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1 Introduction

The gravity model is commonly used in empirical studies in international trade for several reasons.
First, they represent the simple idea of explaining the trade between two countries as a function of their
GDP and the distance between them. Second, they perform well to explain actual trade flows. Third,
they are easily applicable to examine on various topics such as the effects of financial crises or free trade
agreements (FTAs) on international trade (Head and Mayer, 2014). Hence, trade economists community
refers to them as the “workhorse model” (Head and Mayer, 2014). Specifically, the value of exports from
country i to country j, Xij can be written as the following equation:

Xij = A
GDPi × GDPj

distij
,

where A is a constant term, GDPi denotes the GDP of country i, and distij denotes the distance between
the two countries. When estimating this equation, it is log-linearized by taking the log. Replacing A with
β0, adding βs as the coefficients for the variables, and adding an error term uij leads to the following
expression:

ln(Xij) = β0 + β1 ln(GDPi) + β2 ln(GDPj) + β3 ln(distij) + uij ,

where β1 = β2 = 1 and β3 = −1 theoretically.
This paper discusses three puzzles that trade economists have faced while working with the gravity

model. We also summarize the gravity model’s development. The discussion focuses on how the analysis
evolved from cross-sectional to panel approaches, how the inclusion of appropriate fixed effects became
prevalent, and how Poisson Pseudo Maximum Likelihood (PPML) estimation replaced log-linear modeling
as the mainstream method.1

The remainder of this paper is organized as follows. Section 2 discusses the Glick-Rose puzzle,
currency unions’ surprisingly large impact on international trade. Section 3 discusses the border puzzle,
national borders’ surprisingly large negative impact on international trade. Section 4 discusses the missing
globalization puzzle, the unexpectedly stable distance coefficient between 1975 and 2000 even though the
importance of distance should have decreased due to globalization. Section 5 offers a concluding remark.
Appendix A presents a supplemental explanation on the interpretation of the coefficient of a dummy
variable, and Appendix B presents Stata commands.

2 The Glick-Rose puzzle

2.1 Rose (2000)

What is the effect of employing a common currency between countries on international trade across
the countries? We might expect that it increases international trade by reducing exchange rate volatility.
Nevertheless, the magnitude of the trade facilitation effect remains a relevant research question.

To answer this question, Rose (2000) estimates the following regression equation:2

ln (Tij) = β0 + β1 ln (GDPi × GDPj) + β2 ln (distij) + β3DCU
ij + X′

ijβββ4 + uij , (1)

where Tij = Xij + Xji, and Xij denotes the value of exports from country i to country j. The variable
1For comprehensive literature reviews of studies using the gravity model, see Anderson (2011), Head and Mayer (2014),

Yotov (2022), and Larch and Yotov (2024). For comprehensive guidebooks on estimating gravity models, see Shepherd
(2016), Shepherd (2019), and Yotov et al. (2016).

2The parameters should be written with different letters since the regression equations discussed in this paper differ
from one another. For the sake of simplicity, however, all the regression equations discussed use the same parameter and
variable notations.
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DCU
ij is a dummy variable that takes unity if country i and country j use a common currency and

zero otherwise, and Xij is a vector containing control variables such as adjacency and common language
dummies. Of particular interest is the coefficient β3 that captures the impact of using a common currency
on international trade. Equation (1) is estimated for each year with data from 186 countries. The
estimates are at 5-year intervals for the period 1970–1990.

Rose (2000)’s estimates of the coefficient β3 are summarized in Table 1. It shows that the estimated
coefficient is 0.87 in 1970. The coefficient increases over time and reaches 1.51 in 1990. The estimate
using data from all periods, shown in the rightmost column, is 1.21. Given that the dependent variable
is the log of trade value, and the variable of interest DCU

ij is a dummy variable, the exact impact of
a common currency on the value of trade is e1.21 = 3.35, which can be interpreted as follows: Trade
between countries sharing a common currency is 3.35 times greater than trade between countries that do
not. Or, countries using a common currency have 235% greater trade than countries not using a common
currency.3

This is a much larger number than we would expect. Rose (2000) explains possible reasons for the
appearance of such extreme values, such as “Perhaps hedging exchange rate risk is much more difficult
than commonly believed.” However, he admits he does not have a definitive answer in his blunt statement,
“I don’t know.” The puzzle has prompted many follow-up studies because the estimated impact of a
common currency on international trade has been much larger than researchers expected.

Table 1: Rose (2000)’s estimates of the effects of currency unions on trade
1970 1975 1980 1985 1990 All

Common currency dummy coefficient 0.87 1.28 1.09 1.40 1.51 1.21
(0.43) (0.41) (0.26) (0.27) (0.27) (0.14)

Sample size 4,052 4,474 5,092 5,091 4,239 22,948
Note: This table comes from Table 2 in Rose (2000). Standard errors are in parentheses.

Are there any econometric problems with Rose (2000)’s regression equation? The first problem is
that the five regressions for 1970, 1975, 1980, 1985, and 1990 are based on cross-sectional data only and
thus do not control for the effects of unobserved time-invariant variables. Although Rose (2000) includes
several time-invariant variables, such as the adjacency and common language dummies, there are many
other potential time-invariant determinants, such as labor market institutions and geographical factors.
The regression equation in the rightmost column of Table 1 pools data for all time periods, but it does
not include country-pair fixed effects although it could have done so.

2.2 Estimation with country-pair fixed effects

Rose (2000) seemed to have recognized that the coefficients may have been overestimated due to the
failure to account for fixed effects. Therefore, his own follow-up study, Glick and Rose (2002) report their
estimated coefficients with fixed effects. Specifically, they estimate the following regression equation:

ln (Tijt) = β0 + β1 ln(GDPit × GDPjt) + β2DCU
ijt + X′

ijtβββ3 + ϕij + uijt, (2)

where ϕij denotes country-pair fixed effect.4 Since the variable ln(distij) is absorbed by the country-pair
fixed effects, we cannot obtain an estimate of the distance coefficient. However, this coefficient is our focus
because β2, the coefficient of the common currency dummy DCU

ijt , is of particular interest. Additionally,
the subscript t, representing time (years), appears in the regression equation due to the addition of time

3It could be calculated as e1.21 − 1 = 2.35 and expressed as “The value of trade between countries using a common
currency is 235% higher than the value of trade between countries not using a common currency.” The reason the exponential
function must be used here to calculate the effect is explained in Appendix A.

4“Country-pair fixed effects” are also sometimes expressed as “dyadic fixed effects”.
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series information. DCU
ijt also has a t subscript, meaning that the status of whether country i and country

j use a common currency can change over time. Equation (2) is estimated using data from 217 countries
for the period 1948–1997.

Note that the interpretation of the coefficient changes depending on the inclusion of country-pair fixed
effects. When country-pair fixed effects are not included, coefficient identification relies on cross-sectional
variation in the data, measuring how much larger (or smaller) the trade value is for a pair of countries
that use a common currency compared with a pair that does not. When country-pair fixed effects are
included, coefficient identification relies on time-series variation in the data, measuring how much trade
increases (or decreases) if a pair of countries began using a common currency, or how much it decreases
(or increases) if they left a currency union.5

Table 2 summarizes Glick and Rose (2002)’s estimates. First, column (1) shows that estimation
without country-pair fixed effects leads to a coefficient of 1.30, confirming the reproducibility of Rose
(2000)’s results with Glick and Rose (2002)’s updated data. Column (2) shows that the inclusion of
country-pair fixed effects reduces the value of the coefficient to 0.65. Since e0.65 − 1 = 0.92, it suggests
that joining a currency union increases trade by 92%. This is almost half the size of Rose (2000)’s estimate.
These results suggest that Rose (2000)’s estimates are biased since it does not include country-pair fixed
effects.

Table 2: Glick and Rose (2002)’s estimates of the effects of currency unions on trade
(1) (2)

Common currency dummy coefficient 1.30 0.65
(0.13) (0.05)

Country-pair fixed effects Yes
Sample size 219,558

Number of country-pairs 11,178
Note. This table comes from Tables 2 and 4 in Glick and Rose (2002). Standard errors
are in parentheses.

2.3 “Exporter × year fixed effects” and “importer × year fixed effects”

A follow-up study, Glick and Rose (2016), points out three potential problems with Glick and Rose
(2002). First, Glick and Rose (2002) includes 16 country-pairs that joined currency unions and 130
country-pairs that left currency unions during the sample period. Nevertheless, the approach implicitly
assumes that joining and leaving a common currency increases or decreases trade by the same magnitude.
It also implicitly assumes that all currency unions have the identical trade-creating effect. Second, because
the sample period ends in 1997, the analysis does not include the Euro (the Economic and Monetary
Union in Europe, EMU), which was introduced in 2002. Therefore, Glick and Rose (2016)’s analysis
focuses specifically on the Euro’s trade-creating effects. Third, Glick and Rose (2002)’s regression model
includes neither “exporter × year fixed effects” nor “importer × year fixed effects.”6

Regarding the first point, Glick and Rose (2016) show that the assumption that joining and leaving a
currency union result in comparable changes in trade is largely correct. Therefore, the following discussion
of the estimates focuses on the second and third points. Table 3 summarizes Glick and Rose (2016)’s
estimates. Columns (1) and (2) use the same dataset as Glick and Rose (2002), confirming the results
in their prior study. Columns (3) and (4) show results from running Glick and Rose (2002)’s original
regression model using the dataset that is extended to 2013. The extended dataset leads to slightly

5When the dataset is a panel, estimations that do not include country-pair fixed effects identify coefficients using both
cross-sectional and time-series variation. However, because cross-sectional variation in the data tends to be larger than
time-series variation, the estimates essentially capture a cross-sectional relationship.

6If exporter (importer) × year fixed effects are not introduced, the estimation does account for the exporter’s (importer’s)
multilateral resistance. This point is discussed in Section 3.
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smaller coefficients, decreasing from 1.30 (column (1)) to 0.92 (column (3)), and decreasing from 0.65
(column (2)) to 0.63 (column (4)).

Table 3: Glick and Rose’s (2016)’s estimates of the effects of currency unions on trade
Glick-Rose Glick-Rose
(2002) data (2016) data

Dependent variable ln(Tij) ln(Tij) ln(Xij)
(1) (2) (3) (4) (5) (6)

Common currency dummy coefficient 1.30 0.65 0.92 0.63 0.51 0.34
(0.13) (0.05) (0.09) (0.07) (0.02) (0.02)

Country-pair fixed effects Yes Yes Yes
Exporter × year fixed effects Yes Yes
Importer × year fixed effects Yes Yes

Sample size 219,558 426,935 879,794
Number of country-pairs 11,178 14,801 33,886

Number of country-year observations 22,438
Sample period 1948–1997 1948–2013

Note: This table comes from Tables 1, 2, and 5 in Glick and Rose (2016). Standard errors are in parentheses.

Columns (5) and (6) differ from Rose (2000) and Glick and Rose (2002) in terms of the data structure.
In Rose (2000) and Glick and Rose (2002), each country-pair had one trade flow Xijt + Xjit per year.
However, in Glick and Rose (2016), two-way trade, Xijt and Xjit, are included in the dataset separately.
Therefore, the sample size in Columns (5) and (6) is about twice as large as the sample in Columns (3)
and (4). This data structure allows us include “exporter × year fixed effects” and “importer × year fixed
effects,” making it possible to control for all observable and unobservable macroeconomic conditions of
exporters and importers.7

The regression equation is as follows:

ln (Xijt) = β0 + β1DCU
ijt + X′

ijtβββ3 + ϕij + ϕit + ϕjt + uijt, (3)

where Xijt denotes a vector of time-variant controls, for example, FTA dummies and colonial relation
dummies. The variable ϕij is the country-pair fixed effect, ϕit denotes the exporter × year fixed effect,
and ϕjt denotes the importer × year fixed effect.

Column (5) shows the results from estimating a model without country-pair fixed effects but with
“exporter × year fixed effects” and “importer × year fixed effects.” The coefficient is 0.51, indicating
a slight decrease relative to the estimate in Column (4). Column (6) includes “exporter × year fixed
effects” and “importer × year fixed effects” in addition to country-pair fixed effects. The coefficient is
0.34, showing a further decrease from the coefficient in Column (5).

Column (6)’s suggested trade creation effect is e0.34 = 1.40, implying that joining a currency union
increases trade by 40%. This estimate seems plausible compared to Rose (2000)’s 235% trade creation
effect. These results suggest that earlier studies’ estimates of the effects of currency unions on trade may
have been overstated due to the omission of appropriate fixed effects.

7The exporter dummies (and the importer dummies) are perfectly multicollinear with country-pair fixed effects. There-
fore, the model cannot include these fixed effects jointly. However, by interacting the exporter dummies (and the importer
dummies) with year dummies, these interacted dummies can be jointly included with country-pair fixed effects.
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2.4 Heterogeneous trade creation effects of currency unions

Table 4 estimates the effects of the EMU and other currency unions separately to allow for hetero-
geneity in currency unions’ trade creation effects.8 The results presented in Columns (1) and (2) show
that the estimated effect of other currency unions exceeds that of the EMU. The estimated coefficients
for the non-EMU currency union dummies are 1.12 and 0.75, respectively, which can be interpreted as
meaning that trade between non-EMU currency union countries is e1.12 = 3.06 times larger than trade
between countries that do not use a common currency, and joining a non-EMU currency union increases
trade by e0.75 = 2.11 times.

However, these estimates do not control for “exporter × year fixed effects” and “importer × year fixed
effects.” Column (3) shows the results after controlling for those fixed effects, and Column (4) shows the
results after applying controls for country-pair fixed effects in addition to “exporter × year fixed effects”
and “importer × year fixed effects.” The results in Column (4), which may be the most reliable, show
that joining the EMU increases trade by a factor of e0.43 = 1.53, and joining a non-EMU currency union
increases trade by a factor of e0.30 = 1.34.

Rose (2017) surveys and meta-analyzes 45 relevant papers to examine why scholars’ estimates of
EMU trade creation effects vary widely, and it finds that excluding countries with smaller economies and
lower income levels from the sample tends to lead to a downward bias in estimates of the coefficient of
the currency union dummy. According to Rose (2017)’s estimates, trade increases by 54% by joining
a currency union. This estimate is close to the estimate suggested in Rose and Stanley (2005)’s meta-
analysis, 47%.

Table 4: Glick and Rose (2016)’s estimates of the effects of currency unions on trade
Dependent variable ln(Tij) ln(Xij)

(1) (2) (3) (4)
EMU dummy coefficient 0.02 0.41 -0.65 0.43

(0.08) (0.05) (0.03) (0.02)
Non-EMU currency union dummy coefficient 1.12 0.75 0.76 0.30

(0.11) (0.10) (0.02) (0.03)
Country-pair fixed effects Yes Yes

Exporter × year fixed effects Yes Yes
Importer × year fixed effects Yes Yes

Sample size 426,935 879,794
Number of country-pairs 14,801 33,886

Number of country-year observations 22,438
Sample period 1948–2013

Note: This table comes from Tables 1, 2, and 5 in Glick and Rose (2016). Standard errors are in
parentheses.

2.5 Adding country-pair dummies × trend

Campbell (2013) lists several problems in Glick and Rose (2002). First, the analysis does not control
for the decline in economic ties between former colonial powers and their colonies since 1948. Second,
there are currency allies that are not properly included in the analysis over all periods due to a lack of
data for some variables. Third, countries in conflict or war are included in the analysis without controlling
for those events’ occurrence.

Estimating the Glick and Rose (2002) regression equation yields a coefficient of 0.65 for the currency
union dummy, but this coefficient drops to 0.46 when the interaction term with the former British colony

8Glick and Rose (2016) also report separate estimates of eight non-EMU currency unions’ effects, but the current paper
discusses a simplified version.
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dummy and the year trend are included. It further declines to 0.21 when countries at war or in conflict
are excluded from the sample. It further declines to 0.11 when currency unions for which data are not
available over the entire sample period are excluded. It further declines to −0.05 when the “country-pair
dummies × year trend” is included. Campbell (2013) states that policymakers in countries facing the
policy decision to join a currency union should not expect large trade creation effects.

2.6 PPML estimation

Larch, Wanner, et al. (2019) report their findings on revisiting currency unions’ impact on trade
volume using PPML instead of a log-linear model.9 They justify PPML estimation by pointing out that
estimating a log-linear model with ordinary least squares (OLS) does not ensure a lack of bias nor does the
method ensure the consistency of the coefficients when heteroscedasticity is present in the data. Another
advantage of using PPML is that the log-linear model cannot include observations with zero trade flows
in the analysis, whereas PPML can account for zero trade flows. The regression equation can be written
as follows:

Xijt = exp
(

β0 + β1DCU
ijt + Xijtβββ3 + ϕij + ϕit + ϕjt

)
× uijt. (4)

Larch, Wanner, et al. (2019) also use Cameron et al. (2011)’s multi-way clustering standard errors, which
report standard errors that account for the correlation of error terms within the multiple clusters of
exporting country, importing country, and year.

Table 5 summarizes Larch, Wanner, et al. (2019)’s estimation results. Columns (1) and (2) show the
results of OLS estimation of the linear model, which replicate Glick and Rose (2016)’s results. Column (1)
corresponds to column (6) in Table 3, and Column (2) corresponds to Column (4) in Table 4. Columns
(3) and (4) show the results of estimating equation (4) using PPML. In Column (3), the coefficient is 0.13,
which is e0.13 − 1 = 0.138, suggesting that currency union membership increases trade by about 14%.
However, this coefficient is not statistically significant. Column (4) shows the results of estimating the
effect of monetary unions separately for the EMU versus other monetary unions. The EMU coefficient
is 0.030, which means that joining the EMU would increase trade by only 3%. However, this coefficient
is also not statistically significant. For non-EMU currency unions, the coefficient is 0.70, so e0.70 = 2.01
and it is statistically significant, suggesting that currency unions roughly double trade.

Table 5: Larch et al. (2019)’s estimates of the effects of currency unions on trade
Linear model PPML
(1) (2) (3) (4)

Common currency dummy’s coefficient 0.343 0.130
(0.089) (0.081)

EMU dummy’s coefficient 0.429 0.030
(0.149) (0.092)

Non-EMU currency union dummy’s coefficient 0.298 0.700
(0.097) (0.172)

Country-pair fixed effects Yes Yes Yes Yes
Exporter × year fixed effects Yes Yes Yes Yes
Importer × year fixed effects Yes Yes Yes Yes

Sample size 877,736
Number of countries 32,000

Number of exporters / Number of importers 212 / 212
Sample period 1948–2013

Note: This table comes from Table 1 in Larch, Wanner, et al. (2019). Robust standard errors, clustered
by exporting country, importing country, and year, are in parentheses.

9See Silva and Tenreyro (2006) for a discussion of the importance of using PPML in gravity model estimation in the
international trade context.
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In summary, by using a PPML methodology that considers heteroscedasticity, further controlling for
country-pair fixed effects, “exporter × year fixed effects,” and “importer × year fixed effects,” and using
robust standard errors that account for the correlation of error terms within three clusters of exporting
country, importing country, and year, Larch, Wanner, et al. (2019) conclude that a currency union exerts
a trade creation effect of only 14% and that joining the EMU yields almost no trade creation effect. Since
estimation methods for the gravity model improved after 2000 and addressed the shortcomings of earlier
approaches, the puzzle of the currency union’s large trade-creating effect has gradually been resolved.

3 The border puzzle

3.1 McCallum (1995)

The border puzzle, first proposed by McCallum (1995), refers to the unexpectedly large negative
effects of national borders on trade flows. McCallum (1995) documents that, amid the substantial trade
liberalization of the 1980s and 1990s, there was a prevalent (mis)understanding that borders no longer
mattered for global economic activity at the time. To examine whether this understanding was correct,
he estimated a gravity model of trade to assess the effects of national borders on trade flows.

Using data on domestic and international trade between Canadian provinces and US states (hereafter,
simply regions), McCallum (1995) estimated the following regression equation:

ln (Xij) = β0 + β1 ln(GDPi) + β2 ln(GDPj) + β3 ln(distij) + β4DCanada
ij + uij , (5)

where Xij denotes the value of exports from region i to region j, GDPi denotes GDP of region i, distij

denotes the distance between region i and j, and DCanada
ij is a dummy variable that takes unity if regions

i and j are both located in Canada and zero otherwise. McCallum (1995) estimated equation (5) using
1988 data, and the coefficient of DCanada

ij is estimated to be 3.09.10 Since e3.09 = 22, it suggests that
after controlling for GDP and the distances, Canada’s intra-country trade is about 22 times larger than
international trade between Canada and the US.

It is important to understand that the estimate is obtained by controlling for GDP and distance. Let
us consider “trade between British Columbia and Alberta” and “trade between British Columbia and the
state of Washington.” Suppose that the three economies, British Columbia, Alberta, and Washington,
have the same GDP. Suppose that the “distance between British Columbia and Alberta” and the “distance
between British Columbia and Washington” are identical. In this case, the gravity model predicts that
“trade between British Columbia and Alberta” and “trade between British Columbia and the state of
Washington” would be the same. Nevertheless, the regression result suggested that the border between
British Columbia and Washington reduced trade between the two regions, resulting in a substantial
difference between intra-country trade within Canada and international trade between Canada and the
US. I hope this illustrative example helps understand that the estimate e3.09 = 21.98 seems too large.
McCallum (1995) does not clarify the reasons for this huge negative effect of national borders on trade.

3.2 Remoteness and multilateral resistance

Anderson and van Wincoop (2003) propose one solution to McCallum (1995)’s border puzzle. They
focus on the size difference between the US and Canadian economies. As of 1990, the US had about
10 times greater GDP than Canada, making Canada a small country compared to the US. In such an
environment, Canadian provinces have less domestic trading partners than US states do, making domestic

10See Column (2) of Table 1 in McCallum (1995).
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trade with other Canadian provinces important. Anderson and van Wincoop (2003) describe the following
thought experiment on pp. 177–178 in their article.

Consider the following example without any reference to gravity equations and multilateral
resistance variables. A small economy with two regions and a large economy with 100 regions
engage in international trade. All regions have the same GDP. What matters here is not the
number of regions, but the relative size of the two economies as measured by total GDP. We
only introduce regions in this example because it is illustrative in the context of the U.S. states
and Canadian provinces that are the focus of the empirical analysis. Under borderless trade,
all regions sell one unit of one good to all 102 regions (including themselves). Now impose
a barrier between the small and the large country, reducing trade between the two countries
by 20 percent. Region 1 in the small country then reduces its exports to the large country
by 20. It sells ten more goods to itself and ten more goods to region 2 in the small country.
Trade between the two regions in the small country rises by a factor 11, while trade between
two regions in the large country rises by a factor of only 1.004. This shows that even a small
drop in international trade can lead to a very large increase in trade within a small country.
Trade between the two regions in the small country is now 13.75 times trade between regions
in both countries, while trade between two regions in the large country is only 1.255 times
trade between regions in the two countries.

To theoretically demonstrate the implication of different country sizes on domestic trade flows, An-
derson and van Wincoop (2003) show that a variable called “multilateral resistance” appears on the
right-hand side of the gravity model:

Xij = GDPi × GDPj

GDP W

(
tij

Pi × Pj

)1−σ

,

where GDP W denotes the world GDP, and tij denotes trade costs of exporting from region i to region
j. The variable Pi denotes the multilateral resistance of region i—the constant elasticity of substitution
(CES) price index derived from the maximization of a CES utility, which can be written as follows:

Pi =
[∑

k

(βkpktik)1−σ

] 1
1−σ

, (6)

where βk denotes the utility function’s demand shift parameter, pk denotes the price of variety produced
in region k, and σ denotes the elasticity of substitution.

The following are three ways to estimate the gravity model by controlling for multilateral resistance:

1. Introducing the “remoteness,” a proxy variable for multilateral resistance, into the regression equa-
tion.

2. Introducing the “multilateral resistance” in a manner that is consistent with theory, equation (6),
into the regression equation.

3. Introducing appropriate fixed effects to absorb the effects of multilateral resistance.

3.1 Introducing “exporter fixed effects” and “importer fixed effects” into the regression with cross-
sectional data.

3.2 Introducing “exporter × year fixed effects” and “importer × year fixed effects” into the regres-
sion with panel data.

We discuss these three approaches in the following sections.
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3.2.1 Including remoteness

When the paper Anderson and van Wincoop (2003) was written, a variable called remoteness

Remi =
∑
k ̸=i

distik

GDPk
,

was commonly used. Therefore, Anderson and van Wincoop (2003) also present results from running a
regression introducing the remoteness variable into McCallum (1995)’s original regression equation. The
regression equation is as follows:

ln (Xij) = β0 + β1 ln(GDPi) + β2 ln(GDPj) + β3 ln(distij)

+ β4 ln(Remi) + β5 ln(Remj) + β6DCanada
ij + β7DUSA

ij + uij .
(7)

There are three major differences between McCallum (1995)’s and Anderson and van Wincoop (2003)’s
models. First, McCallum (1995) does not introduce remoteness into the regression equation, whereas
Anderson and van Wincoop (2003) do. Second, McCallum (1995) does not use US domestic trade data,
whereas Anderson and van Wincoop (2003) include US domestic trade data in their dataset and add a
US domestic trade dummy DUSA

ij to the regression equation. Third, McCallum (1995) uses 1988 data,
whereas Anderson and van Wincoop (2003) use 1993 data.

Table 6 summarizes Anderson and van Wincoop (2003)’s results from running equation (7). Column
(1) shows the results of excluding remoteness from the model to verify if the updated data produces
different results from McCallum (1995). It shows that Canada’s domestic trade is about 16 times inter-
national trade between Canada and the US, which is slightly smaller than McCallum (1995)’s number
of 22 times. It also shows that US domestic trade is only 1.49 times that of international trade, clearly
demonstrating national borders’ asymmetric impacts on domestic trade in small and large economies.
Column (2) shows the results from introducing the remoteness variable into the model. The border effect
is slightly smaller than column (1). To be consistent with theory, columns (3) and (4) show results under
the unity constraints for GDP coefficients. However, it leads to no significant change in the border ef-
fect.11 These results suggest that the remoteness variable performs poorly to account for the multilateral
resistance of the regions.

Table 6: Anderson and van Wincoop (2003)’s estimates with the remoteness variable
(1) (2) (3) (4)

exp(Coef. of the dummy for the Canadian domestic trade) 15.70 15.60 14.20 15.00
(1.90) (1.90) (1.60) (1.80)

exp(Coef. of the dummy for the US domestic trade) 1.49 1.38 1.62 1.42
(0.85) (0.07) (0.09) (0.08)

Remoteness ✓ ✓
Unity restriction ✓ ✓

Note: This table comes from Table 1 of Anderson and van Wincoop (2003). Standard errors are in parentheses.

11Practically, the unity restrictions can be introduced as follows. First, we set β1 = β2 = 1, and rewrite the gravity model
as follows:

ln Xij = β0 + ln(GDPi) + ln(GDPj) + ln(distij) + uij ,

where the explanatory variables other than GDP and distance are omitted. Moving GDP variables to the left-hand side
and using logic formation to combine the Xij and GDP variables into a single variable leads to the following equation:

ln
(

Xij

GDPi × GDPj

)
= β0 + ln(distij) + uij .

By using ln
(

Xij

GDPi×GDPj

)
as the dependent variable and removing the GDP variables from the right-hand side of the

equation, the model introduces unity restrictions on the GDP coefficients.
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Based on these results, Anderson and van Wincoop (2003) argue that although the remoteness variable
was commonly used in the literature, it is “entirely disconnected from the theoretical model.” They
instead propose the multilateral resistance term, which is consistent with the theoretical framework.
Head and Mayer (2014) also state that remoteness is only a proxy variable for multilateral resistance
because distance alone cannot measure trade costs, and “proxy variables do not take the theory seriously
enough.”

3.2.2 Including theory-consistent multilateral resistance

Anderson and van Wincoop (2003) also perform an analysis with the “multilateral resistance consistent
with theory.” In general equilibrium, Pi cannot be written as a closed-form solution because it depends
on multilateral resistance in other regions. Anderson and van Wincoop (2003) estimate the model’s
parameters from the data and solve Pi recursively to account for multilateral resistance in a manner
consistent with theory. As summarized in Table 7, when multilateral resistance consistent with theory is
considered, the Canadian border effect drops to about 11 in both the two-country and the multi-country
models, whereas the US border effect rises slightly, compared to the estimates in Table 7, to about 2.2–2.6.
Although we continue to observe larger border effects in Canada than in the US, we can correct for at
least some of the bias in McCallum (1995)’s estimates.

Table 7: Anderson and van Wincoop (2003)’s border effects consistent with theory
Canada The US

Two-country model 10.50 2.56
(1.16) (0.13)

Multi-country model 10.70 2.24
(1.06) (0.12)

Note: This table comes from Table 5 of Anderson and van Wincoop (2003).
Standard errors are in parentheses.

3.2.3 Including exporter fixed effects and importer fixed effects

Outside the border effects context, Head and Mayer (2014) recommend including “exporter fixed
effects” and “importer fixed effects” when estimating a gravity model with cross-sectional data to control
for multilateral resistance.12 With a panel dataset, including “exporter × year fixed effects” and “importer
× year fixed effects” would control for (potentially) time-varying multilateral resistance terms.

Baldwin and Taglioni (2007) describe estimation without controlling for multilateral resistance as
the “gold medal of classic gravity model mistakes.” Cipollina and Salvatici (2010) avoid this mistake by
including exporter fixed effects and importer fixed effects in their estimation with cross-sectional data.
They include country-pair fixed effects in their estimation with panel data. They state that, by doing
so, the omitted variable bias arising from omitting the multilateral resistance terms can be partially
mitigated.

The use of country-pair, “exporter × year,” and “importer × year” fixed effects in panel data analyses
has become standard practice, so long as their inclusion does not preclude coefficient identification.13

12All factors specific to the exporting or importing country, including its multilateral resistance, are absorbed in the
exporting or importing country fixed effects, respectively.

13When estimating the impact of a time-variant country-level variable (e.g., the level of industrial robot penetration) on
trade, including exporter × year fixed effects and importer × year fixed effects results in their absorption of the “level of
industrial robot penetration,” making estimation of the robot penetration coefficient impossible.

10



4 Missing globalization puzzle

From the 1970s through the 1990s, many countries lowered tariffs. How did globalization change
the coefficient of distance in the gravity model? If globalization leads to greater international trade
between distant countries than between adjacent countries, we should expect a smaller absolute value
of the distance coefficient from recent periods compared with earlier periods. However, using a log-
linear gravity model for their estimates, Coe et al. (2007) report no decrease in the absolute value of the
coefficient of distance between 1975 and 2000. They call this discrepancy between our intuition and the
empirical result the “missing globalization puzzle.”

Table 8 summarizes Coe et al. (2007)’s estimates for the period 1975–2000. The absolute value of the
distance coefficient in the log-linear model in Panel A is 1.02 for 1975. Its absolute value decreases to 0.92
in 1990, but it rises again to 1.08 in 2000, indicating that the distance coefficient exceeds the 1975 level.
Panel B shows estimated coefficients from the non-linear model. The absolute value varies from 0.53 to
0.32 between 1975 and 2000, showing a declining trend. Coe et al. (2007) attribute the counterintuitive
distance coefficients in the log-linear model to potential bias stemming from the exclusion of zero trade
flows.

Table 8: Coe et al. (2007)’s estimates of the distance coefficient
1975 1980 1985 1990 1995 2000

Panel A: Log-linear model
Coefficient on ln(distance) -1.02 -1.01 -1.04 -0.92 -1.00 -1.08

(0.07) (0.08) (0.07) (0.07) (0.06) (0.06)
Panel B: Non-linear model

Coefficient on ln(distance) -0.53 -0.40 -0.41 -0.32 -0.29 -0.32
(0.21) (0.14) (0.18) (0.15) (0.11) (0.12)

Note: This table comes from Table 2 in Coe et al. (2007). Standard errors are in parentheses.

Yotov (2012) emphasizes the importance of including domestic trade as a solution to the missing
globalization puzzle. Yotov (2012) points out that prior empirical studies did not include domestic
trade. As a result, since the distance coefficient measures the effect of distance for a country-pair,
compared to the effect of distance for another country-pair, it could be natural to obtain similar distance
coefficients across time. If globalization facilitated economic integration among countries, then among
regions within a country—in other words, if international trade increases more than domestic trade—the
distance coefficient should decrease over time when domestic trade is also included in the sample.

Based on this idea, Yotov (2012) first estimates the following regression equation without domestic
trade:

Xij = exp[β0 + β1DCntg
ij + β2DLang

ij + β3DClny
ij + β4 ln(distij) + ϕi + ϕj ] × uij ,

where Xij denotes the value of exports from country i to country j, DCntg
ij denotes an adjacency dummy,

DLang
ij denotes a common language dummy, DClny

ij denotes a colonial relation dummy, ln(distij) denotes
the log of distance, ϕi denotes exporter fixed effects, and ϕj denotes importer fixed effects.

Furthermore, Yotov (2012) estimates the following model with domestic trade:

Xij = exp[α0 + α1DCntg
ij + α2DLang

ij + α3DClny
ij + α4 ln(distij) + α5 ln(distii) + ϕi + ϕj ] × uij ,

where distij denotes the distance between countries, and it takes zero when i = j. The variable distii

denotes the average distance weighted by population of the distances between domestic regions, and
it takes zero when i ̸= j. Domestic exports (equivalently imports) are defined as GDP minus exports
to foreign countries. If globalization decreases the importance of international distance relative to the
importance of domestic distance, then the absolute value of α̂4 − α̂5 should decrease.
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Table 9: Yotov’s (2012) estimates of the distance coefficient
1965 1985 2005

β̂4 −0.81 −0.85 −0.87
(0.05) (0.04) (0.03)

α̂5 − α̂4 −0.65 −0.53 −0.41
(0.03) (0.03) (0.02)

Note: This table comes from the PPML results in Column (1) of Table 1
in Yotov (2012). Standard errors are in parentheses.

Table 9 summarizes the estimates of β4 and α5 − α4 from Yotov (2012)’s PPML. As expected, β̂4

remains mostly stable from 1965 to 2005, whereas the absolute value of α̂5 − α̂4 shows a decline from
1965 to 2005. These results suggest that including domestic trade mitigates bias.

5 Conclusion

This paper summarizes the evolution of gravity model estimation methods with reference to three
puzzles: the Glick-Rose puzzle, the border puzzle, and the missing globalization puzzle. Along the
way, we have realized that the estimation methods have changed substantially over the past 20 years.
For example, an appropriate inclusion of fixed effects has become a standard practice. Moreover, the
approach has shifted from log-linear models towards non-linear models to account for zero trade flows.
It is important to select an appropriate estimation model and understand why the choice matters. The
author would like to pay close attention to ongoing and future developments in the gravity model.

Appendix A. Interpreting the coefficients of dummy variables
when the dependent variable is with natural log

When the dependent variable is in natural log form and the explanatory variable is a dummy variable
with a large coefficient, interpreting the coefficient in terms of an exponential function is necessary to
restore accuracy. In this Appendix, we explain the accompanying theoretical background. For example,
suppose we use cross-sectional data at a single time point to estimate the following regression equation
in which the dependent variable is the log value of trade and the explanatory variable is a currency union
dummy:

ln(T ) = β0 + β1DCU + u.

In this case, the average trade value between countries using a common currency ln(T1) and that between
countries not using a common currency ln(T2) are

ln(T1) = β̂0 + β̂1 (because DCU = 1)

ln(T2) = β̂0 (because DCU = 0)

respectively, where the error term is ignored. The difference between these two is ln(T2) − ln(T1) = β̂1.
When the difference between T2 and T1 is large, the log difference is not an accurate approximation of
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the rate of change. Since our interest is the rate of change (T2 − T1)/T1, we express it as follows:

T2 − T1

T1
= T2

T1
− 1

= exp
[
ln

(
T2

T1

)]
− 1

= exp
[
β̂1

]
− 1.

The third line of the equation follows from the fact that ln(T2) − ln(T1) = β̂1. Thus, the rate of change
is the exponential of the coefficient estimate β̂1 minus 1. If we add 1 to the both sides, we obtain
T2/T1 = exp[β̂1]. The exponential of the coefficient estimate β̂1 is the ratio of trade between countries
using a common currency divided by trade between countries not using a common currency.

Appendix B. Stata commands

This Appendix provides Stata commands used to estimate the gravity model. As an example, we
estimate the effects of free trade agreements’ (FTAs) on international trade using Conte et al. (2022)’s
dataset.14

B.1. Preparation

First, read the dataset in .dta format using the following command:

use Gravity_V202211.dta, clear

Type the following:

ssc install reghdfe

ssc install ftools

ssc install ppmlhdfe

to install tools to use the high-dimensional fixed effects command, which can substantially reduce com-
putation time. Type the following commands to generate ‘data identification codes’ to be used for fixed
effects estimation:

egen pair_id = concat(country_id_o country_id_d)

egen o_year = concat(country_id_o year)

egen d_year = concat(country_id_d year)

The first line of the command above generates the exporting country × importing country variable,
the second line generates the exporting country × year variable, and the third generates the importing
country × year variable.

Use the following command to make Stata recognize the data as panel data for country pair × year:

encode pair_id, gen(pair_idn)

xtset pair_idn year

14The dataset is available for download at https://www.cepii.fr/CEPII/en/bdd_modele/bdd_modele_item.asp?id=8
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The first line is a command to convert pair_id, a non-numeric string variable, into a numeric variable.
The second line instructs Stata to treat the data as panel data, using pair_idn to identify the cross-
section and year to indicate the time series.

The dependent variable is exports by “Reporter (Origin country)” obtained from UN Comtrade.
Assuming that there is no trade for observations with missing export values, replace the missing values
with zero using the following command:

replace tradeflow_comtrade_o = 0 if tradeflow_comtrade_o == .

To estimate a log-linear model, we find the log of trade flows, GDP, and distance using the following
commands:

gen lntrade = ln(tradeflow_comtrade_o)

gen lngdp_o = ln(gdp_o)

gen lngdp_d = ln(gdp_d)

gen lndist = ln(distcap)

B.2. Running regressions

Since the log of zero is negative infinity, the log of zero trade flows would again be missing, but these
are included in PPML estimations. We first estimate the log-linear pooled OLS, with no fixed effects,
using the following command:

reg lntrade fta_wto lngdp_o lngdp_d lndist, vce(cluster pair_id)

Note that the standard errors are robust, clustered by country pairs. The regression controlling for
country-pair fixed effects is estimated using the following command:

xtreg lntrade fta_wto lngdp_o lngdp_d, fe vce(cluster pair_id)

Note that this command assumes that the command “tsset pair_idn year” has been typed previously
to utilize the panel structure of the data.15

B.3. Running high-dimensional fixed effect regressions

We run regressions controlling for “exporter × year fixed effects,” “importer × year fixed effects,” and
“country-pair fixed effects,” using the following command:

reghdfe lntrade fta_wto, absorb(pair_id o_year d_year) vce(cluster pair_id)

The following command conducts the same estimation as the previous model, but with robust standard
errors clustered by exporters, importers, and year:

reghdfe lntrade fta_wto, absorb(pair_id o_year d_year) cluster(country_id_o country_id_d year)

Finally, we estimate PPML with “exporters × year fixed effects,” “importers × year fixed effects,” and
“country-pair fixed effects” using the following command:

ppmlhdfe tradeflow_comtrade_o fta_wto, absorb(pair_id o_year d_year) vce(cluster pair_id)

15A similar estimation can be performed with the following command using reghdfe:
reghdfe lntrade fta_wto lngdp_o lngdp_d, absorb(pair_id) vce(cluster pair_id).
In this command, absorb(pair_id) specifies that the cross-section is recognized by the pair_id variable, eliminating the
need to run tsset pair_idn year beforehand.
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In the case of PPML, the dependent variable is actual trade values (rather than the log of trade value).
The following command conducts the same estimation as the previous model, but with robust standard
errors clustered by exporters, importers, and year:

ppmlhdfe tradeflow_comtrade_o fta_wto, absorb(pair_id o_year d_year) cluster(country_id_o

country_id_d year)

B.4. Example results

Table 10 summarizes results. Results from estimating a log-linear model without controlling for any
fixed effects are shown in column (1). It suggests that FTAs would increase trade by e0.412 = 1.51 times.
Column (2) introduces country-pair fixed effects, leaving the distance coefficient unfilled.16 It shows that,
controlling for country-pair fixed effects reduces FTAs’ trade-creating effect to a factor of e0.229 = 1.26.

Table 10: Effects of FTAs on international trade
Log-linear model PPML

(1) (2) (3) (4) (5) (6)
FTA dummy 0.412∗∗∗ 0.229∗∗∗ 0.228∗∗∗ 0.228∗∗∗ 0.083∗∗∗ 0.083

(0.032) (0.020) (0.022) (0.058) (0.032) (0.051)

ln(Exporter GDP) 0.965∗∗∗ 0.665∗∗∗

(0.005) (0.012)

ln(Importer GDP) 0.674∗∗∗ 0.539∗∗∗

(0.005) (0.011)

ln(Distance) −1.263∗∗∗

(0.016)
Sample size 754,582 841,975 1,344,568

Country-pair fixed effects Yes Yes Yes Yes Yes
Exporter × year fixed effects Yes Yes Yes Yes
Importer × year fixed effects Yes Yes Yes Yes

Three-way robust standard errors Yes Yes
Note: Author’s estimation using Conte et al. (2022)’s dataset. Standard errors are in parentheses. *** indicates significance
at the 1% level. The sample period is 1962–2020.

Column (3) shows the results of further controlling for “exporter × year fixed effects” and “importer
× year fixed effects,” but the trade creation effect is almost the same as in column (2). The results shown
in column (4) are based on robust standard errors clustered by exporters, importers, and year. Although
the estimated coefficients are, of course, the same as in column (4), standard errors are over twice as
large as in column (3). Nevertheless, the results remain significant at the 1% level.

Column (5) shows PPML results, which increases the sample size from 841,975 to 1,344,568 due to
the inclusion of zero trade flows. It shows that FTAs’ trade creation effect is e0.083−1 = 0.086 (8.6%),
and statistically significant at the 1% level. Column (6) is based on robust standard errors clustered by
exporters, importers, and year. The coefficients are the same as in column (5), but the standard errors
are larger and are no longer statistically significant.

Overall, these results suggest that (1) log-linear models overestimate FTAs’ trade-creating effects, (2)
failing to control for fixed effects introduces bias, and (3) standard errors may be misestimated if not
properly clustered. Even this analysis does not address FTA endogeneity from reverse causality or other
confounders, which requires further methods—such as the instrumental variable approach—to mitigate
bias.

16Given that Conte et al. (2022)’s distance variable, “distcap,” is time variant, the coefficients can be estimated even after
introducing country-pair fixed effects. The change in distance may be due to changes in capital cities, etc., and observing
a change in the variable does not imply an actual change in distance between the countries. For this reason, it is excluded
from the regression equation in the analysis with fixed effects.
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