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1. Introduction 

An extensive literature on the determinants of cross-border exchange of goods and services 

documents that trade is greater between counterparties when they are closer together, whether in 

terms of physical, cultural, legal, or other “distance.”1 

While the empirical patterns documented in this body of work have generated many 

insights into the drivers of global trade, the focus on cross-border transactions can make it 

challenging to distinguish among the various factors that could account for the positive correlation 

between trade and proximity. Closeness (whether geographic, cultural, or otherwise) may reduce 

shipping costs, as well as reduce informational and/or contracting frictions; it may also reflect 

demand-based similarities, which can come from consumers’ tastes or from firms’ demand for 

intermediate goods. As a way of holding some of these factors constant, a handful of papers have 

looked at trade within a single country (e.g., Hillberry and Hummels 2008) or even within a single 

trading platform (Hortacsu, Martinez-Jerez, and Douglas 2009). These have tended to focus on 

geographic proximity, which is potentially correlated with a range of other distance measures.2  

In this paper, we use eBay transaction data for U.S. buyers and sellers to explore how 

proximity – geographic, as well as cultural and socioeconomic – affects trade. Key features of this 

setting enable us to focus our attention on a subset of potential mechanisms and provide new 

insights on the determinants of trade. Because all of our transactions take place on the same 

platform and are governed by the same laws, we hold constant many of the institutional factors 

that vary across international boundaries. As a platform that directly connects individual buyers to 

sellers, eBay allows us to focus on consumer responses to socioeconomic and cultural similarities 

and differences.3 Prior work investigating these relationships examines the combined trade in 

intermediate and final goods. Furthermore, eBay’s product category structure, together with the 

                                                           
1 See Anderson and van Wincoop (2004) for a summary of the earlier literature on distance and trade costs. 
2 An important exception is Guiso, Sapienza, and Zingales (2009), who argue that cultural differences critically impact 
trust and therefore trade. 
3 An eBay seller’s location is a prominent feature of each eBay product listing. Although information about the seller’s 
buying and selling history on the eBay platform is available to buyers (and summarized in several reputation metrics), 
information about the seller’s gender, ethnicity, or socioeconomic status is generally unavailable. Sellers 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 any inferences buyers make about 
socioeconomic and cultural proximity or distance with sellers come from their beliefs about the expected 
characteristics of sellers at the designated location. 
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detailed transactional data we employ, enable us to develop measures of congruence between the 

product preferences of consumers in a given area and the products supplied by sellers in other 

areas. Thus, we can examine the degree to which distance correlates with differences in “tastes.” 

Finally, because eBay has a well-established (and well-documented) mechanism for designating 

“Top Rated Sellers” (who are publicly recognized by eBay for achieving pre-defined levels of 

customer satisfaction), we can explore how socioeconomic and cultural distance influences trade 

for transactions that involve differing degrees of seller quality certification. These features allow 

us both to control for the degree to which cultural or socioeconomic distance reflect divergent 

product preferences rather than simply perceived advantages from dealing with more trustworthy 

counterparties, and to compare the importance of these factors in settings in which trust is more or 

less important.  

In this paper, we analyze monthly interstate trade in 2015 and 2016. Using standard 

controls for geographic distance, and fixed effects for buyer and seller states by month, we find 

that greater cultural distance between two states is associated with significantly lower trade. For 

example, if the ethnic similarity of New Mexico and Mississippi became as similar as that of 

Vermont and Maine, trade between these states would increase by about 70 percent. Other 

socioeconomic characteristics are also predictive of trade: our estimates suggest that shrinking the 

gap in home values between West Virginia and California to that of Tennessee and Missouri, for 

example, would lead to a 12 percent increase in trade. These substantial associations between 

socioeconomic and cultural variables and trade could be due to greater trust between buyers and 

sellers, more strongly shared tastes between them, or a combination of the two. We extend our 

analysis to inform how these factors are likely to account for the correlations we report.  

Focusing first on the role of tastes, we construct two “taste overlap” state-pair variables 

that aim to measure the congruence between the products that eBay users in one state generally 

sell, and the products that users in another state generally buy. To construct both measures, we 

calculate the cross-category distribution of goods sold and the cross-category distribution of goods 

purchased in each state. Our first variable is the Euclidean distance between the seller and buyer 

states’ category shares, which reflects the average difference between the types of products sold 

in the seller state and those purchased in the buyer state. The second is the cross-product of the 

two category shares, which captures the likelihood that a randomly selected buyer from the buyer 

state is looking to purchase a product listed by a randomly selected seller from the seller state. To 
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our knowledge, this approach to capturing congruence between consumers' tastes and sellers' 

offerings is new to the trade literature, and we view it as a contribution itself. 

We find that both of our taste overlap measures are predictive of state-pair trade. 

Furthermore, the inclusion of one or both taste overlap measures has a large effect on the estimated 

coefficients for our cultural and socioeconomic variables. For example, the coefficient on our 

measure of states’ ethnic similarity is reduced by nearly 40 percent when we include the Euclidean 

distance measure. A second measure of cultural distance – vote share for the winning candidate in 

the 2016 Presidential election – goes from being a quantitatively large and statistically significant 

predictor of state-pair trade to having a near-zero effect. Some of the reluctance to trade between 

dissimilar partners, therefore, is due to simple asymmetries in what products sellers offer and those 

buyers demand. 

If the correlation between socioeconomic variables and trade is associated with trust 

differences, then quality-assurance mechanisms may moderate the impact of cultural and 

socioeconomic similarity. We explore this issue by examining whether the effect of cultural and 

socio-demographic variables on trade is affected by whether the seller has been designated as an 

eBay Top Rated Seller (eTRS), which plausibly serves as an alternative signal of trustworthiness. 

Intuitively, we expect that trust between groups will matter less if there is a separate source of 

quality assurance (see Elfenbein, Fisman, and McManus 2012; 2015). Consistent with cultural 

similarity serving as a source of trust, we find that the correlations between trade and our cultural 

similarity variables (e.g., similarities in ethnicity and political affiliation) are substantially 

diminished for eTRS listings.  

Overall, we interpret our findings as suggesting that, from the consumer’s perspective, both 

trust and taste overlap contribute to the positive association between socio-cultural proximity and 

trade. We see this as the main contribution of our paper. Additionally, we see our taste overlap 

measures as a methodological contribution that could be applied to cross- or within-country trade 

models. 

While our work contributes broadly to the literature on cross-country trade, the clearest 

antecedent is Hortacsu et al. (2009), who study the effect of buyer-seller distance on trade for eBay 

transactions, and also 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 
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that tastes play some role for “local” preferences, by showing that the distance effect is particularly 

prominent for sports memorabilia and tickets. Our agenda is distinct from Hortacsu et al. (2009) 

in that our aim is to understand not just the geographic distance effect but rather the broader set of 

similarities and differences between populations that impact trade. 

Our interest in the effects of cultural and social distance on trade is shared by Guiso et al. 

(2009), who study the link between bilateral trust among European nations and economic links 

based on trade and investment. They find that, particularly for “trust-sensitive” differentiated 

products, trust impacts trade flows. As noted at the outset, while these cross-country patterns are 

extremely helpful in guiding our understanding of the determinants of trade, we are able to hold 

many more factors constant in looking at trade on a particular platform within a single country. 

Examining social-media friendships on platforms such as Facebook, Bailey, Cao, Kuchler, 

Stroebel, and Wong (2017) document that trade between counties correlates with measures of 

social connectedness. Our work explores similar socio-cultural determinants of commercial 

interactions, but allows us to investigate distinct mechanisms. 

These papers fit into a much broader literature on the determinants of trade flows. While 

most work in this area uses cross-country panel data, Hillberry and Hummels (2008) looks at the 

flow of goods within the U.S. Their focus is on understanding the 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 complementary to their work. 

Finally, our work connects to a relatively new literature on habit formation, taste, and the 

geography of consumption, which was pioneered Bronnenberg et al. (2007) in a study showing 

that brand preferences are heavily influenced by the distance of consumers from where the 

company was founded. Bronnenberg et al. (2012) and Atkin (2013) extend this framework to show 

that consumers maintain loyalty to a brand (and in the case of Atkin, food type) even when they 

migrate. Both of these latter papers naturally have taste-based implications for the flow of goods 

within a country.  

 

2. Data 

We use two broad types of data in our analysis. The first is aggregated sales data from eBay, 

including information on state-to-state trade in the U.S. and distributions of U.S. buyer and seller 

transactions across product categories. The second is state-level demographic data, drawn from a 
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variety of sources we describe below, which capture cultural and socioeconomic characteristics of 

individual states. 

 

2.1 eBay data 

Our eBay data come from the firm’s U.S. platform, which hosted over $24 billion worth of 

transactions during 2017. eBay.com is the ninth-most frequently visited website in the U.S., behind 

only Amazon among e-commerce platforms.4 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 sellers offer items for sale rarely, while 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 a small amount of information visible to consumers, including a feedback score and the 

location (city and state) from which an item will ship. The feedback 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 

proportion of sales volume) earn an eTRS badge, which indicates that they have cleared specified 

thresholds for sales volume and customer satisfaction. These reputation mechanisms have been 

studied extensively in the economics literature. Cabral and Hortascu (2010), Hui, Saeedi, Shen, 

and Sundaresan (2016), and Elfenbein, Fisman, and McManus (2015), provide empirical evidence 

of the impact of these mechanisms on sales probability and price, while Hui, Saeedi, Spagnolo, 

and Tadelis (2017) examine the impact of these mechanisms on 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 the user with a 

collection of listings sorted by several factors, including product characteristics, price, sellers’ 

quality ratings, and sellers’ physical proximity to the consumer. The consumer may elect to re-sort 

the listings based on a single factor, including proximity. (Other than geography, consumers cannot 

filter or sort listings based on the difference measures we use in our analysis below.) eBay sellers 

can affect their positions in search results through their choices of prices or shipping fees, but they 

are largely unable to affect the geographic distribution of consumers who evaluate their products. 

                                                           
4 Web traffic statistics are from the marketing firm Alexa (an Amazon.com subsidiary), accessed on March 1 2018. 
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eBay consumers, therefore, have ample opportunities to inspect products from all over the United 

States, and interstate trade patterns are likely to reflect consumers’ choices 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 U.S. In addition, we limit the population of sellers 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 state as the seller, which creates uncertainty about 

how to classify the seller’s location. Second, we conjecture that buyers are more likely to use state 

characteristics to infer seller attributes when the seller provides only the sparse personal 

information offered in eBay’s standard format, as sellers with Stores often use the interface to 

provide additional information about themselves. While 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 feedback counts. 

Our primary eBay data comprise a comprehensive monthly record of transactions that 

occurred between January 2015 and December 2016. For the U.S.-based buyers and sellers 

described above, we observe the total quantity of items sold and total dollar revenue from product 

sales, excluding shipping fees, between each pair of U.S. states. In addition to the aggregate 

monthly transactions, we observe transactions categorized according to sellers’ eTRS statuses 

(badged or not). For example, we may observe that, during March 2016, Arizona sellers sold 100 

items for $2000 (in total) to Missouri buyers, with 25 items of these items with total value of $800 

coming from eTRS sellers and 75 of these items with total value of $1200 coming from non-eTRS 

sellers. 

In preparing the data, we exclude observations on trade that occurs within states because 

these cases have zero “distance” in almost all of the measures that we introduce below. We also 

drop observations in which the buyer or seller is located in Washington DC because we cannot 

obtain complete demographic data for this location. We provide summary statistics on state-to-

state monthly trade in Table 1. Trade between states (exclusive of shipping) has a mean monthly 

value of roughly $376,000 in total for 9390 items (medians of $118,000 and 3124 respectively). 

Our sample, which conditions on less-professional sellers, has 23% more items sold by non-eTRS 

sellers than those with the badge; sales by non-eTRS sellers have a total value that is 65% greater 
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than that of eTRS sellers. As expected, pairs of large states have the greatest transaction volume; 

each of the top ten dyads in monthly revenue involve California buyers and New York sellers. The 

only other states that appear in the next ten dyad-months are Florida (4 times) and Texas (once). 

When we rank monthly trade by quantity rather than revenue, the top ten all involve Florida or 

Texas buyers and California sellers. States with low trade volumes include Alaska, Rhode Island, 

Vermont, and Wyoming. 

We supplement the trade flow data with additional information from eBay on the 

distribution of transactions across 33 high-level product categories (e.g., Consumer Electronics, 

Collectables and Art, Home and Garden, etc.). For each combination of buyer state (b), seller state 

(s), and product category (c), we obtain the total quantity of items sold and the associated revenue 

during 2015-16. Let qbsc represent the quantity of items sold in a (b, s, c) combination. For each b 

and s pair, we calculate: 

𝑞𝑞𝑏𝑏,−𝑠𝑠,𝑐𝑐 = � 𝑞𝑞𝑏𝑏,𝑠𝑠′,𝑐𝑐
𝑠𝑠′∈𝑆𝑆\𝑠𝑠

   and 

𝑞𝑞𝑏𝑏,−𝑠𝑠 = �𝑞𝑞𝑏𝑏,−𝑠𝑠,𝑐𝑐
𝑐𝑐

. 

The notation S\s indicates the set of all states excluding state s. We use these objects to calculate 

𝜎𝜎𝑏𝑏,−𝑠𝑠,𝑐𝑐
𝑞𝑞 =

𝑞𝑞𝑏𝑏,−𝑠𝑠,𝑐𝑐

𝑞𝑞𝑏𝑏,−𝑠𝑠
 

as the share of b’s quantities that is in category c, excluding any trade between b and s. The vector 

𝜎𝜎𝑏𝑏,−𝑠𝑠
𝑞𝑞  contains 𝜎𝜎𝑏𝑏,−𝑠𝑠,𝑐𝑐

𝑞𝑞  values for each category. For an individual buyer state we obtain 49 versions 

of 𝜎𝜎𝑏𝑏,−𝑠𝑠
𝑞𝑞  (one for each s ≠ b), but they are all quite similar to each other because removing a single 

trading-partner seller-state (which we do to avoid a mechanical correlation between our taste 

overlap measures and realized buyer-seller state transactions) generally has a small impact on the 

distribution of buyer activity across categories within a state. We produce analogous calculations 

for three additional variables: for buyer-state revenue (r) across categories, which generates 𝜎𝜎𝑏𝑏,−𝑠𝑠
𝑟𝑟  

values, and for quantities and revenues while focusing on the distribution of items sold from state 

s. Let the seller-focused share vectors be 𝜎𝜎𝑠𝑠,−𝑏𝑏
𝑞𝑞  and 𝜎𝜎𝑠𝑠,−𝑏𝑏

𝑟𝑟 .  

We use these distributions to construct taste overlap measures that aim to capture the 

difference between states in the products they buy and sell. For each pair (b, s) and each transaction 
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variable (j = q or r), we compute a “category match” measure as the cross-product (P) of category 

shares: 

𝑃𝑃𝑏𝑏,𝑠𝑠
𝑗𝑗 = �𝜎𝜎𝑏𝑏,−𝑠𝑠,𝑐𝑐

𝑗𝑗 𝜎𝜎𝑠𝑠,−𝑏𝑏,𝑐𝑐
𝑗𝑗 .

𝑐𝑐

 

The measure 𝑃𝑃𝑏𝑏,𝑠𝑠
𝑗𝑗  is similar to a Herfindahl index in which (b, s) pairs replace squared market 

shares. When the buyer and seller states both have large fractions of their activity in the same 

categories, 𝑃𝑃𝑏𝑏,𝑠𝑠
𝑗𝑗  will take a relatively large value. We scale the individual shares (σ) from 0 to 100, 

so 𝑃𝑃𝑏𝑏,𝑠𝑠
𝑗𝑗  takes on values between 0 and 10,000. 

We use a Euclidean distance calculation to develop an alternative measure of the match 

between items that are sold by a seller state and items that are purchased in a buyer state. We call 

this measure “category distance” (D), and we compute it as  

𝐷𝐷𝑏𝑏,𝑠𝑠
𝑗𝑗 = ���𝜎𝜎𝑏𝑏,−𝑠𝑠,𝑐𝑐

𝑗𝑗 − 𝜎𝜎𝑠𝑠,−𝑏𝑏,𝑐𝑐
𝑗𝑗 �

2
.

𝑐𝑐

 

As in the case of 𝑃𝑃𝑏𝑏,𝑠𝑠
𝑗𝑗 , we calculate 𝐷𝐷𝑏𝑏,𝑠𝑠

𝑗𝑗  at the quantity (j = q) and revenue (j = r) level. The 

measures 𝑃𝑃𝑏𝑏,𝑠𝑠
𝑞𝑞 , 𝑃𝑃𝑏𝑏,𝑠𝑠

𝑟𝑟 , 𝐷𝐷𝑏𝑏,𝑠𝑠
𝑞𝑞  and 𝐷𝐷𝑏𝑏,𝑠𝑠

𝑟𝑟  capture different aspects of trade and handle between-state 

differences in distinct manners, particularly in how they are affected by buyer and seller category 

dispersion (two states with high but similar buyer-seller dispersion across categories will have a 

low value for both category distance and category match). Thus, while both measures capture some 

intuitive element of overlapping category interests, it is possible for two types measures to be 

positively correlated (Recall that one measures similarity and the other distance, so if they captured 

exactly the same phenomenon their correlation would be negative).  

We report the raw correlations in Appendix Table A1 and find that category distance and 

match are in fact positively correlated for quantity-based taste measures. On further investigation, 

however, we discovered that this is the result of a small number of states with unusually 

concentrated sales. For example, Iowa sellers have an extremely high concentration of sales in the 

Clothing, Shoes and Accessories category, and if we simply exclude Iowa sellers, 𝑃𝑃𝑏𝑏,𝑠𝑠
𝑗𝑗  values are 

positive correlated with each other and negatively correlated with each 𝐷𝐷𝑏𝑏,𝑠𝑠
𝑗𝑗  measure (see Appendix 

Table A2). The seller-state fixed effects in our empirical analysis moderate the strong impact of 

states with sellers who are unusually concentrated in a small number of categories.  
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2.2 Demographic data 

Table 2 reports summary statistics for the state-level data we use to create measures that capture 

differences in socioeconomic and attitudinal characteristics across states. We draw data on median 

household income, share with bachelor’s degrees and above, median age, share of males, share 

in urban areas, home ownership share, and median home value from the 2015 American 

Community Survey, which is organized by the US Census. The ACS interviews a representative 

sample of over two million Americans each year, providing a high-quality source of data with 

broad geographic coverage. We aggregate responses at the state level to generate state-level 

measures of these variables.  

State-level data on religiosity are drawn from a survey conducted by Pew Center’s US 

Religious Landscape Center Research, which was reported in 2016.5 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 percentage who say they believe in God with absolute certainty. They combine these measures 

in an overall index, which we use as our measure of religiosity. 

We measure similarity in political attitudes using voting patterns from the 2016 U.S. 

presidential election, taken from the Federal Election Commission. We calculate the proportion of 

votes cast in each state for the winning candidate as a fraction of the total votes cast for the two 

major parties, and label this variable Winner vote share.6 In creating cross-state difference 

measures of the variables described above, we simply take the absolute value of the difference 

between the buyer and seller state values. We report summary statistics for these cross-state 

difference measures in Table 3. 

We report two additional measures at the state dyad level in Table 3: log distance and 

ethnic similarity. Log distance is the log of distance (in kilometers) between the state capitals, 

computed using a “shortest curve” method. Finally, we use the ACS data from 2015 on ethnicity 

                                                           
5 http://www.pewresearch.org/fact-tank/2016/02/29/how-religious-is-your-state [accessed 2/23/2018] 
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 considered two alternative measures of 
between-state differences in political preferences. The first is based on the winner vote share in 2012. The second is 
constructed using survey responses from a 2015 Gallup 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 Gallup survey responses to measure political differences across states, our results are qualitatively 
similar to those based on the most recent election data. 

http://www.pewresearch.org/fact-tank/2016/02/29/how-religious-is-your-state


11 

to construct a measure of ethnic similarity between two states. The variable we construct is 

analogous to a between-group measure of ethnic fractionalization (see, e.g., Alesina, 

Devleeschauwer, Easterly, Kurlat, and Wacziart 2003) which aims to captures 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 𝑆𝑆𝐸𝐸𝑖𝑖  be the share of individuals in the ethnic category E of state 

i, which is drawn from a set of mutual exclusive and collectively exhaustive categories provided 

by the ACS. We then calculate the ethnic similarity between seller state s and buyer state b as 

𝐸𝐸𝐸𝐸ℎ𝑛𝑛𝑛𝑛𝑛𝑛 𝑆𝑆𝑛𝑛𝑆𝑆𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆𝑛𝑛𝐸𝐸𝑆𝑆𝑏𝑏𝑠𝑠 =  ∑ 𝑆𝑆𝐸𝐸𝑏𝑏𝑎𝑎𝑎𝑎𝑎𝑎 𝐸𝐸 𝑆𝑆𝐸𝐸𝑠𝑠. A higher level of this measure indicates a higher likelihood 

that two people drawn at random from each state are of the same ethnicity. 

  

3. Empirical Analysis and Results 

Our main specification takes the following form: 

   log (𝑇𝑇𝑆𝑆𝑆𝑆𝑇𝑇𝑇𝑇𝑏𝑏𝑠𝑠𝑏𝑏) = Γ𝐶𝐶𝑏𝑏𝑠𝑠 + Θ𝑋𝑋𝑏𝑏𝑠𝑠 + Υ𝑇𝑇𝑏𝑏𝑠𝑠 + 𝛽𝛽log(𝐷𝐷𝑛𝑛𝐷𝐷𝐸𝐸𝑆𝑆𝑛𝑛𝑛𝑛𝑇𝑇𝑏𝑏𝑠𝑠) + 𝑢𝑢𝑏𝑏𝑏𝑏 + 𝑣𝑣𝑠𝑠𝑏𝑏 + 𝑇𝑇𝑏𝑏𝑠𝑠𝑏𝑏  (1) 

where C is a vector of our set of cultural similarity variables, X a vector of socioeconomic similarity 

variables, T contains our taste overlap variables (P and D), log(𝐷𝐷𝑛𝑛𝐷𝐷𝐸𝐸𝑆𝑆𝑛𝑛𝑛𝑛𝑇𝑇) is logarithm of the 

distance between the two states’ capitals, and 𝑢𝑢 and 𝑣𝑣 are buyer state × month and seller state × 

month fixed effects respectively. We employ both quantity- and revenue-based measures of 

monthly Tradebst between seller state s and buyer state b. As described in Section 2, the set of 

variables we use to capture cultural or attitudinal factors include ethnic similarity as well as 

pairwise absolute differences in the fraction of each state’s level of religiosity and vote share in 

2016 Presidential election. The set of socioeconomic variables we use are differences in median 

income, share with bachelor’s degree, median age, male share, median home value, and shares of 

urban residents and owner-occupied housing. 

In Table 4, we show our baseline findings for both value- and quantity-based measures of 

state-pair trade. All specifications include the logarithm of the distance between state capitals 

(log(𝐷𝐷𝑛𝑛𝐷𝐷𝐸𝐸𝑆𝑆𝑛𝑛𝑛𝑛𝑇𝑇)) as a control, as well as buyer state × month and seller state × month fixed effects. 

We use two-way clustering by seller state and buyer state to calculate the standard errors. 

In the first three columns, we present results that use the log of total sales revenue as our 

measure of trade. In columns 1 and 2 we include the “culture” variables and the socioeconomic 

variables separately, and include both groups of covariates in column 3. Focusing first on the set 
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of measures that reflect attitudinal or cultural similarities, we find in column 1 that all four 

“distance” measures are predictive of trade, in the expected directions: the coefficient on ethnic 

similarity is positive, while the coefficients on the two distance measures are all negative (all 

significant at the 1 percent level). The implied magnitudes are quite large, particularly for ethnic 

similarity. For example, the coefficient on Ethnic Similarity of 0.824 in column 3 implies that a 

one standard deviation increase in similarity (0.141) would lead to a 12 percent increase in state-

pair trade. Alternatively, one may consider the thought experiment of going from extreme 

dissimilarity – New Mexico and Mississippi, say, to high similarity (as in Vermont and Maine), 

which our coefficient implies a 69 percent increase (since exp(0.824*(0.891 – 0.255) = 1.69) in 

trade. The other coefficients imply sizeable but somewhat more modest effects – the coefficients 

are smaller, and the variables’ standard deviations are all close to 0.10 in value. Nonetheless, these 

impacts are economically significant: the estimates in column 3 imply that a one standard-

deviation increase in Voting Difference between states decreases trade by 1.7 percent (exp(-

.189(0.09) = 0.983)), or approximately $6390 per month. 

Turning to the socioeconomic variables, their role in predicting state-pair trade is more 

mixed. While similarity in urban share is predictive of trade in column 2, the inclusion of culture 

variables reduces the size of its coefficient by two-thirds. The only two socioeconomic variables 

that remain significant predictors of trade in column 3 are differences in male share and home 

values. (While we group these variables with other demographic measures, there are no clear 

guidelines on whether buyers view particular measures as reflecting cultural versus other social 

differences.) None of these results appear to be driven by outlier observations – 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) or Iowa which, as noted above, has sales that are extremely concentrated 

in a single product category.  

Columns 4 through 6 present results from the same set of specifications, using the 

logarithm of monthly sales quantity as the outcome variable. The patterns are broadly similar 

though in most cases marginally weaker than the results that measure trade in terms of total 

transaction value.  

As noted from the outset, there are two primary reasons we might expect culturally or 

socioeconomically similar states to trade more: greater trust and shared tastes. In the next two 
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tables, we present results that aim to explore the extent to which these factors account for the 

correlation between state-pair similarity and trade.  

In Table 5, we present results that build on those in Table 4, including one or both of our 

taste overlap measures as controls. Intuitively, if the inclusion of direct taste measures attenuates 

the effects of cultural or socioeconomic closeness, then we may infer that the initial correlation 

was capturing, at least in part, overlapping tastes. Focusing on total monthly sales revenue as our 

measure of trade, we explore how the inclusion of our direct measures of category differences (D) 

and/or category match (𝑃𝑃) affect the estimates in Table 4. As discussed above, to prevent our 

estimates of the coefficients on D and P from being influenced by direct trade between two states, 

we constructed these measures of taste overlap to exclude direct trade within the seller state-buyer 

state dyad. We begin in column 1 by showing the results from Table 4, column 3, for comparison. 

We add category differences as a covariate in column 2. Category differences is itself highly 

predictive of trade (𝑝𝑝 < 0.001). A one standard deviation increase in category differences (8.92) 

is associated with a 29 percent reduction in state-pair trade. Moreover, the inclusion of category 

differences has a very large effect on the predictive power of our cultural variables: the coefficient 

on Ethnic Similarity falls by about 40 percent and the coefficient on the Voting Difference falls by 

about three-quarters. One exception is the coefficient on the difference in religiosity, which 

increases marginally in absolute value. The coefficient estimates for our socioeconomic variables 

are also attenuated, though the effect of controlling for category differences is much less stark. 

Column 3 uses our category match (𝑃𝑃) measure to capture state-pair taste overlap. The coefficients 

on our cultural difference variables are again attenuated. In column 4 we include both taste overlap 

measures as controls. Interestingly, while the coefficient on each is smaller than its counterpart in 

columns 2 and 3, both measures remain significant at the 1 percent level, suggesting that these two 

measures effectively capture different types of variation in taste overlap. Again, most coefficients 

on our cultural similarity variables are markedly lower than in column 1. We show the analogous 

set of results with quantity-based measures of trade and taste overlap in Appendix Table A3. The 

patterns are broadly similar to those presented in Table 5, with one exception: the attenuation of 

the coefficients on Voting Difference is much smaller, and these coefficients remain statistically 

significant when taste controls are added. 

In Table 6, we turn to explore whether trust may play a role in the higher level of trade 

between culturally similar states. Since we lack a direct measure of state-pair trust (the approach 
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utilized by Guiso et al. 2009, in studying European trade flows), we use a distinct empirical 

approach from the one employed above. We compare the importance of cultural similarity in 

determining trade, depending on whether the seller has a quality signal that may substitute for 

trust, namely eTRS designation. Intuitively, little trust is required to purchase from a seller that 

has an excellent certified track record for quality and promptness.  

Table 6 contains results from two models. First, in column 1, we reproduce the results from 

Table 4’s column 3 to facilitate a comparison between our main results and those with the eTRS 

interactions. Second, we use columns 2a and 2b to report results from a single model that includes 

two observations per month and state-pair: one is aggregate sales by eTRS sellers and the other is 

aggregate sales from non-eTRS sellers. We allow measures of socioeconomic differences, taste 

differences, and geographic distance to affect each type of seller’s transactions differently, and we 

implement this with a full set of interactions of the variables in column 1 with an indicator (eTRS) 

for whether trade involves an eTRS seller.7 Table 6, column 2a shows the coefficient estimates for 

the direct effects of all state-pair variables, while 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 certification, and buyers may depend on other information 

or characteristics to infer seller reliability. The coefficients in column 2b show the incremental 

effect for 𝑇𝑇𝑇𝑇𝑒𝑒𝑆𝑆 = 1 transactions, so that the total effect for 𝑇𝑇𝑇𝑇𝑒𝑒𝑆𝑆 = 1 transactions is the sum of 

the coefficients in columns 2a and 2b.  

While the estimates of the interaction terms in column 2a are imprecise, for our cultural 

difference measures they consistently go in the direction of implying that these differences matter 

less when buyers consider purchases from eTRS-badged sellers. An F-test for their joint 

significance has a p-value of 0.02. The socioeconomic variables are of inconsistent sign and an F-

test of their joint significance has a p-value of 0.20. (Our analysis using a quantity-based measure 

of state-pair trade, shown in Appendix Table A4 yields qualitatively similar conclusions and 

stronger statistical support.) Together, these estimates suggest that, in the absence of quality 

certification, greater cultural differences have a greater dampening effect on trade than in the 

                                                           
7 We also interact each state-month fixed effect with the eTRS indicator to account for different overall trade volumes 
flowing out of and into states by eTRS status. For example, if California consumers, on average, prefer eTRS items 
regardless of the item’s origin, then this tendency is captured by the additional fixed effect for California 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. 
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presence of quality certification. We interpret this as suggesting that cultural similarity supports 

trust, so that cultural similarity becomes a greater determinant of trade when quality certification 

is absent. This finding echoes that of Guiso et al (2009), who find that bilateral trust is a stronger 

predictor of trade for differentiated products relative to commodities. 

 

4. Conclusions 

We document a robust association between cultural (and to a lesser degree socioeconomic) 

similarities and inter-state trade on eBay. The fact that these associations are attenuated by the 

inclusion of more direct controls for taste overlap and for sellers with eTRS status together suggest 

that cultural similarity drives trade both because of greater overlap in tastes and higher trust. These 

findings contribute to a relatively small body of work that examines the relationship between 

socio-cultural similarity and trade, such as Guiso et al. (2009) and Bailey et al. (2017). The fact 

that we find these relationships on an e-commerce platform in which face-to-face contact is rare 

and demographic information about counterparties is concealed is perhaps surprising. While 

discrimination based on buyer or seller ethnicity has been documented on e-commerce platforms 

such as AirBnb, (Cui, Li, and Zhang 2016, Edelman, Luca, and Svirsky 2017), on online classified 

advertisement platforms (Doleac and Stein 2013), and online used-car markets (Zussman 2013)., 

features of the eBay platform make it nearly impossible to discover the ethnicity or other 

demographic details of a seller. Buyers in our setting must, therefore, make inferences about a 

seller based upon his or her location. Our results, which suggest a higher level of trust between 

more similar eBay users, indicate that eBay users – whether consciously or not – are incorporating 

such information in their purchasing decisions. 

While the state-level results are robust to alternative measures of our dependent variable, 

political leanings, and measures of ethnicity, we recognize that significant within-state regional 

differences exist in measures of culture, attitudes, and socioeconomic status. We recognize that 

our current approach does not capture these differences. We leave a more finely-detailed 

geographic analysis of the data to future work.   
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Table 1: State-to-state monthly sales 
 

 Mean Median SD Min Max 
All sellers      
Revenue 375,943.77 118,160.04 886,558 . 664     . 18,171,942 
Quantity 9,390.74 3,124.00 20,777 . 21     . 384,398 

      
non-eTRS Sellers      
Revenue 233,882.59 72,814.06 552,839 . 349     . 10,004,188 
Quantity 5,184.21 1,738.00 11,210 . 13     . 214,347 

      
eTRS Sellers      
Revenue 142,061.18 41,843.45 353,583 . 49     . 10,560,654 
Quantity 4,206.53 1,360.00 9,733 . 4     . 188,366 
      

Note: N = 58,800. 
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Table 2: State characteristics 
 

 Mean Median SD Min Max 
Ethnicity dispersion 0.58 0.59 0.16 0.25 0.89 
Religiosity index 0.55 0.54 0.11 0.33 0.77 
Winner vote % 2016 0.56 0.54 0.10 0.22 0.62 
Median income (000) 49.76 48.33 8.06 36.85 68.85 
Bachelors share 0.18 0.17 0.03 0.11 0.23 
Median age 37.62 37.65 2.28 29.20 42.70 
Male share 0.49 0.49 0.01 0.48 0.52 
Median home value (000) 192.66 167.15 83.72 95.10 525.40 
Urban share 0.72 0.73 0.15 0.33 0.95 
Owner-occupied share 0.67 0.68 0.04 0.54 0.75 
Observations 50     

 
 
 
 

Table 3: Cross-state differences 
 
 Mean Median SD Min Max 
Ethnic similarity 0.53 0.53 0.14 0.14 0.89 
Religiosity Difference 0.12 0.10 0.09 0.00 0.44 
Voting Difference, 2016 0.13 0.11 0.09 0.00 0.43 
Median income (000) 0.91 0.75 0.69 0.00 3.20 
Bachelors share 0.03 0.03 0.02 0.00 0.13 
Median age 2.46 1.90 2.09 0.00 13.50 
Male share 0.01 0.01 0.01 0.00 0.04 
Median home value (000) 0.87 0.64 0.80 0.00 4.30 
Urban share 0.17 0.15 0.13 0.00 0.62 
Owner-occupied share 0.05 0.03 0.04 0.00 0.20 
Dist. between capitals 1952.81 1602.84 1431.06 66.36 8238.13 
Categ. match by revenue (𝑃𝑃𝑏𝑏,𝑠𝑠

𝑟𝑟 ) 617.02 618.28 39.03 320.39 799.23 
Categ. distance by revenue (𝐷𝐷𝑏𝑏,𝑠𝑠

𝑟𝑟 ) 11.97 9.88 8.93 3.76 71.94 
Categ. match by quantity (𝑃𝑃𝑏𝑏,𝑠𝑠

𝑞𝑞 ) 679.26 672.08 61.60 565.79 1135.96 
Categ. distance by quantity (𝐷𝐷𝑏𝑏,𝑠𝑠

𝑞𝑞 ) 10.73 9.67 5.05 3.50 37.03 
Observations 2450     
 
Note: See text for variable definitions 
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Table 4: Base regression results 
 

  (1) (2) (3) (4) (5) (6) 
VARIABLES log(revenue) log(revenue) log(revenue) log(quantity) log(quantity) log(quantity) 
              
Ethnic similarity 0.886***  0.824*** 0.674***  0.585*** 

 (0.153)  (0.123) (0.110)  (0.0941) 
Religiosity difference -0.208***  -0.212*** -0.294***  -0.291*** 

 (0.0613)  (0.0560) (0.0501)  (0.0496) 
Voting difference -0.321***  -0.189*** -0.160***  -0.0793** 

 (0.0556)  (0.0484) (0.0350)  (0.0374) 
Median income (000)  0.0132 0.0106  0.00325 0.00380 

  (0.0103) (0.00999)  (0.00761) (0.00640) 
Bachelors share  -0.0436 0.0949  -0.274 -0.0828 

  (0.283) (0.251)  (0.169) (0.145) 
Median age  0.00149 0.00289  -0.00133 -0.000270 

  (0.00237) (0.00215)  (0.00235) (0.00175) 
Male share  -2.525** -2.586**  -0.962 -1.246** 

  (1.170) (0.976)  (0.784) (0.606) 
Median home value (000)  -0.0561*** -0.0384***  -0.0243*** -0.0140 

  (0.0131) (0.0118)  (0.00902) (0.00838) 
Urban share  -0.185*** -0.0799*  -0.157*** -0.0911*** 

  (0.0511) (0.0422)  (0.0352) (0.0317) 
Owner-occupied share  -0.175 0.0853  -0.177* 0.0137 

  (0.148) (0.132)  (0.0986) (0.0948) 
Log distance between capitals -0.140*** -0.142*** -0.129*** -0.114*** -0.122*** -0.108*** 

 (0.00933) (0.00972) (0.00846) (0.00651) (0.00828) (0.00663) 
       

Observations 58,800 58,800 58,800 58,800 58,800 58,800 
R-squared 0.992 0.991 0.992 0.996 0.996 0.997 
Robust standard errors in parentheses       
*** p<0.01, ** p<0.05, * p<0.1       

 
Note: In addition to the listed variables, all models include buyer-state × month and seller-state × month 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, as reported in Table 3. Standard errors are two-way clustered by buyer state and seller state. 



 

21 
 

Table 5: The impact of taste differences on trade  
 

  (1) (2) (3) (4) 
VARIABLES log(revenue) log(revenue) log(revenue) log(revenue) 
          
Ethnic similarity 0.824*** 0.520*** 0.590*** 0.525*** 

 (0.123) (0.0914) (0.0927) (0.0904) 
Religiosity difference -0.212*** -0.260*** -0.276*** -0.277*** 

 (0.0560) (0.0489) (0.0487) (0.0476) 
Voting difference -0.189*** -0.0531 -0.0360 -0.0240 

 (0.0484) (0.0354) (0.0393) (0.0395) 
Median income (000) 0.0106 0.0108* 0.0102* 0.0104* 

 (0.00999) (0.00592) (0.00576) (0.00541) 
Bachelors share 0.0949 -0.0775 -0.190 -0.173 

 (0.251) (0.187) (0.162) (0.158) 
Median age 0.00289 0.000343 0.00105 0.000456 

 (0.00215) (0.00174) (0.00177) (0.00171) 
Male share -2.586** -1.704** -2.063** -1.817** 

 (0.976) (0.746) (0.796) (0.754) 
Median home value (000) -0.0384*** -0.0294*** -0.0303*** -0.0288*** 

 (0.0118) (0.0103) (0.00928) (0.00951) 
Urban share -0.0799* -0.0529 -0.0559 -0.0512 

 (0.0422) (0.0319) (0.0349) (0.0335) 
Owner-occupied share 0.0853 0.111 0.0328 0.0642 

 (0.132) (0.0923) (0.114) (0.104) 
Categ. distance by revenue  -0.0323***  -0.0158*** 

  (0.00259)  (0.00183) 
Taste similarity by revenue   0.00233*** 0.00150*** 

   (0.000214) (0.000262) 
Log distance between capitals -0.129*** -0.125*** -0.123*** -0.123*** 

 (0.00846) (0.00758) (0.00822) (0.00800) 
     

Observations 58,800 58,800 58,800 58,800 
R-squared 0.992 0.992 0.993 0.993 
Robust standard errors in parentheses     
*** p<0.01, ** p<0.05, * p<0.1     

 
Note: In addition to the listed variables, all models include buyer-state × month and seller-state × month 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, as reported in Table 3. Standard errors are two-
way clustered by buyer state and seller state. 
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Table 6: Impact of trust on trade 
 

  (1)   (2a) (2b) 
VARIABLES log(revenue)  log(revenue) 
          

 
base effect 

 
base effect    
(eTRS = 0) 

add'l effect for 
eTRS = 1 

     
Ethnic similarity 0.525***  0.623*** -0.208* 
 (0.0904)  (0.115) (0.117) 
Religiosity difference -0.277***  -0.306*** 0.0801 
 (0.0476)  (0.0434) (0.0614) 
Voting difference -0.0240  -0.0582* 0.0521 
 (0.0395)  (0.0345) (0.0584) 

     
Joint test 1-3 = 0 F = 23.02  F = 36.23 F = 3.59 

 (p = 0.000)  (p = 0.000) (p = 0.020) 
     

Median income (000) 0.0104*  0.00861 0.00517 
 (0.00541)  (0.00691) (0.00975) 
Bachelors share -0.173  -0.143 -0.199 
 (0.158)  (0.129) (0.212) 
Median age 0.000456  0.00272 -0.00591* 
 (0.00171)  (0.00208) (0.00308) 
Male share -1.817**  -1.863** 0.807 
 (0.754)  (0.856) (1.007) 
Median home value (000) -0.0288***  -0.0270*** -0.00346 
 (0.00951)  (0.00992) (0.0156) 
Urban share -0.0512  -0.0773** 0.0566 
 (0.0335)  (0.0304) (0.0396) 
Owner-occupied share 0.0642  0.0454 0.0215 

 (0.104)  (0.121) (0.147) 
     

Joint test 4-10 = 0 F = 3.73  F = 4.73 F = 1.47 
 (p = 0.003)  (p = 0.000) (p = 0.199) 

     
Categ. distance by revenue -0.0158***  -0.0161*** -0.00492 

 (0.00183)  (0.00314) (0.00602) 
Categ. match by revenue 0.00150***  0.000791** 0.000456 

 (0.000262)  (0.000344) (0.000631) 
Log distance between capitals -0.123***  -0.133*** 0.0195** 

 (0.00800)  (0.00875) (0.00963) 
     

Observations 58,800  117,600 
R-squared 0.993   0.989 
Robust standard errors in parentheses   
*** p<0.01, ** p<0.05, * p<0.1    

 
Note: In addition to the listed variables, all models include buyer-state × month and seller-state × month fixed effects 
separately for each eTRS value. 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, as reported in 
Table 3.  Standard errors are two-way clustered by buyer state and seller state. 
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Table A1: Correlations among taste overlap variables 

 
 𝑃𝑃𝑏𝑏,𝑠𝑠

𝑟𝑟  𝐷𝐷𝑏𝑏,𝑠𝑠
𝑟𝑟  𝑃𝑃𝑏𝑏,𝑠𝑠

𝑞𝑞  𝐷𝐷𝑏𝑏,𝑠𝑠
𝑞𝑞  

𝑃𝑃𝑏𝑏,𝑠𝑠
𝑟𝑟  1    

𝐷𝐷𝑏𝑏,𝑠𝑠
𝑟𝑟  -0.357 1   
𝑃𝑃𝑏𝑏,𝑠𝑠
𝑞𝑞  0.615 -0.0630 1  

𝐷𝐷𝑏𝑏,𝑠𝑠
𝑞𝑞  0.151 0.389 0.431 1 

Note: N = 2450 
 
 
 
 

Table A2: Correlations among taste overlap variables, 
excluding Iowa sellers 

 
 𝑃𝑃𝑏𝑏,𝑠𝑠

𝑟𝑟  𝐷𝐷𝑏𝑏,𝑠𝑠
𝑟𝑟  𝑃𝑃𝑏𝑏,𝑠𝑠

𝑞𝑞  𝐷𝐷𝑏𝑏,𝑠𝑠
𝑞𝑞  

𝑃𝑃𝑏𝑏,𝑠𝑠
𝑟𝑟  1    

𝐷𝐷𝑏𝑏,𝑠𝑠
𝑟𝑟  -0.478 1   
𝑃𝑃𝑏𝑏,𝑠𝑠
𝑞𝑞  0.475 -0.293 1  

𝐷𝐷𝑏𝑏,𝑠𝑠
𝑞𝑞  -0.216 0.392 -0.199 1 

Note: N = 2401 
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Table A3: Quantity-focused taste and trade models 
 

  (1) (2) (3) (4) 
VARIABLES log(quantity) log(quantity) log(quantity) log(quantity) 
          
Ethnic similarity 0.585*** 0.278*** 0.374*** 0.280*** 

 (0.0941) (0.0610) (0.0828) (0.0607) 
Religiosity difference -0.291*** -0.249*** -0.265*** -0.249*** 

 (0.0496) (0.0430) (0.0451) (0.0424) 
Voting difference -0.0793** -0.0654** -0.0640* -0.0649** 

 (0.0374) (0.0299) (0.0324) (0.0304) 
Median income (000) 0.00380 0.00359 0.00305 0.00353 

 (0.00640) (0.00504) (0.00568) (0.00498) 
Bachelors share -0.0828 -0.208* -0.189 -0.209* 

 (0.145) (0.110) (0.122) (0.110) 
Median age -0.000270 -0.000216 7.63e-06 -0.000192 

 (0.00175) (0.00147) (0.00139) (0.00147) 
Male share -1.246** -1.368** -1.334** -1.367** 

 (0.606) (0.545) (0.569) (0.546) 
Median home value (000) -0.0140 -0.0119 -0.0111 -0.0118 

 (0.00838) (0.00743) (0.00761) (0.00715) 
Urban share -0.0911*** -0.0748*** -0.0758*** -0.0745*** 

 (0.0317) (0.0220) (0.0239) (0.0218) 
Owner-occupied share 0.0137 -0.0536 -0.0743 -0.0574 

 (0.0948) (0.0767) (0.0850) (0.0779) 
Categ. distance by quantity  -0.0309***  -0.0285*** 

  (0.00294)  (0.00833) 
Taste similarity by quantity   0.00221*** 0.000223 

   (0.000584) (0.000866) 
Log distance between capitals -0.108*** -0.107*** -0.107*** -0.107*** 

 (0.00663) (0.00594) (0.00630) (0.00596) 
     

Observations 58,800 58,800 58,800 58,800 
R-squared 0.997 0.997 0.997 0.997 
Robust standard errors in parentheses     
*** p<0.01, ** p<0.05, * p<0.1     

 
Note: In addition to the listed variables, all models include buyer-state × month and seller-state × month 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, as reported in Table 3. Standard errors are two-
way clustered by buyer state and seller state. 
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Table A4: Quantity-focused trust and trade models 
 

   (1)   (2a) (2b) 
 VARIABLES log(quantity)  log(quantity) 
           
 

 
base effect 

 
base effect  
(eTRS = 0) 

add'l effect for 
eTRS = 1 

      
1 Ethnic similarity 0.280***  0.434*** -0.238 
  (0.0607)  (0.107) (0.160) 

2 Religiosity difference -0.249***  -0.289*** 0.0973** 
  (0.0424)  (0.0383) (0.0421) 

3 Voting difference -0.0649**  -0.0807** 0.0359 
  (0.0304)  (0.0318) (0.0549) 
      
 Joint test 1-3 = 0 F = 23.55  F = 32.99 F = 4.61 
  (p = 0.000)  (p = 0.000) (p = 0.006) 
      

4 Median income (000) 0.00353  0.00401 0.00328 
  (0.00498)  (0.00573) (0.00935) 

5 Bachelors share -0.209*  -0.162 -0.168 
  (0.110)  (0.122) (0.181) 

6 Median age -0.000192  0.00113 -0.00242 
  (0.00147)  (0.00173) (0.00168) 

7 Male share -1.367**  -1.254* -0.289 
  (0.546)  (0.710) (0.720) 

8 Median home value (000) -0.0118  -0.0137** 0.000655 
  (0.00715)  (0.00639) (0.0123) 

9 Urban share -0.0745***  -0.102*** 0.0547* 
  (0.0218)  (0.0229) (0.0308) 

10 Owner-occupied share -0.0574  -0.0452 0.0344 
  (0.0779)  (0.107) (0.136) 
      
 Joint test 4-10 = 0 F = 5.71  F = 7.08 F = 1.32 
  (p = 0.000)  (p = 0.000) (p = 0.262) 
      
 Categ. distance by quantity -0.0285***  -0.0190** -0.0172 
  (0.00833)  (0.00727) (0.0107) 
 Categ. match by quantity 0.000223  0.000455 -0.000559 
  (0.000866)  (0.000797) (0.000788) 
 Log distance between capitals -0.107***  -0.117*** 0.0193*** 
  (0.00596)  (0.00704) (0.00512) 
      
 Observations 58,800  117,600 
 R-squared 0.997   0.995 
 Robust standard errors in parentheses   
 *** p<0.01, ** p<0.05, * p<0.1    

 
Note: In addition to the listed variables, all models include buyer-state × month and seller-state × month fixed effects 
separately for each eTRS value. 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, as reported in 
Table 3.  Standard errors are two-way clustered by buyer state and seller state. 
 


