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Abstract
The gravity equation is the most popular empirical tool among trade economists.
Two of the most common approaches to estimating it are the ordinary least squares
(OLS) and Poisson Pseudo-Maximum Likelihood (PPML), with PPML often being
preferred to OLS because it does not lead to a bias if the error term of the regression is
heteroskedastic. We show theoretically, and document in a series of Monte-Carlo simulations that when the trade elasticity is not constant between country pairs, OLS and
PPML estimates of the gravity equation have different interpretations: OLS estimates
are the average elasticity and PPML are the elasticity of the average. Furthermore,
we employ international trade data and show that more than 100% of the difference
between PPML and OLS estimates of distance elasticity is explained by the difference
in the interpretation of the coefficients. The bias of OLS estimates associated with the
error term heteroskedasticity accounts for 8% of the difference between the estimates
and has the sign opposite to what was previously found in the literature.
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Introduction

In this paper, we focus on the behaviour of techniques commonly used for the estimation of
constant elasticity models in the presence of unobserved heterogeneity. Wooldridge (2005)
shows that in the case heterogeneity is independent of the covariates, the Ordinary Least
Squares (OLS) estimator, which does not account for heterogeneity, generates estimates that
can be interpreted as an Average Partial Effect (APE). It follows then that the coefficient
from a log-log OLS regression in case of heterogeneous effects can be interpreted as an average
elasticity.
While average elasticity is a meaningful object, depending on the question, researchers
might be interested in the elasticity of the average,1 the effect of one percent change in one
variable on percentage change of average value of another variable. In this paper, we use
the gravity equation, one of the most widely used empirical tools in the field of international
trade, to illustrate this difference. We show that the estimates obtained from Poisson Pseudo
Maximum Likelihood (PPML), the most common econometric technique used to estimate
the gravity equation, can be interpreted as the elasticity of the average.
This finding has two implications: first, PPML deserves wider recognition outside of the
field of international trade. Second, all the difference between PPML and OLS coefficients
in the gravity equation has been wrongly attributed to the fact that unlike PPML, OLS
estimates are biased when there is heteroskedasticity in an error term, a point that Santos
Silva and Tenreyro (2006) (further SST) raised.
In this paper, we obtain evidence of the presence of heterogeneous effects across country
pairs from a gravity dataset. We document that there is heterogeneity in the effect of
distance on trade volumes. Furthermore, we show, both theoretically and with Monte Carlo
simulations, that the presence of these heterogeneous effects causes bias in the estimation of
1

Consider the simple numerical example below. In a hypothetical country, there are only two individuals,
one rich and one poor. The rich one has an income of $1,000,000, while the poor one has only $1,000. They
face heterogeneous tax rates: 10% and 1%, for the rich one and poor one, respectively. The average of
tax rates is calculated as 5.5%, but the total tax revenue is $100, 000 + $10 = $100, 010. The percentage
100,010
of total tax revenue in terms of total income is 1,001,000
= 9.991%, which can be interpreted as the ”tax
rate on average”. The latter is the true effect of tax rates on the whole economy. The reason why the
simple average of tax rates is biased from the true effect is that it neglects the different weights the two
individuals have in the economy and includes both of them into the computation with equal weights. To
accurately calculate the tax rate on average, the heterogeneous tax rates for the two individuals should be
assigned with weights according to the individuals’ share of income of total income of the whole country:
1000
10% ∗ 1000000
1001000 + 1% ∗ 1001000 = 9.991%. Similarly, countries of different sizes would have various degrees
of impact on global trade volumes and should enter into the gravity equation computation with different
weights. Otherwise, the use of OLS estimator, the average elasticity, for the effects of a uniform decrease in
trade costs, for example, the effect of a worldwide decrease in the gasoline price, on global trade volumes,
leads to biased results.
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the elasticity of the average by the OLS.2 We introduce a Weighted Least Squares (WLS)
estimator and show that both PPML and WLS estimators are robust to the presence of
heterogeneous effects; at the same time, unlike PPML and similarly to OLS, WLS is not
robust to heteroskedasticity of an error term.
Comparison of OLS, PPML, and WLS estimates allows us to decompose the bias caused
by using the OLS estimator with log-linearized gravity equation into two different sources:
heteroskedasticity in the error term and heterogeneity across country pairs, using PPML
estimate as a benchmark. We document that the share of bias in estimating the distance
elasticity caused by heterogeneity is much larger than that caused by heteroskedasticity; in
particular the share of bias caused by heteroskedasticity accounts for approximately 8% of
the total difference between OLS and PPML estimates and has the opposite sign to the
heterogeneity bias.
While the topic of heterogeneous country-pair trade elasticity is rarely discussed, there
exist a few empirical studies examining the distance elasticity across countries. Fratianni
and Kang (2005) first use the log form of gravity equation to estimate the distance elasticity
of the full sample, which yields a significant estimate of -1.17. Then they test whether the
homogeneity assumption for different groups of countries holds with two tests: one for OECD
countries and non-OECD countries and the other for Christian and Islamic countries; both
tests reject the null hypothesis of distance homogeneity at the 1% level. They find that
the distance elasticity is much smaller for OECD members in absolute values than for nonmembers. Magerman et al. (2015) summarize multiple previous studies of the distance
and border effects in international trade. These studies perform sensitivity tests of the
effects for various countries, regions, and periods with different methods; Magerman et al.
(2015) documents the presence of heterogeneous effects in distance and trade elasticity across
different country pairs.
Discussion of mechanisms behind the heterogeneity of trade and distance elasticity are
beyond the scope of this paper, but Fieler (2011), Novy (2013), and Bas et al (2017) provide
a micro-foundation of the gravity equation with country-pair heterogeneity. Fieler (2011)
first confirms that low income countries trade less than rich countries, both with each other
and with the rest of the world: in 2000, transactions to and from the 12 Western European
countries accounted for 45% of global trade while the 57 African countries accounted for only
4.2%. This fact provides evidence that large countries are overrepresented in global trade
flows and, therefore, should be given more weight in calculating the elasticity of the average.
The author relaxes two of the assumptions of trade models that generate the gravity equation:
2

In this paper, we focus on the estimation of the elasticity of the average, from this point of view OLS
estimates are biased. Alternatively, we can say that OLS and PPML estimates have different interpretation.
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homothetic preferences and the production in low and high income countries differs only in
quantitative, not qualitative, aspect. With this new model, the author is able to explain the
prevalence of large trade flows among the rich countries and small trade flows among poor
countries. Novy (2013) shows that the gravity equation based on translog demand system,
unlike standard CES gravity model, generates trade elasticity heterogeneous among countrypairs. Bas et al. (2017) make related point but focus on the supply-side mechanism of the
heterogeneity. They introduce an extension of the Melitz (2003) model with the productivity
distribution of heterogeneous firms following log-normal instead of commonly used Pareto
distribution. They show that this assumption leads to bilateral-specific aggregate trade
elasticity for each country-pair.
Finally, our paper fits into a bigger strand of literature devoted to the estimation of the
gravity equation (see Head and Mayer (2013) and Yotov et al. (2016) for a detailed review of
this literature), and in particular the research on aggregation issues of trade data. Costinot
and Rodrı́guez-Claire (2014), Kehoe et al. (2017), and French (2019) address issues caused
by industrial heterogeneous effects. Coughlin and Novy (2019) analyze the consequences of
spatial aggregation of trade data. Larch et al. (2019) show that OLS and PPML estimates
diverge when there is a large number of small countries in the data.
The rest of the paper is organized as follows: we discuss the methodology and theoretical
background in Section 2. In Section 3, we present the results of Monte Carlo simulations. In
Section 4, we employ the gravity equation to prove the existence of country-pair heterogeneous effects and decompose the difference between OLS and PPML estimates. In Section
5, we conclude.

2
2.1

Methodology
Heterogeneity

In this paper, we focus on the case of unobserved heterogeneity, which is independent of other
covariates. The reason is that if the variation in observed independent variables drives the
heterogeneity, this issue can be addressed by the inclusion of the interaction term between
the variable of interest and the variable that causes heterogeneity. If the unobserved variable
is correlated with other covariates, a suitable proxy variable can address this issue, while the
rest of the procedure would remain the same.
We rely on the approach by Wooldridge (2005) to handling the unobserved heterogeneity
and incorporate it into a constant elasticity model. A general formulation is

3

y = β0 xβ xqγ v,
where y and x are dependent and control variables correspondingly, q is unobserved
variable, and v is an error term that satisfies unit conditional mean assumption: E (v|x, q) =
1.
The log-linearized version of this expression is then:
log y = β0 + β log x + γq log x + log v
The partial effect of log x on E (log y|x, q) is then
∂E (log y| log x, q)
= (β + γq) .
∂ log x
As the unobserved term q differs from observation to observation, this partial effect is nonconstant, and we interpret it as the observation-specific elasticity. The formulation above
can be interpreted as a random coefficient model with the observation-specific elasticity
θi ≡ β + γq; to simplify the notation from now on, we will rely on this interpretation of the
unobserved heterogeneity model.
Wooldridge (2005) shows that in case q is independent of x, E (q) = µ, OLS estimates
the Average Partial Effect (APE) of log x on E (log y|x, q), which is equal to β + γµ. This
estimate can be interpreted as the average elasticity as it simply averages out partial effects.
Because of Jensen’s inequality, however, average elasticity and elasticity of the average are
not equal. If there are N observations
with values of yi and corresponding elasticities θi , the
PN
i=1 θi
as a
average elasticity is simply N and the elasticity of the average can be computed
PN
PN
θ
y
i
i
weighted average of elasticities with weights equal to the share of yi in i=1 yi : Pi=1
. It
N
i=1 yi
follows that to calculate the elasticity of the average, we do not need to know the values of
unobserved variable q, the weights are proportional to the observed values of y, and thus,
an estimator that applies these weights can be interpreted as the elasticity of the average.

2.2

The Gravity Equation and Heteroskedastic Errors

In this section, we use the ”naive form” of gravity equation in Head and Mayer (2014) to be
consistent with the Constant-Elasticity Models in SST and restrain the trade elasticity to
be distance elasticity:
GDPiβ1 ∗ GDPjβ2
Yij =
εij
(1)
Distanceθij
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where Yij is the trade flow between country i and j, Distanceij stands for bilateral distance
and εij is the error term.
Taking logs on both sides of the equation yields:
log Yij = β1 log gdpi + β2 log gdpj + θ log distanceij + log εij

(2)

where θ < 0 is the trade elasticity.3
To obtain consitent estimates of the coefficients in Equation 1 using the log-linearized
form Equation 2 by OLS, it is necessary for E[log εij |X] to be constant. However, according
to SST, εij is generally heteroskedastic, taking simple OLS regression of log Yij on X leads
to inconsistent estimates of θ. Moreover, when there is heteroskedasticity in the error term,
log transformation of gravity equation potentially leads to the violation of the exogeneity
assumption and biases the OLS estimator. From Equation 2:
logˆεij = log Yij − logˆYij
where logˆYij = Xβ̂ is the predicted log of bilateral trade volumes. Even though the exogeneity assumption Cov(εij , X) = 0 is satisfied in Equation 2, with heteroskedasticity in εij ,
Cov(log εij , X) does not necessarily equal to 0. Thus, the OLS estimators is biased.

2.3

Country-pair Heterogeneity

To focus on estimating the aggregate elasticity that reflects the effect of a uniform change in
the trade costs on bilateral trade volumes, i.e., the elasticity the of average, we incorporate
heterogeneous country-pair trade elasticities into Equation 2:
log Yij = β1 log gdpi + β2 log gdpj + θij log distanceij + log εij

(3)

In case the error term is homoskedastic, the OLS estimator θ̂ is a consistent estimator for
AP E
= E(θi j) given that the assumption of exogeneity with heterogeneity is satisfied:
APE: θ
E(θij | log distanceij ) = E(θij ). This estimator was defined previously as the average trade
elasticity. However, using the OLS to estimate the elasticity of the average leads to a bias
AP E
with heterogeneity because θ
assigns equal weight to every individual θij , while different
trading country pairs have a differential impact on the world’s aggregate trade flows.
A natural solution candidate to the weighting problem is the WLS estimator. The share
3

The multiplicative error term εij used in our model is derived from the ”true” additive error term
ηij
ηij = Yij − Yˆij where εij = 1 + exp(X∗β)
and E[εij |X] = 1.
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of the bilateral trade flows between country i and j over the global trade flows, denoted by
Yij
, can be used as the weights. The formal justification of this method follows the solutions
Y
to the endogenous stratified sampling issue proposed by Hausman and Wise (1981), where
they use the Gary Income Maintenance Experiment as an example to show the extent of
selection bias due to endogenous stratified sampling and demonstrate that the bias can be
corrected by both maximum likelihood estimator (MLE) and WLS estimator.
In the context of this study, the trade elasticity can be interpreted as the effect of trade
liberalization on the representative dollar of world trade flows. If every country-pair is
treated as a stratum, the probability of a representative dollar falls in any stratum is M1 ,
where M is the number of country-pairs, and the share of the bilateral trade flows between
Y
Y
a country-pair is Yij . The dollars from a country-pair are underrepresented when Yij > M1 .
Y
The relative probability of a particular dollar falling in a stratum is given by M1 / Yij = M Y∗Yij .
Therefore, with normalization, the weight used in this study is
The moment conditions for OLS and WLS are listed below:
X
X

Yij
.
Y

X(log Yij − logˆYij ) = 0

X(log Yij − logˆYij )Yij = 0

From these conditions one can see that OLS involves log deviations of Yij from its predicted
value. Since percent deviations are approximately equal to log deviations, multiplying the
log deviations by actual trade volumes leads to a result close to the level deviations, which
is implied by the WLS first-order condition.
We also use the PPML estimator in this study following the method discussed by SST;
the moment condition for PPML is:
X

X(Yij − Yˆij ) = 0

where Yˆij is the predicted bilateral trade volume. This expression indicates that PPML also
involves the level deviations of Yij from its predicted value, and hence, similarly to WLS, it
addresses the heterogeneity issue.

3

Simulations

In this section, we simulate bilateral trade flows under assumptions of two types of countries
and heterogeneous trade elasticities across country pairs. The simulation results indicate that
the use of OLS estimator under such conditions yields biased estimates for the parameter
6

of interest (the elasticity of the average) and that the application of the PPML and WLS
estimators corrects this bias.

3.1

Data Generating Process

We incorporate the heterogeneous effects into SST’s specifications of heteroskedastic errors
in the data generating process (DGP):
Yij = exp(β1 log gdpi + β2 log gdpj + θij log distanceij ) ∗ εij

(4)

where εij is a log normal random variable in with mean 1 and variance σ 2 .
In this simple economy, there are two types of countries, large and small, with GDPL =
100 and GDPS = 10, respectively. The total number of countries in the economy is N = 100.
According to the findings in previous literature, larger countries tend to have a trade elasticity
that is smaller in absolute value (Fratianni and Kang, 2006). Therefore, under heterogeneous
effects, we assume that the trade elasticity between two large countries is θL = −0.5 and the
elasticity for the country pairs involving small countries is θS = −1.4 The distance between
a country-pair is randomly generated from the uniform distribution U (2, 3), and the effects
of GDP on bilateral trade flows are assumed to be 1, i.e., β1 = β2 = 1.
Following SST, we consider the following two specifications of σ 2 to assess the performance
of different estimators under different patterns of heteroskedasticity.
Case 1: σ 2 = exp(log Yij )−2 ; V [Yij |X] = 1.
Case 2: σ 2 = 1; V [Yij |X] = exp(Xβ)2 .
The DGP starts with when all countries are small, i.e., NL = 0, and increases the number
of large countries in the economy by one after each iteration until NL = 100. For a total of
101 cases, we run 100 simulations with random errors and distances every time. This process
follows the approach of Head and Mayer (2014) that illustrates the robustness features of
PML estimators.

3.2

Estimates

Before analyzing the main estimated results from the above specifications with both heterogeneity in country-pairs and heteroskedasticity in the error term, we present a summary
table below (Table 1) for a benchmark estimation of both OLS and PPML estimators of
the trade elasticity. The benchmark case follows the above Case 1 heteroskedastic error,
4

We chose country sizes as a source of unobserved heterogeneity to make the interpretation of our MonteCarlo simulations more intuitive; we are agnostic on the true source of heterogeneity, and country sizes can
be replaced with any other country characteristic that has a potential impact on distance or trade elasticity.
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but without country-pair heterogeneity, i.e., all the countries considered are small. In this
specification, the multiplicative gravity equation with additive error term 5 is homoskedastic,
but it becomes heteroskedastic after log-linearization. We also include the estimates with
Case 2 type error term but without country-pair heterogeneity.
We express the bias of using different estimators as the percentage difference between
the estimates and the elasticity of the average as follows:
biask = 1 −

θˆk
δk

(5)

where k is the number of large countries in the economy, θˆk is the estimated result when
there are k large countries in the economy and δk is the elasticity of the average.
Table 1: Benchmark Estimates and Biases

OLS

PPML

WLS

Case 1
Estimate 95% Confidence Interval
-1.000191
(-1.000339; -1.000043)
Bias
-0.010193 (-0.010342 ; -0.010044)
Estimate
-1.000115 (-1.000259 ; -0.999971)
Bias
-0.010115 (-0.010261 ; -0.009970)
Estimate
-1.000033 (-1.000178 ; -0.999887)
Bias
-0.010033 (-0.010180 ; -0.009887)

Case 2
Estimate 95% Confidence Interval
-1.010592
(-1.024148; -0.997036)
Bias
-0.020698
(-0.034389; -0.007006)
Estimate
-1.021753 (-1.039463 ; -1.004043)
Bias
-0.031970 (-0.049857 ; -0.014083)
Estimate
-1.033151 (-1.061874 ; -1.004428)
Bias
-0.043482 (-0.007492 ; -0.014472)

This table represents the case with no country-pair heterogeneity and all countries are small. For cases
1 and 2 heteroskedasticity follow the corresponding specifications in Section 3.1. Biases calculated using
equation 5.

As shown in Table 1, PPML gives an estimate closer to -1, the universal trade elasticity,
than the OLS estimator under Case 1 with smaller standard errors. The reverse is true
under Case 2. These results are consistent with SST’s findings under their DGP. On the
other hand, when there is country-pair heterogeneity, the OLS estimate will be drastically
different from the PPML estimate, as shown in Table 2, where half of the countries are large.
We also include WLS estimates to show the similarity between the estimated results using
WLS and PPML, which is consistent with the discussion in Section 3.
5

Yij = exp(log Yij ) + ηij , where εij = 1 +

ηij
exp(log Yij ,
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and E[εij |X] = 1.

Table 2: Example Estimates and Biases under Heterogeneity

OLS

PPML

WLS

Case 1
Estimate 95% Confidence Interval
-0.877038
(-0.879166; -0.874910)
Bias
-0.659387 (-0.664443 ; -0.655330)
Estimate
-0.560260 (-0.560517 ; -0.560002)
Bias
-0.060031 (-0.060524 ; -0.059536)
Estimate
-0.559261 (-0.559526 ; -0.558997)
Bias
-0.058142 (-0.058652 ; -0.057632)

Case 2
Estimate 95% Confidence Interval
-0.887398
(-0.901115; -0.873680)
Bias
-0.680140
(-0.706099; -0.654182)
Estimate
-0.577062 (-0.609140 ; -0.544984)
Bias
-0.092612 (-0.153373 ; -0.031851)
Estimate
-0.585113 (-0.636850 ; -0.533377)
Bias
-0.107890 (-0.205885 ; -0.009895)

This table represents the heterogeneous case with the number of large and small countries both equal to
50. For cases 1 and 2 heteroskedasticity follow the specifications in Section 3.1. Biases calculated using
equation (5).

The following graphs display the estimates of OLS, WLS, and PPML estimators of θ
in models with both heterogeneous country-pairs and the above mentioned heteroskedastic
errors, where Case 1 is graphed in Figure 1a and Case 2 in Figure 1b. The WLS estimator is
estimated with the share of Yij of total global trade volumes as weight. The PPML estimator
is estimated using Yij as a dependent variable and log of GDPs and log of bilateral distance
as independent variables. We also calculate the elasticity of the average as the percentage
difference in the level trade volumes before and after an 1% increase in bilateral distance,
denoted as δ.
It is clear from both of the graphs that the OLS estimator has distinct behavior from the
other two estimators and also the elasticity of the average δ. In general, PPML estimator
and WLS estimator outperform OLS, with both smaller deviations from δ and similar trend
as the number of large countries k increases. The differences between the OLS estimates
and the other two estimates are significant when there is more heterogeneity in the economy,
i.e., the number of large and small countries are close to each other, while in case of little
heterogeneity in the economy, the estimates are not drastically different. These two points
indicate that in our simulations, country-pair heterogeneity generates larger share of bias
than heteroskedastic errors, which confirms our theory that PPML and WLS are capable of
correcting the heterogeneous effects better than OLS.
Figure 1c and Figure 1d represent biases for Cases 1 and 2 correspondingly; comparing
the OLS estimates across Figure 1c and Figure 1d, we can see that while the patterns of
9

Figure 1: Estimates and Biases of OLS, WLS, and PPML
(a) Estimates Case 1

(b) Estimates Case 2

(c) Biases Case 1

(d) Biases Case 2

Case 1 and 2 heteroskedastic errors followed the same specification as in Section 3.1.
Trade elasticity calculated as the change in level trade volumes with an 1% increase in bilateral distance.
Biases calculated using Eq.(5).
95% Confidence Interval of estimated biases included as the dashed lines.

heteroskedasticity in the error term are different, the effect of this difference is trivial on
both the shape of the graph and the scale of the bias. These findings suggest that the major
determinant of the bias is not heteroskedasticity in the error terms as emphasized by SST
but the heterogeneity in country-pairs. In Figure 1c, the heteroskedastic bias is negative
as the WLS estimates are smaller, while it is positive with PPML estimates being larger in
Figure 1d (notice that the PPML estimates have a narrower 95% confidence interval in this
case).
The results in Table 1 and 2 are also present in these graphs. In Figure 1a, when the
number of large countries k = 0 (no large countries) and k = 100 (no small countries), i.e.
no heterogeneity, the PPML estimates are the closest to the elasticity of the average δ. On
the other hand, OLS estimator is the best performer without heterogeneity in Case 2 (Figure
ˆ ) is the closest to δ.
1b): the OLS estimated elasticity (θOLS
10

PPML and WLS estimators generate very close estimates in both scenarios, and they
both outperform the OLS estimator. Since both estimators are capable of correcting the
heterogeneous effects across country pairs, the differences between the two is the result of
heteroskedasticity in the error term discussed in Section 3. The sign and scale of the bias,
however remain undetermined as they vary with different patterns of heteroskedasticity.
The dashed lines show the narrow 95% confidence interval of the biases under each case,
indicating the differences across estimators are significant.

4

The Gravity Equation

In this section, we apply different estimation techniques to the gravity data. We document
not only the existence of country-pair heterogeneity but also decompose the bias of OLS
estimates by heterogeneity and heteroskedasticity channels.
To make our results comparable with ones in SST, we use the same data and replicate their
results for the cases of OLS and PPML. Following SST’s specification, we include distance
and indicator variables for remoteness, common language, colonial heritage and preferential
agreement in the model and replicate the Table 5 from SST with the Anderson-van Wincoop
Gravity Equation controlling for multilateral resistance terms with importer and exporter
fixed effects. Table 3 reports the estimates of the model from all three estimators and
corresponding standard errors.
First, we present the evidence obtained from the gravity dataset that there are countrypair heterogeneous effects. Naturally, we cannot establish a link between the unobserved
variable and distance elasticity; trade volumes, on the other hand, are observed. If the OLS
estimates of the distance elasticity do not vary much depending on how large trade flows are,
then there will not be a significant difference between the average elasticity and the elasticity
of the average. The reason is that world trade shares serve as weights while computing the
elasticity of the average.
After sorting the bilateral trade flows into ascending order, we run OLS regression multiple times, dropping the 10 smallest trade flows in the sample at each iteration. The estimated θ̂ and corresponding 95% confidence interval are saved and plotted in Figure 2a. This
is equivalent to running regressions on different subsamples containing various levels of trade
flows, and as the number of iteration increases, the weight of large trade volumes increases
as well. The graph demonstrates an unambiguously positive relationship between estimated
θ̂ and larger average trade flows in the subsamples. Compared to the results generated from
the same procedure without sorting the trade flows in Figure 2b, it is clear that a positive
relationship between the estimated θ̂ and larger trade volumes in the subsamples provides
11

Table 3: The Gravity Equation
OLS
Distance
-1.347***
(0.031)
Common border
0.174
(0.130)
Common language 0.406***
(0.068)
Colonial ties
0.666***
(0.070)
FTA
0.310***
(0.098)
Exporter FE
Y
Importer FE
Y
2
R
0.75
# Observations
9,613

WLS
-0.722***
(0.049)
0.395***
(0.080)
0.419***
(0.076)
-0.047
(0.103)
0.424***
(0.080)
Y
Y
0.93
9,613

PPML (Without ZTF)
-0.770***
(0.042)
0.352***
(0.090)
0.418***
(0.094)
0.038
(0.134)
0.374***
(0.077)
Y
Y
0.93
9,613

PPML (With ZTF)
-0.750***
(0.041)
0.369***
(0.091)
0.383***
(0.093)
0.079
(0.134)
0.376***
(0.077)
Y
Y
0.93
18,630

OLS, WLS, and PPML columns represent the estimates of the main regression estimated by the ordinary
least squares, weighted least squares and poisson pseudo-maximum likelihood correspondingly. Zero
trade flows are excluded from all specifications except PPML (With ZTF), which includes zero trade
flows. Standard errors are in the parentheses. *, **, *** indicate significance at the 10%, 5%, and 1%
levels. Details in the main text.

evidence of country-pair heterogeneous effects.6 Notice, that we included in our regressions
exporter and importer fixed effects and standard controls for country pairs, so the results on
Figure 2a and 2b are driven by unobserved heterogeneity.
As shown in the previous section, WLS and PPML estimators are robust to country-pair
heterogeneous effects in estimating the elasticity of the average in the simulated economy.
Now we show that these two methods lead to similar results with the same gravity dataset.
We still drop the 10 smallest trade values on each iteration but now apply WLS and PPML
estimators to the regression equation. For WLS, the weights are calculated as the share of
each observations bilateral trade flows on the global total trade flows.
Compared to Figure 2a, the estimated θ̂ from WLS and PPML shown in Figure 3 do not
depend on the choice of subsamples except for the case when the sample size becomes very
small. The overall constant estimates show that both estimators are robust to the countrypair heterogeneous effects. The two estimators exhibit a similar pattern, indicating that
both of them are capable of addressing the heterogeneity in country-pair elasticity problem,
6

Notice that the standard errors for the estimates with smaller subsamples in Figure 2b are much larger. It
happens because in small subsamples the number of countries increases relative to the number of observations
and consequently more fixed effects are included leading to higher standard errors of θ̂.
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Figure 2: Evidence of Heterogeneity: OLS Estimates
(a) Increasing Trade Volumes in Subsamples

(b) Random Subsamples

This figure represents OLS estimates of the distance elasticity on different subsamples. On panel (a) at
each iteration we drop 10 observations with the smallest corresponding volume of trade. On panel (b)
we drop 10 random observations. There are 9613 observations in the full sample. The last iteration has
623 observations.

consistent with our findings in Section 3.
Moreover, SST highlights the robustness of PPML estimators to the bias caused by heteroskedasticity in the error term of the multiplicative gravity equation, and as discussed
in Section 3, WLS and OLS both use the log form of the gravity equation to estimate
the elasticity. Therefore, WLS and OLS suffer from the same problem that if there is heteroskedasticity in the error term of the original gravity equation. The exogeneity assumption
of the transformed regression equation is violated. As a result, the use of the PPML estimator is ultimately the desired way to estimate the ”elasticity of the average” since it is robust
to both biases caused by heteroskedasticity and heterogeneity.
With the PPML estimate as the benchmark, we can perform a bias decomposition to show
the proportion of bias caused by heterogeneity and heteroskedasticity, respectively. The total
bias is calculated as the difference between the OLS estimates and PPML estimates. The
bias caused by heterogeneity is calculated as the difference between the OLS estimates and
WLS estimates, and the bias caused by heteroskedasticity is the difference between the WLS
estimates and PPML estimates. Table 4 summarizes the estimated θ̂, the corresponding
standard errors, and the bias decomposition results. It is clear that the bias caused by
heteroskedasticity only takes up a small share of the total bias, while heterogeneity is the
major driver of the bias.7 It may seem counter-intuitive that the share of the bias caused by
7

French (2019) performs an alternative bias decomposition between OLS and PPML, focusing on the
aggregation properties of both estimators. In this paper we are agnostic about the source of the heterogeneity
elasticity, but if it is industrial heterogeneity, our findings are close to ones in French (2019).
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Figure 3: Comparison Across OLS, WLS and PPML Estimators

This figure shows OLS, WLS, and PPML estimates on different subsamples. At each iteration we drop
10 observations with the smallest corresponding volume of trade. Full sample has 9613 observations.
The last iteration has 623 observations.
Data has been sorted into ascending order.

heterogeneity is greater than 1, but this is the result of having a positive heteroskedasticity
bias. As discussed before, the sign and scale of the bias vary with different patterns of the
heteroskedasticity. This finding echoes the conclusion of SST that the PPML estimator is so
far the best option for estimating the trade elasticity in the gravity equation, and it provides
a fresh perspective to appraise the capability of the PPML estimator.

5

Conclusion

In this paper, we argue that the interpretation of PPML regression, the most popular way
to estimate gravity equations, is different from ones obtained by the previously dominant
OLS regression. We show that the former can be interpreted as the elasticity of the average
and the latter as the average elasticity.
We use Monte Carlo simulations to show that when distance elasticity is systematically
heterogeneous between country pairs, OLS cannot be used to estimate the elasticity of the
average, while WLS and PPML are appropriate methods.
We employ trade data and find evidence of the existence of heterogeneous effects across
different country-pairs. Furthermore, comparison of OLS, WLS, and PPML allows us to
decompose the difference between OLS and PPML estimates to two channels: extensively
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Table 4: Bias Decomposition
PPML
(Without ZTF)
-1.347
-0.722
-0.770
Estimates
(0.031)
(0.049)
(0.042)
Heterogeneous Bias
-0.625
0
0
Percentage
108.32%
0
0
Heteroskedastic Bias
0.048
0.048
0
Percentage
8.32% 100.00%
0
Total Bias
-0.577
0.048
0
OLS

WLS

PPML
(With ZTF)
-0.750
(0.041)
-

Total bias is computed as the difference between OLS and PPML (without ZTF) estimates. Heteroskedastic bias is computed as the difference beween WLS and PPML (without ZTF). Heterogeneous
bias is computed as the difference between WLS and PPML (without ZTF). PPML (with ZTF) is
provided for reference. Details are in main text.

studied previously bias associated with the heteroskedasticity of an error term and different
interpretation of two estimators, which we call bias in estimating of the elasticity of the
average.
We find that while the bias associated with the heteroskedasticity still exists, it is approximately 7 times smaller compared to the previous findings and has the opposite sign. It
gives the choice between PPML and OLS another perspective: when choosing between these
two estimation techniques, we recommend making a decision based on the desired interpretation of the results or providing the results obtained with both methods. As the presence
of heteroskedasticity bias may still be a problem, analysis can be accompanied by the WLS
estimates that would allow a quantification of the size of this bias.
While in this paper we focused on properties of OLS and PPML in estimating the gravity
equation, our findings are much more general: any standard log-log regression estimated by
PPML will have a different interpretation, which, depending on the research question, may
be preferable to the interpretation of a standard OLS regression.
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