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Abstract. We use eBay data to investigate how within-U.S. trade is influenced by differ-
ences in socioeconomic characteristics. States” similarity in cultural characteristics (ethnic-
ity, religious affiliations, and political behavior) predicts online trade; cultural similarity
similarly predicts trade within product categories. The culture-trade relationship is stron-
ger for transactions with sellers who lack extensive reputations or certification, suggesting

that consumers infer seller trustworthiness from cultural similarity. There is no correlation
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between cultural similarity and buyer satisfaction, suggesting that perceived differences in

trustworthiness are not validated in actual transactions.
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1. Introduction

Commerce, whether conducted electronically or through
traditional channels, requires a match between a seller’s
production or inventory and a buyer’s demands and
buyer-seller trust. Electronic platforms use a variety of
well-documented mechanisms to help buyers locate pro-
ducts offered by trustworthy sellers capable of providing
speedy and error-free delivery (Cabral and Hortascu
2010, Bolton et al. 2013, Hui et al. 2016, Brynjolfsson et al.
2019). The rise of these platforms has led some observers
to posit the emergence of a “flat world” of “frictionless”
commerce (Friedman 2005). Others, often drawing on
evidence from the international trade literature, have
argued that distance, whether geographic, administra-
tive, economic, or cultural, will continue to impact pat-
terns of exchange (Ghemawat 2001, 2007). This debate
has prescriptive implications for strategic choices regard-
ing production in terms of where to allocate investment
expenditures and regarding sales and marketing, in par-
ticular, which geographic markets and customer segments
warrant the most attention. These strategic implications in
turn hinge not just on whether distance (broadly defined)
matters but why distance has an impact on costs or
revenues.

In this paper, we take up the question of whether and
why distance and differences matter in the context of
online trade. We show that, despite the presence of
numerous mechanisms to safeguard transactions and
the relative opacity of sellers’ identities, online buyers in
the United States purchase more from sellers in locations
that have populations with similar cultural characteris-
tics. Trade between culturally similar populations could
arise from more closely overlapping product preferences
or from greater trust in or affinity for within-group trans-
actions.' The latter considerations are motivated by the
large body of research on in-group favoritism dating
back at least to Tajfel et al. (1971) and more recently work
that shows that individuals place greater trust in, and are
more apt to cooperate with, others with whom they
share common traits (Buchan et al. 2002, DeBruine 2002,
Foddy et al. 2009).> After documenting the higher level
of trade, as captured by transaction revenue and quan-
tity, between buyers and sellers from locations with
similar characteristics, we examine the degree to which
these patterns are plausibly driven by greater in-group
trust. We show that overall trade demonstrates patterns
consistent with this interpretation. Finally, to examine
whether in-group affinity (or out-group animosity) is a
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driving force in this online market, we examine buyer
satisfaction conditional on trade. We find that, condi-
tional on a transaction taking place, buyer satisfaction
does not depend on the seller’s location. We interpret
this as suggesting that affinity or animus, of the sort con-
sidered by Becker (1957), are unlikely to be key factors
driving our main results.

Our findings have strategic implications for a broad
range of businesses. At the most basic level, our findings
indicate that, even for relatively anonymous online mer-
chants for whom one might anticipate cultural distance
matters least, it continues to play a substantial role in
influencing the ability to sell across geographies. Sellers
in our data set do not choose their locations or exposure
to geographically dispersed buyers, which allows us to
identify the effect of cultural distance and its underlying
link to trust. However, for commerce (online or other-
wise), the link between differences and buyer trust is rel-
evant for seller location decisions and where and how to
focus marketing efforts. These findings reinforce the con-
tinued relevance of the “The World Isn’t Flat” argument
of Ghemawat (2007), which we show has relevance even
in a within-country online context in which we might
expect these effects to be relatively modest. At a more
granular level, by examining an underlying friction gener-
ated by cultural difference, that is, mistrust, our research
points toward remedies both for platforms that seek to fos-
ter exchange regardless of point of origin and for place-
based organizations that must overcome disadvantages in
selling to certain groups.

Turning to a more detailed overview of our analysis
and findings, we use a data set comprising nearly all eBay
transactions inside the United States during 2015 and
2016. Key features of eBay allow us to isolate and study a
subset of potential drivers of trade flows. First, because all
the transactions take place on the same platform and are
governed by the same regulations (both national laws
and platform-specific rules), we hold constant many of
the institutional factors that might complicate the inter-
pretation of earlier studies linking similarity to trade
based on country-pair analyses (see the survey of Ander-
son and Van Wincoop (2004) of the gravity model trade
literature). Furthermore, as a platform that directly con-
nects individual buyers to sellers, eBay allows us to focus
directly on consumer responses to socioeconomic and cul-
tural similarities and differences.’ Prior work investigat-
ing these relationships has, for the most part, examined
the combined trade in intermediate and final goods, even
when implemented within a single country, as in Hill-
berry and Hummels (2008), and has frequently focused
on trade between countries (Guiso et al. 2009).

Specific features of the eBay setting also allow us to
examine buyer-seller trust as an underlying driver of trade.
In particular, because eBay has several well-established
(and well-documented) mechanisms for identifying trust-
worthy sellers, we can explore how socioeconomic and

cultural differences influence trade involving sellers that
vary in their performance records and hence the perceived
riskiness of the transaction from the consumer’s perspec-
tive. These features allow us to evaluate whether greater
cultural or socioeconomic difference leads to perceived
advantages from dealing with more trustworthy counter-
parties, in addition to reflecting overlapping product
preferences.

As proxies for cultural difference (i.e., differences in
shared values and beliefs), we use differences in state eth-
nic composition, voting behavior, and religion. We also
account for differences in a range of socioeconomic char-
acteristics, including income, urban share, home values,
and average age, as well as geographic distance. Further-
more, by focusing on within-category trade between
states, we may absorb at least some of the broad, unob-
served differences across geographies that may be distinct
from, but correlated with, cultural or other attributes. All
specifications also include fixed effects to absorb source-
and destination-specific features. For example, for our cat-
egory analysis, these include buyer-state X category X
year and seller-state X category X year fixed effects to
account for differences in the scale of trade in particular
product categories originating in and destined for particu-
lar regions.*

As a starting point, with our state-pair data aggre-
gated across all categories, we find that, for all three
“culture” measures, greater cultural difference between
states is associated with significantly lower trade. Our
estimates imply, for example, that a one standard devia-
tion increase in ethnic similarity is associated with an 8%
increase in state-pair trade.” To be more concrete, if the
ethnic similarity of Oklahoma and New York (the 75th
percentile of ethnic difference) was as similar as that of
Massachusetts and Ohio (the 25th percentile difference),
trade between these states would be 11% greater. In sup-
plementary analysis, we demonstrate that our results
also hold at the three-digit zip code—pair level, which
captures within-state variation that may also be discern-
able to trading partners: The “cultural” characteristics of
Philadelphia, PA, and Austin, TX, for example, differ
markedly from their surrounding states. We also verify
our results in between-state within-category trade, calcu-
lating overall effects that are comparable to the aggregate
analysis, and document how cultural differences have
heterogeneous effects across categories.

We further aim to positively identify the role of trust
(as opposed to overlap in tastes) in these more fine-
grained analyses by further disaggregating trade into
high- versus low-reputation sellers. Our test is based on
the insight that, if social and cultural similarity leads to
greater trust, then quality-assurance mechanisms, which
serve as an alternative source of trust provided by the
platform itself, may moderate the impact of cultural
and socioeconomic similarity. We explore this possi-
bility by examining whether the effect of cultural and
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socioeconomic variables on trade is different for sellers
with eBay’s top rated seller (eTRS) designation, which
provides this alternative signal of trustworthiness. Intu-
itively, we expect that trust between groups will matter
less if there is a separate source of quality assurance
(Elfenbein et al. 2012, 2015). Consistent with cultural sim-
ilarity serving as a source of trust, we find that the correla-
tions between trade and our cultural similarity measures
are substantially diminished for eTRS listings. We find a
similar pattern when we separate sellers by their level of
buyer-provided feedback,® which reinforces the notion
that cultural similarity is especially important when sell-
ers do not yet have track records to reassure buyers of
their reliability.

Finally, we examine the relationship between cultural
similarity and buyer satisfaction. We measure satisfac-
tion using two standard metrics: the fraction of all trans-
actions that lead to positive feedback and the fraction of
feedback that is negative. Although prior studies have
documented discrimination in online sales (Doleac and
Stein 2013, Ayres et al. 2015, Kricheli-Katz and Regev
2016), if the sort of animus between groups described by
Becker (1957) was to play a major role in shaping trade
patterns online, we might expect to see a negative associ-
ation between favorable feedback and our measures of
cultural difference; however, we find no such associa-
tion.” Rather, we find that, conditional on trade, the rela-
tionship between our measures of buyer satisfaction and
cultural similarity is not economically significant.” We
recognize, however, that this does not fully rule out the
possibility that buyer selection adjusts trade volume in a
precise way across state pairs, so that consummated
trades might capture only the instances in which buyers
find sufficiently appealing or trustworthy sellers.

Our work contributes first and foremost to the litera-
ture that examines the factors that affect the heterogeneity
in performance of e-commerce platforms. The clearest
antecedent is Hortagsu et al. (2009), who study the effect
of buyer-seller geographic distance on trade for eBay
transactions and for a similar Latin American platform,
Mercado Libre. Like us, they find a much smaller distance
effect relative to gravity models estimated using trade in
both intermediate and final goods (whether for cross-
state or cross-country trade).” They further provide an
indication that tastes play some role for “local” prefer-
ences by showing that the distance effect is particularly
prominent for sports memorabilia and tickets. Our
agenda is distinct from Hortagsu et al. (2009) in that our
aim is not to understand the geographic distance effect
but rather how trade is affected by a broader set of similar-
ities and differences between populations. A number of
studies explore the factors that impact the ability of
e-commerce platforms to generate successful transactions
and generally focus on either seller attributes (such as char-
itable contributions, as in Elfenbein et al. (2012), or pro-
grammer satisfaction scores such as Gu and Zhu (2019)),

buyer attributes (such as experience, as in Perez-Truglia
(2018)), or platform design choices as the drivers of trust
(Elfenbein et al. 2015, Hui et al. 2016). By contrast, we
emphasize the importance of the buyer-seller match,
which implies a difference in (perceived) opportunism
among culturally proximate trading partners, rather than
simply the attributes of the seller or attributes or the
buyer, and we use features of the platform to examine the
mechanisms that define the value of this match. Wang
and Overby (2022), who study online lending, find related
evidence that lenders use similarities in political ideology
as a proxy for borrowers’ creditworthiness. Chintagunta
and Chu (2021) focus on explaining asymmetries in online
trading between locations in China and find that patterns
of trade are correlated with dyadic measures of trust and
other factors. Also related to our paper, Bailey et al. (2018)
examine social media friendships on platforms such as
Facebook; they document that trade, online and other-
wise, between counties correlates with measures of social
connectedness. Our work explores similar cultural deter-
minants of commercial interactions but allows us to dis-
tinguish the role of trust in particular as distinct from
simply an overlap in product interests."’

2. Data

We use two types of data in our analysis. The first is sales
data from eBay at varying degrees of aggregation. These
include data on trade between geographies at the state-
to-state level, between pairs of three-digit zip codes, and
as state-to-state trade disaggregated by eBay’s 33 top-
level categories. The second is demographic data, drawn
from a variety of sources we describe later, which cap-
ture cultural and socioeconomic characteristics of indi-
vidual areas. In the main body of this paper, we present
analysis on trade between states; our description and
analysis of the zip code-level data are in Appendix A.

2.1. eBay Data

Our eBay data come from the firm’s U.S. platform, which
hosted more than $37.5 billion worth of transactions dur-
ing 2020."" eBay offers its users the opportunity to sell
items in several formats, and it attracts sellers who vary
widely in their engagement with the platform. Some sell-
ers offer items for sale rarely, whereas other sellers are
professionals who create dedicated “eBay Stores.” Seller
quality and other attributes are tracked in a variety of
ways. All sellers have at least some information visible to
consumers, including a feedback score and the location
(city and state) from which an item will ship. The feed-
back score reports the sum of individual-transaction
feedback (+1, 0, or —1) that an eBay user has received as
a seller on the platform. In addition, a small fraction of
sellers (who represent a disproportionately large propor-
tion of sales volume) earn an eTRS badge, which indi-
cates that they have cleared specified thresholds for sales
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volume and customer satisfaction. The eTRS badge, if
earned, is displayed automatically on qualified sellers’
listings. These reputation mechanisms have been stud-
ied extensively in the economics literature. Cabral and
Hortascu (2010), Hui et al. (2016), and Elfenbein et al.
(2015) provide empirical evidence of the impact of these
mechanisms on sales probability and price, whereas Hui
et al. (2018) examine the mechanisms” impact on seller
entry, and Nosko and Tadelis (2015) study how buyers
learn from experience about the overall quality to be
expected on the platform.

When an eBay consumer searches for a product, the
platform provides a collection of listings sorted by sev-
eral factors, including product characteristics, price, sell-
ers’ quality ratings, and sellers’ physical proximity to the
consumer. The precise algorithm used to return search
results is proprietary and ever-evolving. The consumer
may elect to resort the listings based on a single factor,
including proximity. (Other than geography, consumers
cannot filter or sort listings based on the difference mea-
sures we use in our later analysis.) eBay sellers can affect
their positions in search results through prices or ship-
ping fees, but they are largely unable to affect the geo-
graphic distribution of consumers who evaluate their
products. eBay consumers therefore have ample oppor-
tunities to inspect products from all over the United
States, and interstate trade patterns are likely to reflect
consumers’ preferences over trading partners rather than
awareness of partners, which can be an important driver
of geographic trade patterns in other contexts.

We collect data on eBay transactions in which both the
buyer and seller identify themselves as located in the
United States. In addition, we limit the population of sell-
ers to those who do not operate eBay Stores. We apply
this filter on sellers for two reasons. First, sellers with
eBay Stores may ship from warehouses that are not in
the same zip code or indeed the same state as the seller,
which creates uncertainty about how to classify the sell-
er’s location. Second, we conjecture that buyers are more
likely to use location-based characteristics to infer seller
attributes when the seller provides only the sparse per-
sonal information offered in eBay’s standard format,
whereas sellers with stores often use the interface to pro-
vide additional information about themselves. Although
the subset of sellers we study are likely less professional
than those with eBay stores, many sellers in our sample
have earned eTRS status or have relatively large feed-
back counts. We later discuss the characteristics of the
sellers in our sample.

Our eBay data comprise a comprehensive record of
transactions that occurred between January 2015 and
December 2016, aggregated to the year level. To illus-
trate how the data are constructed, in the description
that follows, we provide an overview of the state-pair
data; a near-identical process is used to generate zip

code and category X state data, just at a finer level of
disaggregation.

For the U.S.-based buyers and sellers described in the
preceding section, we observe the total quantity of items
sold and total dollar revenue from product sales, exclud-
ing shipping fees, between each pair of U.S. states; we
also observe buyer and seller transactions for Washing-
ton, DC, which we treat as a separate (51st) state in our
analysis. In addition to the aggregate annual transac-
tions, we observe transactions categorized according to
the sellers” eTRS statuses (badged or not) and whether
their feedback scores were above or below 200 at the
time of the transaction.'” We define High feedback to
denote a seller that has feedback of at least 200. This is a
relatively low feedback threshold, as we aim to distin-
guish the sample split based on feedback from the split
based on eTRS." Roughly half of all sales revenue (48%)
and transactions (45%) associated with feedback above
200 are from sellers without eTRS certification. Thus,
these two different sample splits provide somewhat cor-
related, but not identical, tests.

Finally, we analyze feedback provided by buyers,
aggregated to the state-pair-year level. Our main mea-
sure is effective percent positive (EPPp), the fraction of
total transactions between buyers in state b and sellers in
state s during year ¢ that leads to positive feedback. This
measure is proposed by Nosko and Tadelis (2015) to deal
with the fact that, conditional on feedback being pro-
vided, it is almost always (99.3%) positive.'* They show
that there is information on seller reliability in the fraction
of buyers that provide any feedback (which averages
approximately 65% in their sample). We use the fraction
of transactions with negative feedback (Negative feed-
backys), conditional on feedback being provided, as an
alternative measure of buyer (dis)satisfaction.

In preparing the data, we exclude observations on
trade that occurs within states because these cases have
zero “distance” in many of the measures that we intro-
duce. We provide summary statistics on state-to-state
annual trade in Table 1, Panel A. Trade between states
(exclusive of shipping) has a mean value of $4,381,323
per year in total for 109,440 items (medians of $1,342,110
and 35,342, respectively), summing to nearly $22 billion
in sales on more than 550 million items during the two-
year period we study. In our sample, which conditions
on less-professional sellers by excluding data from eBay
stores, state-level sales by non-eTRS sellers averages 65%
more than that of €TRS sellers; the quantity sold by
non-eTRS sellers is 24% greater. The total sales by low-
feedback sellers is about half of that of sellers with feed-
back above 200. The average EPP,; value across state
dyad-year combinations is just over one half, and the
mean negative feedback rate is 0.36%."> Although all
state-to-state annual aggregate trade is strictly positive,
about 2% of all state-category-pairs have zero trade in a
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year. When we further divide state-category pairs by
€TRS or feedback levels, we find 11% and 3%, respec-
tively, of observations record zero trade. (The trade
between zip codes is summarized in Table A.1, Panel A.)
As expected, pairs of large states have the greatest
transaction volume. In 2016, the top 162 state dyads in
total revenue involve buyers or sellers from California,
Florida, New York, or Texas; the top 10 is almost entirely
comprised of these states trading with each other (with
one appearance each by New Jersey and Illinois). States
with low trade volumes include Alaska, the Dakotas,
Washington DC, Rhode Island, Vermont, and Wyoming.

2.2. Demographic Data

The underlying data for calculating group-pair similarity
comes from several data sets that we query at the state
and county levels. We use the state-level demographic
data directly in our analysis of between-state trade, and
we use the county-level data to construct zip-code level
demographic measures using a weighting procedure
described in Appendix A. We draw data on Median
household income, Share with bachelor’s degrees and above,
Median age, Share of males, Share in urban areas, Home

Table 1. Annual Sales and Feedback Data Summary

ownership share, and Median home value from the 2017
American Community Survey (ACS), which is orga-
nized by the U.S. Census. The ACS interviews a repre-
sentative sample of more than 2 million Americans each
year, providing a high-quality source of data with broad
geographic coverage. We measure similarity in political
attitudes using voting patterns from the 2016 U.S. presi-
dential election, which we collected from the Federal
Election Commission. We use votes cast in each state for
the two major parties to calculate the national winner’s
fraction of these votes at the state-level; we label this vari-
able Winner vote share.'® In Table 1, Panel B, we report
summary statistics for the state-level aggregations of
these variables, which we use to create measures that
capture differences in socioeconomic and cultural char-
acteristics across states. In Table 1, Panel C, we report the
cross-state differences of each variable, which is simply
the absolute value of the difference between the buyer
and seller state values.

We report several additional measures at the state
dyad level in Table 1, Panel C. Distance is the “shortest
curve” distance (in kilometers) between the states’ cen-
ters of population, which we obtain from the U.S.

Mean Median Standard deviation Minimum Maximum
Panel A: Annual sales and feedback data summary, state-to-state transactions (N = 5,100)
Revenue 4,381,323 1,342,100 10,474,284 10,011 178M
Quantity 109,440 35,342 247,009 245 AM
Revenue, noneTRS sellers 2,727,031 833,795 6,504,373 6,839 109M
Revenue, eTRS sellers 1,654,292 475,989 4,139,397 937 87M
Revenue, low feedback sellers 1,403,424 440,778 3,308,356 4,432 51M
Revenue, high feedback sellers 2,977,899 872,455 7,244,067 5,579 130M
Effective pct. positive feedback 50.87 51.01 4.72 21.77 70.36
Negative feedback (percent) 0.36 0.34 0.15 0 2.1
Panel B: State characteristics (N = 51)
Winner vote share 2016 0.52 0.52 0.13 0.04 0.76
Median income (1,000) 58.24 56.57 9.85 42.01 78.92
Bachelors share 0.31 0.30 0.06 0.20 0.57
Median age 38.37 38.30 2.37 31.00 44.60
Male share 0.49 0.49 0.01 0.47 0.52
Median home value (1,000) 211.86 178.70 97.81 109.30 563.90
Urban share 0.73 0.73 0.16 0.33 1.00
Owner-occupied share 0.67 0.69 0.06 0.44 0.75
Panel C: Differences in state characteristics (N = 2,550)
Ethnic difference 0.50 0.50 0.14 0.12 0.87
Religious difference 0.33 0.33 0.06 0.10 0.52
Voting difference 2016 0.14 0.12 0.11 0.00 0.71
Difference in
Median income (10,000) 1.12 0.95 0.83 0.00 3.69
Bachelors share 0.07 0.05 0.06 0.00 0.37
Median age 2.58 2.00 2.15 0.00 13.60
Male share 0.01 0.01 0.01 0.00 0.05
Median home value (100,000) 0.98 0.68 0.98 0.00 4.55
Urban share 0.18 0.15 0.13 0.00 0.67
Owner-occupied share 0.06 0.04 0.06 0.00 0.31
Distance between states (km) 1,964.91 1,600.78 1,468.42 31.73 8,226.99

Notes. State data includes all 50 states and the District of Columbia. For variable definitions, see text.
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Census."” The next set of variables capture two further
dimensions of cultural similarity between states (in addi-
tion to political differences based on 2016 voting behav-
ior). To generate the variable Ethnic difference, we use the
county-level ACS data from 2017 on ethnicity, aggre-
gated to the state level to construct a measure of ethnic
similarity. The variable we construct is analogous to a
between-group measure of ethnic fractionalization (Ale-
sina et al. 2003) that aims to capture the likelihood that a
person chosen at random from the seller state is in the
same ethnicity category as a person chosen at random
from the buyer state. Let Sk be the share of individuals in
the ethnic category E of state i, which is drawn from a set
of mutually exclusive and collectively exhaustive catego-
ries provided by the ACS.'® We then calculate the ethnic
dissimilarity between seller state s and buyer state b as
Ethnic differencep, = —_ ; £ S2S3. A higher value indicates
a greater likelihood that two people drawn at random
from each state are of different ethnicities. Religious
difference is calculated similarly, using data on religious
affiliations from the 2010 U.S. Religion Census, which
provides the number of adherents for 236 distinct faith
groups by state and county. We aggregate adherents of
distinct faiths into five main categories, with the residual
state population categorized as nonadherents.'” Table
A.1 contains summary statistics at the zip code level that
correspond to the state-level statistics in Table 1.

The summary statistics in Table 1, Panel C, are raw dif-
ference measures. However, to make the effect sizes
more easily comparable across difference measures in
our empirical analysis in the next section, we normalize
all cultural and demographic difference variables to
have a mean of zero and standard deviation of one.

3. Empirical Analysis and Results
3.1. Aggregate State-Level Analyses
Our aggregate state-level specification takes the form:

log(Tradeyy) = IT'Cys + ©X s + Blog(Distanceys) +

+ Ust + €pst,
1)

where C is a vector of cultural difference variables, X a vec-
tor of socioeconomic difference variables, log(Distance) is
the logarithm of the distance between the two states” cen-
ters of population, and u and v are buyer-state X year and
seller-state X year fixed effects, respectively. Tradey; is the
revenue value or quantity traded between seller state s and
buyer state b during year t* We primarily focus on
revenue-based measures of Trade,y, and for robustness, we
also present findings based on quantity-based measures.
In our main analysis, we estimate (1) using ordinary least
squares (OLS) regressions, but we also perform the analysis
using Poisson pseudo-maximum likelihood (PPML) speci-
fications, as suggested by Silva and Tenreyro (2006), which
use the levels of traded revenue and quantities as the

dependent variables rather than log transformations of
them.”" The variables we use to capture cultural factors
include differences in ethnic and religious composition
and the pairwise absolute difference in the fraction of each
state’s vote share in the 2016 presidential election. The
socioeconomic variables we use are differences in median
income, share with a bachelor’s degree, median age, male
share, median home value, and shares of urban residents
and owner-occupied housing. All covariates are normal-
ized so that the mean difference between states is zero and
the standard deviation is one. We use two-way clustering
by seller state and buyer state to calculate standard errors.

We begin by presenting our baseline state-pair trade
findings in Table 2 for both revenue- and quantity-based
measures of trade. In the first three columns, we present
results that use the log of total sales revenue as our mea-
sure of trade. In columns 1 and 2, we include the
“culture” variables and the socioeconomic variables sep-
arately, and we include both groups of covariates in col-
umn 3. Focusing first on the set of measures that reflect
cultural differences, we find in column 1 that all three dif-
ference measures are predictive of trade, in the expected
directions: the coefficients on the ethnic, political, and
religious difference measures are all negative and signifi-
cant at least at the 5% level.

Given that these variables are all normalized to have a
standard deviation of one, their coefficients are easily
interpreted and compared. By far the biggest effect comes
from ethnic difference: a one standard deviation increase
in ethnic difference is associated with an 11% decrease in
state-pair trade. The coefficients on religious and political
differences imply sizeable but more modest effects.

Turning to the socioeconomic variables, their role in pre-
dicting state-pair trade is mixed. Although similarity in
urban share is predictive of trade in column 2, the inclusion
of culture variables reduces the size of its coefficient by
more than half. Four of the socioeconomic variables remain
significant predictors of trade in column 3: differences in
median age, male share, urban share, and home values.
None of these results appear to be driven by outlier obser-
vations; we observe similar patterns if we omit Alaska
and/or Hawaii (both are obvious geographic outliers, and
Alaska is also an outlier in male share).

As expected, all regressions produce coefficients on
log(Distance) that are negative, economically important,
and precisely estimated. Our estimated coefficients are
larger, but of a similar order of magnitude, to the esti-
mates produced by Hortagsu et al. (2009) for eBay trade.
(By construction, however, our analysis differs from
Hortagsu et al. (2009) as we exclude within-state transac-
tions, which Hortagsu et al. (2009) show are particularly
important for certain categories of transactions, like
event tickets.)

The specification in column 4 includes all culture and
socioeconomic difference variables, using the logarithm
of annual sales quantity as the dependent variable. The
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patterns are broadly similar, although in some cases,
marginally weaker than the results based on total trans-
action value as the outcome.

In the remaining columns, we use Summed cultural dif-
ference, an overall measure of cultural similarity that
sums our normalized measures of ethnic, religious, and
voting differences; the new variable is mean zero with a
standard deviation of 1.96. This summary measure facili-
tates a comparison of the role of cultural difference
across product categories, which we turn to in the next
subsection. For both revenue (column 5) and quantity
(column 6), this overall cultural difference measure is a
highly significant predictor of trade.

Finally, in columns 7 and 8, we present PPML specifi-
cations for state-pair annual transaction revenue and
quantity, respectively. Most of the PPML models’ point
estimates are slightly smaller in magnitude than the
corresponding coefficients in the OLS models (includ-
ing the geographic distance elasticity), but the results
are broadly similar across estimation approaches. In
Table A.2, we reproduce Table 2 using 3-digit zip code
data. In Table A.3, Panel A, we use the same data as in

Table 2 and report estimates from PPML specifications
that include the three cultural difference variables
rather than Summed cultural difference.

We next illustrate the culture-trade relationship graphi-
cally, using binned scatter plots (Hao et al. 2010) to display
the relationship between Summed cultural difference and
trade. We group the data into 50 bins with equal numbers
of observations, though in practice the patterns are essen-
tially the same if we use coarser (e.g., 25 bins) or finer (e.g.,
100 bins) groupings. Finally, we residualize the data, net-
ting out the effects of all socioeconomic and control vari-
ables included in our main specification (Table 2, column
3), including buyer-state X year and seller-state X year
fixed effects,uy; and v, respectively.

We present the resulting binned scatter plot in Figure
1, which shows a clear negative correlation between our
summary measure of state-pair cultural difference and
interstate trade.” The relationship is roughly linear, and
itis in line with the estimates presented in Table 2. In Fig-
ures A.1-A.3, we present binned scatterplots for each
individual cultural difference variable, generated while
including all other controls from Table 2, column 3 (e.g.,

Table 2. Impact of Cultural and Socioeconomic Differences on Interstate Trade

Estimation method

OLS PPML
@ @ ® @ ®) © @ ®)
Dependent variable log(revenue) log(revenue) log(revenue) log(quantity) log(revenue) log(quantity) Revenue  Quantity
Ethnic difference —0.110*** —0.0798***  —0.0635***
(0.0206) (0.0167) (0.0123)
Religious difference —0.0285** —0.0327** —0.0409***
(0.0129) (0.0136) (0.0101)
Voting difference —0.0403*** —0.0262***  —0.0120**
(0.00801) (0.00631) (0.00491)
Summed cultural difference —0.0332%*  —0.0245%*  —0.0223*** —0.0212***
(0.00461) (0.00333)  (0.00633)  (0.00441)
Median income difference 0.0122* 0.00979 0.00141 0.00831 —0.00160 0.00745 0.00311
(0.00715) (0.00713) (0.00540) (0.00658) (0.00532)  (0.00759)  (0.00742)
Bachelors share difference —0.0209** —0.0133 —0.00887 —0.00820 —0.00214 0.00153 0.00240
(0.00991) (0.00992) (0.00642) (0.00987) (0.00638)  (0.00887)  (0.00658)
Median age difference 0.0104* 0.0119** 0.00741 0.0131** 0.00806 0.00612***  0.00250
(0.00576) (0.00532) (0.00521) (0.00512) (0.00565)  (0.00232)  (0.00349)
Male share difference —0.0257**  —0.0237**  —0.0108** —0.0258**  —0.0107**  —0.0139 —0.00502
(0.00859) (0.00797) (0.00450) (0.00786) (0.00494)  (0.00942)  (0.00780)
Median home value difference —0.0340** —0.0197 —0.00789 —0.0168 —0.00347  —0.0111 0.000536
(0.0160) (0.0156) (0.00826) (0.0159) (0.00874)  (0.00825)  (0.00744)
Urban share difference —0.0261**  —0.0117* —0.00865*  —0.0143** —0.0105*  —0.0224**  —0.0213**
(0.00715) (0.00653) (0.00462) (0.00669) (0.00491)  (0.0107) (0.0109)
Owner-occupied share difference —0.0270**  —0.0152** —0.0141**  —0.0231***  —0.0200***  —0.0245**  —0.0187***
(0.00614) (0.00613) (0.00437) (0.00573) (0.00438)  (0.00749)  (0.00469)
Log distance between states ~ —0.146*** —0.145%** —0.134*** —0.115%** —0.136*** —0.120%**  —0.0970**  —0.0892***
(0.00955) (0.0103) (0.00919) (0.00754) (0.00947) (0.00812)  (0.0102) (0.00673)
Observations 5,100 5,100 5,100 5,100 5,100 5,100 5,100 5,100
R? (within) 0.570 0.560 0.587 0.631 0.583 0.622 NA NA

Notes. In addition to the listed variables, all models include buyer-state x year and seller-state x year fixed effects. The variables median income,
bachelors share, median age, male share, median home value, urban share, and owner-occupied share all refer to the absolute value of state-level
differences. Standard errors are two-way clustered by buyer state and seller state. Robust standard errors in parentheses. NA, not applicable.

**p < 0.01; **p < 0.05; *p < 0.1 (two-sided test).
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Figure 1. (Color online) Relationship Between Cultural Dif-
ference and Interstate Trade
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Notes. The figure shows a binned scatter plot to illustrate the relation-
ship between state-pair cultural differences and interstate trade. The
horizontal axis is the sum of the three measures of cultural difference:
ethnicity, religiosity, and voting. We use 50 bins and residualize the
data to account for all control variables included in Table 2, column 3.

in Figure A.1, when we illustrate the role of ethnicity dif-
ferences, we control for differences in religion and vot-
ing). As expected, given the more prominent role of
ethnicity in our regression results, the plotted pattern is
clearest and the best-fit slope is steepest in Figure A.1,
which uses ethnicity to measure cultural differences.

3.2. Category-Level Heterogeneity in the Role of
Cultural Similarity

A primary candidate explanation for the preceding
results is that a pair of geographic areas that differ in cul-
tural and socioeconomic characteristics also suffer from
a mismatch in what one area’s consumers want and
what is available from other area’s sellers. For example,
California buyers may not purchase clothing items fre-
quently on eBay relative to other products, whereas
Iowa sellers” product mix features a greater share of
clothing items than other states” sellers. To address the
role of this “inventory-taste overlap,” we estimate a ver-
sion of (1) that examines state-to-state trade within prod-
uct categories. In terms of the previous example, this
analysis investigates whether California clothing buyers
favor clothing from sellers in states more demographi-
cally similar to themselves. We implement this analysis
by replacing the state-year fixed effects u;; and vy, with
buyer-state X category X year and seller-state X category
x year fixed effects. Our results, which are in Table 3,
are quite similar to those in Table 2, suggesting that,
although category-level considerations, tastes or other-
wise, may partially explain the relationship between trade
patterns and cultural similarity, they do not fully explain
it. Tables A.2 and A.3, Panel C, contains additional results
on PPML estimates within product category.

Although Tables 2 and 3 show the relationships bet-
ween trade and cultural and socioeconomic differences,
averaged across all products in eBay’s U.S. market,
cross-category differences may exist in the strength of
these relationships, and this between-category variation
may provide some insight on what drives the cultural
similarity effect. In Figure 2, we present 33 separate
category-level estimates of the relationship between
Summed cultural difference and the revenue value of state-
to-state trade.” The biggest effect is for tickets and
experiences. This is related to, but distinct from, the find-
ing (which we also observe in unreported results) that
physical proximity also plays a particularly prominent
role in this category (Hortagsu et al. 2009). The categories
in which cultural difference plays a prominent role also
include what one might think of as “cultural” objects
(i.e., those in which tastes plausibly differ across groups):
art, antiques, pottery, and memorabilia (again, these pat-
terns are distinct from any role of physical proximity). At
the other extreme, cell phones and computer equipment
have less obvious taste differences, although the third-
smallest effect size is for music, which one might assert
has a substantial taste component. Of course, these
across-category differences may also be driven by differ-
ences in the importance of trust. Plausibly, there is a
more substantial leap of faith in buying art or antiques
relative to more standardized products like phones and
computers.

3.3. Quality Assurance, Trust, and the Impact of
Cultural Differences on Trade

To affirmatively assess whether cultural closeness facili-
tates trust, we now take advantage of formal certification
mechanisms that we argue serve as substitutes for (infor-
mal) trust. Specifically, we first analyze whether trade
volume varies with whether the seller has earned a certi-
fication label that may signal trustworthiness, namely
the eTRS designation. Intuitively, little trust is required
by the buyer to purchase from a seller that has a certified
track record for quality and promptness. Similarly, we
posit that questions of trustworthiness are less salient for
evaluating sellers with more feedback. To test whether
cultural similarity matters less when dealing with more-
established sellers, we allow for different impacts depend-
ing on whether sellers have feedback scores greater or
(weakly) less than 200 at the time of the transaction.

Table 4 contains results from three models based on
our category-state-pair data. For the sake of comparison,
we first reproduce Table 3, column 3, as column 1 in
Table 4. In the next pair of columns (labeled 2a and 2b),
we report results from a single model that includes two
observations per year and category-state-pair: one for
aggregate sales by non-eIRS sellers and the other for
aggregate sales from eTRS sellers, with sales measured as
the log of sales revenue. Throughout, we include seller-
state X category X year X eTRS and buyer-state X category
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Table 3. Interstate Trade Within Product Categories
Estimation method
OLS PPML
M @ (©) ©) () (6)

Dependent variable log(revenue) log(quantity) log(revenue) log(quantity) Revenue Quantity
Ethnic difference —0.0860*** —0.0443***

(0.0177) (0.0117)
Religious difference —0.0548*** —0.0385***

(0.0121) (0.00737)
Voting difference —0.0143** —0.0113**

(0.00653) (0.00446)
Summed cultural difference —0.0317*** —0.0215%** —0.0189*** —0.0193***

(0.00500) (0.00347) (0.00484) (0.00322)

Median income difference 0.00750* 0.00148 0.00329 —0.00106 —0.000513 —0.000586

(0.00425) (0.00308) (0.00430) (0.00364) (0.00620) (0.00514)
Bachelors share difference —0.0136 —0.000223 —0.00427 0.00478 0.00538 0.00276

(0.0103) (0.00397) (0.0102) (0.00435) (0.00663) (0.00495)
Median age difference 0.00546 0.00165 0.00637 0.00188 0.00482*** 0.00268*

(0.00629) (0.00416) (0.00655) (0.00481) (0.00180) (0.00144)
Male share difference —0.00794 —0.0167** —0.00775 —0.0158** —0.00721 —0.00471

(0.00685) (0.00703) (0.00691) (0.00681) (0.00620) (0.00511)
Median home value difference —0.0263** —0.0152** —0.0202* —0.0117* —0.00499 —0.00138

(0.0103) (0.00621) (0.0106) (0.00673) (0.00595) (0.00527)
Urban share difference 0.00981 —0.0121*** 0.00721 —0.0131*** —0.0160** —0.0120*

(0.00586) (0.00389) (0.00610) (0.00401) (0.00727) (0.00651)
Owner-occupied share difference —0.00889 —0.00427 —0.0171** —0.00746** —0.0181*** —0.0129***

(0.00627) (0.00340) (0.00689) (0.00323) (0.00447) (0.00316)
Log distance between states —0.158*** —0.125%** —0.165%** —0.129%** —0.0978*** —0.0895***

(0.00879) (0.00678) (0.00929) (0.00719) (0.00693) (0.00550)
Observations 168,300 168,300 168,300 168,300 168,300 168,300
R? (within) 0.0500 0.116 0.0493 0.115 NA NA

Notes. In addition to the listed variables, all models include buyer-state x year and seller-state x year fixed effects. The variables median income,
bachelors share, median age, male share, median home value, urban share, and owner-occupied share all refer to the absolute value of state-level
differences. Standard errors are two-way clustered by buyer state and seller state. Robust standard errors in parentheses. NA, not applicable.

***p < 0.01; *p < 0.05; *p < 0.1 (two-sided test).

x year X eTRS fixed effects. We allow measures of socio-
economic differences and geographic distance to affect
each type of seller’s transactions differently, and we
implement this with a full set of interactions with an
indicator (eTRS) for whether trade involves an eTRS
seller.** For ease of interpretation, we focus on Summed
Cultural Difference as our measure of the cultural differ-
ence between pairs in each case. Table 4, column 2a,
shows the coefficient estimates for the baseline effects of
all state-pair variables, whereas column 2b shows the
coefficient estimates for all variables’ interactions with
eTRS. Thus, the coefficients in column 2a show the effects
of the state-pair differences when sellers lack eTRS cer-
tification, which forces buyers to depend on other infor-
mation or characteristics to infer seller reliability. The
coefficients in column 2b show the incremental effect for
e¢TRS =1 transactions, so that the total effect for eTRS = 1
transactions is the sum of the coefficients in columns 2a
and 2b. Columns 3a and 3b repeat this exercise, provid-
ing estimates from a single model in which we use High
feedback rather than eTRS to divide sellers by their perfor-
mance records.

Our primary interest is in the interaction of ¢TRS and
Summed Cultural Difference. The coefficient estimate we
report in column 2a (—0.034) provides the baseline effect
of cultural difference on sellers without eTRS certifica-
tion. Column 2b’s corresponding estimate (0.014, signifi-
cant at the 5% level) implies that the role of cultural
difference is negative but about 40% lower (0.014/0.034)
in magnitude for eTRS listings relative to non-eTRS ones.
The eTRS interactions with the socioeconomic variables
are of inconsistent sign, and an F test of their sum hasa p
value of 0.73. Together, these estimates suggest that cul-
tural differences have a greater dampening effect on
trade between buyers and sellers who have not earned
quality certification, relative to the effect of cultural dif-
ferences on trade between buyers and sellers with qual-
ity certification.

The results in columns 3a and 3b are broadly consistent
with the message from our eTRS-based analyses in col-
umns 2a and 2b. In particular, the joint effect of cultural
differences is smaller for High feedback sellers, although the
difference is significant only at the 10% level. Curiously, the
estimates for socioeconomic differences for eTRS versus
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Figure 2. (Color online) Coefficient Estimates on Sum of Difference Measures, by Product Category, with 95% Confidence Inter-

vals, State-to-State Trade Data, and Log (Value) Specification
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Notes. The y axis is the estimated coefficient on Summed Cultural Difference from regressions at the category level including all controls in Table 2,
column 2, and buyer-state X year and seller-state X year fixed effects. The dependent variable is log of the total value of trade between states. The
95% confidence intervals are shown using standard errors that are two-way clustered by buyer state and seller state.

non-eTRS sellers are often negative (i.e., the “wrong” sign);
an F test indicates that their sum is significantly different
from zero at the 5% level.

Collectively, we interpret the estimates in Table 4 as
suggesting that cultural similarity supports trust, so that
cultural difference becomes a greater determinant of
trade when quality certification or extensive seller repu-
tations are absent. This finding echoes that of Guiso et al.
(2009), who find that bilateral trust is a stronger predictor
of trade for quality-differentiated products relative to
commodities.

As with our previous results, we repeat the specifica-
tions here using quantity-based trade and with PPML
estimation. These sets of analyses show that cultural
variables” impact on trade is consistently attenuated for
eTRS-badged and high feedback sellers. The magnitudes
are quite comparable to those reported in Table 4,
although the PPML estimation provides much greater
precision in our point estimates. These results are in
Tables A.4-A.6.

3.4. Impact of Cultural and Socioeconomic
Differences on Buyer Satisfaction

In our final set of results, we examine whether, condi-
tional on a transaction having taken place, cultural differ-
ence predicts buyer satisfaction. One possibility raised
by the literature on economic discrimination, but diffi-
cult to explore directly in patterns of trade conducted
previously, is that buyers simply have preferences to do

business with people like themselves or conversely have
an “animus” (Becker 1957) toward interacting with
others unlike themselves that is distinct from expecta-
tions about quality or trustworthiness. We investigate
the satisfaction of buyers by analyzing the volume and
content of feedback they provide for sellers. Conditional
on a transaction occurring, buyers should be less inclined
to provide positive feedback, and more inclined to pro-
vide negative feedback to sellers toward whom they feel
animus. This raises a concern about selection: A buyer
must be willing to purchase from a seller to have the
opportunity to leave feedback. We cannot capture the
sentiments of buyers from state b who never purchase
from sellers of state s, but we observe that trade often
does occur between dissimilar locations, so if there is
a tendency to give negative feedback, it may appear
(although attenuated) in the feedback results. Some trade
between dissimilar locations is likely to occur because
of favorable product matches or idiosyncratically low
prices, despite animus that a buyer may feel. Nonethe-
less, we recognize that those with the greatest animus
may not engage in trade at all with dissimilar partners.
Thus, our examination of customer feedback can only
rule in animus rather than fully ruling it out.

We provide results on buyer satisfaction, represented
by effective percent positive (EPP) and fraction negative
feedback (Negative feedback), derived from models that
are variants of Table 3’s specifications that include state-
category-year fixed effects. One strength of EPP is that it
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Table 4. Moderating Role of Seller Quality in the Impact of Cultural Difference on Trade

Model 2: Sellers separated

Model 3: Sellers separated

Model 1: All by eTRS status by feedback level
sellers
1) (2a) (2b) (3a) (3b)
Base effect, Additional effect Base effect, Additional effect for
eTRS =0 for eTRS =1 high feedback = 0 high feedback =1
Summed cultural difference —0.0317*** —0.0337*** 0.0138** —0.0346*** 0.0109*
(0.00500) —0.00507 —0.00554 —0.00495 —0.00578
Difference in
[1] Median income 0.00329 0.00248 —0.00212 0.00430 —0.00720
(0.00430) (0.00476) (0.00554) (0.00723) (0.00572)
[2] Bachelors share —0.00427 —0.00289 —0.000704 —0.0105 0.0183***
(0.0102) (0.0104) (0.00807) (0.0116) (0.00550)
[3] Median age 0.00637 0.00605 —0.00394 0.00184 0.00640
(0.00655) (0.00716) (0.00770) (0.00667) (0.00504)
[4] Male share —0.00775 —0.00491 —0.00379 —0.00574 0.00567
(0.00691) (0.00748) (0.00967) (0.00677) (0.00551)
[5] Med. home value —0.0202* —0.0235** 0.0128 —0.0290*** —0.00720
(0.0106) (0.00985) (0.00847) (0.00907) (0.00815)
[6] Urban share 0.00721 0.00781 —0.0138* 0.00627 —0.00282
(0.00610) (0.00697) (0.00762) (0.00812) (0.00539)
[7] Owner-occup. share —0.0171** —0.0190** 0.00597 —0.0206** 0.00668
(0.00689) (0.00834) (0.00776) (0.0101) (0.00804)
Test of sum of [1]-[7] = 0 F =4.63 F =341 F=0.12 F =9.05 F =446
(p = 0.0362) (p = 0.0707) (p = 0.7345) (p = 0.0041) (p = 0.0396)
Log distance between states —0.165*** —0.172% 0.00959 —0.196** 0.0334***
(0.00929) —0.00916 —0.00607 —0.00905 —0.00677
Observations 168,300 336,600 336,600
R? (within) 0.0493 0.0312 0.0364

Notes. Dependent variable: log(revenue). This table reports results from three models. The model with results in column 1 aggregates the impact
of difference on all sellers. The second model’s results are in columns 2s and 2b; this model provides baseline (2a) and eTRS-interacted (2b)
effects of difference measures on trade. Model 3 has the same structure as model 2, but for seller feedback. In addition to the listed variables, the
model in columns 2a and 2b includes buyer-state X eTRS X year and seller-state X eTRS X year fixed effects; the model in 3a and 3b replaces eTRS
with High feedback. The variables median income, bachelors share, median age, male share, median home value, urban share, and owner-
occupied share all refer to the absolute value of state-level differences. Standard errors are two-way clustered by buyer state and seller state.

Robust standard errors in parentheses.
***p < 0.01; **p < 0.05; *p < 0.1 (two-sided test).

removes concerns about an additional form of selection
in buyer satisfaction: the decision of whether to leave
feedback. EPP measures buyer satisfaction through
the feedback choice itself, relying on the regularity
that virtually all eBay feedback is positive (Nosko and
Tadelis 2015). Negative feedback is only observed when
a buyer chooses to leave feedback, but it provides a
sharper view of buyer satisfaction with individual
transactions. We view the two feedback measures as
providing complementary evidence on buyer satis-
faction. In Table 5, the odd-numbered specifications
include the three separate cultural difference mea-
sures, and the even specifications include Summed
Cultural Difference. We find that geographic distance
between states is negatively and significantly related
to EPP and positively and significantly related to Nega-
tive feedback, which may reflect shipping-related issues
that increase with distance, such as damage or delays.
In no case is any measure of cultural difference (indi-
vidual or in aggregate) a significant predictor of either
proxy for customer satisfaction. Overall, our results on

feedback are hard to reconcile with animus-based
models.

Considering our feedback results through the lens of
perceptions of trustworthiness suggests several possi-
ble interpretations. One potential explanation (incor-
porating both the trade and satisfaction results) is that,
although buyers’ perceptions of trustworthiness are
associated with cultural similarities or differences,
these perceptions reflect excessively strong generaliza-
tions (Bordalo et al. 2016) that are not validated in prac-
tice. According to this interpretation, perceptions
shape the propensity to transact, but do not reflect
actual performance conditional on the transaction
being executed. A second explanation is that selection
drives the observed satisfaction results. Buyers choose
to interact only with sellers that they deem sufficiently
trustworthy and make accurate inferences of trustwor-
thiness based on cultural similarities or differences.
Observed transactions then lead to levels of customer
satisfaction that are independent of buyer-seller cul-
tural similarity. This possibility raises the question of
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Table 5. Impact of Cultural Difference on Customer Satisfaction

Share negative feedback

2 ©) (4)

EPP
Variables 1)
Ethnic difference —0.0411
(0.170)
Religious difference —0.0861
(0.0801)
Voting difference 0.0750
(0.0609)
Summed cultural difference
Median income difference —0.0247
(0.0436)
Bachelors share difference —0.0616*
(0.0344)
Median age difference —0.0912**
(0.0423)
Male share difference 0.0192
(0.0669)
Median home value difference 0.0834
(0.0758)
Urban share difference 0.0725
(0.0521)
Owner-occupied share difference —0.0469
(0.0429)
Log distance between states —0.422%**
(0.0698)
Observations 166,606
R? (within) 0.000880

0.0340
(0.0236)
0.0219
(0.0150)
—0.00412
(0.00768)
0.0220 0.00637
(0.0352) (0.00686)
—0.0382 0.00234 0.00485
(0.0442) (0.00865) (0.00826)
—0.0392 —0.00577 ~0.0110
(0.0407) (0.0112) (0.0121)
—0.0917%* —0.00796 —0.00835
(0.0414) (0.00879) (0.00851)
0.0283 —0.0104 —0.0109
(0.0639) (0.00789) (0.00789)
0.100 —0.0225* —0.0262%*
(0.0719) (0.0128) (0.0125)
0.0709 0.00927 0.0105
(0.0519) (0.00826) (0.00841)
~0.0535 —0.0112 —0.00723
(0.0466) (0.00932) (0.00808)
—0.445% 0.0288*** 0.0329***
(0.0670) (0.00609) (0.00657)
166,606 165,008 165,008
0.000863 0.000142 0.000121

Notes. In addition to the listed variables, all models include buyer-state x year and seller-state x year fixed effects. The variables median income,
bachelors share, median age, male share, median home value, urban share, and owner-occupied share all refer to the absolute value of state-level
differences. Standard errors are two-way clustered by buyer state and seller state. Robust standard errors in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1 (two-sided test).

whether sellers do, in fact, behave in a more trustwor-
thy manner when interacting with buyers from states
with culturally similar populations; this question is
beyond the scope of the current paper.

4. Conclusions

Our paper provides three contributions. First, we docu-
ment that cultural difference, as measured by differences
in ethnicity, religiosity, and voting behavior, is nega-
tively associated with trade patterns in an online market
in which buyers choose among sellers with observable
locations but whose personal identities are effectively
concealed. This, in and of itself, is somewhat surprising
because buyers and sellers in this marketplace do not
meet directly, see pictures of one another, or engage in
voice communication. Our second contribution is to
show that the negative association between cultural dif-
ference and trade varies significantly across product cat-
egories; for example, the weakest association was found
for cell phones and video games and the strongest for
tickets, art, and antiques. We conjecture that, for the latter
set of products, quality and/or authenticity are less eas-
ily verified. Consistent with this pattern, our third contri-
bution is to use the differences in patterns of trade with

certified versus noncertified sellers to show that cultural
similarity matters more when there is more uncertainty
about the quality of the seller, suggesting that buyers
associate cultural similarity with greater trustworthi-
ness. Nonetheless, our concluding examination of cus-
tomer satisfaction raises questions about whether these
perceptions of trustworthiness are accurate or driven
by mistaken beliefs about the impact of buyer-seller
differences. Collectively, these findings indicate a posi-
tive link between cultural similarity and trade that is at
least partly driven by trust concerns. These findings
contribute to a small but growing body of work that
examines the relationship between cultural similarity
and trade, such as Guiso et al. (2009), Bailey et al.
(2018), Chintagunta and Chu (2021), and Wang and
Overby (2022).

The fact that we find the trade patterns exist on an
e-commerce platform in which face-to-face contact is
rare and demographic information about counterparties
is concealed is perhaps surprising. Although discrimina-
tion based on observable buyer or seller ethnicity has
been documented on e-commerce platforms such as
Airbnb (Cui et al. 2016, Edelman et al. 2017), online classi-
fied advertisement platforms (Doleac and Stein 2013),
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and online used-car markets (Zussman 2013), features of
the eBay platform make it difficult to discover the eth-
nicity or other demographic details of a seller. Buyers
in our setting must therefore make inferences about a
seller based on his or her location. Our results, which
suggest a higher level of trust between more similar
eBay users, indicate that eBay users, whether con-
sciously or not, are incorporating such information in
their purchasing decisions. Our observations about
buyer satisfaction raise an important question about
whether eBay buyers incorporate this information in
an accurate way.

4.1. Implications for Business Strategy

Our findings suggest that the salience of location,
beyond the choice of location itself, may itself be a strate-
gic choice. In our setting, sellers may wish to make loca-
tion more salient to buyers (e.g., in product descriptions)
depending on desired target markets or may wish to
highlight location if they are endowed with a high-trust
location. In considering the role of place in firm strategy
more broadly, we see evidence of such efforts at tether-
ing brands to location both in businesses that use place
names to differentiate themselves (e.g., Bayerische Moto-
ren Werke, OshKosh B’Gosh, Tom’s of Maine) and
in those that use location in advertising (e.g., “Miller
Brewing Company—Milwaukee, Wisconsin” or “Ben &
Jerry’s—=Vermont’s Finest”). The empirical patterns we
uncover also emphasize the importance to new or small
firms of understanding that they may be judged by pro-
spective consumers, at least in part, based on their
location.

For early-stage entrepreneurs, our results point toward
important considerations that influence product-market
fit (Eisemann et al. 2011) by highlighting product categories
where seller location influences buyer decision-making and
suggesting mechanisms, like quality assurance, that moder-
ate the influence of inferences based on location. These
insights can offer guidance to entrepreneurs engaged in
deliberate experiment-based approaches to developing
business models (Camuffo et al. 2020, Novelli and Spina
2021, Koning et al. 2022) by providing informative priors
(Chen et al. 2018) or shaping the development of high-
precision tests (Agrawal et al. 2021). A startup in the Bay
Area may need to work harder to earn the trust of custo-
mers in Bakersfield than Brooklyn, despite the fact that
Bakersfield is considerably closer.

For platform operators, our results point to some posi-
tive potential measures for stimulating transactions
between dissimilar partners: quality assurance institu-
tions and information about sellers’ track records appear
to help buyers trust sellers from locations different from
their own. Given the emphasis placed by eBay and other
two-sided platforms on developing robust customer
feedback mechanisms, such markets may hold out the
promise of reducing the importance of cultural distance

in economic transactions. In the absence of complete
quality assurance or reputational assurances, however,
our results suggest that location may significantly
shape the market available to a firm, especially in their
early stages. More generally, gains from trade are
likely to be greater and more widespread if firms are
aware of these potential frictions and can work to over-
come them.
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Appendix A

A.1. Supplementary Analysis of Trade Between Zip Codes
A.1.1. Zip Code Data In supplementary analysis, we
examine trade between three-digit zip-code areas (e.g., the
area “275” includes zip codes 27514, 27516, and others). There
are 887 of these areas in the United States with civilian popula-
tions and complete demographic data. For these zip code areas,
we analyze trade and demographic data that is similar in struc-
ture to our data on state-to-state trade. In Table A.1, Panel A, we
include summary statistics for the zip-to-zip annual transaction
data, which has similar patterns to the state-to-state data in
its trade and feedback values.

In constructing demographic data at the zip code level, we
use county-level analogues to the state-level data described
in Section 3 together with a weighting procedure. We take a

Figure A.1. (Color online) Relationship Between Ethnic Dif-
ferences and Interstate Trade

14.1 1412 1414 1416
Il

Log(State-Pair Annual Revenue)
14.08

14.06

-5 0
State-Pair Difference in Ethnicity

Notes. The figure shows a binned scatter plot to illustrate the relation-
ship between state-pair differences in ethnicity and interstate trade.
We use 50 bins and residualize the data to account for all other vari-
ables included in Table 2, column 3.
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Figure A.2. (Color online) Relationship Between Differences
in Religiosity Interstate Trade
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Notes. The figure shows a binned scatter plot to illustrate the relation-
ship between state-pair differences in religiosity and interstate trade.
We use 50 bins and residualize the data to account for all other vari-
ables included in Table 2, column 3.

weighted average of all counties that contribute to the three-
digit zip code. We know the share of each county’s land area
that is within each zip code, and we assume that a county’s
population is distributed uniformly within its boundaries.
For each county, we obtain the fraction of its population that
is in zip code z and calculate the county’s weight with the
fraction of z’s population that comes from the county.”” We
construct our zip code demographic variables using these
weights with the county-level versions of the demographic
variables described previously.”® In Table A.1, Panels B and

Figure A.3. (Color online) Relationship Between Differences
in Voting and Interstate Trade
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Notes. The figure shows a binned scatter plot to illustrate the rela-
tionship between state-pair differences in voting in the 2016 presi-
dential election and interstate trade. We use 50 bins and residualize
the data to account for all other variables included in Table 2, col-
umn 3.

Figure A.4. (Color online) Relationship Between Ethnic Dif-
ferences and Zip-to-Zip Trade
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Notes. The figure shows a binned scatter plot to illustrate the relation-
ship between zip code—pair differences in ethnicity and trade. We use
50 bins and residualize the data to account for all other variables
included in Table A.4, column 3.

C, we present summary statistics for zip code-level and zip
code—pair attributes, respectively.

A.1.2. Zip Code-Level Analysis For our zip code-level
analyses, the specification is virtually identical to (1), with
three-digit zip codes defining b and s throughout. In Table A.2,
we present analogous results for zip-to-zip annual transaction
data, which allows us to account for the very different percep-
tions that buyers may have of, for example, Manhattan versus
upstate New York or Austin versus rural Texas. Column 1

Figure A.5. (Color online) Relationship Between Religiosity
Differences and Zip-to-Zip Trade
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Notes. The figure shows a binned scatter plot to illustrate the relation-
ship between zip code-pair differences in religiosity and trade. We
use 50 bins and residualize the data to account for all other variables
included in Table A.4, column 3.
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Figure A.6. (Color online) Relationship Between Voting Dif- shows a consistent and robust relationship between culture
ferences and Zip-to-Zip Trade proxies and trade at the zip code-pair level. In general,
the magnitudes of the coefficients on Religious difference
and Voting Difference are larger, and all variables are
(unsurprisingly) more precisely estimated than in the
state-to-state trade analyses. This specification exploits
both cross- and within-state variation in estimating the
culture-trade relationship. In column 2, we limit the sam-
ple to within-state zip code pairings to focus on variation
that is distinct from the between-state results. The patterns
are quite similar to those based on the full set of zip-code-
pairs. Turning to our quantity-based measure of trade in
column 3 the results are again largely unchanged. We use
our overall measure of cultural similarity (Summed cultural
difference) in the remaining columns and observe a strong
relationship between cultural similarity and trade whether
\ \ \ \ w we use OLS (columns 4 and 5) or PPML (columns 6 and 7)
2 1 Zipcode_pairv‘gﬁng Difference ! 2 specifications. Table A.3, Panel B, provides PPML results

with the three separate cultural difference variables. In
Notes. The figure shows a binned scatter plot to illustrate the relation- Figures A4-A.6, we present binned scatter plots for each

S.hip bem_zeen 7ip code-pair differencgs invoting m the_2016 presiden- individual cultural difference variable’s relationship with
tial election and trade. We use 50 bins and residualize the data to R
total trade based on our zip code-level data.

account for all other variables included in Table A.4, column 3.
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Table A.1. Summary Statistics and Zip Code Data

Mean Median Standard deviation Minimum Maximum

Panel A: Annual sales and feedback data summary, zip-to-zip transactions (N = 1,571,764)

Revenue 15,179 3,524 56,868 0 11,865,290
Quantity 379 101 1,176 0 207,816
Revenue, noneTRS sellers 9,499 2,296 33,207 0 7,351,905
Revenue, eTRS sellers 5,680 1,042 27,910 0 8,572,258
Effective percent positive feedback 52.49 52.27 13.44 0 100
Negative feedback share 0.37 0 1.76 0 100
Panel B: Zip code characteristics (N = 887)
Winner vote % 2016 0.55 0.56 0.17 0.04 0.92
Median income (1000) 56.05 53.21 14.28 24.75 116.20
Bachelors share 0.28 0.27 0.10 0.07 0.74
Median age 39.08 38.90 3.67 25.99 52.40
Male share 0.49 0.49 0.01 0.47 0.56
Median home value (1000) 201.62 154.41 134.95 48.79 927.34
Urban share 0.69 0.71 0.24 0.00 1.00
Owner-occupied share 0.68 0.69 0.08 0.20 0.82
Panel C: Differences in zip code area characteristics (N = 785,882)
Ethnic difference 0.52 0.52 0.18 0.04 0.95
Religious difference 0.33 0.33 0.07 0.02 0.70
Voting difference 2016 0.19 0.17 0.14 0.00 0.88
Difference in
Median income (10,000) 1.51 1.14 1.34 0.00 9.14
Bachelors share 0.10 0.08 0.08 0.00 0.67
Median age 4.11 3.45 3.17 0.00 26.41
Male share 0.01 0.01 0.01 0.00 0.09
Median home value (100,000) 1.25 0.71 1.44 0.00 8.79
Urban share 0.28 0.24 0.21 0.00 1.00
Owner-occupied share 0.09 0.07 0.08 0.00 0.62
Distance between zip codes (km) 1,633.73 1,408.81 1,078.88 0.00 8,368.32

Note. See text for variable definitions.
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Table A.2. Impact of Cultural and Socioeconomic Differences on Trade Between Zip Codes

OLS PPML
@ @ ©) @) ©) (6) @)
All Same state All All All All All
Dependent variable log(revenue) log(revenue) log(quantity) log(revenue) log(quantity)  Revenue Quantity
Ethnic difference —0.112%*+* —0.107*** —0.0611***
(0.00814) (0.0242) (0.00639)
Religious difference —0.0545%** —0.0379** —0.0387***
(0.00476) (0.0172) (0.00370)
Voting difference —0.0420*** —0.0404*** —0.0276***
(0.00353) (0.00732) (0.00276)
Summed cultural difference —0.0553*** —0.0353*** —0.0403**  —0.0372%**
(0.00263) (0.00210) (0.00560) (0.00365)
Median income difference 0.000922 —0.00750 0.00302 —0.000510 0.00182 0.00308 —0.00279
(0.00402) (0.00779) (0.00289) (0.00413) (0.00292) (0.00581) (0.00448)
Bachelors share difference —0.0248*** 0.0267*** —0.0197*** —0.0172%* —0.0156**  —0.0193***  —0.00595
(0.00450) (0.00790) (0.00324) (0.00471) (0.00332) (0.00695) (0.00443)
Median age difference 0.000745 —0.0163** 0.00196 —0.00310 0.000131 —0.00155 —0.00347
(0.00222) (0.00660) (0.00167) (0.00229) (0.00164) (0.00338) (0.00313)
Male share difference —0.0126*** —0.00575 —0.0173*** —0.0130*** —0.0172%*  —0.0192***  —0.0127***
(0.00372) (0.00799) (0.00274) (0.00377) (0.00279) (0.00402) (0.00281)
Median home value difference —0.0281*** —0.0797*** —0.0166*** —0.0274%** —0.0160*** —0.00817 —0.00173
(0.00651) (0.0124) (0.00472) (0.00654) (0.00477) (0.00768) (0.00811)
Urban share difference —0.00893** —0.0456*** —0.0368*** —0.0103** —0.0373**  —0.0577**  —0.0412***
(0.00413) (0.00677) (0.00355) (0.00415) (0.00354) (0.00669) (0.00464)
Owner-occupied share difference —0.00163 0.0274*** —0.00161 —0.00863** —0.00426 —0.00479 —0.00778*
(0.00403) (0.00806) (0.00294) (0.00415) (0.00316) (0.00526) (0.00462)
Log distance between zip codes ~ —0.161*** —0.0798*** —0.133*** —0.165*** —0.135%** —0.0644**  —0.0692***
(0.00547) (0.00999) (0.00403) (0.00539) (0.00395) (0.00673) (0.00544)
Observations 1,571,764 43,556 1,571,764 1,571,764 1,571,764 1,571,764 1,571,764
R? (within) 0.0717 0.0901 0.1527 0.0710 0.152 NA NA

Notes. In addition to the listed variables, all models include buyer-zip code X year and seller- zip code x year fixed effects. The variables median income,
bachelors share, median age, male share, median home value, urban share and owner-occupied share all refer to the absolute value of state-level
differences. Standard errors are two-way clustered by buyer zip code and seller zip code. Robust standard errors in parentheses. NA, not applicable.

***p < 0.01; *p < 0.05; *p < 0.1 (two-sided test).

Table A.3. PPML Estimates of State-to-State and Zip-to-Zip Trade with Separate Cultural Difference Measures

Panel A: State-to-state

Panel B: Zip-to-zip

Panel C: StateXCategory-to-StateXCategory

)

@

®G)

€

®) (©)

Dependent variable Revenue Quantity Revenue Quantity Revenue Quantity
Ethnic difference —0.0647*** —0.0721**  —0.0862***  —0.0974*** —0.0515%** —0.0466***
(0.0116) (0.0111) (0.0129) (0.0114) (0.00671) (0.00688)
Religious difference —0.00983 —0.0276**  —0.0368***  —0.0433*** —0.0158 —0.0275***
(0.0155) (0.0103) (0.00874) (0.00490) (0.0111) (0.00816)
Voting difference —0.0216*** —0.00903**  —0.0281***  —0.0166*** —0.0150%** —0.0105***
(0.00658) (0.00363) (0.00596) (0.00478) (0.00521) (0.00269)
Median income difference 0.00739 0.00562 0.00463 0.000154 0.000187 0.00133
(0.00751) (0.00714) (0.00571) (0.00447) (0.00629) (0.00497)
Bachelors share difference 0.000350 —0.00328 —0.0238***  —0.0134*** 0.00334 —0.00111
(0.00945) (0.00651) (0.00663) (0.00439) (0.00722) (0.00507)
Median age difference 0.00859*** 0.00506** 0.000357  —0.000569 0.00648*** 0.00384***
(0.00239) (0.00216) (0.00303) (0.00279) (0.00181) (0.00127)
Male share difference —0.0107 —0.00421 —0.0193***  —0.0128*** —0.00575 —0.00491
(0.00937) (0.00835) (0.00415) (0.00309) (0.00628) (0.00534)
Median home value difference —0.0147* —0.00778 —0.0104 —0.00462 —0.00894 —0.00664
(0.00857) (0.00544) (0.00777) (0.00746) (0.00621) (0.00444)
Urban share difference —-0.0171 —0.0140 —0.0555***  —0.0394*** —0.0115 —0.00792
(0.0116) (0.0105) (0.00633) (0.00454) (0.00767) (0.00641)
Owner-occupied share difference ~ —0.0178** —0.0113** 0.000110  —0.00179 —0.0135%** —0.00928***
(0.00714) (0.00476) (0.00447) (0.00406) (0.00399) (0.00330)
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Table A.3. (Continued)

Panel A: State-to-state Panel B: Zip-to-zip Panel C: StateXCategory-to-StateXCategory
@ @ ©) @ ®) (6)
Dependent variable Revenue Quantity Revenue Quantity Revenue Quantity
Log distance between areas —0.0974*** —0.0849*>*  —0.0625"**  —0.0656*** —0.0967*** —0.0862***
(0.0102) (0.00632) (0.00686) (0.00563) (0.00646) (0.00518)
Observations 5,100 5,100 1,571,764 1,571,764 168,300 168,300

Notes. In addition to the listed variables, all models include buyer-state X product category X year and seller-state X product category X year
fixed effects. The variables median income, bachelors share, median age, male share, median home value, urban share and owner-occupied
share all refer to the absolute value of state-level differences. Standard errors are two-way clustered by buyer state and seller state.

***p < 0.01; *p < 0.05; *p < 0.1 (two-sided test).

Table A.4. Moderating Role of Seller Quality in the Impact of Cultural Difference on Trade, OLS Specification

(€] (2a) (2b) (3a) (3b)
Base effect, Additional effect for Base effect, high Additional effect for
Base effect eTRS =0 eTRS =1 feedback = 0 high feedback =1
Summed cultural —0.0215*** —0.0231*** 0.00750** —0.0228*** 0.00390*%
difference (0.00347) (0.00355) (0.00320) (0.00346) (0.00230)
Difference in
[1] Median —0.00106 —0.00138 0.00263 —0.00106 —0.000353
income (0.00364) (0.00354) (0.00277) (0.00363) (0.00282)
[2] Bachelors 0.00478 0.00464 0.000708 0.000425 0.00971***
share (0.00435) (0.00377) (0.00501) (0.00390) (0.00301)
[3] Median age 0.00188 0.00169 —0.00280 —0.000392 0.00285
(0.00481) (0.00533) (0.00495) (0.00732) (0.00447)
[4] Male share —0.0158** —0.0152** —0.00953* —0.0220** 0.00346
(0.00681) (0.00754) (0.00556) (0.00863) (0.00319)
[5] Med. home —0.0117* —0.0121* 0.00514 —0.0128** 0.000230
value (0.00673) (0.00674) (0.00514) (0.00628) (0.00514)
[6] Urban share —0.0131*** —0.0154*** —0.00618 —0.0215*** 0.00392
(0.00401) (0.00432) (0.00431) (0.00518) (0.00261)
[7] Owner-occup. —0.00746** —0.00893*** 0.00836 —0.00980*** 0.00633*
Share (0.00323) (0.00320) (0.00544) (0.00347) (0.00349)
Test of sum of F =22.80 F =23.50 F=0.03 F =23598 F =10.94
[1]-[71=0 (p = 0.0000) (p = 0.0000) (p = 0.8688) (p = 0.000) (p = 0.0017)
Log distance —0.129*** —0.132%** 0.0269*** —0.1471*** 0.0239***
between states (0.00719) (0.00729) (0.00384) (0.00743) (0.00402)
Observations 168,300 336,600 336,600
R? (within) 0.115 0.0797 0.0994

Notes. Dependent variable: log(quantity). In addition to the listed variables, the model in columns 2a and 2b includes buyer-state X ¢TRS X year
and seller-state X eTRS X year fixed effects; the model in 3a and 3b replaces eTRS with High feedback. The variables median income, bachelors
share, median age, male share, median home value, urban share and owner-occupied share all refer to the absolute value of state-level
differences. Standard errors are two-way clustered by buyer state and seller state. Robust standard errors in parentheses.

***p < 0.01; ¥p < 0.05; *p < 0.1 (two-sided test).
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Table A.5. Moderating Role of Seller Quality in the Impact of Cultural Difference on Trade PPML Specification

@ (2a) (2b) (3a) (3b)
Base effect, Additional effect for Base effect, high Additional effect for
Base effect eTRS =0 eTRS =1 feedback = 0 high feedback =1
Summed cultural —0.0189*** —0.0243*** 0.0107** —0.0290*** 0.0140%**
difference (0.00484) (0.00479) (0.00449) (0.00364) (0.00455)
Difference in
[1] Median —0.000513 0.000252 —0.000841 —0.00166 0.000224
income (0.00620) (0.00571) (0.00563) (0.00357) (0.00573)
[2] Bachelors 0.00538 0.00118 0.00963 0.00364 0.00209
share (0.00663) (0.00596) (0.00667) (0.00453) (0.00707)
[3] Median age 0.00482*** 0.00611*** —0.00355 0.00340** 0.00200
(0.00180) (0.00166) (0.00315) (0.00142) (0.00251)
[4] Male share —0.00721 —0.00595 —0.00165 —0.0102** 0.00588
(0.00620) (0.00580) (0.00747) (0.00503) (0.00488)
[5] Med. home —0.00499 —0.00241 —0.00743 —0.00913*** 0.00529
value (0.00595) (0.00573) (0.00941) (0.00352) (0.00625)
[6] Urban share —0.0160** —0.0171** 0.00530 —0.0225*** 0.00970*
(0.00727) (0.00695) (0.00733) (0.00558) (0.00564)
[7] Owner-occup. —0.0181*** —0.0232%** 0.0113* —0.0217*** 0.00522
Share (0.00447) (0.00561) (0.00616) (0.00452) (0.00460)
Test of sum of Chi sq =711 Chi sq = 9.36 Chi sq = 0.73 Chi sq = 24.81 Chi sq = 3.98
[1]-[7] = 0 (p = 0.0076) (p = 0.0022) (p = 0.3915) (p = 0.0000) (p = 0.0461)
Log distance —0.0978*** —0.103*** 0.0151*** —0.115%** 0.0250***
between states (0.00693) (0.00663) (0.00434) (0.00687) (0.00517)
Observations 168,300 336,600 336,600

Notes. Dependent variable: Revenue. In addition to the listed variables, the model in columns 2a and 2b includes buyer-state x ¢TRS X year and
seller-state X eTRS X year fixed effects; the model in 3a and 3b replaces eTRS with High feedback. The variables median income, bachelors share,
median age, male share, median home value, urban share and owner-occupied share all refer to the absolute value of state-level differences.
Standard errors are two-way clustered by buyer state and seller state. Robust standard errors in parentheses.

***p < 0.01; *p < 0.05; *p < 0.1 (two-sided test).

Table A.6. Moderating Role of Seller Quality in the Impact of Cultural Difference on Trade PPML Specification

1) (2a) (2b) (3a) (3b)
Base effect, Additional effect for Base effect, high Additional effect for
Base effect eTRS =0 eTRS =1 feedback = 0 high feedback =1
Summed cultural —0.0193*** —0.0232*** 0.00770%** —0.0284*** 0.0117%**
difference (0.00322) (0.00329) (0.00260) (0.00306) (0.00264)
Difference in
[1] Median —0.000586 0.000724 —0.00263 —0.000628 —0.000640
income (0.00514) (0.00367) (0.00607) (0.00290) (0.00479)
[2] Bachelors 0.00276 —0.000180 0.00706 0.00313 0.000134
share (0.00495) (0.00377) (0.00506) (0.00367) (0.00412)
[3] Median age 0.00268* 0.00323** —0.000767 0.00335** —0.000789
(0.00144) (0.00161) (0.00255) (0.00148) (0.00145)
[4] Male share —0.00471 —0.00515 0.000951 —0.00985** 0.00695%
(0.00511) (0.00516) (0.00376) (0.00420) (0.00363)
[5] Med. home —0.00138 —0.00159 3.95e-05 —0.00743** 0.00705
value (0.00527) (0.00450) (0.00449) (0.00314) (0.00476)
[6] Urban share —0.0120* —0.0155*** 0.00820 —0.0193*** 0.00922
(0.00651) (0.00543) (0.00657) (0.00465) (0.00568)
[7] Owner-occup. —0.0129*** —0.0155*** 0.00489* —0.0192*** 0.00800%***
Share (0.00316) (0.00320) (0.00274) (0.00340) (0.00258)
Test of sum of Chi sq = 5.76 Chi sq = 13.20 Chi sq = 1.54 Chi sq = 34.18 Chi sq = 7.53
[1]-[71=0 (p = 0.0164) (p = 0.0003) (p = 0.2145) (p = 0.0000) (p = 0.0061)
Log distance —0.0895*** —0.0952%** 0.0133*** —0.113*** 0.0300%**
between states (0.00550) (0.00544) (0.00347) (0.00530) (0.00315)
Observations 168,300 336,600 336,600

Notes. Dependent variable: Quantity. In addition to the listed variables, the model in columns 2a and 2b includes buyer-state X ¢€TRS X year and
seller-state X eTRS X year fixed effects; the model in 3a and 3b replaces eTRS with High feedback. The variables median income, bachelors share,
median age, male share, median home value, urban share and owner-occupied share all refer to the absolute value of state-level differences.
Standard errors are two-way clustered by buyer state and seller state. Robust standard errors in parentheses.

**p < 0.01; **p < 0.05; *p < 0.1 (two-sided test).
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Endnotes

! Guiso et al. (2006, p. 29) argue that “the opening through which
culture entered the economic discourse was the concept of trust”
and conceptualize trust as a feature of culture. An alternative per-
spective is that trust, or cooperative behavior, may be easier to sus-
tain among socially or culturally similar actors.

2 Research on trust games more generally is more ambiguous on
the relationship between social distance and trust. Buchan et al.
(2006), for example, find that this relationship depends on cultural
context, with strong in-group effects in the United States but not in
Asian countries, whereas Fershtman and Gneezy (2001) find that
both Ashkenazi and Eastern Jews in Israel exhibit lower trust of
Eastern Jews. Glaeser et al. (2000) find no statistically significant
relationship between demographic similarity and trust.

3 An eBay seller’s location is a prominent feature of each eBay product
listing. Although information about the seller’s buying and selling his-
tory on the eBay platform is available to buyers (and summarized in
several reputation metrics), information about the seller’s gender, eth-
nicity, or socioeconomic status is, for the most part, unavailable. Sell-
ers use pseudonyms on the platform, making it difficult to infer these
attributes from names. Furthermore, nearly all contact with sellers
occurs via electronic communication. We believe, then, that inferences
buyers make about socioeconomic and cultural proximity or distance
with sellers come primarily from their beliefs about the expected char-
acteristics of sellers at the designated location.

4 This amounts to 6,732 fixed effects (51 states, 33 categories, 2
years, for seller and buyer locations).

5 The quantitative results we discuss here are from a classic log-
linearized gravity equation, which we estimate with OLS. The
results are qualitatively the same when we use pseudo-Poisson
maximum likelihood (PPML) estimation, as suggested by Silva and
Tenreyro (2006).

8 The feedback score is one of the principal reputation mechanisms
that eBay has used since its early days and has featured in many
studies (see Bajari and Hortacsu (2004) for an early survey and Hui
et al. (2016) for more recent work). The literature has generally con-
cluded that buyers see greater risk in dealing with sellers with low
feedback scores because their trustworthiness is more uncertain.

7 Kricheli-Katz and Regev (2016) show that female sellers receive
fewer bids than their male counterparts in a large sample of eBay
transactions. In an accompanying survey, they show that respon-
dents can often correctly infer the seller’s gender based on informa-
tion available on a listing, suggesting that buyers can and do attend
to seller attributes. Ayres et al. (2015) show racial discrimination
based on an experimental design with a relatively small sample:
The design, with black versus white hands holding the item for
sale, ensures that buyers can readily infer the seller’s race. Our
paper is distinct from these studies in our research focus and the
type of data we use. Although the aforementioned papers study
one-way discrimination (e.g., the bias experienced by all black sell-
ers, with no conditioning on buyer race), we examine the effects of
differences between populations. Although we do not exploit indi-
vidual sellers’ attributes, our sample’s breadth allows us to describe
a large share of all trade on eBay within the United States.

8 This is also consistent with the findings of DeBruine (2002), who
finds that, although individuals exhibit greater trust in others with
similar facial features to themselves, they are no less likely to betray
facially similar partners.

9Lendle et al. (2015) also document that geographic distance’s
impact is relatively small on eBay, focusing on international trans-
actions on the platform versus other trade flows.

19 Previous researchers have also considered the effects of cultural
and social distance on trade across countries. Guiso et al. (2009), in

particular, study the link between survey-based measures of bilat-
eral trust among European nations and economic activity such as
trade and investment. They find that, particularly for “trust-
sensitive” products, trust impacts trade flows. More broadly, an
extensive literature documents that cross-border exchange of goods
and services is greater between counterparties when they are closer
together, whether in terms of physical, cultural, legal, or other
“distance” (Anderson and Van Wincoop 2004). Although these
cross-country patterns are helpful in guiding our understanding of
the determinants of trade, as noted earlier, we are able to hold
many more factors constant in looking at trade on a particular plat-
form within a single country. One attempt at looking at the determi-
nants of trade across regions within a single country comes from
Hillberry and Hummels (2008), who look at the flow of goods
within the United States. They focus on understanding a very
strong geographic distance effect, and their explanation centers on
production co-location and trade in intermediate goods. In that
sense, we see our focus on consumer goods and preferences as com-
plementary to their work.

" eBay U.S. platform revenue from https://www.digitalcommerce360.
com/article/ebays-sales/.

12 For example, we may observe that, during 2016, Arizona sellers
sold 2,000 items for $20,000 (in total) to Missouri buyers. Within
those 2,000 items, 800 with a value of $7,000 were from eTRS sellers,
and 1,000 items with a value of $14,000 were from sellers with feed-
back greater than 200.

3 We also performed the analysis after separating sellers by
whether their feedback is greater than 1,000. Our results are very
similar to those reported below for a feedback threshold of 200.

'* This measure relies on the observation that it is more “expensive”
to leave a negative review than it is to leave a positive one, because
sellers may retaliate against or harass the buyer. A basic assumption
of this approach, as described by Tadelis (2016, p. 334), is that
“silence is bad news.”

"5 The difference between our mean EPP value and the 65% rate
reported by Nosko and Tadelis (2015) may be due to differences in
our respective samples’ seller populations; they take a platform-
wide average that includes professional sellers that we largely omit.

6 We focus on 2016 vote shares to measure political preferences
because it is based on real-stakes decisions during the same period
covered by our eBay transactions data. For robustness, we consid-
ered two alternative measures of between-state differences in politi-
cal preferences. The first is based on the winner vote share in 2012.
The second is constructed using survey responses from a 2015 Gal-
lup Poll of 175,000 adult Americans on their political views. The
raw correlations among our three state-level measures of political
preferences are each above 0.93; if we use 2012 election data or Gal-
lup survey responses to measure political differences across states,
our results are qualitatively similar to those based on the most
recent election data.

17 Alternative distance measures yield near-identical results, which
is unsurprising given the very high correlation across such mea-
sures. For example, the correlation between the log of the distance
between capitals and the log of the distance between population
centers is 0.995.

18 We use the shares of non-Hispanic individuals who are white,
African-American, Asian, Pacific Islander, other (single) race, and
two or more races; in addition, we use the share who are Hispanic
or Latino.

1° The aggregate categories are Evangelical Protestant, Black
Protestant, Mainline Protestant, Catholic, and Other. As an alter-
native state-level measure of religious similarity, we may use the
results of a survey conducted by Pew Center’s U.S. Religious
Landscape Center Research, which was reported in 2016. See


https://www.digitalcommerce360.com/article/ebays-sales/
https://www.digitalcommerce360.com/article/ebays-sales/

Downloaded from informs.org by [152.2.34.123] on 25 August 2023, at 13:27 . For personal use only, all rights reserved.

20

Elfenbein, Fisman, and McManus: Cultural Differences and Online Trade

Management Science, Articles in Advance, pp. 1-21, © 2023 The Author(s)

http: //www.pewresearch.org/fact-tank /2016/02/29 /how-religious-
is-your-state (accessed February 23, 2018). Pew reports data on the
percentage of adults in a state who say that religion is very important
in their lives, the percentage who say they pray daily, the percentage
who say they attend worship services at least weekly, and the per-
centage who say they believe in God with absolute certainty. This
would be closest to using simply adherents versus nonadherents
from the Religion Census. For our state-level analyses, using the
Pew-based measure yields quite similar results.

20 To deal with zeros in revenue and quantity values, we add one to
all Trade variables before applying the log transformation in (1) and
all other linear regression models. As we note previously, zeros
appear in the trade data in some instances when we deal with zip
code-level activity or state-level activity disaggregated by category
and/or seller reputation.

2! The PPML specification with buyer location and seller location
fixed effects can be advantageous in handling zeros, heteroscedasti-
city, and in solving the “adding up” problem in trade equations.
Although our data set has very few zeros, the latter two issues are
applicable to the present work, so we include PPML specifications
in each of our reported estimates of (1).

22 The scatter plot is quite similar if we include only the fixed effects
uy and vy, as suggested by the stability of the coefficients across
columns 1 and 3 of Table 4.

2 We find a similar pattern when we replace state-to-state trade
revenue with quantity traded.

24 We also interact each state-year fixed effect with the eTRS indica-
tor to account for different overall trade volumes flowing out of
and into states by eTRS status. For example, if California consu-
mers, on average, prefer eTRS items regardless of the item’s origin,
then this tendency is captured by the additional fixed effect for Cali-
fornia buyers by eTRS status. Similarly, if Florida has a greater than
average fraction of eTRS sellers shipping to all destinations, then
the additional eTRS-specific seller-state fixed effect will account for
this pattern.

2 For example, zip code z may contain 100% of 80,000-person
county A, 20% of 100,000-person county B, and 60% of 200,000 per-
son county C. We conclude that z’s total population is 220,000
(=80,000 + 0.2 x 100,000 + 0.6 x 200,000), and the counties” weights
in z are their population shares of z’s total population, for example,
0.36 for county A.

26 This procedure will introduce some measurement error in the zip
code demographic variables, but we believe it is minor. Potential
sources of error include: the assumption that county population is
uniformly distributed within its geographic boundaries, our use of
weighted averages to calculate county-level median ages and house
values, and the construction of a zip code geographic center using
the average of Census-reported county population centers.
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