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Abstract

We compare the impact of geographic distance, a standard measure of trade costs, on
eBay and offline international trade flows. We consider the same set of 61 countries and
the same basket of goods for both types of transactions. We find the effect of distance
to be on average 65% smaller on eBay than offline. We argue this difference is due to
a reduction of search costs; It increases when information frictions are high, i.e. when
trade partners speak different languages and when corruption in the exporting country
is high. Moreover, eBay-ratings technology, which reduces information frictions, further
reduces the distance effect on eBay. We estimate the welfare gains from a reduction in
offline distance-related frictions to the level prevailing online at 4% on average.
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1 Introduction

In the 1990s advances in transportation and communication technologies led many

commentators to believe that geographic distance between countries would soon no longer

encumber international transactions (e.g. Cairncross 1997). Despite some anecdotal evidence

in support of the “death of distance” (e.g. Friedman 2005), a large number of academic

papers suggests that distance is “thriving”, not “dying”. Disdier and Head (2008), using

a meta-analysis based on 1,000 gravity equations, found that the estimated coefficient on

distance has been slightly on the rise since 1950. Chaney (2011) argues that the need

for direct interactions between trading partners, resulting from information frictions first

highlighted by Rauch (1999), explains why distance still matters for international trade today.

Similarly, Allen (2011) estimates that information frictions account for 93% of the distance

effect. This would suggest that, as suggested by Leamer (2007), advances in technology

in recent decades have failed to reduce information frictions between countries. Is this the

death knell for the “death of distance” hypothesis?

In this paper we breathe new life into the “death of distance” hypothesis. We argue that

the right place to look may be in online markets which, as opposed to “offline” markets, make

full use of technologies that can reduce information frictions. Indeed, as argued by Hortaçsu

et al. (2009), Goldmanis et al. (2010), and Lieber and Syverson (2012), the main benefit

of the internet as a trade facilitator is to reduce search costs, and it is reasonable to think

of online marketplaces as “frictionless” in this regard. Exporters no longer need to make

multiple phone calls, send faxes, write emails, attend trade fairs and networking events and

make contacts. And while importers still incur some search costs, these are typically brought

down to a simple internet search, uncorrelated with exporters’ remoteness. If, as suggested

by Chaney (2011) and Allen (2011), the distance effect captures mostly information frictions,

it should be much smaller on eBay.

The heart of our paper is a dataset on cross-border transactions conducted over eBay,

the world’s largest online marketplace. This dataset allows us to compare the effect of

distance on international trade online and offline. Our approach is similar to that of Hortaçsu

et al. (2009) who, using a sample of within-US eBay transactions and gravity equations,
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showed that the coefficient on distance on trade was much smaller online than offline. Yet

international search costs may be very different from within-US costs as information and trust

frictions are probably much more important. Their sample may thus not be fully appropriate

to examine the impact of internet technology in international trade.1 Furthermore, as noted

by the authors, the products traded on eBay are mainly household durables, and thus their

comparison with total offline trade patterns may be problematic.

Our dataset allows us to overcome these shortcomings and compare the distance effect

on eBay and offline international trade considering the same set of countries and goods. It

covers all eBay transactions, disaggregated into 40 product categories, between 61 countries

(representative of 92% of total world trade) during 2004-2009. To create the best-possible

comparison groups, we match eBay product categories to product descriptions from the

6-digit level HS classification to build a comparable basket of goods. We also drop from our

eBay data all transactions that were concluded via auctions (60% of eBay traded value), as

well as those sold by consumers, so that our eBay data reflect offline practises. This matching

allows us to get as close as possible to comparing apples and apples, rather than apples and

oranges, which could be a problem for the existing empirical literature comparing online and

offline flows. Prima-facie evidence (Figure 1) indicates that the relationship between trade

flows and distance is indeed more flat-sloped on eBay than offline.

To identify the effect of distance on trade we use the gravity framework, controlling for

other standard gravity trade costs such as the absence of a common language, a common

legal system, a shared border, a colonial history, or a free-trade agreement. We find the

distance effect to be 65% smaller online than offline. This difference in distance coefficients

is statistically significant at the 99% level, robust to using OLS or Poisson pseudo-maximum

likelihood estimations as well as to various aggregations of goods online and offline. What’s

more, we find distance to have a bigger effect offline for each and every matched product

category, confirming our result is not due to poor matching. We then show that the

distance-effect difference is even higher when information frictions are high, i.e. in countries

that do not share a language. This supports the prediction of Chaney (2011), namely that

1Hortaçsu et al. (2009) do provide international evidence using MercadoLibre, another online market,
though it only covers 12 Latin American countries.
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in a world where search costs are greatly reduced by technology, the role of distance in

explaining trade flows is smaller.

To dig deeper into the effect of eBay technology on the distance elasticity of trade, we

compare established sellers with top ratings, i.e. PowerSellers, with regular sellers. The idea

is that the PowerSeller certification is one of the mechanisms by which eBay reduces search

costs. We find that distance does matter significantly less for PowerSellers. In other words,

when information frictions are reduced thanks to consumer ratings, distance matters less.

These results provide further evidence that the drop in distance elasticity is explained by a

drop in search costs.

Yet, as highlighted by Goolsbee (2000) and Lieber and Syverson (2012), the demographics

of eBay users may be online-specific and not representative of the offline world. Based on a

Forrester Technographics US survey, they suggest that higher-income, more educated, and

younger consumers are more likely to do online purchasing. It could be argued that if offline

shoppers were as rich, educated, and ‘international’ as eBay shoppers, the offline distance

effect would be as low as on eBay. In our gravity regressions, we control for the direct effect

of demographics on trade by including importer and exporter fixed effects that are specific to

online and offline flows. As a further robustness check using interaction terms, we show that

even in the extreme country with the highest internet penetration and education and income

levels, where offline consumers are most likely to be similar to eBay’s, eBay technology would

still significantly reduce the distance effect.

While the importance of distance is 65% smaller on eBay on average, it still matters

significantly. One explanation is that, while greatly reduced, search costs are still present on

eBay. Yet, according to the literature, distance may capture not only search costs but also

shipping costs (Feyrer 2009) or taste similarity, as argued by Blum and Goldfarb (2006) who

showed that gravity holds in the case of website visits. Using data on shipping costs from

eBay and USITC, we show that shipping costs are uncorrelated with distance (Figure 3).

What’s more, adding shipping costs to the eBay gravity model barely affects the distance

coefficient. It thus seems unlikely that the significant distance effects captures shipping costs.

Rather, it is probable that the distance effect on eBay trade captures taste differences on
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top of the remaining information frictions.

We conclude with an estimate of the welfare gains that could be brought about by a

widespread use of internet technologies in international trade. We use the formula proposed

by Arkolakis, Costinot and Rodŕıguez-Clare (2012) to calculate the welfare gains that would

result from a drop in offline search costs to the online level, as captured by the difference

in distance effects. We find that in the average country, real income would increase by 4%.

Small and open countries would gain most.

The reminder of the paper is organized as follows. In section 2 we provide some descriptive

statistics regarding international trade flows on eBay and describe our goods-basket

construction. Section 3 presents our empirical strategy and section 4 the results. Section 5

presents the trade gains from world flattening. Section 6 concludes.

2 International trade on eBay and offline: Building a

comparable basket of goods

Our data covers all eBay trade flows between 61 developing and developed countries over the

period 2004-2009. These 61 countries, identified in Figure 2, represent around 92% of global

offline trade in 2007. Total cross-border flows on eBay were on average USD 6 billion per

year over that period, representing a small fraction (0.06%) of world trade. The correlation

between the logs of bilateral offline and eBay trade is 0.71, suggesting trade patterns are

geographically similar online and offline. Since we want to compare online and offline trade

flows as precisely as possible, we focus on the period 2004-2007 to abstract from unusual

experiences during the Great Trade Collapse of 2008-2009 (Baldwin 2009).2 We then average

trade flows over the 2004-2007 period.

Our dataset also allows us to focus on the same goods traded online and offline. It covers

all eBay transactions disaggregated into 40 product categories that we match with product

codes at the 6-digit level of the HS classification using information on sub-categories from

2The Great Trade Collapse may have come with goods shifting, trade finance problems, or new
protectionist pressures that may have affected online and offline trade differently.
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the eBay website (see our matching table (8)). Since it is impossible to match some eBay

categories to HS codes, we dropped those goods from our eBay basket of goods. It is also

important to note that the selected HS categories all fall into the “final good” category of the

WTO’s Trade Policy Review classification, and are all classified as “consumer goods” in the

BEC classification. This is important because we do not want our offline basket to include

within-business transactions on intermediate inputs as the determinants of these flows may

be very different from those of final-goods trade. To improve the matching between online

and offline flows we only look at eBay exports by businesses, and we ignore all imports

purchased via auctions, which are prevalent on eBay but quite uncommon offline.3

The matching of goods is crucial as it allows us to control for differences in trade costs

due to the composition of trade.4 For example, tickets to sport-events traded online are

likely to be very sensitive to distance whereas exports of rare earths, which are produced

in a few countries but consumed all over the world, are not likely to be very sensitive to

distance. If tickets tend to be traded online and rare earths offline, differences in the impact

of distance will be explained by the different goods, and not by information technology.

To verify whether our product matching is correct, we estimate the elasticity of

substitution associated with our baskets of goods online and offline. This step is important

as different elasticities of substitution could also be behind the difference in distance effects

(see Archanskaia and Daudin 2012). Indeed the coefficient in front of each trade-cost variable

in the gravity equation is a combination of the trade elasticity (i.e. the elasticity of trade

with respect to trade costs) which depends on the elasticity of substitution, and the elasticity

of total trade costs with respect to each trade cost variable. Thus, a smaller coefficient on

distance for online flows could simply signal that the bundle of online products has a lower

elasticity of substitution than the offline bundle.

To estimate these elasticities of substitution we assume that trade costs online and offline

are Gamma distributed with shape parameter kf , where f is the type of flow, but an identical

3The share of sales by consumers is 66% and the share of sales through auctions is 65%. Once we exclude
both, we are left with 15% of total eBay’s cross border flows. As we show in our robustness checks, results
hold when including all flows.

4See Berthelon and Freund (2008) or Carrère et al. (2009) for a discussion of the impact of the composition
of trade on the role of distance.
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scale parameter. Using existing estimates of the elasticity of substitution for aggregate trade

flows, we can back up consistent estimates of the elasticity of substitution in our online and

offline basket of goods, using the fact that the variance of a gamma distributed variable is

proportional to the mean by a factor equal to the scale parameter (that we estimated using

aggregate offline data). For a detailed description of the methodology, see the appendix.5

Our estimates suggest that for an estimate of the aggregate elasticity of substitution of 5

(see Eaton and Kortum 2012), the online elasticity of substitution is 5.6. The offline elasticity

of substitution for the corresponding goods is around 5.1. The online estimate is within the

[3.6 ; 5.9] range estimated by Einav et al. (2012) using intra-US trade flows and identified

with differences in sales tax across states.6 The offline estimate is quite close to the Broda

and Weinstein (2006) median estimate of 5.9 in our bundle of HS-6 digit goods. Moreover,

while the online and offline elasticities of substitution are statistically different from zero at

the 5 percent level, they are not statistically different from each other. This comforts us

in our matching of online and offline products, and suggests that statistical differences in

the estimated coefficients of the gravity equation will be due to the contribution of these

variables to trade costs, rather than to differences in the elasticity of substitution.

Offline trade data and trade-cost variables come from the usual sources and are described

in the Data Appendix.

3 The empirical model

To examine the impact of trade costs online and offline, our starting point is the gravity

model. It suggests that bilateral trade between two countries is proportional to their

economic mass and the multilateral resistance indices of the importer and the exporter,7

and inversely proportional to trade costs between the two countries, often proxied by the

5In the appendix we actually estimate trade elasticities, i.e., the sensitivity of bilateral trade flows to
changes in bilateral trade costs. Within our CES framework the elasticity of substitution is equal to 1 minus
the trade elasticity.

6They are significantly lower than the estimates of De los Santos et al. (forthcoming) but these correspond
to price elasticities of particular book varieties, and therefore we would expect them to be higher than our
aggregated bundle of goods.

7The multilateral resistance terms are weighted averages of price indices in the importer’s and exporter’s
trading partners.
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geographic distance between them (see Anderson and Van Wincoop (2003) for an elegant

derivation):

(1) mij =
yiyj
yw

(
tij
PiΠj

)ε
where mij are imports of country i from country j, yi is total income in importing country i,

yj is total income in exporting country j, yw is total world income, tij are trade costs between

country i and country j, ε is the trade cost elasticity of bilateral imports,8 and Pi and Πj are

the multilateral resistance terms in the importing (inward) and exporting (outward) country,

respectively.9

We follow the literature and model bilateral trade costs (tij) as a function of geographic

distance and other trade cost variables:

(2) tij = DαD
ij e

NBijαNBeNCijαNCeNCLijαNCLeNCLSijαNCLSeNFTAijαNFTA

where all αs are parameters, Dij is the geographic distance between countries i and j, NBij

is a dummy variable taking the value 1 when countries i and j do not share a border, NCij

is a dummy variable taking the value 1 when countries i and j did not share a colonial link,

NCLij is a dummy variable taking the value 1 when countries i and j do not share a common

language, NCLSij is a dummy variable taking the value 1 when countries i and j do not

share a common legal system, and NFTAij is a dummy variable taking the value 1 when

countries i and j are not part of the same Free Trade Agreement.10

8Given by 1 - σ in Anderson and Van Wincoop (2003) where σ is the elasticity of substitution between
different import sources in the importing country.

9The expressions for the inward and outward multilateral resistance terms are Pi =
[∑

j (tij/Πj)
ε yj
yw

]1/ε
and Πj =

[∑
i (tij/Pi)

ε yi
yw

]1/ε
.

10Note that we measure the absence of common language, common legal system, colonial links or
trade agreements, rather than their presence as in most of the literature. This has no consequences for
the estimates, but it allows us to interpret these variables as trade costs (like distance) rather than as
trade-enhancing variables.
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We then substitute (2) into (1) and take logs on both sides to obtain:

ln (mij) = ln(yi) + ln(yj)− ln(yw) + βDln(Dij) + βNBNBij +

βNCNCij + βNCLNCLij + βNCLSNCLSij + βNFTANFTAij +(3)

−εln(Pi)− εln(Πj)

where all βs are parameters to be estimated and βk = εαk, where k is the subscript indicating

the different trade cost variables. Because we are interested in understanding the variation

of different βs offline and online, and because Pi and Πi are not observable (and difficult to

estimate) we proceed as in much of the empirical literature and control for the multilateral

resistance terms (and yi and yj) including importer i and exporter j fixed effects.

A stochastic fixed-effect version of equation (3) is our baseline specification to understand

the importance of different trade costs offline and online. We estimate it separately for online

and offline flows, but also append the offline and online data so that we can test whether

coefficients are statistically different online and offline by introducing an eBay dummy that

we interact with each of the trade cost variables. In both cases we allow for importer and

exporter fixed effects to be different online and offline. This captures differences in prices

for online and offline products, and can also correct for a selection of buyers and sellers into

online and offline platforms. We use a least-square dummy-variable estimator, but also a

Poisson estimator to control for heteroscedasticity (see Santos-Silva and Tenreyro 2006).11

4 Results and robustness checks

Table 1 provides the results of the estimation of (3) using distance as the only trade costs in

columns (1) and (5). The elasticity of distance is 65% smaller online than offline. In columns

(2) and (6) of Table 1 we provide the estimates of (3) including the other usual trade costs

variables. When we introduce these additional trade costs, the coefficient on distance declines

both online and offline. Still it remains around 65% smaller online, suggesting a flatter world

11Since some of our left-hand side variables were zeros (20% on eBay, less than 1% offline), we added a
dollar to the import value before taking the logs and estimating the linear model.
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on the eBay platform.

Some interesting patterns emerge regarding the other trade-cost variables. Common legal

systems, trade agreements, colonial links and borders seem to matter much more offline. On

the other hand the absence of a common language seem to matter more online than offline.

We test for the statistical significance of these differences by appending the online and offline

datasets and estimating the gravity equation including interactions of each trade costs with

an eBay dummy which takes a value of one if the flow on the left-hand side is the eBay

flow and zero if it is the offline flow. As explained above we also include importer-eBay and

exporter-eBay fixed effects that control for any country-level differences between importers

and exporters online and offline. As seen in Table 2, we find that the difference in the effect

of distance is statistically significant. What’s more, we find that the absence of colonial links

and common legal systems also matter significantly less online. Hence technology may also

reduce the distortions caused by historical legacies and problems of contract enforcement

across different types of legal systems. We find no significant difference in the effect of

free-trade agreements, borders, or language.

Columns (3) and (7) of Table 1 add shipping costs to the set of explaining variables.

Our eBay data also includes data on average bilateral ad-valorem shipping costs. While we

do not have an equivalent for bilateral offline flows, in the case of US imports we do have

data on freight and insurance costs from USITC. When plotting these costs against distance

(see Figure 3) we find that for both online and offline flows, shipping costs are uncorrelated

with distance, even though shipping costs seem to be much higher online, probably as there

are less bulk-shipping scale economies for online shipments.12 Still, we include a bilateral

ad-valorem average of eBay shipping costs as a control both online and offline where it may

also be a valid proxy for shipping costs. We find no significant effect for shipping costs,13

and our distance elasticities are unaffected by this inclusion.14

Columns (4) and (8) provide the results using the Poisson pseudo-maximum likelihood

12Using data on all country pairs online gives a similar picture.
13This could be explained by endogeneity problems, as larger trade flows lead to economies of scale.
14This result also suggests that the death of distance online is not due to a reduction in shipping costs.

Adding other controls such as bilateral average tariffs or trade-restrictiveness indices does not affect the
results (not shown).
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estimator which was suggested for gravity models by Santos Silva and Tenreyro (2006)

to control for zero trade flows in the double log specification of the gravity equation and

heteroscedasticity. Again we find that distance matters more offline. The estimated distance

elasticity is around 45% smaller online.

To check whether our result might be driven by a composition effect within the online and

offline bundles, we estimate gravity equations for each eBay category using the specification

of column (2) of Table 1. The estimated coefficients, using both linear and Poisson pseudo

maximum likelihood estimators, are summarized in Figure 4. For each product category,

distance has a bigger effect offline. It is on average 60% smaller online. Pooling the

product regressions together and estimating an average effect using importer-category and

exporter-category fixed effects yields distance coefficients of -0.287 online and -1.167 offline,

thus 75% smaller online.

In Table 3 we include the results of various robustness checks. As an important part of

eBay trade is in used goods (25%) or occurs through auctions (65%) we replicate Table 1

disaggregating imports into used vs. new goods (this is done on a 2008 cross section because

it is the only year for which we have the used versus new good information) and auctions vs.

direct sales. We also report results when looking at all trade flows reported on comtrade, i.e.

not just the eBay image, as well as all eBay trade flows and not only those that match offline

products. Results are consistent across aggregations, suggesting that distance matters less

than online across all types of eBay flows.15

The final two columns of Table 3 verify whether eBay seller reputation matters for the

impact of distance on trade flows. Online platforms adopt mechanisms to overcome the

incentives for opportunistic behavior in global markets where buyers and sellers do not

necessarily meet repeatedly. The eBay PowerSeller status is one of these mechanisms.16 It

certifies that the seller has received 98% positive feedback, has been active for more than

90 days, has completed at least 100 transactions or transactions worth at least $3000 during

15We also run the same specification for sales by non-business exporters (e.g. consumers) and perhaps
surprisingly found a similar distance elasticity as for business flows of around -0.5.

16Another important mechanism is the disclosure of information through photos and text. Lewis (2011)
shows that they strongly influence auction prices on eBay motors as they help define the terms of the contract
between sellers and buyers who cannot directly observed the goods they are buying.
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the past year, and complies with eBay policies.17 Seller reputation is in principle much more

important than buyer reputation on eBay as transactions are usually of the “cash-in-advance”

type where the buyer pays first and waits for the seller to send the goods.18 The last

two columns of Table 2 look at whether the impact of distance on trade flows is different

for PowerSellers and non-PowerSellers. If the distance coefficient captures information

frictions, and if the PowerSeller mechanism were to be effective, then we would expect a

smaller distance coefficient for transactions undertaken by PowerSellers. As predicted, we

find that distance affects non-PowerSellers more. We test for the statistical significance

of the difference on the distance coefficient of PowerSellers by appending the PowerSeller

and non-PowerSeller data and interacting each of the trade cost variables with a dummy

indicating whether the flow involves PowerSeller or not. The only statistically-different

coefficient at the 5% level is the one on distance as shown in Table 4. This reinforces

the result that eBay technology reduces the distance coefficient by reducing information

frictions.19

To examine whether eBay reduces search costs associated with product information as

suggested by Rauch (1999), we use Broda and Weinstein’s (2006) estimates of elasticity

of substitution (sigma). The median of their HS-6 digit estimates measures the need for

information, or the level of product differentiation, within each category. As substitution

among import sources is smaller there is a stronger need for product information. In Table

5 we thus interact the distance coefficient with the sigmas associated with the HS codes

associated with each eBay product category. The results are summarized in the middle panel

of Figure 5. It shows that offline, the distance elasticity increases with the level of product

17See eBay’s website for more details here: http://pages.ebay.com/sellerinformation/sellingresources/powerseller.html.
18Bohnet et al. (2005), using lab experiments, have argued that it is not only buyers learning about sellers

but also sellers learning about other sellers that is an important ingredient of well-functioning markets prone
to moral hazard. eBays feedback mechanism could thus facilitate exchanges through both these mechanisms.
See Cabral and Hortaçsu (2010) for a recent analysis of the consequences of seller reputation on eBay.

19Hortaçsu et al. (2009) also tried to show that seller reputation lowered the distance elasticity of trade.
However, their results were not conclusive. When estimating gravity equations for sales for bad and good
sellers separately, they found that distance mattered slightly more, rather than less, for sellers with good
reputations. In another specification, they computed a measure of bad-reputation at the State level based
on the median-rating distribution and found that distance mattered more for bad-reputation States, thus
conflicting with their previous result. This discrepancy is probably due to fact that when computing the
bad-reputation State measures, the authors end up capturing any negative aspect of a State rather than
strictly eBay-sellers’ reputation, thus failing to identify the ratings effect on the distance coefficient.
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differentiation, as was shown by Rauch (1999), whereas on eBay product differentiation

barely matters for the distance effect. This suggests that eBay reduces the distance effect

most when search costs are high. We also interact distance with measures of information

frictions at the country level, namely corruption in the exporting country and language

sharing. The logic is the same. If eBay reduces the distance effect by reducing information

frictions, it should do so most when those frictions are high, and these are likely to be high

when the seller is located in a country characterized by corruption problems or when the

buyer speaks a language different than the one in the exporting country. Indeed, as Leamer

(2007) wrote, “Physical distance may create and reinforce linguistic and cultural barriers

that make it difficult to exchange thoughts between people located far from each other in the

cultural landscape.” The results are summarized in Figure 5. Offline, the distance elasticity

is significantly higher when the exporting country suffers from corruption problems and when

partners speak different languages. On eBay distance matters the same across country pairs.

The main message is thus that eBay reduces the distance effect to the offline level prevailing

in “clean” countries or between partners sharing a language. In other words, the reduction

in the distance effect is indeed highest when information frictions are high.

4.1 Selection bias

As mentioned earlier, the difference in the effect of distance could be due to a selection of

’international’ buyers rather than a ’technology’ effect. While the appended model including

importer-eBay and exporter-eBay fixed effects partly corrects for these selection effects,

buyer and seller characteristics might also affect the impact of distance. For example, eBay

buyers may tend to be richer and rich individuals may prefer purchasing goods from faraway

countries. Ideally, we would like to observe individual characteristics of buyers online and

offline, but we do not have access to that data. According to Lieber and Syverson (2012),

higher-income and more educated individuals are more likely to do online purchasing. We

thus check whether the distance effect is statistically different online and offline even in

’extreme’ countries where offline consumers are most likely to be similar to online ones, i.e.

in countries with high internet penetration, high income, low inequalities, and high education
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levels. The idea is that in highly unequal societies with low internet penetration only a few

privileged ’international’ buyers have access to internet and buy on eBay. In these countries

buyers on eBay and offline are likely to be most different. As reported in Figure 6 (drawn

from Table 6), we find the biggest differences in distance effects in poorer, less educated,

more unequal countries and in countries with low internet penetration, suggesting part of the

difference may reflect a selection of ’international’ buyers online. Still, we find that even for

the most equal or most internet-penetrated countries, where the online and offline buyers are

plausibly most similar, the distance effect is still statistically smaller online. This reinforces

the idea that technology has a distance-reducing impact beyond importer selection.

5 Welfare gains

The reduction in search costs in online markets may thus be behind a significant reduction in

the distance elasticity of trade. But would this reduction have any significant impact in terms

of welfare gains? In other words, how richer would the world be in a hypothetical situation

characterized by a widespread use of internet technologies in international trade? In order

to estimate the welfare gains that would result from search costs being reduced to the level

on online platforms, i.e. if distance mattered offline as little as online, we follow the General

Equilibrium Trade Impact estimation procedure suggested by Head and Mayer (2013). We

first need to calculate the change in intranational trade shares in each country using our

gravity estimates. We can then compute the changes in real income following Arkolakis,

Costinot and Rodŕıguez-Clare (2012). Indeed, according to their proposition 1, assuming

that trade is balanced, that the ratio of profits to total income is constant, and that the

import demand system is such that bilateral trade flows are given by a gravity specification

consistent with the presence of a single production factor (labor), we can express the welfare

change as:

(4) Ŵi =

[
m̂ii

yi

]1/ε
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where, for any variable x, x̂ = x′/x, and x′ is the value of x after the shock. The change

in intranational trade as a share of income is given by (see Proposition 2 in Arkolakis et al.

2012):

(5)
m̂ii

yi
=

(
ŵit̂ii

)ε∑n
j=1

mij
yi

(
ŵj t̂ij

)ε
Hence, in order to calculate the change in welfare associated with a partial “death of

distance” offline, we need an estimation of the change in trade costs (t̂ij), as well as an

estimation of the change in wages (ŵj) in all n countries. The former can be obtained using

the estimates of the distance coefficient online and offline:

(6) t̂ij = e
1
ε (βonline

D −βoffline
D )lnDij

We use the βD coefficients reported in columns (4) and (8) of Table 1 which have been

consistently estimated using importer and exporter fixed effects specific to online and offline

flows and a Poisson estimator to control for heteroscedasticity. We can then easily compute

t̂ij using an estimate of ε for aggregate trade flows from the existing literature. Eaton and

Kortum (2012) suggest that the current best estimate sets ε = −4. Note that this assumes

that the elasticity of substitution for aggregate trade flows is identical to the elasticity of

substitution for online flows and offline matched flows, as the βD coefficients have been

estimated using online and offline matched flows. We test this hypothesis in the Appendix.

The estimation of ŵj requires solving the general equilibrium wages of all countries in

our sample. The change in wages in all other countries are implicitly given by (see Arkolakis

et al. 2012):

(7) ŵj =
n∑

i′=1

mi′jŵi′
(
ŵj t̂i′j

)ε
yj
∑n

j′=1mi′j′/y′i

(
ŵj′ t̂i′j′

)ε
15



We solve the n non-linear equations for the changes in wages (ŵj) using the Stata code

provided by Head and Mayer (2013). Substituting these and the estimates of the changes in

trade costs in equation (6) into (5) and the result into (4) yields the changes in real income

following a drop in the distance effect offline to the level prevailing online.

The welfare-gains gains per country are given in Table 7. The increase in real income

associated with a reduction in distance-related search costs for all trade flows is on average

equal to 4%, ranging from over 43% for Taiwan to 0.86% for the US. Hence, our results

suggest that potential gains from the reduction in search costs brought about by online

platforms are quite large. We then try to explain the variance in welfare gains across

countries. We regress welfare gains on GDP, GDP per capita, remoteness, and openness.

We find remoteness and openness to be statistically significant. As shown in Figure 7, the

largest welfare gains would occur in the most open and remote countries.

6 Concluding Remarks

In his review of Friedman (2005), Leamer (2007) argues that advances in technology in recent

decades have failed to reduce information frictions between countries. Humans are still like

animals and cannot trust each other unless in the same physical space. Geography thus

creates special relationships between buyers and sellers who reside in the same neighborhoods

and this explains why the distance effect on international commerce is “possibly the only

important finding that has fully withstood the scrutiny of time and the onslaught of economic

technique.

Using a dataset on eBay cross-border transactions and comparable offline trade flows, we

estimated a distance effect on trade flows about 65% smaller online than offline. We argued

this difference in distance effects was due to online technologies that reduce search costs

associated with geographic distance. Importantly, the welfare gains from the reduction in

distance related trade costs are large. In a hypothetical world where information frictions

offline were reduced to the level prevailing online, real income would increase by 4% in the

average country.
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Data Appendix

Below we discuss variable construction and data sources for all variables used in the empirical

sections. The appendix Table provides descriptive statistics for each variable.

• Distance (D): Distance between two countries based on bilateral distances between

the largest cities of those two countries, those inter-city distances being weighted by

the share of the city in the overall country’s population. Source: CEPII Distances

database.

• Shipping cost (T ): Ad-valorem shipping costs as a share of product price (logged).

Source: eBay.

• No Border (NB): dummy variable indicating whether the two partners share a border.

Takes the value 1 when the two partners do not share a border. Source: CEPII

Distances database.

• No Colony (NC): dummy variable indicating whether the two countries have ever had

a colonial link. It takes the value 1 when the two trading partners do not share a

colonial link. Source: CEPII Distances database.

• No Common Language (NCL): dummy variable indicating whether the two countries

share a common official language. It takes the value 1 when the two trading partners

do not share a common language. Source: CEPII Distances database.

• No Common Legal System (NCLS): dummy variable indicating whether the two

countries have the same legal origin. It takes the value 1 when the two partners do not

share a legal origin. Source: CEPII Gravity database.

• No FTA (NFTA): dummy variable indicating whether the two countries have a

free-trade agreement declared at the WTO. It takes the value 1 when the two partners

do not have a free-trade agreement. Source: WTO.

• Corruption (C): Negative of control-of-corruption which captures perceptions of the

extent to which public power is exercised for private gain, including both petty and

20



grand forms of corruption, as well as ”capture” of the state by elites and private

interests. Source: Kaufmann et al. (2010).

• Trade elasticity (sigma): Elasticity of substitution within HS-6 product categories.

Source: Broda and Weinstein (2006).

• Internet penetration (@): Number of internet users over population. Source: World

Bank World Development Indicators.

• Gini (Gini): Gini coefficient of income inequality. Source: World Bank World

Development Indicators.

• Education (Educ): Gross enrolment ratio. Tertiary (ISCED 5 and 6). Total is the

total enrollment in tertiary education (ISCED 5 and 6), regardless of age, expressed

as a percentage of the total population of the five-year age group following on from

secondary school leaving. Source: World Bank World Development Indicators.

• Remoteness (Remote): Inverse of a weighted sum of trading partners’ GDPs, where the

weights are inverted distances. Source: CEPII and World Bank World Development

Indicators.

• Openness (Open): Sum of imports and exports over GDP. Source: World Bank World

Development Indicators.

• GNI per capita (GNIPC): Gross National Income per capita, current $. Source: World

Bank World Development Indicators.
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Appendix: Estimates of trade elasticities online and

offline

In this section we estimate the trade elasticities of the online and offline baskets. This is

important because the estimated effect of distance on trade flows (βD) is a combination of

the trade elasticity (ε) and the impact of distance on trade costs (αD). The lower estimated

impact online could be therefore explained by a lower trade elasticity for the online bundle,

rather than a smaller impact of distance on trade costs.

Our identification strategy is as follows. We assume that the log of aggregate (offline)

trade costs, eBay trade costs, and eBay-image trade costs are all gamma distributed with

the same scale parameter θ, but with a different shape parameter (kf ) that is specific to

each flow. More formally, we assume that trade costs ln(tfij) of each flow f are generated by

a gamma distribution with scale parameter θ and shape parameter kf :

(8) ln(tfij) ∼
1

θ(k
f)Γ(kf )

(ln(tfij))
kf−1e

−ln(t
f
ij

)

θ

We do not observe trade costs directly, but the product of the trade elasticity with the log

of trade costs for each type of flow. This product can be consistently estimated using equation

(3) for each type of flow. To backup the scale parameter (θ) that we assume is common to

the three type of trade costs, we need an estimate of the trade elasticity for aggregate trade

flows that we borrow from the existing literature. Eaton and Kortum (2012) suggest a

consensus estimate of -4. Dividing by -4 the estimated product of the trade elasticity and

the log of trade costs for aggregate flows, we then have the empirical distribution of aggregate

trade costs. To obtain the scale parameter θ, we then use a convenient property of gamma

distributions which implies that the variance-to-mean ratio is equal to the scale parameter.20

To estimate the trade elasticities for eBay and eBay-image flows, we use a second

convenient property of gamma distributions, i.e. if ln(tfij) ∼ Gamma(θ, kf ), then εf ln(tfij) ∼
20The mean of a gamma distribution is equal to kfθ and its variance is given by kfθ2.
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Gamma(εfθ, kf ). Combining this with the first property mentioned above, we have that the

variance-to-mean ratio of the the estimated product of εf ln(tfij) for eBay and eBay-image is

equal to εfθ. Thus,

(9) εf =
var
[
−εf ln(tfij)

]
mean [−εln(tij)] θ

Using 9 we have have estimates of εf for eBay and eBay-image trade flows that we can

compare to the estimate of -4 on aggregate trade flows that we borrow from the existing

literature.

Before proceeding to empirically testing our method, we check that the empirical

distribution of ln(tij) for aggregate trade flows fits a gamma distribution. Figure 8 shows the

kernel density estimate of this empirical distribution. A single gamma distribution clearly

does not fit our empirical estimates of ln(tij), as the distribution is bimodal. This is not

new and is explained by the fact that there at moderate trade costs (those that would occur

over distances between continents) we have very few observations. A simple way of solving

this is to assume that the bimodal distribution of trade costs is due to the combination of

two unimodal gamma distributions for trade costs within a continent, and across continents.

Using Figure 8 we then assume that the split between the two distributions occur when the

log of trade costs is around 1.75.

We then estimate θ for each of these two gamma distributions of aggregate trade flows

by taking the variance-to-mean ratios.21 This yields θ = 0.013 for (log) trade costs below

1.75 and θ = 0.004 for (log) trade costs above 1.75.

Using these θ estimates and equation (9), we can estimate the trade elasticities for eBay

and eBay-image flows. For low trade costs, the trade elasticity of eBay flows equals -4.6 and

of image flows -4.1. For high trade costs, the trade elasticity of eBay flows equals -6.6 and

of image flows -4.2. Thus the trade elasticity for image flows is almost identical to the trade

elasticity on aggregate trade flows. For eBay flows the trade elasticity if anything is larger

21Note that this assumes that the trade elasticity is invariant to trade costs which is consistent with
existing estimates using aggregate trade costs.
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than for aggregate trade flows or eBay-image, which suggests that a lower trade elasticity

for eBay trade flows cannot explain why we observe a lower estimated impact of trade costs

variables such as distance on online trade flows.

To check that the trade elasticity estimates are statistically different from zero, but not

statistically different from each other, we construct bootstrapped standard errors taking

into account the sampling error as well as the error associated with the offline aggregate

elasticity-of-substitution estimates. For the latter, we assume that ε is normally distributed

with mean -4 and a variance equal to 1, which yields a 95% confidence interval of [2; 6], which

practically covers all of the estimates surveyed in Eaton and Kortum (2012). We allow for

500 repetitions and allow two-way clustering of standard errors within each importing and

exporting country. This procedures yields a standard error equal to 1 for both estimated

trade elasticities of image flows (i.e. for large and small trade costs). The standard errors

for eBay flows are equal to 1.7 for large trade costs and 11 in the case of small trade costs.

This suggests that none of the trade elasticity estimates is statistically different from -4, or

from each other.

Finally, we can test the assumption that ln(tij) of aggregate trade flows is gamma

distributed with a scale parameter θ = 0.013 for values of ln(tij) below 1.75, and

gamma distributed with a scale parameter θ = 0.004 for values of ln(tij) above 1.75,

using a Kolmogorov-Smirnov test of equality-of-distributions.22 The values of the two

Kolmogorov-Smirnov statistic (D) are close to zero (with p-values of 0.8 for high trade

costs, and 0.3 for low trade costs) and therefore we cannot reject at the 5% level the null

hypothesis that ln(tij) is gamma distributed with a scale parameter θ = 0.013 for values of

ln(tij) below 1.75, and gamma distributed with a scale parameter θ = 0.004 for values of

ln(tij) above 1.75.

22For a discussion of the Kolmogorov-Smirnov test see Chakravarti, Laha, and Roy (1967).
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Figure 1
The importance of distance with and without search costs

Note: Offline bilateral trade data is from UN Comtrade for 61 countries which represent
more than 92% of world trade and is restricted to the set of goods which are traded on the
eBay platform. eBay bilateral trade data is from eBay for the same set of countries.

Figure 2
Country coverage

Note: The intensity of the red color signals the value of the log of eBay exports
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Figure 3
Distance and shipping costs offline and online

Sources: USITC and eBay

Figure 4
Distance coefficient by eBay category

Note: The left panel reports estimates using an OLS estimator and the right panel reports
estimates using a poisson estimator. Each distance coefficient is estimated in a separate
regression with a specification identical to the one reported in column (2) of Table 1.
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Figure 5
Distance coefficients by exporter corruption, elasticity of substitution, and language sharing

Note: The figures are based on regressions in Table 5. The dashed lines are the 95%
confidence interval.
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Figure 6
The role of consumer self-selection

Note: The figures are based on regressions in Table 6. The dotted lines give the kernel
density estimate of the x axis variable. The dashed lines are the 95% confidence interval.
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Figure 7
Welfare gains from lower distance-related search costs

Note: Added-variable plots obtained after regressing welfare gains on GDP, GDP per capita,
remoteness and openness.
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Figure 8
Kernel density estimate of aggregate ln(tij)

Note: The ln(tij) for aggregate trade flows was consistently estimates using equation (3) on
aggregate trade data and the consensus trade elasticity parameter -4 (Eaton and Kortum
2012).
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Table 7
The welfare gains from lower search costs

country welfare gain (%) country welfare gain (%) country welfare gain (%)

USA 0.86 BIH 2.33 SVK 3.84
BRA 1.06 DEU 2.34 CZE 3.90
CAN 1.16 POL 2.39 MKD 3.91
GRC 1.19 BLR 2.47 BGR 3.96
JPN 1.27 UKR 2.58 NLD 3.98
IND 1.31 SWE 2.67 IRL 4.27
RUS 1.31 ROU 2.69 SVN 4.28
ALB 1.45 GEO 2.70 LUX 4.50
FRA 1.55 DNK 2.72 ISR 4.53
ITA 1.61 NZL 2.80 HUN 4.90
ESP 1.65 AUT 2.83 PHL 4.98
GBR 1.73 ZAF 2.85 EST 4.99
TUR 1.75 CYP 2.92 MDA 5.23
MEX 1.91 FIN 3.20 BEL 5.75
ARG 1.92 KOR 3.22 THA 6.31
NOR 1.97 AZE 3.25 HKG 6.42
CHN 2.11 CHE 3.27 MYS 7.26
AUS 2.14 ISL 3.48 MLT 9.36
IDN 2.18 LVA 3.71 SGP 15.36
PRT 2.29 LTU 3.76 TWN 43.27
ARM 2.31

Note: Welfare gains estimated using formula in Arkolakis et al. (2012).
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