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3 Estimating the Gravity Model

This section addresses some of the basic econometric issues that arise when estimating
gravity models in practice. It first uses the intuitive gravity model presented in Section 1, and
discusses estimation via ordinary least squares and interpretation of results. The next part
addresses estimation issues that arise in the context of the “theoretical” gravity model, focusing
on the Anderson and Van Wincoop (2003) model discussed in the previous section. The crucial
difference between the two approaches is the way in which econometric techniques can be used
to account for multilateral resistance, even though the price indices included in the theoretical
model are not observable. We discuss two sets of techniques that have been applied in the
literature: fixed effects estimation, and the use of a Taylor-series approximation of the multilateral
resistance terms. Finally, we address an important issue in the use of gravity models for applied
trade policy research, namely possible endogeneity of some explanatory variables.

3.1 Estimating the Intuitive Gravity Model

3.1.1 Ordinary Least Squares: Estimation and Testing

At its most basic, the intuitive gravity model takes the following log-linearized form:

logX;; = by + bylog GDP; + b, log GDP; + b3 logt;; + €;; (30a)

log7;; = logdistance;; (30b)

where €;ij has been added as a random disturbance term (error). As an econometric problem, the
objective is to obtain estimates of the unknown b parameters. The logical place to start is with
ordinary least squares (OLS), which is the econometric equivalent of the lines of best fit used to
show the connection between trade and GDP or trade and distance in Section 2. As the name
suggests, OLS minimizes the sum of squared errors e. Under certain assumptions as to the error
term €;; , OLS gives parameter estimates that are not only intuitively appealing but have useful
statistical properties that enable us to conduct hypothesis tests and draw inferences.

Under what conditions will OLS estimates of the gravity model be statistically useful? Basic
econometric theory lays down three necessary and sufficient conditions:
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1. The errors €;j must have mean zero and be uncorrelated with each of the explanatory
variables (the orthogonality assumption).

2. The errors €;j must be independently drawn from a normal distribution with a given
(fixed) variance (the homoskedasticity assumption).

3. None of the explanatory variables is a linear combination of other explanatory variables
(the full rank assumption).

If all three properties hold, then OLS estimates are consistent, unbiased, and efficient within the
class of linear models. By consistent, we mean that the OLS coefficient estimates converge to
the population values as the sample size increases. By unbiased, we mean that the OLS
coefficient estimates are not systematically different from the population values even though they
are based on a sample rather than the full population. By efficient, we mean that there is no other
linear, unbiased estimator that produces smaller standard errors for the estimated coefficients.

Once we have OLS coefficient estimates that satisfy assumptions one through three, we can use
them to test hypotheses using the data and model. To test a hypothesis that involves a single
parameter only — for example that the distance elasticity is -1 — we use the t-statistic. To test a
compound hypothesis that involves more than one variable — for example that both GDP
coefficients are equal to unity — we use the F-statistic. The details of such tests and their statistical
properties are fully set out in standard econometric texts. We focus in the next section on their
implementation in Stata, and interpretation.

3.1.2 Estimating the Intuitive Gravity Model in Stata
OLS is implemented in Stata in the regress command. It takes the following format:
regress dependent_variable independent_variable1 independent_variable?2 ... [if ...], [options]

The if statement can be used to limit the estimation sample to a particular set of observations. If
no if command is specified, then the entire sample is used for estimation. Stata automatically
handles issues such as missing observations of either the dependent or independent variables —
they are dropped from the sample — so there is no need to drop those observations from the
dataset prior to estimation.

Among the various options that can be specified with the regress command, two are of particular
interest in the gravity context. Indeed, they are so widely used in applied work that researchers
should not usually present results that do not include these two estimation options. The first is
robust, which produces standard errors that are robust to arbitrary patterns of heteroskedasticity
in the data. The robust option is therefore a simple and effective way of fixing violations of the
second OLS assumption. The second option that is commonly used by gravity modelers is
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cluster(variable), which allows for correlation of the error terms within groups defined by variable.
Failure to account for clustering in data with multiple levels of aggregation can result in greatly
understated standard errors (e.g., Moulton, 1990). For example, errors are likely to be correlated
by country pair in the gravity model context, so it is important to allow for clustering by country
pair. To do this, it is necessary to specify a clustering variable that separately identifies each
country pair independently of the direction of trade. An example is distance, which is unique to
each country pair but is identical for both directions of trade. A common option specification is
therefore cluster(distance).

Table 2 presents results for OLS estimation of an intuitive gravity model using the services data.
The if command is used to limit the estimation sample to total services trade (aggregating across
all sectors). In addition to distance, we include a number of other trade cost observables as
control variables. Specifically, we include a dummy variable equal to unity for countries that share
a common land border (contig), another dummy equal to unity for those countries that share
a common official language (comlang_off), a dummy equal to unity for those country pairs that
were ever in a colonial relationship, and finally a dummy equal to unity for those countries that
were colonized by the same power. There is evidence from the gravity model literature that each
of these factors can sometimes exert a significant impact on trade flows, presumably because
they increase or decrease the costs of moving goods internationally.

Table 2: OLS estimates of the intuitive gravity model using Stata

regress Tn_trade In_gdp_exp Tn_gdp_imp In_distance contig comlang_off colony
comcol if sector=="SER", robust cluster(dist)

Linear regression Number of obs = 3884
FC 7, 2151) = 442.01
Prob > F = 0.0000
R-squared = 0.5431
Root MSE = 1.5281

(std. Err. adjusted for 2152 clusters in dist)

| Robust
Tn_trade | Coef. std. Err. t P>|t] [95% conf. Interval]
_____________ U U S
1n_gdp_gxp | .6011672 .0132209 45.47 0.000 .5752401 .6270942
1n_gdp_1mp | .6176062 .0142666 43.29 0.000 .5896284 .6455839
1n_d1stange | -.7385146 .03536 -20.89 0.000 -.8078579 -.6691714
contwg | .3989524 .1829276 2.18 0.029 .0402191 .7576858
comlang_off | .8861328 .0993078 8.92 0.000 .6913835 1.080882
colony | 1.202965 .1201971 10.01  0.000 .9672503 1.43868
comcol | -.0245067 .2018195 -0.12 0.903 -.4202883 .371275
_cons | -22.03706 .671738 -32.81 0.000 -23.35438 -20.71974

A number of interesting features are apparent from these first estimates. The first is that the model
fits the data relatively well: its R2 is 0.54, which means that the explanatory variables account for
over 50 per cent of the observed variation in trade in the data. This figure will increase as we add
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more variables to the model, and in particular once we apply panel data techniques in the next
section. A second indication that the model is performing relatively well is that the model F-test is
highly statistically significant: it rejects the hypothesis that all coefficients are jointly zero at the
1 per cent level.

To interpret the model results further, we need to look more closely at the estimated coefficients
and their corresponding t-tests. Taking the GDP terms first, we see that importer and exporter
GDP are both positively associated with trade, as we would expect: a 1 per cent increase in
exporter or importer GDP tends to increase services trade by about 0.6 per cent, and this effect
is statistically significant at the 1 per cent level (indicated by a p-value in the fifth column of less
than 0.01). The coefficient on distance, on the other hand, is negative and 1 per cent statistically
significant: a 1 per cent increase in distance tends to reduce trade by about 0.7 per cent. This
effect is weaker than in goods trade, where the estimated elasticity tends to be around -0.1. This
finding is perhaps in line with the fact that cross-border services trade does not directly engage
transport costs, which tends to reduce the impact of geographical distance as a source of trade
costs. However, the fact that distance significantly affects trade in services suggests that the world
is still far from “flat” in the sense that services do not move costlessly across borders.

Of the remaining geographical and historical variables, all except the common colonizer dummy
have the expected positively signed coefficient and are statistically significant at the 5 per cent
level or better. Quantifying the effect of each of these types of link on trade is straightforward. For
geographical contiguity, for example, we find that countries that share a common border trade
49 per cent more than those that do not (exp[0.4] — 1 = 1.49). Dummy variables can therefore be
given a quantitative interpretation in much the same way as continuous variables, although the
calculation is different in each case.

By interpreting the coefficient t-statistics, we have already used the model to test a number of
simple hypotheses. We can also use it to conduct tests of compound hypotheses. For example,
GDP coefficients in the goods trade literature are frequently found to be close to unity — and some
theories suggest they should be exactly unity — so we can test whether that is in fact the case in
our services data. Table 3 contains results. It shows that the null hypothesis of equality is strongly
rejected by the data: the p-value of the F-statistic is less than 0.01, which means that we can
reject the hypothesis at the 1 per cent level.

Table 3: A test of the hypothesis that both GDP coefficients are equal to unity

. test (In_gdp_exp = In_gdp_imp = 1)

(1) Tn_gdp_exp - In_gdp_imp = O
(2) Tn_gdp_exp =1

F(C 2, 2151)
Prob > F

467.56
0.0000
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Using the same approach, we can test the compound hypothesis that historical and cultural links
do not matter for trade in services, i.e. that the coefficients on all such variables are jointly equal
to zero. Table 4 presents results. Again, the null hypothesis is strongly rejected: the p-value
associated with the F-test is less than 0.01, which means we can reject the null hypothesis at the
1 per cent level. Based on these results, we conclude that historical and cultural links are
important determinants of trade in services.

Table 4: A test of the hypothesis that all historical and cultural coefficients are equal to zero

. test (contig = comlang_off = colony = comcol = 0)

(1) contig - comlang_off = 0
( 2) contig - colony = 0
( 3) contig - comcol =0
(4) contig=20
FC 4, 2151) = 100.16
Prob > F = 0.0000

As a final example of how to estimate the intuitive gravity model, we can augment the basic
formulation to include policy variables. The OECD’s ETCR indicators are commonly used as
measures of the restrictiveness of services sector policies, which cannot be easily quantified in
the way that tariffs can be for goods. The OECD dataset only covers 30 countries in our dataset,
which greatly reduces the estimation sample. Nonetheless, including measures of exporter and
importer policies allows us to get a first idea of the extent to which policy restrictiveness matters
as a determinant of the pattern of services trade.

Results for the augmented gravity model are in Table 5. The two variables of primary interest —
the exporter and importer ETCR scores — both have negative and 1 per cent statistically
significant coefficients of very similar magnitude. In both cases, a one point increase in
a country’s ETCR score — which equates to a more restrictive regulatory environment, as
measured on a scale of zero to six — is associated with a 36 per cent or 37 per cent decrease in
trade. Based on these results, we would conclude that policy in exporting and importing countries
has the potential to greatly affect the observed pattern of services trade around the world.

In terms of the control variables, results are qualitatively similar to those for the baseline model,
although there are some differences in the magnitudes of some coefficients. The only notable
differences are for the contiguity dummy, which has an unexpected negative and 5 per cent
significant coefficient, and the colony dummy, which has a positive sign, as expected, but is
statistically insignificant. It is important to note that the common colonizer dummy has been
dropped automatically by Stata because of a lack of within-sample variation for this reduced
estimation sample: for the countries for which all data are available, the common colonizer dummy
is always equal to zero, which means that it cannot be identified separately from the constant
term and must be dropped from the regression.
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Table 5: OLS estimates of an augmented gravity model

regress In_trade etcr_exp etcr_imp In_gdp_exp Tn_gdp_imp In_distance contig
comlang_off co19ny comcol if sector == ”SER”, robust cluster(dist)
note: comcol omitted because of collinearity

Linear regression

Coef.

Robust
std.

Err.

Err.

Number of obs
FC 8, 413)
Prob > F
R-squared
Root MSE

816
139.24
0.0000
0.6833
1.3835

adjusted for 414 clusters in dist)

etcr_exp
etcr_imp
Tn_gdp_exp
Tn_gdp_imp
Tn_distance
contig
comlang_off
colony
comcol
_cons

-.3605257
-.3721994
.7736852
.8223475
-1.114939
-.5579995
1.378263
.1771059
0
-27.11023

.0910402
.0796389
.0349451
.0349431
.0626474
.2452544
.2090961
.2077632
(omitted)
1.799003

-.5394858
-.5287475
. 7049927
.753659
-1.238087
-1.040102
.9672377
-.2312993

-30.64657

-.1815657
-.2156512
.8423777
.891036
-.9917915
-.075897
1.789289
.5855111

-23.57388

3.2 Estimating the Theoretical Gravity Model

Recall from above that the theory-consistent gravity model due to Anderson and Van Wincoop
(2003) can be written as follows, omitting the sectoral superscripts k to focus on the case of

aggregate trade:

logX;; =logY; +logY; —logY + (1 - a)[log‘[i]- —logll; — long] (31a)
1-o
Y
mo=y i L (31b)
=
Cc 1—JY
Ti] i
P. :::E: — L 31c
=, {ng« 2 (310)
i=1
log T{"j = b, logdistance;; + b,contig + bscomlang_of f
+ bycolony + bscomcol (31d)
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As noted above, this model has significant implications for the estimation technique adopted
because it includes variables — the multilateral resistance terms — that are omitted from the
intuitive model. Moreover, these variables are unobservable, because they do not correspond to
any price indices collected by national statistical agencies. We therefore need an estimation
approach that allows us to account for the effects of inward and outward multilateral resistance,
even though these factors cannot be directly included in the model as data points. This section
examines two strategies for doing so: fixed effects estimation; and an approximation technique
due to Baier and Bergstrand (2009).

3.2.1 Fixed Effects Estimation

One approach to consistently estimating the theoretical gravity model is to use the panel data
technique of fixed effects estimation. Grouping terms together for exporters and importers allows
us to rewrite the gravity model from equation 31 as follows:?2

logX;; = C+F; +F + (1 —o0)[logt;] (32a)
C =—logY (32b)
F; =logY; —logIJ; (32¢)
F; =logY; —logP; (32d)

logt;; = b, logdistance;; + bycontig;; + bscomlang_of f;;
+ bycolony;; + bscomcol;; (32¢e)

The first term, C, is simply a regression constant. In terms of the theory, it is equal to world GDP,
but for estimation purposes it can simply be captured as a coefficient multiplied by a constant
term, since it is constant across all exporters and importers. The next term, F; , is shorthand for
a full set of exporter fixed effects. By fixed effects, we mean dummy variables equal to unity each
time a particular exporter appears in the dataset. There is therefore one dummy variable for
Australia as an exporter, another for Austria, another for Belgium, etc. We take the same approach
on the importer side, specifying a full set of importer fixed effects F; In terms of the panel data
literature, this approach can be seen as accounting for all sources of unobserved heterogeneity
that are constant for a given exporter across all importers, and constant for a given importer

2 In fact, the exporter and importer fixed effects model provides consistent estimates for any gravity model in
which terms can be grouped together in this way. This class of models covers much of the field in applied
international trade, including the Ricardian model of Eaton and Kortum (2002) and the heterogeneous firms model
of Chaney (2008).
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across all exporters. Theory provides a sound motivation for such an approach, as the GDP and
multilateral resistance terms satisfy these criteria.

Estimation of fixed effects models is straightforward. Since the fixed effects are simply dummy
variables for each importer and exporter, all that is necessary is it to create the dummies and
then add them as explanatory variables to the model. Assuming its three key assumptions are
satisfied, OLS remains a consistent, unbiased, and efficient estimator in this case. However, the
introduction of fixed effects does introduce a major restriction on the model due to the third
assumption: variables that vary only in the same dimension as the fixed effects cannot be included
in the model, because they would be perfectly collinear with the fixed effects. For example, if we
use fixed effects by importer, it is impossible to separately identify the impact of a variable like
the importer’'s ETCR score, which is constant across all exporters for a given importer; it is
subsumed into the fixed effects. It is only possible, therefore, to identify the effect of variables
that vary bilaterally in fixed effects gravity models.

Two approaches are available in Stata for the estimation of gravity models with fixed effects by
importer and by exporter. In both cases, it is first necessary to create variables that list exporters
and importers according to numerical codes, rather than by letters as is common in gravity
datasets. To do this, we use the egen command with the group option. The second stage of the
process can be achieved either by applying the i.variable operator to automatically create
dummies during the estimation process, or by using the tabulate command with the generate
option to directly create dummies which must then be included manually in the estimation
command.

Tables 6 and 7 present results from OLS estimation of a gravity model with exporter and importer
fixed effects using these two approaches. For brevity, Stata’s output is cut off after the first few
exporter fixed effects. As can be seen from the table, the two approaches give exactly identical
results in practice for the variables of interest. The only differences in the two sets of regression
outputs come from the requirement that at least one dummy variable must be dropped in order to
avoid perfect collinearity between the fixed effects and the constant: the first method automatically
chooses a different dummy variable from the second method. There is thus a difference in the
estimated fixed effects between the two methods, but this is of no consequence and simply
represents scaling with respect to an omitted category. The key result is that regardless of which
method is chosen, the estimated coefficients for the variables of interest — which all vary bilaterally
— are identical.
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Table 6: OLS estimates of a gravity model with fixed effects by importer and exporter

(first method)

. egen exporters =
egen importers =

regress 1In_trade
.importers if sector=="SER",

Linear regress1on

group (exp)
group(imp)

Tn_distance contig comlang_off colony comcol i.exporters

robust cluster(dist)

Number of obs = 4184
F(383, 2328) = .
Prob > F = .
R-squared = 0.7681
Root MSE = 1.1333

. adjusted for 2329 clusters in dist)

std.

Robust

Err.

Tn_distance
conti

com1ang of%
colon
comco

exporters
2

3
4

-1.014767
.235591
.3982351
1.173628
-.088625

-.3386272
2.01065
-.846119

.0469219

.202185
.0936922
.1159908
.2584496

.530869
.6859219
.6116776

-0.
2.
-1.

t P>|t| [95% Conf. Intervall]
63 0.000 -1.10678 -.9227543
17 0.244 -.1608905 .6320725
25 0.000 .2145062 .5819639
12 0.000 .9461722 1.401084
34 0.732 -.5954404 .4181904
64 0.524 -1.379652 .7023981
93 0.003 .6655682 3.355731
38 0.167 -2.045609 .3533706

Table 7: OLS estimates of a gravity model with fixed effects by importer and exporter
(second method)

. egen exporters =
. egen importers =
. quietly tabulate
. quietly tabulate

. regress In_trade
if sector=="SER",

Linear regression

group(exp)
group(imp)

exporters,

generate (exp_dum_)

Tn_distance contig comlang_off colony comcol exp_dum_
robust cluster(dist)

importers, generate(imp_dum_)

* imp_dum_*
Number of obs = 4184
F(383, 2328) = .
Prob > F = .
R-squared = 0.7681
Root MSE = 1.1333

adjusted for 2329 clusters in dist)

Tn_distance
contig
comlang_off
colony
comcol
exp_dum_1
exp_dum_2
exp_dum_3

Coef.

Robust
std.

Err.

-1.014767
.235591
.3982351
1.173628
-.088625
-.7798491
-1.118476
1.230801

.0469219

.202185
.0936922
.1159908
.2584496
.4119459
.4488487
.6464602

t P>|t] [95% conf. Interval]
.63 0.000 -1.10678 -.9227543
.17 0.244 -.1608905 .6320725
.25 0.000 .2145062 .5819639
.12 0.000 .9461722 1.401084
.34 0.732 -.5954404 .4181904
.89 0.058 -1.587668 .02797
.49 0.013 -1.998661 -.2382913
90 0.057 -.036897 2.498499
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It is useful to compare results from the fixed effects gravity model with those from the intuitive
model without fixed effects. The first notable feature is that, as expected, the model’'s explanatory
power is much greater once the fixed effects are included: it increases from 54 per cent to 77 per
cent. This change is unsurprising given that we have added a large number of additional variables
to the model, but it underlines the important role played by factors such as multilateral resistance
in explaining observed trade outcomes.

The second point to note is that a number of the coefficients are quite different under the two
specifications. The distance elasticity, for example, is very close to -1 under fixed effects, which
is the value typically observed in goods markets. The difference between the estimated elasticity
from the intuitive model and the one from the theoretical model makes clear that the choice of
estimation strategy, and the rationale for it, can make an economically significant difference to
final results.

We can also use the fixed effects approach to estimate a gravity model augmented to include
policy variables. Care is required, however, since the exporter and importer ETCR indicators are
perfectly collinear with the corresponding fixed effects. One solution is to create a new variable
equal to the product of the two scores, which will by definition vary bilaterally. Table 8 presents
results from this approach, again using a significantly smaller sample due to lack of availability of

Table 8: OLS estimates of an augmented gravity model with fixed effects by importer and
exporter

. gen etcr_both = etcr_exp*etcr_imp
(23562 missing values generated)

regress Tn_trade etcr_both Tn_distance contig comlang_off colony comcol
i.exporters_i.importers if sector=="SER", robust cluster(dist)
note: comcol omitted because of c0111near1ty

Linear regression Number of obs = 816
F( 63, 413) = 58.69
Prob > F = 0.0000
R-squared = 0.8646
Root MSE = .93726

(std. Err. adjusted for 414 clusters in dist)

Robust
In_trade | Coef. std. Err. t P> t| [95% conf. Interval]
_____________ e
etcr_both -.30427 .0917592 -3.32 0.001 -.4846434  -.1238967
In_distance -.8979641 .1073258 -8.37 0.000 -1.108937 -.6869912
contig .3251201 .2648705 1.23  0.220 -.1955424 .8457826
comlang_off .2087727 .1919348 1.09 0.277 -.1685182 .5860636
colony .4613652 .2723341 1.69 0.091 -.0739685 .996699
comcol 0 (omitted)
exporters
15 -.8825874 .4081986 -2.16 0.031 -1.684993 -.0801813
18 .316488 .4292144 0.74 0.461 -.5272293 1.160205
37 .4340733 .3321423 1.31  0.192 -.2188269 1.086974
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the ETCR data for non-OECD countries. Again, we find that policy is a significant determinant of
trade flows in services: increasing the product of two countries’ ETCR scores by one point
decreases trade by about 30 per cent, which is a very similar magnitude to the one found using
the intuitive model. The effect is statistically significant at the 1 per cent level.

We have focused thus far on the simple case of aggregate trade, in which multilateral resistance
can be accounted for by including exporter and importer fixed effects in the model. If we add
sectors or time periods to the model, however, the situation becomes more complicated for the
specification of fixed effects, as noted by Baldwin and Taglioni (2007). Consider a sectoral model,
for example:

log X[ = log¥* +1og Ef —logY* + (1 — gy)[log tf; — log I —log P (33a)
C k170K Lk
T E:
v-S(
=AY Y

K K
{if} Y (33¢)

Collecting terms in this case produces a different arrangement of fixed effects from the aggregate
trade model. Because trade costs potentially vary by sector, the multilateral resistance terms also
vary in that dimension. They can therefore not be adequately captured by importer and exporter
fixed effects. Instead, we need sector, exporter-sector, and importer-sector fixed effects, as
follows:

log X = C* + Ff + Ff + (1 — gy)[log 7f5] (34a)
C =—logY¥ (34b)
Ff =log Y —logIl¥ (34c)
Ff =log¥/* —log P (34d)

A second difficulty arises from the fact that the elasticity of substitution 0x also varies across
sectors. Since the reduced form parameters of the trade cost function are joint estimates of the
elasticity of substitution and the elasticity of trade costs with respect to particular factors, it is
important to take account of this variation in a model including multiple sectors. One option would
be to interact the trade cost observables with estimates of the elasticity of substitution from Broda
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and Weinstein (2006). A simpler alternative would be to interact the trade cost observables with
sector dummies. Although necessary to conform to theory, neither approach is regularly used in
the applied literature.

Fixed effects estimation is a simple and feasible approach in aggregate gravity models. However,
models including a large number of sectors quickly become unmanageable due to the number of
parameters involved. There is no econometric limitation involved — the number of observations is
always far greater than the number of parameters — but gravity models with large numbers of
fixed effects and interaction terms can be slow to estimate, and may even prove impossible to
estimate with some numerical methods such as Poisson and Heckman (see the next section).
A more feasible alternative in such cases is to estimate the model separately for each sector in
the dataset: a separate model for trade in business services versus trade in transport services,
etc. With this approach, all that is needed for each model is a full set of exporter and importer
fixed effects, as in the aggregate trade version of the model. The fact that each sector represents
a separate estimation sample allows for multilateral resistance and the elasticity of substitution to
vary accordingly. Indeed, it can often be useful from a research point of view to estimate separate
sectoral models: knowledge of differences in the sensitivity of trade with respect to policy in
particular sectors can be important in designing reform programmes, for example. This approach
is therefore frequently used in the literature.

3.2.2 Estimation Without Fixed Effects

The fixed effects model provides a convenient way to consistently estimate the theoretical gravity
model: unobservable multilateral resistance is accounted for by dummy variables. The method is
simple to implement and is just an application of standard OLS. It has one important drawback,
however: we need to drop from the model any variables that are collinear with the fixed effects.
This restriction means that it is not possible to estimate a fixed effects model that also includes
data that only vary by exporter (constant across all importers) or by importer (constant across all
exporters). Unfortunately, many policy data — in fact, all policies that are applied on a most-favored
nation basis — fall into this category, which means that the restriction poses a particular challenge
for applied policy researchers.

One way of dealing with this problem is to take variables that vary by exporter or importer and
transform them artificially into a variable that varies bilaterally. This was what we did with the
ETCR scores above: by multiplying them together, the result is a variable that is unique to each
country pair and therefore varies across importers for each exporter and across exporters for each
importer. Such variables can be included in a fixed effects model without difficulty. However, the
price of transforming variables in this way is that the model results become harder to interpret. In
the last table, for example, we cannot distinguish the impact of changes in importer policies from
that of exporter policies, which is potentially an important question. Although the overall policy
message from the last regression was clear, such is not always the case with transformed
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variables: results can often carry perverse signs or unlikely magnitudes, which mean that
transformation should be used cautiously in policy work.

The panel data econometrics literature provides an alternative to fixed effects estimation that still
accounts for unobserved heterogeneity, but allows the inclusion of variables that would be
collinear with the fixed effects. This alternative is the random effects model. Although it has been
applied in gravity contexts — examples include Egger (2002) and Carrére (2006) — we will not
discuss random effects estimation extensively here. There are two main reasons for not doing
so. First, fixed effects estimation remains largely dominant in the literature because the random
effects model is only consistent under restrictive assumptions as to the pattern of unobserved
heterogeneity in the data. In the context of the theoretical gravity model, the random effects model
requires us to assume that multilateral resistance is normally distributed, yet theory has nothing
to say on that question. The fixed effects specification, by contrast, allows for unconstrained
variation in multilateral resistance. Second, accounting for both inward and outward multilateral
resistance requires specification of a two-dimensional random effects model — random effects by
exporter and by importer — which is rarely treated in the literature. Although such models can be
implemented straightforwardly in Stata using the xtmixed command, they have received scant
consideration either in the econometrics literature or in the applied policy literature. The probable
reason is that fixed effects modeling is generally preferred for gravity work because theoretical
models do not say anything about the statistical distribution of trade costs or multilateral
resistance.

A third, and determinant, consideration is that Baier and Bergstrand (2009) provide an alternative
approach that fully accounts for arbitrary distributions of inward and outward multilateral
resistance but without the inclusion of fixed effects. The Baier and Bergstrand (2009) methodology
therefore makes it possible to consistently estimate a theoretical gravity model that also includes
variables such as policy measures that vary by exporter or by importer, but not bilaterally. Their
approach relies on a first order Taylor series approximation of the two nonlinear multilateral
resistance terms. Concretely, Baier and Bergstrand (2009) show that the following model provides
estimates almost indistinguishable from those obtained using fixed effects, but without the
inclusion of dummy variables:

log X = log ¥ +log Ef —logY* + (1 — ak)[logrf‘j*] (35a)
logrU logru Zﬁklog‘r” Zﬂklog +ZZO 0; logru (35b)
j=1 i= i=1j=
Y’k
k _ "L
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To deal with endogeneity concerns — see below — Baier and Bergstrand (2009) recommend
estimating the model using simple averages rather than GDP-weights. For simplicity, we consider
a Stata application of this approach using distance as the only trade cost variable. The
calculations included here can easily be replicated for other variables, but they are omitted for
brevity in this case. Table 9 presents results from a fixed effects model, and Table 10 presents
results using the Baier and Bergstrand (2009) methodology with simple averages. Clearly, the
two sets of results are very similar: the distance coefficient is only marginally different at the
second decimal place, partly due to differences in the effective samples of the two regressions
because of the absence of GDP data for a small number of countries. This finding shows that the
Baier and Bergstrand (2009) approximation indeed performs well when it comes to capturing the
effects of multilateral resistance in the data without including fixed effects.

Table 9: OLS estimates of a simple gravity model with fixed effects by importer and exporter

._regress TIn_trade Tn_distance i.exporters i.importers if sector=="SER", robust
cluster(dist)

Linear regression Number of obs = 4184
F(379, 2328) = .
Prob > F = .
R-squared = 0.7483
Root MSE = 1.1801

(std. Err. adjusted for 2329 clusters in dist)

| Robust
In_trade | Coef. std. Err. t P>|t| [95% conf. Interval]
_____________ +________________________________________________________________
In_distance i -1.128312 .0462662 -24.39 0.000 -1.219039 -1.037585

exporters |

2 | -.6754425 .634101 -1.07 0.287 -1.918904 .5680191
3 | 1.919711 .846599 2.27 0.023 .2595445 3.579878
4 | -.3117572 .5766871 -0.54 0.589 -1.442631 .8191167

Table 10: OLS estimates of a simple gravity model estimated using the Baier and
Bergstrand (2009) methodology

. egen templ = mean(In_distance), by(exp sector)
(303 missing values generated)

. _egen temp2 = mean(In_ distance), by(imp sector)
(303 missing values generated)

. egen temp3 = sum(In_distance), by(sector)

. gen Tn_ d1stance star = In_distance - templ - temp2 + (1/218A2)*temp3
(606 missing values generated)

. regress In_trade In_distance_star Tn_gdp_exp Tn_gdp_imp if sector == "SER", robust
cluster(dist)
Linear regression Number of obs = 3884
FC 3, 2151) = 971.38
Prob > F = 0.0000
R-squared = 0.5019
Root MSE = 1.5947
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Table 10: (continued)

(std. Err. adjusted for 2152 clusters in dist)

| Robust
Tn_trade | Coef. std. Err. t P>t [95% conf. Interval]
_________________ i G A SR
Tn_distance_star | -1.142375 .050619 -22.57 0.000 -1.241642  -1.043108
Tn_gdp_exp | .572658 .0131492 43.55 0.000 .5468715 .5984445
Tn_gdp_imp | .5883749 .0140075 42.00 0.000 .5609052 .6158445
_cons | -35.01455 .7036024 -49.76 0.000 -36.39436 -33.63474

3.3 Dealing with Endogeneity

Regardless of whether we are estimating the intuitive gravity model or its theoretical counterpart,
we need to pay particular attention to the problem of endogeneity, particularly when policy
variables are included in the model. The reason is that policies are often determined to some
extent by the level of a country’s integration in international markets: more open economies have
an incentive to implement more liberal policies, for example, which creates a circular causal chain
between policies and trade. From an econometric point of view, endogeneity of an explanatory
variable violates the first OLS assumption by creating a correlation between that variable and the
error term. To see this, we can write down two equations that summarize the problem. The first is
our gravity model:

logXf; = C + Ff + Ff + (1 — op)[logtf]| + ef (36)

The second equation says that trade costs (particularly those driven by policy) are endogenous
to trade flows:

log‘r{‘j =D+GF + G]-k + blogXikj + wl-kj 37)
By substitution:
log X = C+ Ff + Ff + (1 = 0 )[D + G + G/ + blog X[ + wf| + el (38)

The first OLS assumption will only hold if wi"j and ei"j are uncorrelated, which is often unlikely in
a practical context. As a result, researchers need to be extremely cautious when interpreting the
results of gravity models with policy variables: the estimated parameters could be severely biased
due to endogeneity, if they are left uncorrected.

Thankfully, basic econometrics provides us with a simple technique to deal with such endogeneity
problems. If we can find an instrumental variable — a piece of data that is correlated with the
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potentially endogenous variable but not with trade through any other mechanism — then we can
use it to purge the problematic variable of its endogenous variation. Various techniques are
available for instrumental variables estimation, the simplest of which is two stage least squares
(TSLS). As the name suggests, it consists in running OLS twice. The first regression uses the
potentially endogenous variable as the dependent variable, and includes all the exogenous
variables from the model as independent variables, along with at least one additional instrument.
The second regression uses the estimated values of the dependent variable from the first stage
regression in place of the problematic variable in the gravity model itself. We can think of the
estimated values from the first stage as the part of the problematic variable that varies due to
exogenous influences (the instrument and exogenous variables), which solves the endogeneity
problem.®

For the TSLS estimator to work properly and provide results superior to OLS, three conditions
must be satisfied. The first is that there must be at least as many instruments as potentially
endogenous variables, and preferably one extra. Having the same number of instruments as
potentially endogenous variables is a necessary condition for model identification, but including
at least one additional instrument makes it possible to perform an additional diagnostic test that
is an important indicator of instrument validity. The second condition is that the instrumental
variable or variables must be strongly correlated with the potentially endogenous explanatory
variable. To test whether this is in fact the case, we perform an F-test of the null hypothesis that
the coefficients on the instruments are jointly equal to zero in each of the first stage regressions.
First stage F-tests should be systematically reported whenever TSLS is used. The third condition
is that the instruments must be validly excludable from the second stage regression, in the sense
that they do not influence the dependent variable other than through the potentially endogenous
variable. In an over-identified model, we can test whether this condition holds using the Hansen
J-statistic. The null hypothesis for the test is that the residuals from both stages of the regression
are uncorrelated, which is equivalent to assuming that the exclusion condition holds. A high value
of the test statistic (low prob. value) indicates that the instruments may not be validly excludable,
and the TSLS strategy needs to be rethought. Like the first stage F-tests, Hansen’s J should be
routinely reported when it is available.

Although it is possible to run the TSLS estimator manually in Stata, researchers should generally
avoid doing so. One reason is that the standard errors from the second stage regression need
to be corrected in order to avoid downward bias. It is also preferable on a practical level to use
a built in TSLS estimator as it automatically includes the right set of variables in the first stage
regression, i.e. all exogenous variables from the main model plus the instrument.

3 Although correct parameter estimates can be obtained by running OLS twice manually, the estimated standard
errors from the second stage will be biased downwards as they do not correct for the first stage estimation
procedure. Researchers should always use Stata’s built in instrumental variables estimation commands rather
than estimating the models manually.
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Stata’s built in TSLS estimator is the ivregress command with the tsls option. However, it is
generally preferable to use the user-written ivreg2 command, which contains a host of additional
test statistics and diagnostic information that is important in assessing the performance of the
TSLS estimator. To install ivreg2, simply type findit ivreg2 and follow the prompts. The format for
ivreg?2 is similar to regress, but with the addition of some specific information on the endogenous
variables and instruments in parentheses:

ivreg2 dependent_variable exogenous_variables (endogenous_variables = instruments), options

If no additional options are specified, ivreg2 uses TSLS as the estimator. In addition to the
standard robust and cluster options, it is also important to include the first option. This option
presents the first stage regression results, which always need to be reported when TSLS is used.
Another useful option is endog(endogenous variable), which provides a test of the null hypothesis
that the listed variables are in fact exogenous to the model. If the null hypothesis is not rejected
and all other tests for the validity of the TSLS estimator are satisfied, that is an indication that
endogeneity may not be a serious problem in the data. /vreg2 automatically presents other test
statistics, such as Hansen'’s J, if appropriate.

As an example of how the TSLS estimator can be applied to gravity models, we will revert to the
intuitive model augmented to include policy variables, namely the exporter and importer ETCR
scores. We are using the intuitive model for expositional clarity only. In applied work, it would be
important to include fixed effects in addition to the variables discussed here, and TSLS works as
normal in the presence of fixed effects. However, the large number of additional parameters and
the need to transform both the policy variables and instruments to be bilaterally varying makes it
problematic to present such an approach as an example. We therefore use the simpler model for
this purpose.

The first step in applying the TSLS estimator is to identify at least two instruments for the policy
variables (exporter and importer ETCR scores), which are potentially endogenous. Identification
of appropriate instruments is often extremely difficult due to the twin requirements of strength and
excludability discussed above. As an example, we use the absolute value of a country’s latitude
as an instrument for its ETCR score. The rationale is that countries that are further away from
the equator tend to be more developed than those close to the equator, and this is reflected in
a more liberal policy stance. Latitude could also be a proxy for the level of institutional and
governance development, which is also correlated with more liberal policies.

Is latitude likely to be a valid choice of instrument? We will need to examine the first stage
F-tests before deciding whether the correlation with the potentially endogenous variables is strong
enough. We can say with certainty, however, that latitude is genuinely exogenous to the model.
Indeed, researchers often use geographical or historical features as instruments precisely
because they must be exogenous to current variables such as trade flows. The final criterion is
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excludability. Because the model is just identified, we will be unable to test that condition directly
using Hansen’s J. We therefore need to rely on economic logic to make the argument that latitude
does not affect trade except through the policy measures captured in the ETCR scores. Clearly,
this part of the instrument validity argument is potentially problematic, for at least two reasons.
One is that institutional quality as proxied by latitude might be directly correlated with trade as
a source of trade costs in its own right. A second problem is that distance from the equator is
likely to be correlated with distance from major trading partners, which provides a third possible
way of influencing trade. It is important to stress, therefore, that the instrumental variables strategy
used here is presented as an example only. In published work, it would be necessary to go further
down the path of identifying a more strongly excludable instrument. It would also be highly
preferable to over-identify the model by including at least one extra instrument. Nonetheless, the
basic approach outlined here demonstrates the basic logic of TSLS estimation, and is sufficient
for present purposes.

Table 11 presents estimation results using TSLS. The first part of the Stata output (Table 11a)
shows the first stage regression results for the first potentially endogenous variable, i.e. the
exporter’s ETCR score. We see that the appropriate instrument, namely the exporter’s latitude, is
indeed strongly correlated with the policy variable: the t-test rejects the null hypothesis that the
coefficient is zero at the 1 per cent level, as does the first stage F-test reported at the bottom of
the table. The difference between the two tests is of course that the F-test uses both instruments,
whereas the t-test focuses on one only. Based on these results, we conclude that our instruments
are indeed strongly correlated with the potentially endogenous variables, as required. Moreover,
the direction of the correlation is as expected: countries that are further away from the equator
tend to be more developed, have more liberal trade-related policies, and thus lower ETCR scores
(negative correlation).

Table 11b presents the same output for the second potentially endogenous variable, i.e. the
importer's ETCR score. Results are nearly identical in every respect. We therefore draw similar
conclusions: latitude is a strong and appropriate instrument for the importing country’s ETCR
score.

Second stage results appear in Table 11c. We find that even after correcting for the potential
endogeneity of the policy variables, they are still negatively and statistically significantly
associated with trade flows. The magnitudes of the coefficients are different from those in the
OLS model, though not by very much. This is a preliminary indication that any bias induced by
endogeneity may not be severe in these data. This impression is reinforced by the endogeneity
test (at the bottom of the table), which does not reject the null hypothesis that the two policy
variables are in fact exogenous to the model. Subject to the validity of the instruments — see
above — we therefore conclude that endogeneity is not a major problem with the policy variables
in this dataset, and that once it is corrected for, the original insight still stands.
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Table 11a: TSLS estimates of an augmented gravity model

. gen In_lat_exp = Tn{abs(lat_exp))
{292 missing values generated)

. gen In_lat_imp = Tn{abs(lat_imp))
{292 missing values generated)

. ivreg2 In_trade (etcr_exp etcr_imp = Tn_lat_exp Tn_lat_imp) Tn_ogdp_exp Tn_gdp_imp
In_distance contig comlang_off colony comcol, robust cluster{dist) first endog
{etcr_exp etcr_

> imp)
wWarning - collinearities detected
Vars dropped: comcol

First-stage regressions

First-stage regression of etcr_exp:

OLS estimation

Estimates efficient for homoskedasticity only R .
Statistics robust to heteroskedasticity and clustering on dist

Number of clusters (dist) = 415 Number of obs = 3590
F{ 8, 414) = 57.61
Prob > F = 0.0000
Total (centered) S5 = 1596.948251 Centered R2 = 0.3547
Total (uncentered) S5 = 19720.29201 Uncentered R2 = 0.9477
Residual SS = 103D.498577 Root MSE = . 5364
| Robust
etcr_exp | Coef. Std. Err t P> |t] [95% Conf. Interval]
_____________ e e e e -
In_gdp_exp | -.1685608 .0101994 -16.53 0.000  —.1886099 -.1485118
Tn_gdp_imp | 011711 015874 0.74 0.461 -.0194926 .0429146
In_distance | -.1557105 .D248945% -6.25 0.000 —.2046458 -.1067751
contig | -.119582 .1152261 -1.04 0.300 -.3460832 .1069192
comlang_off | -.1896983 .1055387 -1.8D 0.073 -.3971569 .0177602
colony | 0315528 1496084 0.21 0.833 -.2625339 .3256395
In_lat_exp | -1.924733 .1016979 -18.93 0.000 -2.124641 -1.724B24
Tn_lat_imp | -.1585988 .1198288 -1.32 0.186 -.3941476 07695
_cons | 15.6712 1.054823 14.B6 0.000 13.59772 17.74468

Included instruments: Tn_gdp_exp In_gdp_imp Tn_distance contig comlang off
colony In_lat_exp Tn_lat_imp
Partial R-squared of excluded instruments: 0.3205
Test of excluded instruments:
F( 2, 414) 179.52
Prob > F 0.0000

First-stage regression of etcr_imp:
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Table 11b: TSLS estimates of an augmented gravity model

OLS estimation

Estimates efficient for homoskedasticity only
Statistics robust to heteroskedasticity and clustering on dist

Number of clusters (dist) = 415

Total (centered) 5S =
Total (uncentered) S5 =

Residual SS

1564.952922
19562.95282
1017. 044609

Number of obs
F{ 8, 414)
Prob » F
Centered R2
Uncentered R2
Root MSE

3590
55.76
Q.0000
Q.3501
0.9480
. 5329

|
|
_____________ +
In_gdp_exp |
Tn_gdp_mp |
Tn_distance |
contig |
comlang_off |
colony |
Tn_lat_exp |
In_lat_imp |
_cons |

.0063751
-.1794399
-.1274362
-.0668288
-.19945695
.0241459
.1223865
-1.934644

15.76784

.0155364
.01047586
.0242096
1140222
1102494
.1541118

.113011
.1094315
1.017276

15.50

-.024165
-.2000318
-.1750253
.2909635
-.4161873
2787933
—.3445335
—2.149755

13.76817

.0369151
-.1588479
-.0788471

.157306

0172488

.3270851

.09897604
-1.719533

17.76751

Included instruments: Tn_gdp_exp In_gdp_imp In_distance contig comlang_off
colony In_lat_exp In_lat_imp
Partial R-squared of excluded imstruments:
Test of excluded instruments:

F{ 2, 414)
Prob > F

= 156.35
= 0.0000

0.3114
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Table 11c: TSLS estimates of an augmented gravity model

IV (25LS) estimation

Estimates efficient for homoskedasticity only ] )
Statistics robust to heteroskedasticity and clustering on dist

Number of clusters {dist) = 415 Number of obs = 3590
F( &, 414) = 112.12
Prob > F = 0.0000
Total (centered) 55 = 26167.87607 Centered R2 = 0.4340
Total (uncentered) S5 = 61089.90172 Uncentered RZ2 = 0.7575
Residual S5 = 14812.32073 Root MSE = 2.031
| Robust
In_trade | Coef. Std. Err. z P=|z]| [95% Conf. Interval]
_____________ o o T
etcr_exp | -.5422142 .1488024 -3.62 0.000 -.8358215 -.2436069
etcr_imp | -.4674795 .1077936 -4.34 0.000 -.6787511 -.2562078
Tn_agdp_exp | L6185511 -0329753 18.76 0.000 . 5539608 .6832214
In_gdp_imp | 6987833 .0337433 20.71 0.000 .6326476 .7649191
Tn_distance | -1.149847 .0651766 -17.64 0.000D -1.27759 -1.022103
contig | -.5352804 . 28467 -1.88 0.060 -1.093223 .0226625
comlang_off | 1.128319 .2443539 4.62 0.000 . 64934942 1.607244
colony | -.0253281 .2938231 -0.09 0.931 -.6012108 .5505546
_cons | -20.4278 1.845306 -11.07 0.000 —-24.04454 -16.81107
Underidentification test (Kleibergen-Paap rk LM statistic): 377.037
Chi-sq(1) P-val = 0.0000
Weak i1dentification test (Kleibergen-Paap rk Wald F statistic): 1046.102
Stock-Yogo weak ID test critical values: 10% maximal IV size 7.03
15% maximal IV size 4.58
20% maximal IV size 3.95
25% maximal IV size 3.63
Source: Stock-Yogo {2005). Reproduced by permission.

NE: Critical values are for Cragg-Deonald F statistic and i1.7.d. errors.

Hansen 1 statistic {overidentification test of all instruments): 0.000

{equation exactly identified)
-endog- option:
Endogeneity test of endogenous regressors: 0.495
Chi-sq(2) P-val = 0.7809
Regressors tested: etcr_exp etcr_imp
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