the rank-ordered logit is Efron’s. γm denote country fixed-effects. Product fixed effects,
ζj , are implicitly taken into account in the estimation by specifying the identifier variable in theconditional logit estimation, and by cmset in the ordered-logit model, which declares the data to
be cross-sectional choicemodel data. In (3) and (5) the sample is restricted to products belonging
to brands that either do notmanufacture in Europe or, if they do, whose first market(s) of entry are
not the product’s European production location(s). See Table C.6 in the Appendix for production
locations by brand in the period 2009-2013. In (6), the sample is reduced to annual cohorts 2009
and 2010. q̂ is the product-specific quality index from eq. (1). Standard errors are clustered by
brand. * p < 0.10, ** p < 0.05, *** p < 0.01.

Rank-ordered market sequences. The CLM estimates presented in Panel A of Table 4 do
not take into account the additional information contained in the full product-specific
temporal market sequences. Doing so requires an alternative estimation approach that
also considers the choice of subsequentmarkets, such as the ROL. As discussed above,
we interpret the temporal sequence of market entry as revealing the relative profitability
potential of a given product.
Based on the above interpretation and our construction of the dependent variable

‘Rank’ (see Table C.5), Panel B of Table 4 employs the ranked-ordered logit model to study
the determinants of earliermarket entry. A higher rank value indicates an earlier entry
into themarket. The specification in column (4) incorporates product andmarket fixed
effects. The estimation results again highlight the importance of quality for the dynamics
of market entry: goods of high quality are found to enter high-income markets earlier
than other destinations.
In column (5), we impose the same restriction as in (3). (See details again in Appendix

C.2.) The interaction term remains positive and significant at the 1% level, although its
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magnitude is slightly smaller than the benchmark estimate. This result again corroborates
the underlying demand-side fundamentals in market choice.32
Finally, in column (6) we tackle the possibility of missing data for product-specific

market sequences owing to right-censoring, which can be especially pronounced for
product cohorts 2012-2013, as our full panel stops in December 2013. More specifically,
in (6) we report results based only on product cohorts 2009-2010, i.e., the cohorts with
themost accurate and complete market sequences in the data as, for them, data for all
24markets are available the longest. We continue to find a statistically significant earlier
entry of premium goods in wealthier markets.
One last concern in the interpretation of our findings is whether the observed patterns

may actually reflect specific brand-level strategies – for instance, the systematic targeting
of high-income destinations by high-end brands. Should this be the case, within-brand
estimates may not necessarily reflect the same relationships observed in the full sample
in Table 4. Table B.4 in the appendix applies the ROLmodel to each of the top tenmost
represented brands in the sample, based on the number of distinct products. Asmay be
observed, in most cases, even among products of the same brand, entry into countries
with varying income levels differs systematically according to product quality.

6.3 Robustness to confounding factors
Despite the extensive fixed-effects structure of the specifications in Table 4, thus far we
have empirically modeled the potential profit of product j in marketm at time twith a
single time-varyingmarket attribute –income per capita, alongside its interaction with
quality. Can other market-specific or product-market-specific covariates such as market
size and brand familiarity explain away the effect of income on the market selection of
high(er) quality goods? We explore the presence of confounding factors by introducing a
series of covariates (and their interaction with quality) and examining the impact of their
inclusion on the estimate of our main coefficient of interest. For convenience, the results
are presented graphically in Figure 4, while Tables B.2 and B.3 in the appendix report a full
set of coefficients for the CLM and the ROL, respectively.
We first check how our results perform oncewe control for market size through the

inclusion of log population. Next, we consider residential energy prices to possibly gauge
preferences for energy performance. We expect these to differ across consumers facing
32Further robustness checks were performed with the ROL model but with two additional

restrictions: we further limit the sample to cases where also the second market(s) of entry are
export destination(s), and to products where thirdmarkets of entry are also notmanufacturing
locations. In both instances, the interaction terms are statistically significant, and our confidence
intervals includemeaningfully sized effects.
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varying energy costs and may influence demand for higher quality appliances, which
typically are alsomore energy efficient. To capture consumer sentiment and economic
conditions to some extent, we also include the log of the index of turnover for retail trade.
None of these variables (and their interaction with quality) influence the finding of an
earlier entry into richer markets for products placed at the higher end of the quality
distribution: lines 2, 3, and 4 in Figure 4 indicate that the estimate of the income-quality
interaction remains very close to the baseline without additional covariates (line 1).
Next, we examinewhether differential brand presence in amarket can be an important

confounding factor inmarket selection. Are new high-quality models first introduced in
high-incomemarkets because they happen to be themarkets where high-quality brands
have their largestmarket shares and thus largest consumer familiaritywith their products?
Market shares proxy for brand loyalty (e.g., Villas-Boas, 2004) and thereby indirectly for
the degree to which public perceptions of a product belonging to a given brand are well-
established (for example, perceptions of quality, environmental impact, design appeal,
etc.). Brand loyalty can also go hand in handwith the presence of so-called switching costs,
such as the learning costs involved in transitioning from familiar to unfamiliar brands,
which consumers presumablywant to avoid (e.g., Beggs andKlemperer, 1992). Differential
market shares can also be indicative of thematurity of distribution networks and other
related infrastructure pertaining to brand-country-specific supply chains. In this respect,
they may also be informative of costs, as brands with large market shares are likely to
already have long-established logistics facilities and local market knowledge, and thus
potentially lower costs when placing a new product.
Themarket share of a brand indeed emerges as an important determinant in the choice

of products’ first and earliermarkets as demonstrated in bothTablesB.2 andB.3. However,
this effect does not appear to vary with the level of quality. Despite the large estimated
effect of brandmarket share, line 5 of Figure 4 in both plots (a) and (b) reveals that the
effect of the interaction between income and quality remains still close to our benchmark
estimate and highly economically relevant for market choice.
Lastly, line 6 of the figure plots the estimate of the coefficient of ln Income xQuality

when all of the above covariates themselves alongside their interactions with quality
are included in the estimation. Once again, our coefficient of interest remains virtually
unchanged.
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FIGURE 4. Effect of ln Income xQuality: Alternative Specifications

Baseline

log Population

log Energy price

log Retail sales index

Brand market share

All controls

.5 1 1.5 2 2.5 3

(a) Conditional logit:
Choice of first market

.5 1 1.5 2 2.5

(b) Rank-ordered logit:
Choice of market sequence

Notes: The figure plots conditional-logit estimates (a) and rank-ordered logit estimates in (b) of the
interaction term of the log of incomewith the product-specific quality estimate for models that
include log population. the log of household energy prices, the log of retail sales index (100=2009),
the brandmarket share, and all of the above controls. In all specifications, the interaction term(s)
of the respective covariate(s) with quality is also included. Coefficient estimates are reported in
Tables B.2 and B.3 in the Appendix. The dashed line denotes our baseline estimate from column
(2) in Table 4 in (a) and column (6) from the same table in (b). 95% confidence intervals are also
depicted.

7 Empirical Analysis II: Geographic Distance and Market
Expansions byQuality

Ourmodel predicts a heterogeneous impact of geographic distance onmarket expansion
decisions for different quality layers. More precisely, Proposition 3 states that while
geographic frictionsmakemarket expansionsmore likely in locations contiguous to the
first market of entry, those frictions become relatively less pressing for higher-quality
varieties than for lower-quality ones. Figure 4 provided a quick snapshot suggesting that
the average distance of market expansions is wider at higher quality levels, especially
in the cases of the second market entry. This subsection will offer a more exhaustive
econometric analysis of the relationship between geography and market expansion
choices guided by the results in Section 5.2.
In themodel, we imposed a series of simplifying assumptions for the sake of analytical

tractability. Two assumptions, in particular, require further discussion before making
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contact with the data. Firstly, we assumed that only onemarket may be selected as the
first market of entry. Secondly, we imposed a (“fractal”) geographic structure in which
all markets are “geographically identical” in terms of location relative to other markets
with a given income level. Neither assumption is in fact crucial to the prediction that
geographic distance matters relatively less for expansion decisions at higher levels of
quality; the underlying reason for this result rests actually on the variable equilibrium
markups stemming from our nonhomothetic demand structure. However, to empirically
assess the validity of the main result in Section 5.2, we need now to account for the
following two facts: i) the dataset includes instances withmultiple first markets of entry;
ii) the geographic distribution of the 24 countries in the dataset is country-specific (in
particular, neither every single country has the same number of neighboring countries,
nor the distribution of income of their respective neighbors is identical for all).
To account for the possibility of multiple first markets of entry on a given date, we

let Φj ⊆ Ω denote the subset of markets within Ω (the set of 24 European countries in
the panel) where variety j was first introduced. 33 Notice that there are in total as many
different compositions of the setsΦj as combinations of first market(s) of entry present
in the data.34 In the benchmark regressions, wewill treat all varieties equally, regardless
of the size of the setΦj . However, wewill control for the set of first markets of entry by
including a full set of fixed effects for all combinations ofΦj present in the data.
Denote by Θj ⊂ {(Ω− Φj) ∪ ∅} the subset of market(s) —possibly empty— where

variety j is subsequently introduced as second market(s) of entry. There are 4,213
(80.8%) models for which Θj 6= ∅. These models represent our relevant benchmark
sample for the regressions in this section.35 Consideringm ∈ Φj andm′ ∈ Θj , we can
define Ij (m,m′) : Φj × Θj → {0, 1}, such that Ij (m,m′) = 1 if and only ifm′ andm are
neighboring countries. Henceforth, wewill consider amarket expansion tom′ to be a ‘non-
neighboringmarket expansion’ if and if only this market does not share any border with
any of model j’s first markets of entry; that is, if and only if Ij (m,m′) = 0 for allm ∈ Φj .
As a result, the share Sj ∈ [0, 1] of market expansions that take place in non-neighboring
33There are a total of 5,212 different varieties. The setΦj comprises one single element (i.e.,there is one single first market of entry) in 76.8% of the sample, two elements in 16.1%, three

in 4.2%, four in 1.9%, and five, six and seven elements for 0.7%, 0.2% and 0.1% of the sample,
respectively.
34There are 165 different combinations of ‘first market(s) of entry’ present in our dataset. Note

that if the set of ‘first market(s) of entry’ of two different varieties j and k are identical, then
Φj = Φk .
35Amongst the 4,213models that exhibit a market expansion during the sample years 2009-

13, 74% has one single element inΘj , 15.8% has two elements, 5.8% three elements, 2.4% fourelements, and 1%, 0.5%, 0.2%, and 0.1% have five, six, seven and eight elements, respectively. The
remainder are a few odd cases in whichΘj comprises 9, 10 and 11markets.
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countries relative to the total number of market expansions for model j is given by:

Sj =

∑
m′∈Θj

(
1− max

m∈Φj
{I (m,m′)}

)
#Θj

, (21)

where#Θj is the number of elements ofΘj .
Our benchmark regression in Table 5, column (1), shows the results of the following

OLS regression:
Sj = constant + β · qj + ψΦj + εj, (22)

where each Sj stems from (21), qj is the level of quality characterizing variety j, and
ψΦj denotes a complete set of fixed effects for each combination of ‘first market(s) of
entry’ present in the dataset. Note that by including ψΦj , we control for the fact that
each country has different sets of neighboring countries with varying characteristics (and,
in particular, with different incomes per capita). Since these factors may expectably be
correlatedwith qj , wewish to explicitly control for the exact set of countries in which each
model was first introduced and exploit only the variation in quality within each of them.
Notice that ψΦj will also take into account that a larger setΦj will tend to (mechanically)
have more neighboring markets, although at the same time there will be less scope for
total expansion (as a smaller number of markets are possibly left for expansion within
the original set of 24 countries), which in turn will affect both the numerator and the
denominator in (21).
The result of the OLS regression (22) reported in column (1) yields a positive and

significant estimate of β. This means that, abstracting from variations in the set of first
markets of entry Φj , the share of expansions that take place in markets that are non-
neighboring to any of the first markets of entry is greater for models of higher quality.
In terms of its quantitative impact, denoting by qX the value of the quality measure at

theX th percentile, and computing the value of Ŝ (qX) based on the estimates in column (1)
for the setΦj for which ψ̂Φj = 0, we have Ŝ (q5) = 0.372 and Ŝ (q95) = 0.462.36Within our
sample of 24 Europeanmarkets, the average number of non-neighboringmarkets is 21.5.
The results for Ŝ (q5) and Ŝ (q95) then suggest that market expansions are in general much
more likely to involve contiguous markets, but also that the quantitative difference in
the probabilities of non-contiguousmarket expansions across top and bottom qualities is
nonetheless quitewide. That is, our results confirmthat geographic distancematterswhen
36The value of those quality indices stemming from ourHedonic price regressions are q5=-0.519and q95=0.938.
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TABLE 5. Non-neighboringMarket Expansions, Distance, andQuality
(1) (2) (3) (4) (5) (6) (7) (8)

Share Non-neighboring Average Distance
Quality 0.061*** 0.055*** 0.059*** 0.060** 82.4*** 50.9*** 45.5** 49.4**

(0.015) (0.014) (0.021) (0.025) (14.64) (11.2) (18.7) (22.5)
Constant 0.404*** 0.385*** 0.384*** 0.407*** 810*** 775*** 776*** 784***

(0.006) (0.006) (0.007) (0.008) (5.8) (5.3) (5.8) (6.8)
1st market(s) fe Yes Yes Yes Yes Yes Yes Yes Yes
2ndmarket(s) fe Yes Yes Yes Yes Yes Yes
Brand fe Yes Yes Yes Yes
Observations 4,213 4,213 4,213 2,943 4,213 4,213 4,213 2,943
Notes: The dependent variable in columns (1)-(4) is the share of non-contiguousmarket expansions
to a secondmarket of entry, whereas in columns (5)-(8) is the distance between secondmarket(s) of
entry and the firstmarket(s) of entry (computed as an average in the case ofmultiple firstmarket of
entry). Specifications (4) and (8) are performed on the subsample of models for which the country
of manufacturing is not a first market of entry, following the analysis in Appendix C.2. Robust
standard errors reported in parenthesis. * p < 0.10, ** p < 0.05, *** p < 0.01.

evaluating where to further expand themarket penetration of new products. However,
they also show that the influence of such "gravity pull" declines at higher levels of quality.
In column (2) we add to the benchmark regression specification (22) a full set of fixed

effects for all the combinations of ‘secondmarket(s) of entry’ present in the data. These
fixed effects will control for the fact that certain countries may tend to bemore regularly
those where market expansions take place after the initial entry of a new model. In
addition, these fixed effects will account for the specificities of the geography of each
country, which will differ in terms of the number of neighboring countries (and their levels
of income).37 Next, in column (3) we also include a set of brand fixed effects. The reason
for this would be to control for the possibility that certain brandsmay in general bemore
regularly present in certainmarkets. Since different brands tend to vary aswell in terms of
the range of quality of models they offer to consumers, an uneven geographic distribution
of brand presence could represent a source of bias toward the results. As we can observe
from columns (2) and (3), both themagnitude and statistical significance of the estimate
for the coefficient of interest remain quite stable.
The specifications in columns (1)-(3) exploit a binary distinction between neighboring

vs. non-neighboring pairs of countries. Although this approach has the appeal of
highlighting the fluidity of sharing a border, it overlooks important aspects of the
37Note that the set of fixed effects in column (1), ψΦj , had controlled for the geographicspecificities of the ‘first market(s) of entry’ but not for those of the ‘secondmarket(s) of entry’.
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geography of countries in our dataset. One is that the dependent variable treats all
pairs of non-contiguous countries identically regardless of how distant they are from each
other.38 Analogously, all contiguous countries are also treated identically, as if they all
share an equally long border and have their entire populations sitting side by side across
their common border.
To account for these nuances, in columns (4)-(6), we replace the dependent variable

Sj in (21) by one that reflects the average distances between markets. For each
pair m and m′, we use their bilateral weighted geographic distance dist (m,m′) =

dist (m′,m), where weights are based on city-level population distribution in each of
the two countries.39 Based on the bilateral distances, we define Mean_Distj =

1
#Θj
·
∑

m′∈Θj

(
1

#Φj
·
∑

m∈Φj
dist (m,m′)

)
] to be used as the dependent variable in

specifications (4)-(6).
All results remain qualitatively in line with those in columns (1)-(3). In terms of its

quantitative interpretation, the estimate for β in column (1) entails that the average
distance between the first market(s) of entry and those to where the first wave of market
expansion takes place tends to be approximately 17% greater for the variety in 95th-
percentile of quality than for the variety in 5th-percentile of quality.
The previous results demonstrate that market expansions for higher quality products

tend to occur farther away from the initial entry markets. If these initial markets overlap
with the country of manufacture, one plausible explanation for this pattern is the Alchian-
Allen effect (Alchian and Allen, 1964), often referred to as ’shipping the good apples
out’. This hypothesis states that, when facedwith per-unit transaction or shipping costs,
producers find it more profitable to sell higher-quality versions of their products in more
distant markets [see, e.g., Hummels and Skiba (2004), Baldwin andHarrigan (2011), and
Crozet et al. (2012)].
From one perspective, our findings on the geography of market expansions can be

seen as a dynamic extension of the static Alchian-Allen effect. However, our model goes
further, offering additional predictions beyond the traditional "shipping the good apples
out" framework. According to our model, the observed greater distances between initial
entry markets and subsequent expansionmarkets for higher quality varieties result from
nonhomothetic demand factors pulling more strongly against gravity forces for premium
products than for entry-level ones. This interplay –or "tug-of-war"– between variable
38Thatmeanswe are treating an expansion fromGermany to Italy as equal to one fromGermany

to Portugal, even though the shortest distance between the former is 70 kmwhile between the
latter is almost 2000 km.
39Bilateral distance data are sourced fromCEPII database – see Conte, Cotterlaz andMayer

(2022).
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markups and gravity effects occurs regardless of themanufacturing country’s location. As
a result, our model predicts similar patterns in the average distance of market expansions,
regardless of whether or not the first entry market coincides with the manufacturing
country. We term this broader pattern as "spreading the good apples out."
To test whether the data are also consistent with this idea, we leverage the brand-level

production locations summarized in Appendix C.2 to conduct two additional regressions
based on the subsample of products for which we can be certain that the country of
manufacture differs from the initial market of entry. Columns (4) and (8) replicate those
in columns (3) and (7), respectively, based now on the restricted subsample of products.
Notice that, in this specific setting, the inclusion of brand fixed effects also controls for
the distribution of manufacturing locations across brands in the sub-sample. These last
two results show that evenwhen focusing on products initially launched outside of their
country ofmanufacture, geographic proximity still plays a relatively smaller role inmarket
expansion decisions for higher-quality products.

Geographic Distance vs. Income Similarity
Combining insights from Propositions 3 and 4, our model predicts that as product quality
increases, income similarity becomes amore significant driver of market expansion than
geographic proximity. The interplay between these two different forces results in the
"spreading the good apples out" pattern observed in market rollouts, where income-
dependent demand gradually outweighs the pull of geographic closeness at higher quality
levels. We conclude this section by examiningwhether the pattern of expansion –from
the firstmarket(s) of entry to the secondmarket(s) of entry– aligns with these predictions.
To that end, Table 6 presents a series of conditional logit regressions in which the

dependent variable is the binary indicator Secondjm, equal to one if countrym is among
the ‘secondmarket(s) of entry’ of model j (i.e., ifm ∈ Θj), and zero otherwise. Because
we aim to analyze market rollout patterns following the initial entry, we exclude all
observations corresponding to the first market(s) of entry (Φj) for eachmodel j.
In terms of covariates, columns (1) and (2) include the dummy variable contigjm, which

equals one if countrym is contiguous to at least one country in j’s set of first market(s)
of entry (Φj), and an interaction term contigjm × qj , where qj denotes the quality of j.
Columns (3) and (4) replace contigjm with distjm, the (log) distance betweenm and the
nearest country within the set Φj . In addition, all specifications include the variable
linderjm and its interaction with quality. linderjm is defined as the absolute difference in
log GDP per capita between countrym and the log average GDP per capita among the
countries within the setΦj , capturing the degree of income dissimilarity between country
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TABLE 6. Market Expansions: Geographic Distance vs. Income Similarity
(1) (2) (3) (4)

linder -2.199*** -2.775*** -2.701*** -3.169***
(0.081) (0.092) (0.083) (0.093)

linder x quality -0.579*** -0.576*** -0.512*** -0.389**
(0.175) (0.189) (0.176) (0.187)

contig 1.374*** 0.872***
(0.031) (0.039)

contig x quality -0.292*** -0.298***
(0.068) (0.076)

dist -0.919*** -0.702***
(0.023) (0.034)

dist x quality 0.358*** 0.353***
(0.049) (0.059)

Product FE Yes Yes Yes Yes
Country FE No Yes No Yes
Observations 95,190 95,190 95,190 95,190

Notes: The dependent variable is a binary variable equal to one when countrym is a secondmarket
of entry formodel j, and zero otherwise. The sample includes onlymarkets that have not been a
first market of entry of model j (i.e., it excludes all the observations which correspond to a first
market of entry). ‘contig’ is a dummy variable that equals onewhen countrym shares a border with
at least one of the first markets of entry of model j, and zero otherwise. ‘dist’ is the (log) distance
betweenm andmodel j’s first market of entry (in cases withmultiple first market of entry, we use
the logmean distance). ‘linder’ is defined as the absolute value of the difference between the log
income per capita of countrym and the log income per capita of the first market of entry for model
j. Robust standard errors clustered at the model level in parenthesis. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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m and the set of initial entrymarkets of model j.40 All specifications includemodel fixed
effects, while those in columns (2) and (4) incorporate also country fixed effects.
The results in Table 6 indicate that both geographic proximity and income similarity

influence second markets of entry choices. The positive (resp. negative) coefficient
associatedwith the variable contigjm (resp. distjm) suggests that second-entrymarkets
tend to be geographically closer to the initial markets. Likewise, the negative coefficient
on linderjm indicates a preference for secondmarkets with income levels more similar to
those of the first market of entry. Importantly, these effects vary by quality level. In line
with the findings in Table 5, the impact exerted by geographic distance weakens with the
level of quality. In contrast, the effect of income similarity becomesmore pronounced at
higher quality levels. Specifically, the negative coefficient associated with the interaction
term linderjm × qj signals that the influence of income similarity plays a progressively
stronger role in guidingmarket expansion as quality increases.

8 Numerical analysis
In this section, we extend the model developed in Section 5 by calibrating it to the
European refrigerator market and drawing on the preceding empirical analysis. The
quantitative framework relaxes some of the restrictive assumptions of the stylizedmodel
in order to better capture the European context. In particular, we allow countries to differ
not only in per capita income but also in total GDP, and we drop the assumption that
markets are located on a fractal geography.

Calibration strategy
Wemaintain the two-market-type/two-quality-tier structure of the analytical framework.
Themarkets and fridgemodels are divided by income and quality levels as described in
Section 4 and Section 2, respectively. For eachmarket tier, we construct a representative
market that reproduces themainmoments of the 12 European countries in that subset.
Table 7 summarizes the targetedmoments: the rich-to-poor ratios of real and nominal
GDP (Items 1.1-1.2), the average number of neighbors by income type (1.3-1.5), the
quality differential (1.6), and three indicators that govern product turnover (1.7) and
spatial diffusion (1.8-1.9).
40More formally, linderjm is given by ∣∣ln ym − ln yΦj

∣∣, where ym is the income per capita of
countrym, and ln yΦj = ln

(
1

#Φj

∑
k∈Φj

yk

)
, with#Φj denoting the number of elements of the set

Φj and k ∈ Φj indexing the countries in the set of first market of entry for model j.
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TABLE 7. Calibration targets
Item Notation Target Value
1.1 yr ratio of rich-to-poormarket real per capita GDP 1.7145
1.2 Υr ratio of rich-to-poormarket aggregate GDP 5.1150
1.3 θpp′ poormarket’s number of poor neighbors 2.3333
1.4 θyy′

number of neighbors of market with income y = p, r
in the subset of markets with income y′ 6= y 0.5833

1.5 θrr′ richmarket’s number of rich neighbors 2.0833
1.6 h− l

number of models ratio (low-quality in richmarket
to high-quality in poormarket) 1.8903

1.7 δ share of withdrawn fridge varieties 0.2500
1.8 ϕ

fraction of fridge varieties that expand to further
markets (after their first entry) 0.8080

1.9 λ
fraction of non-neighboring expansionmarkets
(out of the total count of expansions) 0.4144

Notes: The table reports the empirical targets used in the calibration. The first column enumerates
the targets. The second column identifies the relevant theoretical item using themodel’s notation.
The third column describes the empirical target used to calibrate the theoretical item. The fourth
column reports the observed values of the targets.

Because entry and expansion costs are not directly observable in our dataset, we
pin down Items 1.8-1.9 indirectly, by requiring the calibrated model to reproduce (i)
the share of varieties that expand beyond their first destination and (ii) the fraction of
expansions into non-neighboring markets. These values are drawn from the empirical
work discussed in Section 7, according to the results presented in Table 5. Similarly, the
quality differential (Item 1.6) is picked indirectly and set so that themodel matches the
observed ratio between low-quality models sold in richmarkets and high-quality models
sold in poor ones.41

Numerical results
Table 8 compares the predictions of the calibrated model with their empirical
counterparts. Specifically, for each item listed in the first column, the third column
reports the simulated values identified in the second column using themodel notation.
The observed values are reported in the fourth column, with their definitions provided
in the fifth column. For ease of interpretation, note that a model abstracting from
nonhomotheticities linked to quality would predict that Items 2.2-2.5 equal one and Items
2.6-2.7 coincide. Relative to such a homothetic scenario, the calibratedmodel accounts
41Additional technical details on the calibration strategy are reported in Appendix E.
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TABLE 8. Numerical results
Item Notation Cal Obs Description
2.1 ρ/N̄ 0.118 0.101 ratio of newly introduced to total mass of models
2.2 Nlp/Nhp 1.662 1.730 ratio of low- to high-quality models in poormarkets
2.3 Nlr/Nhr 0.559 0.614 ratio of low- to high-quality models in richmarkets
2.4 N f

lp/N
f
hp 2.286 1.640 ratio of low- to high-quality first-entrymodels

in poormarkets
2.5 N f

lr/N
f
hr 0.667 0.530 ratio of low- to high-quality first-entrymodels

in richmarkets
2.6 S̄l 0.374 0.372 high-quality models’ fraction of non-neighboring

expansionmarkets
2.7 S̄h 0.455 0.462 low-quality models’ fraction of non-neighboring

expansionmarkets
Notes: The table contrasts the predictions of the calibrated model (third column) with their
empirical counterparts (fourth column) for each item enumerated in the first column and specified
theoretically in the second column. The last column provides a short description of each statistic.

for about 86% of the observed variation. It performs particularly well in matching the
quality-specific fractions of non-neighboring expansions (gap of 2.1%) and less well in
capturing the ratio of low- to high-quality first-entry models in poor markets (gap of
39.4%).
We also investigate themarginal effects of market size (variation in aggregate GDP)

and geographic agglomeration by income (featured by an unequal number of rich and
poor neighbors). To do so, we counterfactually impose the relevant restrictions assumed
in the baselinemodel (namely, equal GDP across countries and fractal geography). Figure
5 illustrates the results: each group of five bars corresponds to one of the outcomes in
Items 2.2-2.7 of Table 8. Within each group, the first two bars, drawn for reference, show
the observed and calibrated values. The remaining bars report the predictions of the
calibratedmodel under each additional restriction, with the last bar incorporating both
restrictions. The framework in the last exercise can be interpreted as a calibrated version
of the baseline model, adjusted for the number of accessible expansionmarkets to match
our dataset’s spatial dimension. 42
The figure reveals three main findings. First, the association of low quality with

poormarkets and high quality with richmarkets declines when equal market size or no-
agglomeration is imposed. Second, each assumption reduces the share of non-neighboring
42Specifically, we let θyy′ match the average number of neighboring markets observed in thedata, for each pair of income class between the first-entry market (y = p, r) and expansionmarket

(y′ 6= y).
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FIGURE 5. Comparative statics: model outcomes under alternative assumptions.
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Notes: The figure illustrates the effect of re-imposing, one at a time, the simplifying assumptions of
the baselinemodel –equal market size and no agglomeration– on the calibrated framework. Each
group of six bars corresponds to one of the Items in Table 8. Within each group, the first two bars,
drawn for reference, show the observed and calibrated values. The following two bars show the
predictions after imposing, in turn, a single additional restriction, while the last bar combines both
restrictions, thus reproducing a calibrated version of the baselinemodel, adjusted for the number
of accessible expansionmarkets.

expansions, with themarket size scaling down producing the largest decline. Third, while
the calibrated version of the baseline model reproduces the qualitative pattern of the
data, it lacks sufficient variation tomatch the observedmagnitudes, a gap closed only by
the fully calibrated specification.
The counterfactual analysis illustrated in Figure 5 yields important insights regarding

the variety of models a market can attract. In the context of European geography, the
average low-incomemarket is disadvantaged not only because of its lower purchasing
power, but also because it is typically smaller than a high-incomemarket and surrounded
by other poor markets. The average European low-incomemarket is estimated to lose
an additional 14% ofmodels, almost exclusively of high quality, due to its smaller size. A
comparable loss arises from being located next to other low-income countries. However,
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in this case, the negative effect on total model count is partially offset by a 7% increase in
the number of low quality models.
These findings imply that there may be relative winners and losers even within the

same income class. For example, Latvia (a small low-income country bordered only by
similarly poor neighbors) attracts just 37% of the average number of high-quality models
that reach low-income EU markets. The calibrated model predicts that Latvia would
attract 25%more high-quality models if it had the same neighbors profile as Slovenia, and
asmuch as 50%more if it had the population of Poland. In this respect, the analysis lends
itself to policy-oriented applications with both intended and unintended consequences.
For example, Ireland (a small but high-income country not covered in our dataset) would
have likely experienced a substantial reduction in product variety (especially of high
quality) after Brexit via losing its only EU neighbor, the UK, a large and affluent market.

9 Conclusion
This paper has studied the dynamics of entry of vertically differentiated products into a
world economywheremarket expansions face geographic frictions and consumers exhibit
nonhomothetic preferences for quality. Our findings reveal that geographic proximity is a
key determinant in themarket expansion strategies of lower quality products. However,
its importance diminishes for higher-quality products as high-end producers prioritize
catering to wealthier consumers’ preference for quality over spatial considerations. This
distinction in strategy underscores the critical role of income distribution in shaping
market expansion paths within vertically differentiated industries.
The empirical analysis of the refrigerator industry across 24 different European

countries validates our model’s main predictions, showing that high-quality products
are indeed introduced first in wealthier countries and subsequently expanded tomore
distant, high-demandmarkets. Meanwhile, lower-quality products adheremore strictly
to geographic proximity in their market entry sequences.
These results highlight how income-related preferences impact the broader structure

of global trade networks and the diffusion of product innovations, with significant
implications for the formulation of export strategy. By acknowledging that high- and
low-quality goods tend to follow distinct geographic and income-based pathways,
policymakers can tailor more refined export-promoting platforms that account for quality
differences. For example, logistic support and policies aimed at overcoming trade frictions
may have amuch stronger impact on lower-quality versions of goods than on premium
ones. However, promoting quality improvement would require an enhanced effort in the
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establishment of trade agreements with richer economies without an excessive concern
about prioritizing geographic considerations.
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Appendix
A Proofs
Proof of Proposition 2. Bearing inmind (12) and (14), and recalling that∆qy ≡ Λqy − Λqy′

and Pqy′ = 2/M − Pqy , the steady-state equilibrium will be characterised by the
(simultaneous) solution of the following four equations stemming from (13):

LP -locus : Φ̃
(
µ∗lp, µ

∗
lr

)
+

2 (1− δ)
M

Γ
(
µ∗lp
)

=
δ

ρM
N∗lp, (23)

LR-locus :
2

M
− Φ̃

(
µ∗lp, µ

∗
lr

)
+

2 (1− δ)
M

Γ (µ∗lr) =
δ

ρM
N∗lr, (24)

HP -locus :
2

M
− Φ̃

(
µ∗hr, µ

∗
hp

)
+

2 (1− δ)
M

Γ (µ∗lr) =
δ

ρM
N∗hp, (25)

HR-locus : Φ̃
(
µ∗hr, µ

∗
hp

)
+

2 (1− δ)
M

Γ (µ∗hr) =
δ

ρM
N∗hr, (26)

where Φ̃
(
µ∗qy, µ

∗
qy′

)
≡ Φ

(
Λ
(
µ∗qy
)
− Λ

(
µ∗qy′
))
∈ [0, 2/M ], with ∂Φ̃

(
µ∗qy, µ

∗
qy′

)
/∂µ∗qy > 0 and

∂Φ̃
(
µ∗qy, µ

∗
qy′

)
/∂µ∗qy′ < 0, and Γ

(
µ∗qy
)
≥ 0, with Γ′

(
µ∗qy
)
≡ ∂Γ

(
µ∗qy
)
/∂µ∗qy > 0. Each of

these four equations represent the locus along which the mass of varieties of a given
quality in markets of a given income (namely, the one depicted on the RHS of the relevant
equation) remains constant over time.
Notice that (9) and (10) in Proposition 1 imply that, in a steady state, µ∗hp = µ∗lp = µ∗p

and µ∗lr = µ∗hr − ln y. Furthermore, the following two relationsmust be verified:

N∗hp =
1

µ∗p − 1
−N∗lp, (27)

N∗hr =
1

µ∗hr − 1
− µ∗hr − 1− ln y

µ∗hr − 1
N∗lr. (28)

Using (27) to equalise (23) and (25), (28) to equalise (24) and (26), and the equations
µ∗hp = µ∗lp = µ∗p and µ∗lr = µ∗hr − ln y, we may reduce (23)-(26) to the system of two
equations in two unknowns (namely, µ∗p and µ∗hr):

P -locus : Φ̃
(
µ∗p, µ

∗
hr − ln y

)
+

2 (1− δ)
M

Γ
(
µ∗p
)

+
2

M
− Φ̃

(
µ∗hr, µ

∗
p

)
+

2 (1− δ)
M

Γ (µ∗hr − ln y)− δ

ρM

1

µ∗p − 1
= 0, (29)

R-locus :
2

M
− Φ̃

(
µ∗p, µ

∗
hr − ln y

)
+

2 (1− δ)
M

Γ (µ∗hr − ln y)

+ χ (µ∗hr)

[
Φ̃
(
µ∗hr, µ

∗
p

)
+

2 (1− δ)
M

Γ (µ∗hr)−
δ

ρM

1

µ∗hr − 1

]
= 0, (30)
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where χ (µ∗hr) ≡ (µ∗hr − 1) / (µ∗hr − 1− ln y) > 1, with:

χ′hr ≡
∂χ (µ∗hr)

∂µ∗hr
=

1− χhr
µ∗hr − 1− ln y

. (31)

The proof proceeds in three steps. Specifically, with reference to a (µ∗hr, µ∗p)Cartesian
representation, we show that: (i) if the loci ever cross each other, at that point theR-locus
is steeper than the P -locus; (ii) the R-locus lies below the P -locus for sufficiently low
mark-up levels; (iii) theR-locus lies above the P -locus when it crosses the 45◦ line.
Part (i). Note that the system (29)-(30) only includes Φ̃

(
µ∗p, µ

∗
hr − ln y

) and
Φ̃
(
µ∗hr, µ

∗
p

) as explicit first-entry probabilities. With a slight abuse of notation, we let:
Φ̃′lp ≡

∂Φ̃
(
µ∗p, µ

∗
hr − ln y

)
∂µ∗p

> 0, Φ̃′lr ≡
∂Φ̃
(
µ∗p, µ

∗
hr − ln y

)
∂µ∗hr

< 0,

Φ̃′hp ≡
∂Φ̃
(
µ∗hr, µ

∗
p

)
∂µ∗p

< 0, Φ̃′hr ≡
∂Φ̃
(
µ∗hr, µ

∗
p

)
∂µ∗hr

> 0,

Furthermore, we also let:

Γ′p ≡
∂Γ
(
µ∗p
)

∂µ∗p
> 0, Γ′lr ≡

∂Γ (µ∗hr − ln y)

∂µ∗hr
> 0, Γ′hr ≡

∂Γ (µ∗hr)

∂µ∗hr
> 0.

Differentiating (29) and (30) yields:(
Φ̃′hr − Φ̃′lr

)
dµ∗hr =

(
Φ̃′lp − Φ̃′hp + A

)
dµ∗p, (32)(

χhr (µ∗hr) Φ̃′hr − Φ̃′lr +B
)
dµ∗hr =

(
Φ̃′lp − χhr (µ∗hr) Φ̃′hp

)
dµ∗p, (33)

where:

A ≡
2 (1− δ)

(
Γ′p + Γ′lr

)
M

+
δ

ρM
(
µ∗p − 1

)2 > 0,

B ≡ 2 (1− δ) (Γ′lr + χhr (µ∗hr) Γ′hr)

M
+

2−MΦ̃
(
µ∗p, µ

∗
hr − ln y

)
+ 2 (1− δ) Γ (µ∗hr − ln y)

M (µ∗hr − 1− ln y)
> 0,
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and in (33) we used (31) in conjunction with (30) to replace:

−
χ (µ∗hr)

[
2(1−δ)Γ(µ∗hr)

M
+ Φ̃

(
µ∗hr, µ

∗
p

)
− δ

ρM
1

µ∗hr−1

]
µ∗hr − 1− ln y

=

2
M
− Φ̃

(
µ∗p, µ

∗
hr − ln y

)
+

2(1−δ)Γ(µ∗hr−ln y)
M

µ∗hr − 1− ln y
.

Rearranging, we have:
dµ∗p
dµ∗hr

∣∣∣∣
P

=
Φ̃′hr − Φ̃′lr

Φ̃′lp − Φ̃′hp + A
> 0, (34)

dµ∗p
dµ∗hr

∣∣∣∣
R

=
χ (µ∗hr) Φ̃′hr − Φ̃′lr +B

Φ̃′lp − χ (µ∗hr) Φ̃′hp
> 0. (35)

From (34) and (35), we observe:
dµ∗p
dµ∗hr

∣∣∣∣
P

<
dµ∗p
dµ∗hr

∣∣∣∣
R

. (36)

Suppose dµ∗p/dµ∗hr
∣∣
R
≤ dµ∗p/dµ

∗
hr

∣∣
P
. This inequality requires:

(
Φ̃′lp − Φ̃′hp + A

)(
χ (µ∗hr) Φ̃′hr − Φ̃′lr +B

)
≤

(
Φ̃′lp − χ (µ∗hr) Φ̃′hp

)(
Φ̃′hr − Φ̃′lr

)
. (37)

SinceA,B > 0, (37) also implies:(
Φ̃′lp − Φ̃′hp

)(
χ (µ∗hr) Φ̃′hr − Φ̃′lr

)
<
(

Φ̃′lp − χ (µ∗hr) Φ̃′hp

)(
Φ̃′hr − Φ̃′lr

)
,

which in turn boils down to:
Φ̃′hrΦ̃

′
lp < Φ̃′hpΦ̃

′
lr. (38)

Recall that:

Φ̃
(
µ∗hr, µ

∗
p

)
≡ Φ

(
Λ (µ∗hr)− Λ

(
µ∗hp
))
, (39)

Φ̃
(
µ∗p, µ

∗
hr − ln y

)
≡ Φ

(
Λ
(
µ∗lp
)
− Λ (µ∗lr)

)
. (40)

Differentiating (39) and (40) yield, respectively:

Φ̃′hr = Φ′ (·) Λ′ (µ∗hr) and Φ̃′hp = −Φ′ (·) Λ′
(
µ∗hp
)
, (41)

Φ̃′lp = Φ′ (·) Λ′
(
µ∗lp
) and Φ̃′lr = −Φ′ (·) Λ′ (µ∗hr − ln y) . (42)
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Since µ∗hp = µ∗lp = µ∗p, plugging the expressions in (41) and (42) into (38) leads to the
following sufficient condition for (36) to hold:

Λ′ (µ∗hr) < Λ′ (µ∗hr − ln y) .

Recall that, whenever µ > 1,Λ′ (µ) = δ−1 (1− µ−2) > 0 andΛ′′ (µ) = 2δ−1µ−3 > 0. Hence,
it follows thatΛ′ (µ∗hr) ≥ Λ′ (µ∗hr − ln y), leading to a contradiction. Thus, (36) must hold
true.
Part (ii). Recall that Φ̃ (·) is bounded above and below andΓ (1) = 0. Let µ∗p = 1 and denote
by µ̌∗R the level of µ∗hr that makes (30) hold true when µ∗p = 1. The resulting expression
reads:

2

M
− Φ̃ (1, µ̌∗R − ln y) +

2 (1− δ)
M

Γ (µ̌∗R − ln y)

+ χ (µ̌∗R)

[
Φ̃ (µ̌∗R, 1) +

2 (1− δ)
M

Γ (µ̌∗R)− δ

ρM

1

µ̌∗R − 1

]
= 0,

thus it must be the case that µ̌∗R > 1. Let now µ̌∗P denote the value of µ∗p satisfying (29)
when µ∗hr = µ̌∗R, and suppose that µ̌∗P = 1. From (29), it follows that:

Φ̃ (1, µ̌∗R − ln y) +
2

M
− Φ̃ (µ̌∗R, 1) +

2 (1− δ)
M

Γ (µ̌∗R − ln y)− δ

ρM
lim
µ̌∗P→1

(
1

µ̌∗P − 1

)
= 0,

where the LHS goes to−∞ as µ̌∗P → 1. Thus, it must be that µ̌∗P > 1 for (29) to hold, which
implies the P -locus lies above theR-locus for sufficiently lowmark-ups.
Part (iii). Recall that Φ̃ (µ, µ) = 1/M , and note that χ (∞) = 1. Furthermore, let Γ̂ denote
the upper-bound of Γ (µ). Firstly, let µ̂∗R denote the solution of (30) when µ∗p = µ∗hr = µ̂∗R,
and suppose that µ̂∗R →∞. It follows that:

2

M
+

4 (1− δ)
M

Γ̂− δ

ρM
lim

µ̂∗R→∞

(
1

µ̂∗R − 1

)
= 0,

where the LHS is strictly positive in the limit. Therefore, it must be that µ̂∗R <∞, implying
that theR-locus crosses the 45◦ line. Secondly, let µ̂∗P denote the solution of (29) when
µ∗p = µ∗hr = µ̂∗P , and suppose that µ̂∗P = µ̂∗R. From (29), we have:

Φ̃ (µ̂∗R, µ̂
∗
R − ln y) +

2 (1− δ)
M

Γ (µ̂∗R − ln y)

+
1

M
+

2 (1− δ)
M

Γ (µ̂∗R)− δ

ρM

1

µ̂∗R − 1
= 0. (43)
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Note from (30) that, in the case µ∗p = µ∗hr = µ̂∗R, we canwrite:

−
2
M
− Φ̃ (µ̂∗R, µ̂

∗
R − ln y) + 2(1−δ)

M
Γ (µ̂∗R − ln y)

χ (µ̂∗R)
=

1

M
+

2 (1− δ)
M

Γ (µ̂∗R)− δ

ρM

1

µ̂∗R − 1
.

Plugging this expression into (43) yields:

χ (µ̂∗R) Φ̃ (µ̂∗R, µ̂
∗
R − ln y)−

(
2

M
− Φ̃ (µ̂∗R, µ̂

∗
R − ln y)

)
+ (χ (µ̂∗R)− 1)

2 (1− δ)
M

Γ (µ̂∗R − ln y) > 0,

Therefore, it must be that µ̂∗P < µ̂∗R, implying that theL-locus lies below theR-locus when
the latter crosses the 45◦ line.
Bearing in mind all the previous three steps, it follows that theremust exist one single

combination (µ∗hr, µ∗p) ∈ (1,∞)× (1,∞), where also µ∗hr > µ∗p, satisfying (29) and (30).
Finally, it must be that µ∗lp > µ∗lr. To see this, note preliminarily that µ∗hr > µ∗hp implies

Φ̃
(
µ∗hr, µ

∗
hp

)
> 1/M , hence from (25) and (26) it follows thatN∗hr > N∗hp. Now, suppose

that µ∗lp ≤ µ∗lr. We have Φ̃
(
µ∗lp, µ

∗
lr

)
≤ 1/M , which in conjuction with (23) and (24)

yieldsN∗lp ≤ N∗lr. However, (9) requires that 1/ (N∗lr +N∗hr) ≤ (1−N∗hr ln y) (N∗lp + N∗hp),
contradictingN∗lp ≤ N∗lr.

Proof of Proposition 3. Notice that, since yp = 1 entailsΛ∗hp = Λ∗lp = Λ∗p, wemaywrite:

S∗h =
(G (Λ∗hr))

λ +
(
G
(
Λ∗p
))λ

G (Λ∗hr) +G
(
Λ∗p
)

+ (G (Λ∗hr))
λ +

(
G
(
Λ∗p
))λ , (44)

S∗l =
(G (Λ∗lr))

λ +
(
G
(
Λ∗p
))λ

G (Λ∗lr) +G
(
Λ∗p
)

+ (G (Λ∗lr))
λ +

(
G
(
Λ∗p
))λ . (45)

Recall thatG (Λ∗hr) > G
(
Λ∗p
)
> G (Λ∗lr) sinceΛ∗hr > Λ∗p > Λ∗lr.

Note that, letting:
Σ (x) ≡

(G (x))λ +
(
G
(
Λ∗p
))λ

G (x) +G
(
Λ∗p
) , (46)

wemay re-express (44)-(45) as:

S∗h = [1 + (1/Σ (Λ∗hr))]
−1 ,

S∗l = [1 + (1/Σ (Λ∗lr))]
−1 .

Therefore, proving S∗h > S∗l amounts to proving that Σ (Λ∗hr) > Σ (Λ∗lr). Let thus
θq ≡ G

(
Λ∗qr
)
/G
(
Λ∗p
), note that θh > 1 > θl. Noting thatG (Λ∗qr) = θqG

(
Λ∗p
), and plugging
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the relevant expressions into (46) the following condition obtains:

Σ (Λ∗hr) > Σ (Λ∗lr) ⇔
(
1 + θλh

)
(1 + θh)

>

(
1 + θλl

)
(1 + θl)

,

which indeed holds true because λ > 1.

Proof of Proposition 4. Recall thatPqy denotes the probability that amarket with income
level y becomes the initial market of entry of a variety of quality q, and that Γ(µqy) the
probability that a variety of quality q undergoes a market expansion towards a given
market with income y. Therefore, the probability that a variety with q = hwill expand in
the next period to amarket with the same income as the initial market of entry is given by:

Pr(y1st = y2nd|h) = Phr Γ(µ∗hr) + Php Γ(µ∗hp);

whereas the analogous probability for a variety with q = l is:

Pr(y1st = y2nd| l) = Plr Γ(µ∗lr) + Plp Γ(µ∗lp).

Bearing now inmind thatPhp = (2/M)− Phr andPlp = (2/M)− Plr, wemaywrite:

Pr(y1st = y2nd|h) = Phr
(
Γ(µ∗hr)− Γ(µ∗hp)

)
+

2

M
Γ(µ∗hp) (47)

and
Pr(y1st = y2nd| l) = Plr

(
Γ(µ∗lr)− Γ(µ∗lp)

)
+

2

M
Γ(µ∗lp). (48)

Lastly, since in equilibrium µ∗hp = µ∗lp = µ∗p > µ∗lr, from (47) and (48) it follows that
Pr(y1st = y2nd|h)− Pr(y1st = y2nd| l) = Phr

(
Γ(µ∗hr)− Γ(µ∗p)

)
+ Plr

(
Γ(µ∗p)− Γ(µ∗lr)

)
> 0.
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Online Appendix (Not Intended for Publication)

B Additional Empirical Results and Robustness Checks
C Additional Data Descriptives

FIGURE C.1. Quality Index Distribution
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Notes: Histogram of the estimated quality index for each product in the data based on eq. (2).
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FIGURE C.2. Premium and Entry-level Unit-sale-shares by Income per Capita
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(b) Premium
Notes: The figure plots country-specific yearly shares of the unit sales of entry-level products from
total unit sales in (a) and of premium products (unit sales of premium-quality products over total
unit sales per year) in (b) vis-a-vis GDP per capita. Entry-level products are those in quantile one,
and premium products – in quantile four of the product-specific quality estimates obtained from
eq. (2). The lines in both graphs are linear prediction plots.

FIGURE C.3. Order ofMarket Entry vis-a-vis Income for Products with at Least 5 Destinations
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and below-median income countries

Notes: The figure replicates Plots (a) and (b) in Figure 2 in themain text, but reduces the sample
only to products with at least 5 sales destinations (1,998 devices). In this figure, therefore, the
composition of products per market-entry order is the same. Plot (a) depicts average income per
capita by products’ order of market entry (first, second, third, etc. market) and quality (premium
products (quantile four) shown as solid line, and entry-level products (quantile one) – as dashed
line) for all products. Plot (b) depicts the same relationship but pertains to products sold both in
above-median and below-median income countries. The order of market entry is determined as
per Table C.5. Quality quantiles are based on the full set of products. For comparability, the range
of the y-axis is held constant across plots.
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TABLE B.1. Quality Index Generation
Coef. S.e.
(1) (2)

noforst
yes 0.318*** 0.011
doors
2 doors frz btm -0.031** 0.012
2 doors frz top -0.200*** 0.016
3+ doors 0.717*** 0.049
side by side 0.690*** 0.019
energy label
A+ 0.148*** 0.010
A++ 0.305*** 0.013
A+++ 0.511*** 0.016
B -0.036 0.029
C 0.183 0.193
brand
2.b -0.650*** 0.027
3.b -0.342*** 0.039
4.b -0.204*** 0.023
5.b -0.502*** 0.021
6.b -0.236*** 0.039
7.b -0.741*** 0.030
8.b -0.036* 0.021
9.b -0.468*** 0.023
10.b -0.160*** 0.040
11.b -0.468*** 0.031
12.b -0.266*** 0.022
13.b -0.113*** 0.031
14.b -0.710*** 0.026
15.b -0.258*** 0.035
16.b 1.126*** 0.110
17.b -0.218*** 0.023
18.b -0.709*** 0.053
19.b -0.377*** 0.026
20.b -0.318*** 0.028
21.b -0.467*** 0.021
22.b 0.079* 0.046
23.b -0.599*** 0.042
24.b 0.352*** 0.045

Coef. S.e.
(1) (2)

25.b -0.245*** 0.025
26.b 0.220*** 0.026
27.b 0.512*** 0.036
28.b 0.191*** 0.029
29.b -0.125*** 0.034
30.b -0.852*** 0.033
31.b -0.331*** 0.031
32.b -0.591*** 0.045
33.b -0.318*** 0.025
34.b -0.347*** 0.055
35.b -0.524*** 0.030
36.b 0.004 0.053
37.b 0.041* 0.024
38.b 0.495*** 0.055
39.b -0.503*** 0.025
40.b -0.396*** 0.031
41.b -0.266*** 0.021
42.b -0.419*** 0.025
N 926,183
Notes: The table shows
the estimated coefficients from
eq. (1) used in the calculation
of the product-specific quality
index. The excluded type of
refrigerator belongs to brand
AEG, has an energy class A,
no ‘nofrost’ function, and one
door greater than 90 cm. See
a detailed description of these
variables in Table C.2. Further
information on the 41 brands
shown in the table is available
upon request from the authors.
Standard errors are robust and
clustered by product. * p < 0.10,
** p < 0.05, *** p < 0.01.
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TABLE B.2. Determinants of FirstMarket Entry: Additional Covariates
(1) (2) (3) (4) (5) (6)

log Income 1.458** 1.565** 1.296** 0.254 1.163 0.373
(0.646) (0.763) (0.640) (0.752) (0.815) (0.978)

ln Income×q̂ 1.814*** 1.691*** 1.924*** 1.780*** 1.369*** 1.425***
(0.564) (0.569) (0.584) (0.560) (0.409) (0.489)

ln Pop 3.492 5.074
(7.859) (6.674)

ln Pop×q̂ 0.097 0.095
(0.090) (0.062)

ln Energy -0.859 -0.528
(0.601) (0.562)

ln Energy×q̂ -0.146 -0.282
(0.452) (0.337)

ln Retail 1.721*** 1.486***
(0.516) (0.535)

ln Retail×q̂ -2.149** -2.692***
(0.983) (0.935)

MS brand 9.655*** 9.635***
(0.994) (0.978)

MS brand×q̂ -0.120 -0.113
(1.473) (1.409)

N 125,088 125,088 125,088 125,088 99,376 99,376
Notes: Themethod of estimation is conditional logit. The dependent variable equals one
for the first market(s) of entry and is set to zero for the remaining countries in a set of
24 possible European destinations. The first market(s) are determined by the earliest
date a product appears in any location. All specifications include country fixed effects.
The baseline specification without covariates is reported in column (1). ln Income, ln
Pop, ln Retail and ln Energy are the natural logarithms of annual GDP per capita (in PPP,
PennWorld Tables), annual population (PennWorld Tables), monthly index of turnover
for retail trade (except for motor vehicles andmotorcycles) sourced from Eurostat, and
half-yearly electricity prices for household consumers, inclusive of all taxes and fees for
consumption band from 2 500 kWh to 4 999 kWh, sourced from Eurostat. “MS brand” is
a country-date-brand-specificmarket share. q̂ is the product-specific quality index from
eq. (1). Standard errors are clustered by brand. * p < 0.10, ** p < 0.05, *** p < 0.01.

4



TABLE B.3. Determinants of EarlierMarket Entry: Additional Covariates
(1) (2) (3) (4) (5) (6)

ln Income 4.271*** 4.363*** 4.288*** 4.525*** 2.738*** 2.837***
(0.562) (0.586) (0.599) (0.569) (0.476) (0.528)

ln Income×q̂ 1.535*** 1.315*** 1.427*** 1.497*** 1.702*** 1.223***
(0.393) (0.352) (0.334) (0.386) (0.336) (0.326)

ln Pop 1.335 4.152**
(2.704) (1.894)

ln Pop×q̂ 0.196*** 0.232***
(0.066) (0.088)

ln Energy 1.569*** 2.255***
(0.192) (0.330)

ln Energy×q̂ 0.130 0.270
(0.193) (0.248)

ln Retail -0.121 -0.128
(0.185) (0.206)

ln Retail×q̂ -1.032*** -0.236
(0.373) (0.458)

MS brand 6.469*** 6.297***
(1.022) (0.990)

MS brand×q̂ 0.283 0.630
(1.498) (1.439)

N 125,088 125,088 125,088 125,088 50,352 50,352
Notes: The method of estimation is a ranked-orderd logit. The dependent variable is
Rank, which gives the highest value to the first market of entry of product j up to a value
of zero for any of the 24 EU markets in the sample, in which product j never enters.
See also Table C.5 for further discussion on the construction of the dependent variable.
All specifications include country and year fixed effects. For convenience, the baseline
specification without additional covariates is shown in column (1). Log Income, log Pop,
log Retail and log Energy are the natural logarithms of annual GDP per capita (in PPP,
PennWorld Tables), annual population (PennWorld Tables), monthly index of turnover
for retail trade (except for motor vehicles andmotorcycles) sourced from Eurostat, and
half-yearly electricity prices for household consumers, inclusive of all taxes and fees
for consumption band from 2 500 kWh to 4 999 kWh, sourced from Eurostat. “Market
share brand” is a country-date-brand-specific market share. “Quality” is the product-
specific quality measure from eq. (1. Standard errors are robust and clustered by brand.
* p < 0.10, ** p < 0.05, *** p < 0.01.
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TABLE B.4. Role of Income andQuality in EarlierMarket Entry within Brand
Brand ln Income S.e. ln Income×q̂ S.e. Observations

Bosch 4.166*** (0.754) 0.427 (0.337) 8880
Gorenje 6.486*** (1.184) 1.746*** (0.668) 8856
Whirlpool 2.660*** (0.866) 1.147*** (0.256) 8256
Samsung 3.262*** (0.924) 2.407*** (0.350) 7800
Siemens 3.776*** (0.798) -0.465 (0.446) 7680
Electrolux 1.470** (0.738) 3.603*** (0.640) 6216
Liebherr 0.606 (0.721) 1.629*** (0.578) 6192
Bauknecht -0.319 (2.428) -1.855** (0.888) 5904
AEG 3.803*** (1.432) -0.244 (0.663) 5304
Beko 7.217*** (1.071) 1.160*** (0.377) 5040
Notes: Themethod of estimation is rank-ordered logit. All specifications are based on specification
(4) in Table 4. All specifications include country and product fixed effects. All rows are separate
regressions where the sample is split by the respective brand. The brand selection in the table
reflects the top-10 brands by number of products present in the estimation sample and listed in
full in Table C.6 in the Appendix. Standard errors, reported next to estimated coefficients, are
clustered by product. * p < 0.10, ** p < 0.05, *** p < 0.01.

TABLE C.1. Data Coverage
Span Country
01.2009-09.2013 Belgium, Denmark, Estonia, Finland, France, Greece, Italy, Latvia, Lithuania,

Netherlands, Portugal, Slovakia, Spain, Sweden, United Kingdom
01.2009-01.2017 Austria, Croatia, Czech Republic, Germany, Hungary, Poland, Serbia, Slovenia
Notes: The table reports data coverage inmonth-years per country. On average 86%of all products
on the EUmarket for the period 2009-2013 are present in the 8-country sample whose coverage
extends to 2017. The eight countries on average account for 49.6% of total expenditure in the
data for 2009-2013.
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TABLE C.2. Description of Refrigerators’ Characteristics inMain Data
Characteristics Description or Values
Annual energy
use

Annual energy consumptionmeasured in kilowatt hours per year. Mean 272
kWh; s.e. 95.7 kWh

Energy label A+++ (most efficient) (4.1%); A++ (23.8%); A+ (50.2%); A (21.0%); B (0.86%);
C (0.02%)

No-frost system Yes (35.9%); No (64.1%)
Brand Liebherr (11.5%); Bosch (9.6%);Whirlpool (8.1%), Gorenje (7.5%); Siemens

(7.4%); Electrolux (6.4%), Samsung (5.5%), others (44%)
Number of doors One door >90cm (20.6%); 2 doors, freezer bottom (56.6%); 2 doors, freezer

top (13.1%); 3+ doors (2.2%); side-by-side (7.5%)
Installation Built-in/built-under (23.2%); freestanding (76.8%)
Notes: The data lists the available refrigerator characteristics in the data. For categorical variables,
the percent of each value from total observations is reported in parentheses based on the sample
reported in Panel A of Table 1.

TABLE C.3. Description of Variables in Supplemental Data
Variable Description and Statistics
Energy Energy prices per kWh (Euro) for household consumers with consumption

from 2500-4999 kWh, all taxes and levies included. Frequency: bi-annual.
Coverage: h12009-h12017. Variation: Country-by-half-year. Source:
Eurostat. Mean: 0.168 s.dev.: 0.054. Min: 0.056Max: 0.305. N: 408.

Income GDP per capita (Euro). Frequency: yearly. Coverage 2009-2017. Variation:
Country-by-year. Source: PennWorld Tables. Mean: 32,316 s.dev.: 9,792.
Min: 12,108Max: 51,524N: 216.

Pop Population (in millions). Frequency: yearly. Coverage 2009-2017. Variation:
Country-by-year. Source: PennWorld Tables. Mean: 20.9 s.dev.: 23.8. Min:
1.31Max: 82.1 N: 216.

Retail Index of turnover for retail trade, except formotor vehicles andmotorcycles
(2010=100). Frequency: Monthly. Coverage: January 2009-January 2017.
Variation: Country-by-date(month-year). Source: Eurostat. Mean: 105.1
s.dev.: 15.21. Min: 60.6Max: 174.8 N: 2,328.

VAT rate Standard value-added tax rate. Frequency: monthly. Coverage 2009-2017.
Variation: Country-by-date. Source: European Commission. Mean: 0.21
s.dev.: 0.026. Min: 0.15Max: 0.27 N: 2,328.

MS Brand Ratio of total unit sales of a brand in a given country on a given date to total
sales within this country-date. Frequency: monthly. Coverage: January
2009-January 2017. Variation: Brand-by-country-by-date. Source: GfK
GmbH.Mean: 0.037 s.dev.: 0.059. Min: 0.00Max: 0.57 N: 42,963.

Herfindahl-
Hirschman Index
(HHI)

Mean of sum of MS Brand squared across brands within a country-date.
Frequency: monthly. Coverage: January 2009-January 2017. Variation:
Country-by-date. Source: GfKGmbH.Mean: 0.14 s.dev.: 0.054. Min: 0.065
Max: 0.39 N: 1,688.

Notes: The table describes the additional variables added to themain GfK data, their frequency,
coverage, variation, sources, and basic descriptive statistics, including the number of unique
observations (N).
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TABLE C.4. Descriptive Statistics: Full Sample
All By quality quartile

(1) (2) (3) (4)
Mean Mdn Mean Mdn Mean Mdn Mean Mdn Mean Mdn

Price 683 542 356 330 517 473 702 640 1,213 1060
(493) (129) (194) (291) (677)

N 926,183 244,258 240,470 224,912 216,543
Units 35.3 48.09 36.8 31.1 23.9

(110.3) (148.3) (106.8) (92.9) (74.8)
N 1,041,854 269,724 270,857 253,164 248,109
Qlty 0.128 -0.379 -0.023 0.282 0.779

(0.453) (0.155) (0.091) (0.091) (0.267)
N 11,547 3,167 3,233 2,524 2,623
Notes: The table shows descriptive statistics per product per date per country for the full sample
spanning January 2009 to January 2017. The following basic cleaning of the data has been
performed: zero or negative prices are replaced with missing observations; negative unit sales
are replacedwithmissing observations. ‘Quality’ is the time-invariant quality index constructed
from the hedonic specification (1). Columns (1)-(4) report statistics for four quantiles of the quality
index. ‘N’ denotes the number of observations. All prices are in Euro.
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TABLE C.5. Market Entry and Ranking
Market First date Market entry Rank Market entry Rankwith

order ties with ties
1st
Marketj

d̃j 1 24 1 24
2nd
Marketj

d̃j+entry_lag12 2 23 1 24
3rd
Marketj

d̃j +entry_lag13 3 22 2 23
... ... ... ... ... ...
... ... ... ... ... ...
... ... ... ... ... ...
nth
Marketj

d̃j +entry_lag1n nj 24− nj + 1 nj − ñj 24- (nj − ñj + 1)
Other
marketsj

– – 0 – 0

Notes: The table shows how themarket entry sequence of individual products over their life cycle
is determined by identifying country-specific first dates. First-date is the first month-year in which
product j has non-zero sales in countrym. An ‘EU-wide’ first-date, d̃j , is defined as the first timeproduct j is introduced anywhere in the EU. entry_lag is the monthly difference between the
first and any sequential markets. Thus entry_lag13 is themonthly difference of the first dates inthe first and thirdmarkets of entry. The series of country-specific first dates directly translates
into market-entry order. We construct the Rank variable by assigning a value of 24 to the first
market(s) reflecting the total number of countries in the data, 23 to the second, and so on until the
last market of entry, which is given a rank of 24− nj + 1. In many instances, products enter several
markets simultaneously. In the example shown in the fifth column, the 1st and 2ndmarkets are
contemporaneous such that entry_lag12 = 0. In this case, themarket entry order is the same, and so
are the assigned ranks. The total number of markets nj for products with tied entry are thereforeadjusted down by the number of markets with tied entry ñj . For example, if four countries areentered as third markets, then this tie has three duplicates. The assumption is that firms value ties
equally. Othermarketsj are thosemarkets out of the 24, in which product j is never sold. All ofthesemarkets are assigned a rank of zero.
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C.1 Market presence by annual cohorts and product’s average life-
cycles

Figure C.4 reveals the annual-cohort-specific market composition as separate annual-
cohorts’ shares (based onEU-wide entry years, whichweobserve even for already existing
products in 2009when the data starts) from the total number of products on offer in a
given year.
Focusing on 2009, the figure reveals that appliances in that year are a mixture of

annual cohorts 2004-2009, with the share of newly introduced products amounting to
19.8%. The top sub-bar on each bar indicates that throughout 2009-2016, the annual
share of newmarket entrants remains stable at close to 20%.
To understand the cohort-specific extent of market misidentification in the generation

ofmarket sequences, we need a reasonably accuratemeasure of average life cycles. While
it is difficult to provide descriptive statistics on the average product life-span given the
more limited country coverage from 2014 onwards and the end of the data set in January
2017, based on annual-cohort 2009, which has the longest presence in multiple markets,
products remain within a country for on average 3.75 years (s.e. 1.25 years), and EU-wide
– for 5.5 years. Conducting the same exercise with the sub-sample of eight countries
spanning 2009-2017, the country-specific life-cycle is 3.48 years (s.e 2.15), and the sub-
sample-wide – 5.57 (2.29 years), both values very close to the ones obtained with the
2009-annual-cohort alone.
Despite the presence of multiple annual cohorts per year as indicated in Figure C.4,

Figure C.5 shows that in terms of sales, invariably the four newest annual cohorts account
for more than 80% of the market share per year, such that with respect to meaningful
market shares, EU life-spans appear to not exceed 4 years. Given that country coverage
in the data is close to complete for the EU in the period 2009-2013, a global life-cycle of
about 4 years would indicate thatmarket sequences aremost accurately recovered for
annual cohorts 2009-2010 and least accurately for cohort 2013. For annual cohort 2013
only the first market of entry is ensured to be correctly identified as the data’s country
coverage reduces to 8 countries in 2014. Thus, the secondmarket of entry in the data for
this cohort will not necessarily match the actual secondmarket of entry, whichmay not
be in the data.
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FIGURE C.4. Product composition by annual-cohorts
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Notes: The bar chart shows the share of products by cohorts of first-year of market
entry within a year, spanning 2009-2016. Thus, in 2009, the share of products that
entered the EUmarket in 2005 and are still sold in 2009 is 0.118, those that entered
in 2006 – 0.156, 2007 – 0.174, 2008 – 0.225, and newly introduced products in
2009 account for 0.198 of all products on themarket in that year. Until 2013, the
total number of products and cohort-specific shares are based on 24 countries, and
from 2014 onwards – on 8 EU countries. First-year of market entry is the first year
in which a product appears on the EUmarket anywhere. The first year is truncated
at 2004, such that the shares of products over time that enter themarket in 2004
are likely also capturing products introduced before 2004. Within each bar, sub-
bars are stacked in such a way that the share of newmarket entrants in year y is
always on top, followed immediately by cohort y − 1, y − 2, etc.
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FIGURE C.5. Market share composition by annual-cohorts
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Notes: The bar chart shows themarket share by cohorts of first-year ofmarket entry
within a year, spanning 2009-2016. Thus, in 2009, the market share of products
that entered the EU market in 2005 and are still sold in 2009 is 0.10, those that
entered in 2006 – 0.13, 2007 – 0.21, 2008 – 0.34, and newly introduced products in
2009 account for 0.14 of all unit sales on themarket in that year. Until 2013, unit
sales and cohort-specific market shares are based on 24 EU countries, and from
2014 onwards – on 8 EU countries. First-year of market entry is the first year in
which a product appears on the EUmarket anywhere. The first year is truncated
at 2004, such that the market share of products over time that enter the market
in 2004 is likely also capturing that of products introduced prior to 2004. Within
each bar, sub-bars are stacked in such away that themarket share of newmarket
entrants in year y is always on top, followed immediately by the market share of
cohort y − 1, y − 2, etc.
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FIGURE C.6. Cohort-specific Sales and Sales Destinations
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(a) aggregate unit sales over life-cycle
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(b) sales destinations over life-cycle
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(c) sales destinations by date within first year
Notes: Plot (a) shows yearly sales aggregated across 24 countries (sales destinations) by cohort
of products entering in 2009, 2010, 2011, or 2012 over the period 2009-2013 due to different
country coverage from 2014 onward (see Table C.1). Plot (b) shows the cohort-specific average
number of sales destinations by year for the same period. Plot (c) focuses solely on sale-
destination-entry by cohort by date within the first year of market entry.
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FIGURE C.7. Country-specific Entry Dates
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Notes: The figure plots the country-specific first dates (month-year combination) of a product’s
entry in a given market. These are determined by finding a) the first year, in which a product
appears in a given country, and b) the first monthwithin the first year, in which units sold are not
missing and not zero. The plot pertains to all products with ’global’ first dates between 2009-2013.
First dates plotted for 2014-2016 therefore capture such products’ first dates in the second, third,
etc. markets.
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TABLE C.6. Brands’ Coverage and 2009-2013Manufacturing Locations in Europe
Brand No. Products Production Locations in Europe
Tradebrand 502 –
Bosch 370 Germany, Greece, Spain
Gorenje 369 Serbia, Slovenia
Whirlpool 344 Italy, Poland
Samsung 325 Poland
Siemens 320 Germany, Spain
Electrolux 259 Hungary, Italy, Sweden
Liebherr 258 Austria, Bulgaria, Germany
Bauknecht 246 Italy, Poland
AEG 221 Hungary, Italy
Beko 210 Romania
LG 208 Poland in and after 2011
Hotpoint-Ariston 148 Italy, Poland
Zanussi 127 Hungary, Italy, Sweden
Indesit 119 Italy, Poland
Candy 111 Czech Republic
Exquisit 99 –
Miele 91 Austria, Bulgaria, Germany
Neff 84 Germany, Spain
Sharp 76 No production in Europe
Amica 67 Poland
Smeg 67 Italy
Privileg 61 Hungary, Italy, Poland
Schaub Lorenz 48 No production in Europe
Elektra Bregenz 47 Romania
Daewoo 41 No production in Europe
Quadro 35 No production in Europe
Bomann 34 No production in Europe
Fagor 34 Italy, Poland, Spain
Haier 34 Italy
Panasonic 33 No production in Europe
Gaggenau 28 France, Germany
PKM 28 No production in Europe
Blomberg 27 Romania
Hoover 27 Czech Republic
Kueppersbusch 27 Austria, Germany
Severin 24 No production in Europe
Koncar 21 No production in Europe
Constructa 20 Germany
Snaige 14 Lithuania
Juno-Electrolux 8 Hungary, Italy
Notes: The table lists the brands present in the estimation sample used in
Sections 5 and 6 in themain text, the number of products associated with each
brand in the sample aswell as the respectiveEuropeanmanufacturing locations
throughout the period 2009-2013. “Tradebrand” denotes any retailer brand.
Consequently, retailer brands cannot be differentiated in the data. Source:
The search of production locations was carried out by the authors assisted by
ChatGPT 5.0 as a research tool.
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C.2 Refrigerator IndustryManufacturing Locations in Europe
Table C.6 lists in the first column the brands present in our dataset, alongside the total
number of different products (fridge models) offered by each of them during the years
2009-2013 in the second column. In the third column, the table reports the different
locations (countries) of manufacturing for refrigerators by each of the brands within
Europe, also during the years 2009-2013.
The information in Table C.6 supports some robustness checks presented in Table 4

and in Table 5. Specifically, we rely on the European production locations of each brand to
construct a sub-sample of products for which we can be certain that their first market of
entry differs from the country where it wasmanufactured:

Subsample of products whose first-market of entry is not the country of manufacturing:
In specifications (3) and (5) of Table 4 and in specifications (4) and (8) of Table 5,
we exclude refrigerator models whose first market of entry could plausibly also be
the country where that model’s brand manufactures refrigerators. we exclude
refrigerator models for which the first market of entry could plausibly also be
the country of manufacture. Specifically, we retain only models whose first entry
market does not overlap with any country where their respective brand operates a
refrigerator manufacturing plant. For example, for Bosch, we exclude all products
first introduced in Germany, Greece, or Spain. This restriction is deliberately
conservative: a Boschmodel manufactured in Greece but first launched in Germany
would still be excluded. Because we cannot observe the precise manufacturing
location of each product, we remove all cases where the country of manufacture
might coincide with the first market of entry.

In terms of the size of the above sub-sample, amongst the total number of 5,212
refrigerators models introduced during 2009-2013, there are 3,485models (66.9%) that
are also present in the ‘subsample of products whose first-market of entry is not the
country of manufacturing’.
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D Omitted Proofs
Definition 1. LetMq ≡

(∫
Jq lnµj dj

)
/Nq , for q = l, h.

Lemma 2. A Nash equilibrium features symmetry in the mark-ups of varieties within quality
layers; that is, µ∗j = µ∗q for all j ∈ Jq and q = l, h. Furthermore, it is always unique and features
µ∗j > 1 for all j.
Proof. Using Definition 1, wemay rewrite (8) as:

µj + lnµj = 1 + (q − Γ) ln y +
1

N
+Mq, (C.49)

where we have exploited
(∫

k 6=j lnµk dk
)
/Nq = Mq . The symmetry of mark-ups then

immediately follows from noticing that the sum µ∗j + lnµ∗j in the LHS of (C.49), written forthe optimalmark-upµ∗j , is strictly increasing inµ∗j , while theRHSof (C.49), 1+(q − Γ) ln y+
1/N +M∗

q , is constant for a given level of quality q = l, h.
Consider now the definition µj ≡ εj/ (εj − 1) jointly with (7). It follows that µj > 1

whenever Dj > 0 (i.e., for all firms in the market). As a consequence, there cannot
be a Nash equilibrium withM∗

q = 0, as this would immediately imply µ∗j = 1 for all j.
Next, notice from (C.49) that since the best-response functions µj (Mq) are such that
∂µj/∂Mq > 0, a sufficient condition for the existence of a unique equilibriumwhere all
1 < µ∗j <∞ for all j ∈ Jq will be:

∂ lnµj
∂Mq

< 1 and ∂2 lnµj

(∂Mq)
2 < 0 for allMq > 0. (C.50)

Differentiating the best-response functions µj (Mq) in (8) with respect to Mq andrearranging yields:
∂ lnµj
∂Mq

=
1

1 + µj
, (C.51)

and the expression in (C.51) straightforwardly implies that both conditions in (C.50) hold
true.

Proof of Proposition 1. Recall Definition 1, and notice that from Lemma 2 it immediately
follows thatM∗

q ≡
(∫
Jq lnµ∗

q
dkq

)
/Nq = lnµ∗q , with q = l, h. We can thus write down the

conditions for the Nash equilibrium stemming from (C.49) as follows:
µ∗l = 1 + 1/N + (l − Γ) ln y and µ∗h = 1 + 1/N + (h− Γ) ln y,

from where (9) and (10) obtain after plugging Γ = (Nll +Nhh) /N in the above
expressions, and letting h− l = 1.

Lemma 3. Let ∆qy ≡ Λqy − Λqy′ , with y′ 6= y, where Λqy = δ−1 (µqy − 1)2 /µqy . Then
Pqy = Φ (∆qy), whereΦ (∆qy) is an increasing function of∆qy andΦ(0) = 1/M .
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Proof. Bearing in mind (11), we can observe that for a generic countrymwith real per-
capita income y and a generic newly designed variety j ∈ Jq , we have that the expectedvalue of the intertemporal stream of profit net of the entry cost in marketm is given by:

Πjy = Λqy − φjm. (C.52)
Consider a pair of generic countriesm′ andm′′ with income y and y′ 6= y, respectively.

Using (C.52), it follows that variety j is introduced first inm if the following two conditions
hold simultaneously:

φjm < φjm′ , for allm′ 6= m, (C.53)
φjm < φjm′′ + ∆qy, for allm′′. (C.54)

Note that, if ∆qy < 0, there exist a subset of values of φjm for which variety j is notintroduced first in m, while if ∆qy > 0, there exist a subset of values of φjm for whichvariety j is not introduced first in any m′′. Hence, letting φ̃b ≡ max
{
φ, φ+ ∆qy

} and
φ̃a ≡ min

{
φ+ ∆qy, φ

}, and provided that φ− φ < ∆qy < φ− φ, from the set of conditions
(C.53) and (C.54), the probability that the newly designed variety of quality q will be
introduced first in amarket with income y is given by:

Pqy =

∫ φ̃b

φ

(1− F (φj))
M
2
−1 f (φj) dφj

+

∫ φ̃a

φ̃b

(1− F (φj))
M
2
−1 (1− F (φj −∆qy))

M
2 f (φj) dφj, (C.55)

where f (·) denotes the pdf function associated to F (·). From (C.55) we can observe that
this probability is a function of∆qy . We can thus write:

Pqy = Φ(∆qy).

Notice that Φ (0) = 1/M . In addition, when ∆qy > 0 and ∆qy < φ − φ we have
∂Pqy/∂∆qy > 0, while when∆qy < 0 and∆qy > φ− φwe also have ∂Pqy/∂∆qy > 0.43

Proof of Lemma 1. Consider a generic country m ∈ W with income y. The sets of
countrym’s neighbouring andnearbymarkets are {m0p,m0r} and{m1p,m1r}, repsectively.Bearing in mind Assumption 4 coupled with (12), it follows that, along the steady state,m
will be receiving as secondarymarket expansions amass of varieties of quality q equal to
43In particular, when∆qy > 0 and∆qy < φ− φ

∂Pqy
∂∆qy

=

∫ φ

φ+∆qy

M

2
(1− F (φj))

M
2
−1 (1− F (φj −∆qy))

M
2
−1 f (φj −∆qy) f (φj) dφj ,

whereas when∆qy < 0 and∆qy > φ− φ

∂Pqy
∂∆qy

=

∫ φ+∆qy

φ

M

2
(1− F (φj))

M
2
−1 (1− F (φj −∆qy))

M
2
−1 f (φj −∆qy) f (φj) dφj .
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[
G
(
Λ∗yq
)

+
(
G
(
Λ∗yq
))λ]

(Pqy + Pqy′) ρM , with y′ 6= y. Hence, since there areM/2 richer
andM/2 poorermarkets inW , it follows that the total number of market expansions of
varieties of quality q along the steady state inW is equal to:{[

G
(
Λ∗qr
)

+
(
G
(
Λ∗qr
))λ]

+
[
G
(
Λ∗qp
)

+
(
G
(
Λ∗qp
))λ]}

(Pqr + Pqp) ρM ×
M

2
. (C.56)

Similarly, it follows that the total number of expansions (considering the whole world
economy) to nearby (non-neighbouring) markets along the steady state is equal to:[(

G
(
Λ∗qr
))λ

+
(
G
(
Λ∗qp
))λ]

(Pqr + Pqp) ρM ×
M

2
. (C.57)

Therefore, dividing (C.57) by (C.56) the result in (15) obtains.

E Numerical analysis
Entry costs We let the first-market entry cost be drawn from the distributionU [0, φ].
Since all markets with income y offer the producers the same expected profit (gross of
first-entry cost), the first-entry market candidate with income y is the market with the
lowest (first-market) entry cost draw. Let φjy = minm∈y {φjm}. For a given x, we can write

F̃ (x) = P (φjy ≤ x) = 1− P (φjy > x) = 1− P
(

min
m∈y
{φjm} > x

)
.

Note thatminm∈y {φjm} > x requires φjm > x for allm ∈ y. Since the draws are iid and
the number of markets is the same for each income level y, we have

F̃ (x) = 1−
∏
m∈y

P (φjm > x) = 1− P (φjm > x)M/2 .

Keeping inmind the distribution of the draws, this yields
F̃ (x) = 1−

[(
φ− x

)
/φ
]M/2

= 1−
(
1− x/φ

)M/2
.

Therefore, we can sample the lowest first-market entry cost draw for each y as φjy = φX ,
whereX ∼ Beta (1,M/2), since by definitionX has CDF 1 − (1−X)M/2. As we show
below, the probability of first entry in a market with income y is then obtained by
comparing the expected profits of markets in different subsets, y and y′ 6= y. This is
computed numerically using aMonte Carlo routine based on a large numberD of draws.
We let the probability distribution governing the expansion-market entry cost be

U [0, ϕ].

Mark-ups We let themark-up depend explicitly on the quality level differential between
models of different type. Accordingly, wemay write the mark-ups for models of low (l)
and high (h) quality in anymarket with income y respectively as

µly = 1 +
1

Nly +Nhy

− Nhy

Nly +Nhy

(h− l) ln y,

µhy = µly + (h− l) ln y.
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Stream of profits We let the stream of profits before entry depend explicitly on the
nominal aggregate income. Accordingly, for any model of quality q and market with
income y, wemaywrite44

Λqy =
1

δ

[max (0, µqy − 1)]2

µqy
Υy

Probability of positive expansion profit The probability of a positive expansion net
profit stream for a model of quality q with a first-entry market with income y to a
neighboring expansionmarket with income y′ is

Gqyy′ =
min (Λqy′ , ϕ)

ϕ
.

Expected number of expansion markets The expected number of expansion markets
for amodel of quality qwith a first-entrymarket with income y to neighboring and non-
neighboringmarkets with income y′ is

Γqyy′ = Gqyy′ · θyy′ + (Gqyy′)
λ · ϑyy′ .

Expected expansion net profit stream The expected expansion net profit stream for a
model of quality q in a market with income y′ is given by

Πqy′ (λν) = ϕ

[
1

λν + 1
min

(
Λλν+1
qy′

ϕλν+1
, 1

)
+ max (0,Λqy′ − ϕ)

]
,

where λν = 1 for neighboring markets and λν = λ for non-neighboring markets. This
expression encompasses the cases:
1. Λqy′ ≤ ϕ, which yields

Πqy′ |Λqy′≤ϕ =
∫ Λqy′

0
(Λqy′ − ϕ) gν (ϕ) dϕ =

[
(λν + 1)ϕλν

]−1
Λλν+1
qy′ ;

2. Λw′q > ϕ, which yields Πqy′|Λqy′>ϕ = ϕ
[
(λν + 1)−1 + Λqy′ − ϕ

],
where gν (ϕ) is the pdf of G (ϕ) for neighboring markets and of (G (ϕ))λ for non-
neighboringmarkets.

The expected expansion net profit stream for a model of quality q with a first-entry
market with income y accruing from expanding to neighboring and non-neighboring
markets with income y′ is

Ωqyy′ = Πqy′ (1) · θyy′ + Πqy′ (λ) · ϑyy′ .

44Markups such that µqy < 1 will drive producers off the market. We therefore replace
(µqy − 1)2 with [max (0, µqy − 1)]2 since using the first expressionwould result in spurious positive
values ofΛqy .
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Expected total expansion net profit stream The total value of the expected expansion
net profit stream for amodel of quality qwith a first-entrymarket with income y is given
by

Πe
qy =

∑
y′

Ωqyy′ .

Conditional expected total net profit stream Conditional on φjy , the total net profitstream for amodel j of quality q potentially accruing from entering first in amarket with
income y is given by

Πj
qy = Λqy − φjy + Πe

qy.

Conditional first entry indicator The producer of a model j of quality qwill choose the
largest total net profit stream accruing from entering first in a market with income y, with
entry cost φjy , or y′ 6= y, with φjy′ . In case of a tie, the producers will equally split acrossmarkets in the two subsets. Accordingly, we define the indicator (where s = {φjy, φjy′}stands for state of nature)

Iqys =


0 if Πj

qy − Πj
qy′ < 0,

0.5 if Πj
qy − Πj

qy′ = 0,

1 if Πj
qy − Πj

qy′ > 0.

First entry probability The probability of entering first on amarket with income y for
a model of quality q is the ratio between the total count of conditional first entry in a
markets with income y (positive Iqys) and the total number of drawsD. Formally,

Pqy =
1

D

D∑
s=1

Iqys.

Equilibriumconditions The equilibrium condition for amarketwith income y andmodel
of quality q is given by

eqqy : Pqy + (1− δ)PqyΓqyy + (1− δ)Pqy′Γqyy′ −
δ

2ρ
Nqy = 0.

Calibration
There are ten (sets of) figures (parameters/exogenous variables) to feed to the code,
namely yr, Υr, {θyy′}, {ϑyy′}, h − l, δ, ρ, φ, ϕ, and λ. A pair of scaling parameters, ρ and
φ, take values 1 and 0.2 and set a benchmark for the number of models and the entry
cost, respectively. Another pair, ϕ and λ, cannot be directly matched to the data, thus
we use the model to deliver predictions that can be matched to observed figures and
are informative regarding the remaining two parameters under consideration. The two
targets we select are as follows:
1. Fraction of models that do expand to further markets (after their first entry);
2. Fraction of non-neighboring expansion markets (out of the total count of
expansions).
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Themodel delivers predictions regarding these targets as follows:
1. Recall that the probability of a positive expansion net profit stream of a model
of quality q with a first-entry market with income y to a neighboring market with
income y′ isGqyy′ . The value 1−Gqyy′ thenmeasures the probability of not expandingto that market. The probability of not expanding in any neighboring market with
income y′ is (1−Gqyy′)

θyy′ , and (1−Gqyy′)
θyy′
[
1− (Gqyy′)

λ
]ϑyy′ the probability of

not expanding in any neighboring or non-neighboring markets with income y′.
The probability of expanding to no market is∏y′ (1−Gqyy′)

θyy′
[
1− (Gqyy′)

λ
]ϑyy′ .

The probability of expanding to at least one market is therefore 1 −∏
y′ (1−Gqyy′)

θyy′
[
1− (Gqyy′)

λ
]ϑyy′ . The average probability of a positive expansion

for a generic model across every combination of market subsets thus reads
Ḡ =

1

4

∑
q

∑
y

[
1−

∏
y′

(1−Gqyy′)
θyy′
[
1− (Gqyy′)

λ
]ϑyy′]

.

2. Recall that the expected number of expansionmarkets of a model of quality qwith
a first-entry market with income y to neighboring and non-neighboring markets
with income y′ is Γqyy′ = Γqyy′ = Gqyy′ · θyy′ + (Gqyy′)

λ · ϑyy′ . Then, the share ofnon-neighboring expansions relative to the total number of expansions is given
by (Gqyy′)

λ · ϑyy′/Γqyy′ . The average relative share of non-neighboring marketexpansions for a generic model across every combination of market subsets thus
reads

S̄ =
1

8

∑
q

∑
y

∑
y′

(Gqyy′)
λ ϑyy′

Γqyy′
.

Figure 5 isolates the contribution of the two simplifying assumptions thatwere relaxed
in the calibrated version. Starting from the full calibration, we successively impose:

Equal market size –all destinations have identical nominal expenditure (Υr = 1).
No agglomeration –eachmarket faces the average calibrated number of neighbors,
independent of income( θyy′ = 1.395);
Baseline benchmark –a version that combines equal size and uniform neighborhood
structure(Υr = 1, θyy′ = 1.395).
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