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1. INTRODUCTION 

Recent access to micro-level trade data shows the protagonist role of adding new firms, 

products and destinations (the so-called extensive trade margin) in the long run growth of 

exports (Eaton et al., 2007; Bernard et al., 2009). Regarding new export destinations, Besedes 

and Prusa (2011) show that entry rates are higher for developing countries than for developed 

countries; however, these higher entry rates do not materialize in a higher export growth 

because the survival rates of export relationships with new destinations are much lower for 

developing countries than for developed ones. These facts motivate this paper: If destination 

path-dependence in exports exists, it is important that firms choose adequately export 

destinations because the chances of survival are higher and, by extension, export growth. 

Until recently firm-level research in this area has mostly treated export status as a binary 

variable: firms are either exporting or they are not. Hence, empirical studies of entry into 

exporting have focused on the initial entry decision, particularly on identifying the firm-specific 

characteristics which set exporting firms apart from non-exporters, or on the determinants of 

the destination-product portfolio of an exporting firm. In this paper we focus our enquiry on a 

subsequent question: How do (new) exporting firms expand their destinations portfolio over 

time? 

 Exporters do not add new destinations to their portfolio at random. In fact, firms have a 

higher probability of adding destinations that are geographically, economically and culturally 

close to their domestic market and to other countries to which the firm has previously exported 

(Lawless, 2013; Morales et al, 2014; Defever et al, 2015). In this paper we propose to use tools 

of complex network analysis to measure how close trading partners are in the network. We 

implement a procedure that uses the strength of connections among countries in the network to 

generate clusters of countries (‘communities’). In particular, we examine the network of 

destination countries of Mexican exporting firms in the year 2002. Using network tools 

(modularity), we find up to 10 different ‘communities’ for the entire network. We also find that 

the number and size of the communities change depending on the industry analyzed. Finally, 

we show that no gravity equation can be used to reproduce a counterfactual network with such 

a large number of clusters. 

Next we use our network-based communities as determinants of the destinations-

portfolio of new regular Mexican exporters over the period 2003-2009. We show that an 

exporter will have almost three times higher probability of choosing a new destination if it 

belongs to the same community of any of its previous destinations. The network variable keeps 
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its strong impact even when we control for gravity-type variables, and improves the accuracy 

of the model up to 19%. Finally we find that industry-specific destination-communities and 

general destination-communities have a similar influence on the evolution of Mexican firms’ 

export-portfolio.   

Our analysis is related to three different strands of literature that analyse firms' exports 

dynamics. First, our paper is related with the novel literature on the international-trade network, 

and in particular with those papers using gravity models with networks and a community-

detection approach to identify communities in the World Trade Network (WTN). Kali and 

Reyes (2007) map the topology of international trade and develop new measures of economic 

integration based on network analysis. Fagiolo et al. (2009) and De Benedictis and Tajoli (2011) 

apply network analysis to describe the evolution of the WTN over the last 50 years. Dueñas and 

Fagiolo (2013) compare the topological properties of the actual WTN with the ones obtained 

from the web predicted by the gravity model. Reyes et al. (2014) and Barigozzi et al. (2011) 

explore have explored the community structure of the WTN at the aggregate level and at 

commodity level, respectively. We are the first to implement this methodology to analyze the 

country destinations network generated by exporters of one country, Mexico. 

Second, our paper provides empirical support to the path-dependence hypothesis on 

export portfolio dynamics. Chaney (2011) proposes a model of international network formation 

where firms obtain information about new potential partners from their current trading partners. 

The network formation game yields equilibria where firms' export destinations are path-

dependent. Albornoz et al. (2012) and Nguyen (2012) develop alternative multi-market export 

models based on the idea that a firm's foreign demands are uncertain and correlated across 

markets. When faced with multiple destinations to which they can export, many firms will 

choose to sequentially export in order to slowly learn more about its chances for success in 

untested markets. Experimentation becomes an optimal strategy leading to path-dependence in 

firms' export destinations. Our empirical findings support this argument for the case of Mexico 

since firms that become exporters have a higher probability to expand their export-portfolio 

within the same ´communities´ of countries. 

Third, our paper is related to the concept of "the geographic spread of trade", a term 

originally proposed by Evenett and Venables (2002). They showed that geographic and 

linguistic proximity to an existing export-market was a consistently significant factor in 

determining expansion into new markets for sector-level exports from developing countries, 

implying a role for learning from existing export experiences. Using firm-level export data, 

Lawless (2013), Morales et al. (2014) and Defever et al. (2015), for Ireland, Chile and China, 
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respectively, explore the role of closeness to other destinations and show that firms tend to 

choose new export destinations that are geographically, culturally or economically closer to 

destinations that firms have been already exporting to. The first paper uses a survey of regular 

exporting in one year (so she cannot control for past export history); the other two papers use 

regular exporters so they have to address the challenging issue of past export history (state 

dependence). We solve that complication using a sample of new exporters since they have no 

past exporting history. In addition they examine particular industries (chemical and textile, 

respectively), while we cover all sectors. 

 The remainder of the paper is organized as follows. Section 2 presents the data and 

applies network analysis tools to identify communities within the web of Mexican exporters' 

destinations. Section 3 introduces the empirical model to examine how connectedness between 

countries affects the choice of new destinations by Mexican new exporters that expand their 

export portfolio. Section 4 presents the results of the empirical analyses. Section 5 concludes. 

 

2. COMMUNITIES IN THE NETWORK OF MEXICAN EXPORT MARKETS 

In this section, we present first the database used to perform our empirical analysis and 

then explore the web of export destinations in Mexico using tools from complex network 

analysis. Afterwards, we explain how to identify communities in a network and apply the 

identification algorithm of communities to the entire network of Mexican exporters. We also 

use a theory-based gravity equation to construct a counterfactual network in order to see if we 

can reproduce the same communities that we observed in the actual network. Finally, we 

construct sector-specific networks and implement the algorithm of identification of 

communities separately to each of them and show that the number of communities and its 

members vary substantially from sector to sector. We use again the gravity equation to construct 

counterfactual industry-specific networks in order to check if we can reproduce the same sector-

specific communities that we observed in the actual network.  

a. An exploration of the web of export destinations. 

For our empirical research, we use the transaction level customs data on the universe of 

Mexican exporters over the period 2000-2009. The database was facilitated by the World 

Bank's Trade and Integration Team (Cebeci et al., 2012).1 The database provides the annual 

                                                      
1 Data were collected by the Trade and Integration Unit of the World Bank Research Department as part of their 
efforts to build the Exporter Dynamics Database (http://econ.worldbank.org/exporter-dynamics-database). 



5 
 

value of exports per firm, destination and Harmonized System 6-digit product code.2 We use 

data over the period 2003-2009 to analyze the dynamics of exporters’ destination portfolio in 

the next section (our dependent variable in the econometric exercise) and data over the period 

2000-2002 to examine the network of export markets and construct the community measure in 

this section (our main explanatory variable). A detailed description of the Mexican firm-level 

data as well as other data sources used in the paper can be found in the Data Appendix section 

and in Tables A1 and A2 in the Appendix. 

We begin our empirical analysis by examining the network of Mexican firms' export 

destinations using tools from network analysis. Figure 1 presents the network of Mexican 

exporters' destinations in year 2002.3 Export destinations are nodes in the web and two nodes 

are connected by an edge if there is at least a firm that exports to both nodes. The size of the 

node is correlated with the number of firms that export to that destination and the size of the 

edge (weight) is correlated with the number of firms that export to both destinations linked by 

the edge. The figure only includes the top 65 destinations of Mexican exporters, which represent 

79% of Mexican exports.4 The most important destinations for Mexican exporters were the US 

(25,730 firms), Guatemala (2,534 firms), Canada (1,931 firms), Costa Rica (1,855 firms) and 

El Salvador (1,394 firms). All the nodes are connected in the network and, hence, each node 

has a degree of 64. The edges with the highest weights were Canada-US with 1,534 firms 

exporting to both destinations, Guatemala-US with 1,368 firms, Costa Rica-US with 1,084 

firms, Costa Rica-Guatemala with 923 firms and Colombia-US with 913 firms. 

[Insert Figure 1 here] 

 

b. Identification of communities. 

 In the network of countries where Mexican firms export to, we want to identify 

communities of countries that have stronger connections among them than with the rest of 

destinations in the network. These tighter relationships reveal that if a firm exports to one 

country in the community it will also tend to export to other countries within the community. 

One widely used procedure to identify communities within a network is the maximization of a 

modularity function (Newman, 2006), which is expressed as follows: 

Q ∑ A δ c , c                    (1) 

                                                      
2 For example, one record of our database is the annual value of exports of “Pullovers, cardigans etc. of wool or 
hair, knit” (HS-6 code 6110101) by a Mexican exporting firm (identifier 15) to Italy in 2002. 
3 In the robustness section we also use the 2000 and 2001 data to construct the network of Mexican firms' export 
destinations. 
4 A country is included in the network if at least five firms were exporting to the country.  
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where Q is the modularity index, m is the number of edges in the network, Aij is the number of 

edges between node i and node j, ki and kj are the degree of nodes i and j, respectively, and 

δ(ci,cj) is a delta function that takes the value of 1 if i and j belong to the same community, and 

zero otherwise.5 The term in brackets compares the number of edges between two destinations 

with the number of edges we would expect if edges were distributed randomly in the network, 

providing that the degree of each destination is not altered. Hence, the term in brackets 

compares the actual number of relationships with a benchmark number of relationships. If the 

number of edges between i and j is higher than the benchmark, these destinations will form a 

community. The network will be partitioned in a number of communities that maximizes the 

value of Q. 

 The procedure to determine the optimum number of communities is not trivial, as the 

number of possible combinations of destinations rises exponentially with the number of 

destinations, making the exhaustive comparison of all possibilities unfeasible. To overcome 

this problem, different algorithms have been proposed to maximize modularity and identify 

communities within a network. In this paper, we use the algorithm proposed by Blondel et al. 

(2008). However, as pointed out by Fortunato and Berthelemy (2007), the modularity 

maximization algorithm has a resolution-limit limitation, as it might aggregate small 

communities within a broader community. In order to resolve this limitation they suggest 

applying the maximization algorithm iteratively. First, the algorithm is applied on the whole 

network. Second, the algorithm is applied only on each community identified in the first step. 

The process stops once the algorithm does not find any further partition. In each step, it should 

be checked that the number of edges within the communities identified by the algorithm is 

larger than the expected number of edges. This iterative process has the advantage of identifying 

hierarchies of communities. At the beginning, the algorithm identifies few communities, 

characterized by a large number of members with only just above the average connections 

between them. However, with each iteration, large communities are fragmented into smaller 

communities characterized by stronger ties among their members. To avoid a too long iterative 

process and awkward relationships, we run the community detection algorithm on the sample 

of destinations included in Figure 1. 

Figure 2 displays the process of community-identification in Mexico. In the first 

iteration, the algorithm identifies two big communities. The first community is composed by 

countries located in the American continent, except USA and Canada; and the second 

                                                      
5 Reyes et al. (2014) implement the same algorithm in the detection of communities in the World Trade Network 
(WTN). 
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community by the rest of countries. When we apply the algorithm on the community of 

countries located in the American continent, three final communities (shaded in yellow) 

emerge. The first community is formed by South American countries: Argentina, Bolivia, 

Chile, Colombia, Ecuador, Paraguay, Peru, Uruguay and Venezuela. The second community is 

formed by Central American countries and three Caribbean countries: Belize, Costa Rica, Cuba, 

Dominican Republic, El Salvador, Guatemala, Honduras, Nicaragua, Panama and Puerto Rico. 

The third community is formed by Caribbean countries: Bahamas, Barbados, Haiti, Jamaica 

and Trinidad and Tobago. When we apply again the modularity maximization algorithm on the 

rest of countries community we get a fourth final community composed by large developed 

countries: Canada, France, Germany, Great Britain, Italy, Spain and USA. If we further iterate 

the group of remaining countries we end up with six additional final communities. The fifth 

group is composed by small European countries: Austria, Belgium, Denmark, Finland, 

Netherlands, Norway, Sweden and Switzerland. The sixth community only includes three large 

Asian countries: India, Indonesia and Turkey. The seventh community encompasses countries 

located in or near the Middle-East area: Egypt, Israel, Saudi Arabia and United Arab Emirates, 

and two peripheral European Union countries: Portugal and Greece. The eighth community is 

composed by two Eastern European countries: Poland and Russia. The ninth community is 

formed mostly by Asian countries: China, Hong-Kong, Japan, Korea, Malaysia, Philippines, 

Singapore, Taiwan and Thailand; countries located in Oceania: Australia and New Zealand; 

and two emerging countries: Brazil and South Africa. The final community is formed by two 

small European Union countries: Hungary and Ireland. 

[Insert Figure 2 here] 

 We can observe that gravity variables, such as geographical location, play a role in the 

formation of communities. For example, most of South American countries are located in the 

same community and most of Central American countries are located in the same community. 

However, we also observe that there are some countries that do not obey the geographical rule. 

For example, Brazil does not belong to the community of South American countries, but rather 

to a heterogeneous group that encompasses distant and emerging countries. We also observe 

that Canada and the US do not form a North American community, but are integrated in a 

broader large high-income countries' community. These cases point out that there might be 

other reasons besides those captured by observable gravity variables that might explain how 

(geographically, culturally and economically) close countries are to each other. As the network 

of Mexican export-destinations is built upon the choices taken by Mexican exporters, each 
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community identified in the network acts as a synthetic indicator of all the variables that affect 

the degree of closeness among export destinations.  

 Next, we want to check whether a theory-based gravity model is capable to generate a 

network with our data such that the number and composition of countries in each community 

resemble the ones we have obtained using the raw data. We follow Reyes et al. (2014) in order 

to analyse the degree of similarity between communities identified by the modularity-function 

using raw network data and using predicted network data obtained from the gravity model. 

More specifically, we use the Adjusted Rand index – RAND – (Rand, 1971) and the Variation 

of Information index - VI – (Meila, 2003) to measure similarity between clusters (i.e. 

communities).  

 We first estimate an augmented gravity equation where the dependent variable is the 

number of Mexican firms in 2002 that exported simultaneously to a pair of destinations and the 

explanatory variables include the (log) product of GDP or country pairs, (log) bilateral distance, 

(dummy) common border, (dummy) common language and (dummy) common regional trade 

agreement membership. To account for multilateral resistance terms we also include country-

origin and country-destination fixed effects. Our network has 65 nodes (countries) so the total 

number of country pairs is 2080 (65*64/2). The results of the estimation by Pseudo-Poisson 

Maximum Likelihood (PPML) are displayed in the first column of Table A3 in the Appendix. 

As we expected, the number of Mexican firms that export simultaneously to two destinations 

in 2002 is positively correlated with economic size and negatively correlated with the distance 

between destinations. In addition, sharing a common language also increases the number of 

exporting firms. Having a common colonizer or being member of the same regional trade 

agreement have no significant impact on the number of firms. Finally, sharing a common border 

has a significant negative impact on the total number of Mexican firms that export 

simultaneously to these destinations. 

Next, we obtain the predicted number of firms exporting simultaneously between nodes 

to generate a counterfactual trade network of Mexican exporters and apply the modularity 

algorithm to detect communities. Table A4 in the Appendix shows the results. For the whole 

sample (first row), we identify 10 communities using the raw data (Figure 2). The number is 

reduced to only 4 communities when we use the network predicted by the gravity model. In 

addition, the low values of RAND (0.175) and the high values of VI (1.57) reveal that the 

distribution of countries across communities is very different using the real network and the 

predictions of the gravity model. Our results show that a theory-based gravity model does not 

generate the communities identified from raw data. The reason is that the gravity model is 
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unable to replicate the “richness” of multilateral relationships between countries in the 

destinations network created by Mexican exporting firms. 6 

 

c. Sector-specific communities. 

One of the key advantages of our approach is that it can be easily implemented to 

identify network-based communities at the industry level. It might be the case that countries belong 

to the same community in one industry but to a different community in another industry. For example, 

in the case of Mexico and regarding tequila, Country A and Country B might form a community because 

both countries have the same regulations on the maximum alcohol content. In this case, the tequila that 

has been modified to meet the requirements in Country A will also be suitable for Country B, leading 

these two countries to form a community. In contrast, for book sales, Country A and Country B might 

belong to different communities because they speak different languages. Extended gravity measures 

cannot fully capture these differences because geographical and cultural variables do not usually vary 

across industries. 

 To capture this possibility, we classify exporters in one of seven broad-defined sectors: 

agriculture, chemicals, machinery & transport equipment, metals, non-metallic minerals, paper 

and textiles. For each sector, we identify the sector-specific destination-communities and the 

rest of industries destination-communities. The limitation of this analysis is that the number of 

destinations at the industry level is smaller than at the aggregate level. To keep a sufficient 

amount of destinations we set a less stringent criterion to determine the sample used to identify 

communities. In particular, we only exclude from the sample those destinations that are served 

only by one exporter. The sample that meets this requirement and is common for the seven 

sectors is formed by 55 destinations. They represent 69% of Mexican exports in 2002. To 

identify the communities we follow the same procedure as the one used to identify communities 

in the whole network. 

 Table A5 in the Appendix displays the identified communities in each of the seven 

sectors in Mexico. We should stress that results should be taken cautiously as we use highly 

aggregated sectors and few firms might be linking some marginal destinations, leading to firm-

                                                      
6 What other factors do ‘community’ capture that observable standard gravity measures do not? First, it might 
capture similarities related to consumer preferences (Linder, 1961). For example, for a Mexican exporter of beer, 
two countries might belong to the same community if consumers in both countries have a preference for low 
alcohol-content beers. Once the Mexican exporter incurs in the fixed cost of adapting its beer to a lower alcohol 
content to enter the first country, it will face lower cost to enter the second market. Hence, the exporter will tend 
to export to both markets. Second, similarities might also stem from regulation. For example, if a Mexican exporter 
of avocados incurs into a fixed cost to meet the phytosanitary regulations of a country (e.g. getting a certain quality-
label), it will have lower costs to enter other markets sharing similar phytosanitary measures. Third, similarities 
might arise due to common distribution networks. For example, if a Mexican exporter selects a distributor for its 
products in a market, it will face lower cost to enter the markets in which this distributor is also present. 
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specific communities. As shown in the table, there are differences in the number of communities 

among sectors as well as in the mix of countries in each community. The highest number of 

communities is found in chemicals, 10, and the lowest in paper, 8. We observe that there are 

some broad communities present in most sectors, such as a cluster of South American countries, 

a cluster for Central American countries and a cluster for Caribbean countries. However, the 

size of these clusters and its members vary from sector to sector. Moreover, in some cases, the 

communities of South American and Central American countries are merged. Finally, Asian 

countries, large and high-income developed countries, and smaller and high-income European 

countries tend to stay in the same community, with less variation than other groups of countries 

across industries. 

 To assess the similarity among communities across sectors we calculate an adjusted 

RAND index. This index, ranging between 0 and 1, calculates the fraction of destination pairs 

that belong to the same community in two different sectors.7 As shown in Table A6 of the 

Appendix, the adjusted RAND indexes lie between 0.16 and 0.41. In most cases the correlation 

across partitions is weak, confirming that destinations tend to belong to different communities 

when examining different industries. In the last column of Table A6 in the Appendix, we 

calculate the adjusted RAND index for the sector partitions and the rest of sector partitions for 

each sector. We observe a weak correlation between partitions, ranging from 0.14 to 0.36. These 

results point out that the communities identified at the industry-level are different to those 

identified for the whole set of exporters. 

Finally, we check whether a theory-based gravity model is capable to reproduce the 

original network so the number and composition of the communities is similar to the ones 

obtained from the modularity algorithm applied to the raw data. Repeating the same steps of 

the previous subsection, results of the gravity estimations sector-by-sector are displayed in 

column 2-8 in Table A3 in the Appendix while the similarity measures between clusters across 

sectors are displayed in row 2-8 in Table A4 in the Appendix. There are large differences in the 

number and composition of sector-specific communities. The number of communities using the 

raw data is always larger than the ones obtained from the predicted network using a gravity 

model. In addition, the values of RAND index tend to be small (ranging from 0.002 to 0.262) 

and the values of VI index tend to be far from zero (ranging from 1.504 to 2.635). We conclude 

that a theory-based gravity model is not able to generate a network such that the communities 

                                                      
7 Specifically, the index calculates the fraction of correctly classified (respectively misclassified) elements to all 
elements. The index is adjusted to ensure that the expected value of the index for two random partitions is zero 
(Hubert and Arabie, 1985). 



11 
 

identified using the modularity algorithm resemble those obtained from raw data. Again, the 

reason behind this finding is that the gravity model does not satisfactorily capture all the 

multilateral relationships between countries in the network of Mexican firms' export 

destinations. 

 

3. CAN COMMUNITIES PREDICT THE EXPANSION PATH OF FIRMS´ EXPORT 

DESTINATION PORTFOLIO? 

So far we have calculated network-based communities from the entire web and industry-

specific webs of Mexican firms’ export destination portfolio in year 2002. The rest of the paper 

investigates whether our network-based communities helps to predict which countries will be 

chosen by new exporting Mexican firms that expand their destination portfolio after start 

exporting in 2003. We begin by explaining the empirical model used to study the determinants 

of the expansion of destination portfolio by exporting firms. Next we describe sample of firms 

used to perform the empirical analysis. 

 

a. Empirical model and econometric specification 

Let yiGt =(yi1t, yi2t,…,yiKt) denote the vector of an exporting firm i’s current destination 

portfolio G made of K countries. We want to examine the decision about where to export when 

a firm expands the portfolio of destinations G. If destinations share common characteristics, 

having served one destination might reduce the sunk cost of entering similar destinations. 

Hence, previous export destinations might determine the export-path. Our interest lies in the 

quantification of the effect of “similarity" between countries on the probability of entering a 

new export destination. In particular we want to examine two types of measures: those based 

on gravity-type indicators and those based on our network analysis. 

We derive our econometric equation from a simple model of export participation into 

specific foreign markets by profit-maximizing firms that produce one good in the local market 

and sell part of the production abroad. There are several alternative markets and firms have to 

decide which markets to export to. At any period, exporting firms have the choice of entering 

into a number of markets if it did not export to those markets in the previous period. Let igt be 

firm i’s profits from exporting to market g in year t. We assume that the expected profits of 

exporting to country g by firm i is a linear function of factors affecting the destination choice, 

, 											          (2) 
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where the vector  I ,  includes variables that measure the "mass" of information that firm i 

might obtain from previous exporting experience in other destinations,  is a vector of 

destination-specific constant terms and ε  is a random term denoting the unobservable (by the 

researcher) unique profit advantage to the firm i from selling in country g.  

An exporting firm will choose to export to a particular country if she earns the highest 

possible profit. Formally, the gth country is chosen by firm i as a new export destination 

(omitting the subscript t) if  π max π , k 1…K . If the firm-specific random terms are 

independently distributed, each with a Type I extreme value distribution, McFadden (1974) 

showed that the probability of a firm i to choose to export to destination g compared to the 

probability to choose other destination k is 

π π ,			g k
	 , ′α

∑ 	 , ′	α
		      (3) 

The estimates are obtained by maximizing the likelihood function, ∏ ∏ P . The model 

described above is known as conditional logit model (CLM). Since firms may choose more than 

one destination in a particular year, we need to decide how to handle the issue of simultaneous 

multiple choices. 8 There are two possible strategies: (1) we assume that destination choices are 

independent within the firm when two or more destinations are chosen or (2) we restrict the 

sample to those firms that choose only one destination to expand their destination portfolio. We 

have implemented both strategies to see whether our results are sensitive to the sample choice.9  

We create three sets of variables that capture the "mass" of information about destination 

g that firms obtained from previous exporting experience (I , .  First, we use our network-

based community variable, I , . This variable takes the value of one if the new export 

market belongs to the same community of any of the firm’s previous destinations and zero 

otherwise.10 

                                                      
8 Notice that many firms in our sample expand their portfolio in various consecutive years but we are treating each 
year independently. Sequential exporting is becoming an important topic (Albornoz et al., 2012) and some 
econometric improvements are addressing that issue (Morales et al., 2014).  
9 Notice that CLM does not allow the inclusion of explanatory variables that are not directly related to the choices. 
In our case, it means that we cannot estimate a single parameter to capture the impact of firm-specific 
characteristics on the firm’s probability of exporting to a particular destination. Another potential limitation of 
CLM is the risk of violation of the Independence Irrelevant Alternatives (IIA) assumption. In the sensitivity 
analyses section we also estimate equation (3) with nested logit that relaxes the IIA assumption. Finally we also 
estimate a mixed logit model, which allows taking into account whether destination choices are somehow related 
by imposing that the random coefficients are the same across choices taken by the same firm.  We use Stata v13 
in our regression analysis. 
10 Notice that we constructed our “stock” community variable with 2002 data, before new exporters start expanding 
their “flow” of destinations since 2004 onwards. 
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Second, we include extended gravity variables to control for physical distance, border, 

geographical region, language, migration, regional trade agreement and income per capita level 

between a new destination and the past destinations in the portfolio of the Mexican firm. Then 

the variable ,  characterizes the countries' geographical distance relationship to prior 

export destinations of the firm. It takes the value of one if the new export destination capital 

city is less than a certain number of kilometers away from the capital city of any of the previous 

destinations and zero otherwise. In the benchmark analysis, we use a 1,500 km. radius. We also 

proxy for the geographical links between countries using a common border dummy variable, 

,
	, which takes the value of one if the new export destination shares a land-border with 

any previous destination and zero otherwise; and ,
	, which takes the value of one if the 

new export destination is in the same geographic region of any of the previous destinations and 

zero otherwise.11 The regional dummy variable also controls for the existence of natural trade 

blocs in international trade (Frankel et al., 1995). We also consider cultural closeness measures 

such as common language between export destinations. Specifically, the variable 

	 ,
			takes the value of one if the new export destination speaks the same language of 

any of the previous destinations and zero otherwise. We also proxy for economic proximity, 

controlling the presence of any previous export destination located in the same income quintile 

of the new export market. We also consider other variables that might enhance the proximity 

between destinations, such as migration flows and belonging to the same regional trade 

agreement. Specifically, the variable ,
	  takes the value of one if any previous destination 

has at least 100 immigrants and 100 emigrants in the new export destination and zero otherwise. 

The variable 	 ,
	  takes the value of one if the new export destination belongs to the same 

regional trade agreement of any of the previous destinations and zero otherwise. 

Finally, when we do not include country-specific dummies	  ) in Equation (2), we 

include a set of gravity variables in order to control for observable closeness between the 

domestic market (Mexico) and each new export market: the geodesic distance between Mexico 

and the new export market, a dummy that takes value of one if the destination shares a land 

border with Mexico, a dummy that takes value of one if the official language in destination is 

Spanish; a dummy that takes value of one if the destination has a free trade agreement with 

Mexico (USA, Canada, EU countries, Bolivia, Costa Rica and Nicaragua); and, a dummy that 

                                                      
11 We use the seven major regions identified by the World Bank: East Asia & Polynesia, Europe & Central Asia, 
Latin-American & Caribbean, Middle East & North Africa, South Asia, and Sub-Saharan Africa. 
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takes a value of 1 when there are more than 250 migrants from each country living in the other 

country. We also include GDP as a proxy for the attractiveness of the new export market. Table 

A8 in the Appendix provides the summary statistics of the gravity-type explanatory variables 

used in the regression analysis. 

 

b. Data: the dependent variable 

Our sample consists of all (6,026) Mexican exporting firms that internationalized 

between 2003 and 2007 and carried on exporting until 2009. We called these firms “new regular 

exporters”.12 There are some interesting features that explain why we have chosen them. First, 

we know their entire export portfolio since we know when they started exporting. Second, they 

account for a significant share of Mexican exports (21% of total firms, 23% of all transactions 

and 21% of all value of exports in 2009). Third, they exhibit dynamics of export destination 

portfolio (entry and exit) similar to the old regular exporters (see Table A2 in the Appendix). 

Table 1 presents a summary of our dependent variable: the number of new destinations 

per year served by a typical new regular exporter (the last two columns use a restricted sample 

for the sector-by-sector analysis). The percentage of firm-year pairs that take a value of one is 

56%, that is, the majority of firms in our sample that decide to expand their destination portfolio 

enter a single new destination. The number of firms that expand their destination portfolio in 

more than six destinations is very small (less than 3% of the firm-year observations). The 

distribution of entries per firm-year pair remains the same when we restrict the sample to 7 

selected broad-defined sectors. 13 

  

4. ESTIMATION RESULTS 

 In this section we present the results from the econometric analyses. First, we investigate 

whether communities identified in the whole network of Mexican exporters determine the 

                                                      
12 Strictly speaking, we know that a new regular exporter did not export in 2000, 2001 and 2002. In our set of 
new regular exporters, 757 companies started to export in 2003, 948 in 2004, 1110 in 2005, 1283 in 2006 and 
1928 in 2007. 
13 The number of communities served by a typical new regular exporter each year is one: 75% of new regular 
exporters only serve one community, 14% of new regular exporters serve two communities, 6% of new regular 
exporters serve three communities and 5% of new regular exporters serve four or more communities. As the US 
is the most important destination for Mexican firms, a very large percentage of new regular exporters (84%) serve 
the community in which the US is integrated; 22% serve the community of Central American countries; 13% serve 
the community of South American countries and another 13% the community of Asian countries. The community 
of small European countries is served by 5% of new regular exporters; the community of Middle East countries, 
the community formed by India, Indonesia and Turkey, and the community of Caribbean countries are only served 
by 2% of the new regular exporters. The rest of communities are served by very few Mexican new regular 
exporters. 
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export path of new exporters. We also analyze whether industry-specific destination-

communities have a larger role in determining the export path than general destination-

communities. Second, we perform a set of sensitivity analyses to test the robustness of our 

results. 

a. Main results 

 Table 2 reports estimations of the conditional logit model allowing for simultaneous 

exports to multiple destinations. In specification (1) we estimate the model with community as 

the only independent variable. The communities used in the benchmark analysis are the final 

communities identified in Figure 2. The community coefficient has a large positive value and 

is strongly statistically significant. The transformation of the community coefficients into odds-

ratios provides an easy way to interpret economically the estimates. 14  For Mexico, the 

probability of choosing a new destination rises by 448% (=exp(1.50)) if it belongs to the same 

community of any of the firm’s previous destinations. 

[Insert Table 2 here] 

 Specification (2) introduces gravitational variables, such as GDP, distance, common 

border, common language, belonging to the same regional trade agreement and migration 

stocks to proxy the similarity between the domestic (Mexico) and the new export market, and 

the attractiveness of the new export market. There is a reduction in the size of the positive 

community coefficient and still is strongly statistically significant. According to the new 

coefficients, once we control for gravity measures, the probability of choosing a new destination 

rises by 319% in Mexico if it belongs to the same community of any of the firm’s previous 

destinations. Regarding gravitational variables, the larger the size of the new export market the 

higher the probability of choosing that market as a new export destination; and the larger the 

bilateral distance the lower the probability of selecting the new export destination. Speaking 

the same language, having a land border and a higher number of migrants raise the probability 

of choosing the new export destination, while belonging to the same trade agreement have no 

impact. 

 Specification (3) also controls for extended-gravity measures and, again, the positive 

value of the community coefficient is further reduced: once we control for gravity and extended 

                                                      

14 The basic idea is the following:  
,

,

,

,

exp	  
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gravity measures, the probability of choosing a new export destination rises by 184% if it 

belongs to the same community of any of the firm’s previous destinations. 

 Regarding extended gravity variables, having a previous export destination within 1,500 

kilometers radius of the new destination raises the probability of selecting this destination. We 

also find that a new export destination has a larger probability of being chosen if there are 

previous destinations that speak the same language as this new destination, share a border, are 

located in the same income-quintile and region, and have sizable bilateral migration flows. In 

contrast, probability of being chosen is not affected when the new destination belongs to the 

same regional trade agreement of any previous destination. 

 To confirm that the community variable enhances the model’s predictive capacity, we 

compare the probability of choosing a destination predicted by our model and by a model with 

extended gravity variables. In particular we calculate the percentage of cases in which the model 

provides a higher probability than the unconditional probability when a firm selects a 

destination. For selected destinations, the extended gravity model predicts a probability of 

selection above the unconditional probability in 53% of cases. The model including the 

community variables predicts a probability above the unconditional probability in 63% of cases, 

which represents a 19% improvement in predictive power. 

 Finally, specification (4) introduces destination-specific fixed effects. These fixed 

effects preclude the estimation of time-invariant gravity variables so, for the sake of clarity, we 

remove all gravity variables from the estimation. The community coefficients remain positive 

and statistically significant at the 1 percent level. Once we control for gravity, extended-gravity 

and destination-specific effects, the probability of choosing a new export destination rises by 

168% if it belongs to the same community of any of its previous destinations. 

 Table 3 presents the results of estimating the model with industry-specific communities 

and rest of industries communities. Both coefficients are positive and strongly statistically 

significant. As we expected, the industry-specific coefficient is larger than the rest of industries 

community coefficient. However, the differences are small and we cannot reject the null 

hypothesis that both coefficients are equal. Hence, we conclude that industry-specific 

communities and rest of industries communities play similar roles in determining exporters' 

export-path.  

 [Insert Table 3 here] 
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b. Sensitivity analyses  

We perform a series of sensitivity analyses to assess the robustness of our results. First, 

we want to confirm that the communities identified by the network-analysis algorithm do not 

have a strong explanatory capacity by chance. To rule out this possibility we assign destinations 

to communities randomly. To carry out this exercise we assume that the number of communities 

and the number of members within each community is the same as in the benchmark 

estimations. We perform the exercise 50 times; each time, once the random communities are 

generated we run the same model as the one in Table 2 - specification (4). In all 50 estimations 

the community coefficient never was positive and statistically significant.  

 Second, we analyze whether the community coefficient is robust to the use of a larger 

sample to identify communities. We expand the sample including the years 2000 and 2001.15 

Table 4 presents the results of estimating the model with the new samples. The community 

coefficient remains positive and strongly statistically significant. 

[Insert Table 4 here] 

 Third, we analyze whether the community coefficients are robust to different extended 

distance variables. We re-estimate the model with a shorter distance: 500 kilometers, and a 

larger distance 3,000 kilometers. As shown in columns 2-3 in Table 4, the community 

coefficient is robust to the alternative extended-gravity distance radius.  

Fourth, we use a more stringent threshold to determine whether a firm is a new exporter. 

Now, we define a firm as a new exporter if it does not export in 2000, 2001, 2002 and 2003. As 

shown in column 4 of Table 4, the community coefficient remains positive and statistically 

significant and is similar to those reported in the benchmark estimation (column 4).  

Fifth, we convert the community and the extended gravity variables from discrete 

variables to count variables, such that the community variable is the number of previous 

destinations that belong to the same community as the new destination. The community 

coefficient reduces its positive value, but remains strongly statistically significant (column 5) 

 Sixth, we analyze whether results for Mexico are robust to excluding all transactions 

with the US.. The community coefficient is very similar to the one reported in the benchmark 

analysis (column 6). 

                                                      
15 To avoid marginal destinations, we exclude from the sample the destinations with less than 50 exporters during 
the period 2000-2002. The longer period and a less stringent threshold to admit a destination raises the number of 
destinations to 83 (65 previously). After applying iteratively the modularity maximization algorithm, we identify 
12 communities. Compared to the sample used in the benchmark analyses, the number of communities rises in 
two (see Tables A7 in the Appendix). 
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 Seventh, we examine whether the results are affected by the inclusion of a new variable 

that is calculated using the trade network of Mexican firms in 2002: the (log) number of firms 

exporting simultaneously to the new destination and to the past destination of the firm´s 

portfolio. We call the new variable “Firm network” in column (8). The positive and significant 

coefficient suggests that the probability to choose a new destination increases as the number of 

firms that simultaneously exported to the past portfolio and the new destination increases. The 

community coefficient reduces its positive value, but remains strongly statistically significant.16 

 Eighth, the results presented in the benchmark estimation use the final communities 

identified in Figure 2. In order to test the robustness of our results we also estimate the model 

with communities identified with fewer iterations of the modularity maximization algorithm.  

Table 5 presents the results of the estimations for different community hierarchies. For 

comparison we also reproduce the results when estimating the model with the final 10 

communities in column 1. The community coefficient is always positive and statistically 

significant; the community coefficient only drops substantially when we only use one iteration. 

[Insert Table 5 here] 

 Ninth, the conditional logit model imposes a strong restriction: Independence Irrelevant 

Alternatives (IIA) assumption. The IIA states that the ratio of the probabilities of choosing a 

new export market only depends on the attributes of the two destinations, and is independent 

on the characteristics of other destinations. However, this restriction fails if some destinations 

have some (unobserved) common characteristics, making substitution among them easier. If 

the IIA restriction does not hold the conditional logit model leads to biased estimates. To 

address this limitation, we estimate alternative logit models that relax the IIA assumption: the 

nested-logit model and the mixed logit model.17 As shown in Table 6, in both the nested and 

mixed logit models, the community coefficient remains positive and statistically significant.  

[Insert Table 6 here] 

 Finally we repeat all the estimations with an alternative sample: we restrict the analysis 

to those firms that expand their export portfolio in only one destination per year. Table 7 reports 

                                                      
16 Table A1 in the Appendix shows that the global financial crisis had a negative impact on the number of firms 
and total value of exports in 2009. As an additional check, we investigated whether our results are affected by the 
global financial crisis. When we run our preferred specification year by year separately we found that estimates 
for year 2009 were no significantly different from those observed before 2008. 
17 To implement the nested logit model we should determine a nesting criterion. We start assuming that firms 
decide, first, what major world region they want to sell to and, second, they select the destination within that 
region. We also used alternative nesting criteria, such as dividing destinations into close markets and distant 
markets, which no major changes in results. To estimate the nested logit model we assign destinations to one of 
the seven major regions defined by the World Bank (see footnote 11). 
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the results. The main conclusion is that the sign and coefficient of the explanatory variables of 

the empirical model are not affected when we restrict the sample.  

[Insert Table 7 here] 

To sum up, the sensitivity analyses show that the positive and significant contribution 

of belonging to a community in determining the dynamics of firms’ new export destinations is 

robust to the use of different samples and econometric specifications. We also show that this 

positive relation does not arise randomly. 

 

5. CONCLUSIONS  

 How do exporters choose new export destinations? While there are many factors that 

are important for this decision, an empirical regularity strikes out: firms tend to choose new 

export markets that are similar to their prior export destinations. Network analysis, through the 

community-detection algorithm, provides a tool to identify destinations that share a common 

set of characteristics. This measure has advantages over the gravity measures. First, it is an 

agnostic approach using a purely outcome-based measure and, hence, encapsulates all the 

observable and non-observable factors that may influence the degree of similarity among 

destinations. Second, it is a country-specific measure. Third, it allows the calculation of 

industry-specific similarity measures. 

 We apply this methodology to the web of Mexican exporters' destinations and find that 

there are ten communities in the Mexican web (of 65 countries). Next we show that belonging 

to the same community of a previous export destination exerts a strong influence on the 

dynamics of the exporter. In particular, the probability of choosing a new destination multiplies 

by three if it belongs to the same community of any of firm’s previous destinations. We show 

that the strong predictive capacity of the network-based similarity measure remains once we 

control for gravity measures. We also show that industry-specific community of destinations 

and general community of destinations exert a similar influence on the dynamics of Mexican 

exporters' destination-portfolio. Results are robust to different specifications and samples. 

We conclude, based on our research that it can be useful to take into account the 

destination network of regular exporters in order to design trade-enhancing policies orientated 

to expand the destination portfolio of exporters trying to concentrate efforts on countries 

belonging to the same community to that of previous export destinations. For incumbent firms 

the decision process about the first export destination should incorporate information not only 

about the finally selected country but it should consider the community as a potential market to 
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be served. For international trade agreements, the community structure has political 

considerations because a bilateral trade agreement might have also positive spillovers over the 

countries belonging to the same community, as it will also foster trade with them. Sector-

specific communities might be useful for industrial policy. Furthermore, the paper would 

support the implementation of trade promotion practices aimed at increasing the expansion to 

similar destination markets to those ones in which the company has export experience. That is, 

the probability of success of these trade policies would be higher, given the significant tendency 

of firms to optimize their efforts in foreign markets by remaining in closely related areas 

(‘communities’). 

 

APPENDIX.  DATA SOURCES. 

Our firm-level data comes from transaction-level customs data on the universe of 

Mexican exporters over the period 2000-2009. The source for the data is detailed in the Annex 

of Cebeci et al. (2012) and the data was collected by the Trade and Integration Unit of the World 

Bank Research Department, as part of their efforts to build the Exporter Dynamics Database. 

In the Mexican dataset the firm identification code changes from 2007 onwards. For the year 

2007 we have data with the old firm classification and with the new firm classification. 

Matching firm-level country and HS 6-digit specific records we can establish a correspondence 

between the old firm classification and the new firm classification for firms that exported in 

2007. For the rest of firms that exported in 2008 and/or 2009, we cannot know whether they are 

new exporters or they are firms that exported in the 2000-2006 period. Since we use data on 

year 2002 for the network analysis and the sample of entrants that export at three consecutive 

years for the analysis of the dynamics of destination portfolio, this problem in the raw data does 

not affect our analysis. Table A1 in the Appendix display information on the number of trading 

firms, number of transactions and value (in millions US$) in the 2000-2009 period.  

 Data for the construction of the gravity and extended-gravity measures come from 

different sources. Data on income and population are taken from World Bank (2012). Distance, 

contiguity, common language, colonial relationship and same continent are obtained from Head 

et al. (2010). Bilateral migration stocks in 2000 are from Özden et al. (2011) and common 

membership in a regional trade agreement (RTA) in 2002 is obtained from de Sousa et al. 

(2012). The web links for databases open to the public are: World Development Indicators: 

http://data.worldbank.org/data-catalog/world-development-indicators; CEPII gravity dataset: 

http://www.cepii.fr/anglaisgraph/bdd/gravity.asp; RTA database: 
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http://kellogg.nd.edu/faculty/fellows/bergstrand.shtml; World Bilateral Migration database: 

http://data.worldbank.org/data-catalog/global-bilateral-migration-database. 
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FIGURE 1. The network of Mexican firms export destinations, 2002 
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FIGURE 2. Community detection process in the network of Mexican exporters' destinations. 
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TABLE 1. Dependent variable. Number of new export destinations per firm-year. 

          Restricted sample 
        All sectors   (7  sectors) 

# entries per     Cum.     Cum. 

firm-year pair   Frequency
Freq. 

(%)   
Frequency 

Freq. 
(%) 

1   3905 57.26   3774 57.55 
2   1436 21.05   1377 20.99 
3   690 10.11   657 10.01 
4   324 4.75   310 4.72 
5   193 2.83   181 2.76 
6   94 1.38   88 1.34 
7   55 0.81   53 0.81 
8   36 0.53   34 0.52 
9   33 0.48   32 0.48 

10   29 0.42   29 0.44 
11   13 0.19   13 0.19 
12   10 0.14   8 0.12 
13   2 0.03   2 0.03 

Total firm-year   6820 100   6558 100  
Notes: (1) In the regression analysis we do not include 34 Mexican new exporters that expanded their 
export portfolio in 14 or more destinations in a single year. Results are not affected if we include these 
firms (see previous results in the working paper). (2)  In the construction of the community measure 
industry-by-industry we did not include firms operating in the sectors “Mineral products” (HS2digits 27-
29) and “Miscellaneous products” (HS2digits 90-99). 
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TABLE 2. Main results. Conditional logit estimations. Baseline results. (Dependent 
variable: Choice of new export destination) 

Specification (1) (2) (3) (4) 

Community 1.500*** (0.025) 1.011*** (0.026) 0.610*** (0.027) 0.515*** (0.032) 

GDP  0.413*** (0.008) 0.451*** (0.008)  

Distance  -0.958*** (0.023) -0.782*** (0.024)  

Border  0.222*** (0.037) 0.554*** (0.039)  

Language   0.575*** (0.028) 0.662*** (0.029)  

RTA  0.026       (0.022) 0.003      (0.022)  

Migrants  0.020*** (0.004) 0.001      (0.004)  

I_distance 1500   0.241*** (0.028) 0.275*** (0.030) 

I_border   0.475*** (0.028) 0.368*** (0.029) 

I_language   0.253*** (0.025) 0.312*** (0.037) 

I_RTA   -0.011       (0.029) 0.178*** (0.034) 

I_income   0.014       (0.051)  0.162*** (0.030) 

I_migration   0.843*** (0.057) 0.523*** (0.060) 

I_region   0.458*** (0.035) 0.528*** (0.040) 

Country 
dummies 

No No No Yes 

Observations 829,900 829,900 829,900 829,900 

Nº of firms 3,255 3,255 3,255 3,255 

Nº of countries 65 65 65 65 

Pseudo R2 0.05 0.13 0.15 0.17 

 
Notes: Clustered standard errors at the firm-level in parentheses. ***, ** significant at 1 percent and 5 
percent respectively. 
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TABLE 3. Estimations with sector-specific communities 

Dependent variable: Choice of new export destination. 

    (1)     
I _Community sector 0.400*** (0.037) 
I _Community no-sector 0.331*** (0.042) 
I _distance 1500 0.269*** (0.030) 
I _border 0.344*** (0.030) 
I _language 0.339*** (0.037) 
I _RTA 0.216*** (0.033) 
I _income 0.166*** (0.030) 
I _migration 0.485*** (0.061) 
I _region 0.580*** (0.040) 

 
Observations 670,290 
Nº of firms 3239 
Nº of countries 55 
Pseudo R2 0.17 

 
Notes: All estimations include destination-specific fixed effects. Clustered standard errors at the firm-level in 
parentheses. *** significant at 1 percent. 
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TABLE 4. Sensitivity Analysis I. Estimations for different choices and variables. 
(Dependent variable: Choice of new export destination). 

 
 
 
Variables 

(1) 
Larger 

sample of 
countries 

(2) 
 

I_distance 
500 

(3) 
 

I_distance 
3000 

(4) 
 

New 
exporters 

(5) 
Count rather 

than 
dichotomous 

(6) 
 
 

No US 

(7) 
 

Firm 
network 

Community 0.742*** 
(0.039) 

0.515*** 
(0.032) 

0.522*** 
(0.032) 

0.495*** 
(0.037) 

0.210*** 
(0.012) 

0.439*** 
(0.035) 

0.322*** 
(0.032) 

I_dist 1500 0.263*** 
(0.030) 

  0.266*** 
(0.033) 

0.038** 
(0.019) 

0.250*** 
 (0.030) 

0.213*** 
(0.029) 

I_dist 500  0.233*** 
(0.046) 

     

I_dist 3000   0.054* 
(0.033) 

    

I_border 0.358*** 
(0.030) 

0.283*** 
(0.034) 

0.363*** 
(0.030) 

0.335*** 
(0.032) 

0.218*** 
(0.024) 

0.386*** 
(0.029) 

0.268*** 
(0.029) 

I_language 0.275*** 
(0.036) 

0.315*** 
(0.038) 

0.318*** 
(0.038) 

0.346*** 
(0.040) 

0.033*** 
(0.010) 

0.359*** 
(0.038) 

0.243*** 
(0.037) 

I_RTA 
 

0.188*** 
(0.031) 

0.191*** 
(0.034) 

0.195*** 
(0.033) 

0.198*** 
(0.037) 

0.030*** 
(0.005) 

0.257*** 
(0.034) 

0.110*** 
(0.033) 

I_income 0.172*** 
(0.030) 

0.145*** 
(0.031) 

0.160*** 
(0.031) 

0.158*** 
(0.035) 

0.073*** 
(0.010) 

0.201*** 
(0.031) 

0.063** 
(0.031) 

I_migration 0.502*** 
(0.061) 

0.494***  
(0.060) 

0.515*** 
(0.060) 

0.502*** 
(0.066) 

0.007 
(0.009) 

0.446*** 
(0.061) 

0.347*** 
(0.060) 

I_region 
 

0.540*** 
(0.038) 

0.610*** 
(0.040) 

0.595*** 
(0.040) 

0.545*** 
(0.044) 

 

0.070*** 
(0.014) 

 

0.560*** 
(0.040) 

 

0.301*** 
(0.041) 

 
Firm network 
 

      1.477*** 
(0.086) 

 
Observations 829,900 829,900 829,900 670,078 829,900 760,481 829,900 
Nº of firms 3,255 3,255 3,255 2,774 3,255 3,096 3,255 
Nº countries 90 65 65 65 65 64 65 
Pseudo R2 0.17 0.17 0.17 0.17 0.17 0.15 0.17 

 

Notes: All regressions include destination-specific fixed-effects. Clustered standard errors at the firm-level in 
parentheses. ***, ** significant at 1 percent and 5 percent respectively. 
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TABLE 5. Sensitivity Analysis II: Estimations for different community hierarchies 
(Dependent variable: Choice of new export destination). 

Community type Final 4 iterations 3 iterations 2 iterations 1 iteration 
. 

Community 0.515*** 
(0.032) 

0.521*** 
(0.026) 

0.547*** 
(0.031) 

0.557*** 
(0.028) 

0.410*** 
(0.034) 

I_distance 1500 0.275*** 
(0.030) 

0.274*** 
(0.027) 

0.275*** 
(0.027) 

0.274*** 
(0.027) 

0.303*** 
(0.027) 

I_border 0.368*** 
(0.029) 

0.367*** 
(0.028) 

0.364*** 
(0.028) 

0.363*** 
(0.028) 

0.420*** 
(0.028) 

I_language 0.312*** 
(0.037) 

0.312*** 
(0.034) 

0.316*** 
(0.034) 

0.310*** 
(0.034) 

0.401*** 
(0.033) 

I_RTA 0.178*** 
(0.034) 

0.177*** 
(0.033) 

0.166*** 
(0.033) 

0.163*** 
(0.033) 

0.272*** 
(0.032) 

I_income 0.162*** 
(0.030) 

0.159*** 
(0.029) 

0.153*** 
(0.031) 

0.146*** 
(0.029) 

0.274*** 
(0.029) 

I_migration 0.523*** 
(0.060) 

0.519*** 
(0.054) 

0.503*** 
(0.057) 

0.501*** 
(0.057) 

0.431*** 
(0.058) 

I_region 0.528*** 
(0.040) 

0.529*** 
(0.032) 

0.525*** 
(0.032) 

0.553*** 
(0.032) 

0.598*** 
(0.032) 

Observations 829,900 829,900 829,900 829,900 829,900 
Nº of firms 3,255 3,255 3,255 3,255 3,255 
Nº of countries 65 65 65 65 65 
R2 0.17 0.17 0.17 0.17 0.17 

 
Notes: All estimations include destination-specific fixed effects. Clustered standard errors at the firm-level in 
parentheses. ***, **, * significant at 1 percent and  5 percent respectively.  
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TABLE 6. Sensitivity Analysis III: Nested-Logit and Mixed -Logit model estimations 
(Dependent variable: Choice of new export destination). 

Variables Nested-Logit Mixed-Logit 
Mean 

Mixed-logit 
Standard deviation 

Community 0.715*** (0.031) 0.472*** (0.028)     0.529*** (0.043) 
I_distance 1500 0.564*** (0.040) 0.146** (0.009)        0.022   (0.080) 
I _border 0.627*** (0.043) 0.336*** (0.127) 0.103  (0.070) 
I _language 0.452*** (0.037) 0.273*** (0.027) 0.017  (0.089) 
I _RTA 0.334*** (0.036) -0.057* (0.042) 0.313*** (0.061) 
I _income 0.225*** (0.032) 0.129*** (0.034) 0.335*** (0.072) 
I _migration 0.705*** (0.071) 0.798*** (0.073) 0.473** (0.172) 
I _region 0.401*** (0.035) 0.564*** (0.053) 
LR-Test for IIA 
(phi value) 

105.27 
(0.00)

 

N observ. 829900 829900 829900 
 
Notes:  The mixed-logit estimation also includes gravity-type controls. Standard deviation in parentheses. 
***, **, * significant at 1 percent, 5 percent and 10 percent respectively.  
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TABLE 7. Sensitivity Analysis IV (Dependent variable: Choice of new export 
destination). Sample: Firms that expand export portfolio by one destination only. 

Variables (1) 
clogit 

Baseline 

(2) 
clogit 

with firm 
network 

(3) 
Nested logit 

Baseline 

(4) 
Mixed logit 

Mean 

(5) 
Mixed logit 

SD 

Community 0.565*** 
(0.054) 

0.388*** 
(0.056) 

0.754*** 
(0.060) 

0.614*** 
(0.054) 

0.973*** 
(0.107) 

Community sector 
 
Community no-sector 

     

      
I_dist 1500 0.258*** 

(0.067) 
0.220*** 

(0.067) 
0.546*** 

(0.085) 
0.181** 
(0.091) 

0.561*** 
(0.239) 

I_border 0.593*** 
(0.064) 

0.495*** 
(0.065) 

0.938*** 
(0.093) 

0.516*** 
(0.065) 

0.583*** 
(0.140) 

I_language 0.441*** 
(0.069) 

0.413*** 
(0.068) 

0.565*** 
(0.072) 

0.323*** 
(0.049) 

0.524*** 
(0.134) 

I_RTA 
 

0.075 
(0.058) 

0.038 
(0.058) 

0.209*** 
(0.067) 

0.098 
(0.55) 

0.008 
(0.146) 

I_income 0.197*** 
(0.054) 

0.138** 
(0.055) 

0.260*** 
(0.062) 

0.197*** 
(0.054) 

0.537*** 
(0.163) 

I_migration 0.577*** 
(0.102) 

0.448*** 
(0.104) 

0.803*** 
(0.130) 

1.002*** 
(0.185) 

0.652* 
(0.352) 

I_region 
 

0.480*** 
(0.071) 

0.233*** 
(0.074) 

 

 0.400*** 
(0.065) 

0.483** 
(0.238) 

Firm Network 
 

 1.293*** 
(0.129) 

 

   

Observations 251,341 251,341 247,510 247,510  
Nº of firms 2616 2616 2602 2602  
Nº countries 65 65 65 65  
Pseudo R2 0.25 0.25    

 

Notes: Columns (1)-(3) include destination-specific fixed-effects. Clustered standard errors at the firm-level in 
parentheses. ***, ** significant at 1 percent and 5 percent respectively. 
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TABLE A1. Mexican exporters database (2000-2009)

 

Notes: The term "firm" refers to any individual operator that makes a transaction in a year. The dataset contains all the transactions with a value above 1,500US$. The area in 
dark grey refers to the number of firms, number of transactions and value of exports in 2009 of the new regular exporters, that is, firms that started exporting after 2003 and 
did not stop exporting until 2009 (our Mexican firms sample).  

  

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009
Number of exporting firms 35.509 34.318 31.592 30.420 30.441 30.984 30.171 30.283 29.796 28.690
Number of transactions 183.586 181.343 171.029 161.899 167.905 173.620 174.308 187.267 190.584 183.036
Value of exports (current US$ million) 165.974 158.539 160.669 164.941 187.736 213.902 249.510 270.776 290.160 228.728

Regular exporters (N=5697)  (% firms) 16% 17% 18% 19% 19% 18% 19% 19% 19% 20%
% total transactions 35% 38% 40% 40% 43% 46% 46% 46% 46% 46%

% value of total exports 60% 64% 65% 66% 66% 66% 67% 67% 68% 69%

Regular new exporters           Number 757 948 1.110 1.283 1.928 6.026
 (% in total firms) 2% 3% 4% 4% 6% 21%

Transactions 3.207 3.907 5.081 5.145 7.177 41.571
 (% in total transactions) 2% 2% 3% 3% 4% 23%

Value of exports 30.890 29.351 28.498 33.411 62.596 47.805
 (% in total exports) 19% 16% 13% 13% 23% 21%

Memorandum
Merchandise exports (Source: WDI) 166.367 158.547 160.682 165.396 187.980 214.207 249.961 271.821 291.265 229.712
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TABLE A2. Changes in export destination portfolio of Mexican “new regular exporters”. 

 

Source: Own elaboration using Census of Exporting Mexican Firms, 2000-2009. 

  

(1) (2) (3) (4) (5) (6)

Type of firm

Regular 
exporters 

2000-2009
Years exporting  03-04  04-05  05-06  06-07  07-08  07-08

# new regular exporters 757 948 1110 1283 1928
# firms in each period 757 1705 2815 4098 6026 5697

Changes in country portfolio (%)
Only entries 21 17 15 14 15 16
Only exits 4 6 8 8 9 7
Simultaneous entry & exit
      same entries and exits 5 6 5 6 6 6
      entries>exits 8 7 7 7 7 7
      entries < exits 1 3 4 4 4 3
No change in portfolio 61 62 61 61 60 61

New exporting firms since 2003 that do not stop exporting
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TABLE A3. Gravity equation for all sectors and sector-by-sector. Dependent variable: Number of Mexican firms in 2002 that exported 
simultaneously to destinations i and j.  

 

Notes: All sectors sample contains 65 destinations. N=2080 [=65*64)/2]. Sector by sector samples contain 55 destinations: N=1485 [=(55*54)/2] observations. 
Estimation method: Pseudo-Poisson Maximum Likelihood. All regressions include origin (i) and destination (j) fixed effects. Explanatory variables: lgdp_ij is 
the log of the product of GDP from country i and GDP of country j; ldist_ij is the log of bilateral geodesic distance; border_ij is a dummy that takes value of 1 
if countries i&j share a common land border; language_ij is a dummy that takes value of 1 if countries i&j share a common official language; rta_ij is a dummy 
that takes value of 1 if countries i&j are members of the same regional trade agreements. See Appendix: Data sources for information on data sources. 

 

0 1 2 3 4 5 6 7
VARIABLES All  sectors  Agriculture Chemicals Machiney Metals Non‐mineral Paper Textile

lgdp_ij 0.205*** 0.339*** ‐4.991*** 0.198*** 0.419*** ‐13.292*** 0.405*** ‐11.515***
[0.025] [0.031] [0.365] [0.014] [0.026] [0.855] [0.046] [0.517]

ldist_ij ‐0.311*** ‐0.380*** ‐0.240*** ‐0.257*** ‐0.315*** ‐0.267*** ‐0.274*** ‐0.309***
[0.010] [0.015] [0.018] [0.012] [0.013] [0.024] [0.018] [0.016]

border_ij ‐0.140*** ‐0.103** 0.042 ‐0.179*** ‐0.153*** ‐0.209*** ‐0.070 ‐0.190***
[0.030] [0.044] [0.057] [0.029] [0.036] [0.041] [0.059] [0.038]

language_ij 0.214*** 0.170*** 0.080** 0.124*** 0.221*** 0.333*** 0.222*** 0.126***
[0.020] [0.031] [0.033] [0.020] [0.025] [0.046] [0.043] [0.026]

comcol_ij 0.088 0.002 0.063 0.112 0.167* 0.271 0.113 0.017
[0.060] [0.163] [0.170] [0.118] [0.100] [0.259] [0.136] [0.130]

rta_ij ‐0.005 ‐0.043** 0.017 0.017 ‐0.021 0.045*** ‐0.071*** 0.017
[0.011] [0.020] [0.019] [0.011] [0.017] [0.013] [0.023] [0.014]

Observations 2080 1485 1485 1485 1485 1485 1485 1485
R‐squared 0.976 0.908 0.963 0.982 0.963 0.981 0.928 0.973
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TABLE A4. Comparison of similarity between communities obtained from raw data 
and from predicted gravity. 

  
Number 

communites  Degree of similarity

  
Raw 
data 

Gravity 
model  RAND VI

       
All sectors 10 4  0.175 1.579
   
1. Agriculture 

8 3  0.262 1.612
2. Chemicals 

10 2  0.002 2.335
3.Machinery & transport equipment 

6 3  0.213 1.504
4. Metals 

9 3  0.168 1.713
5. Non-metallic minerals 

9 6  0.065 2.635
6. Paper 

5 2  0.129 1.532
7. Textiles 

7 2  0.012 1.812
 

Notes: VI = Variation of information; RAND= adjusted RAND index. VI=0 indicates maximum 
similarity in the distribution. The RAND index varies between 0 and 1; a value of 0 means no 
matching (i.e. maximum dissimilarity). 
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TABLE A5. Communities by sectors. Mexico 2002 

Agriculture Chemicals Machinery & 
Transport equipment 

Metals Non-metallic 
minerals 

Paper Textiles 

ARG BOL CHL BOL ARG CHL CHL 
BOL CHL COL CHL BRA COL COL 
BRA COL CRI COL CHL CRI CRI 
CHL CUB CUB ECU COL CUB CUB 
COL ECU DOM PER ECU DOM DOM 
DOM PAN ECU VEN ESP ECU ECU 

ECU PER GTM BHS PER GTM GTM 
PER VEN HND BLZ VEN HND HND 

PRI BHS NIC BRB BLZ JAM NIC 
VEN BRB PAN HTI GRC NIC PAN 

BHS JAM PER JAM HTI PAN PER 
BLZ TTO SLV TTO JAM SLV PRI 

BRB CRI USA CRI TTO VEN SLV 

CUB DOM VEN CUB BHS ARG VEN 

HTI GTM BHS DOM CHE BRA BZL 
JAM HND BLZ GTM CRI CAN BOL 
TTO NIC BOL HND CUB HKG BRB 
URY SLV BRB NIC DOM IDN HTI 

CRI ARE HTI PAN GTM KOR JAM 
GTM CHN JAM PRI HND MYS TTO 

HND HKG PRI SLV NIC PER CHN 

NIC IDN TTO HKG PAN PHL HKG 

PAN KOR ARG HUN PRI URY HUN 

SLV THA IDN MYS SLV AUS THA 

CHN TWN MYS NLD USA AUT TWN 

KOR AUS NZL SGP ARE BEL BRA 
PHL GRC PHL THA IDN BHS CAN 
THA MYS SGP TWN KOR BRB CHE 

HKG NLZ THA AUS THA CAN DEU 
IDN PHL TWN AUT TWN DEU IDN 

NZL SGP URY BEL CHN ESP KOR 

SGP DEU ZAF BRA HKG FIN PHL 

TWN ESP AUS CHN JPN FRA SWE 

AUS FRA BEL GBR PHL GBR USA 

BEL GBR BRA JPN ZAF GRC ARE 

CAN ITA CAN KOR CAN HUN BEL 
CHE JPN CHN ZAF FRA ITA BHS 

DEU BLZ DEU CAN GBR JPN ESP 
ESP CAN ESP CHE ITA NLD FRA 
GRA HTI FRA DEU SAU NZL GRC 
GBR PRI GBR ESP SWE PRI ITA 

ITA USA HKG FRA FIN PRT NLD 

JPN FIN ITA ITA MYS SAU PRT 

NLD HUN JPN USA NLZ SWE AUS 

SWE SAU KOR ARE BOL TWN FIN 

USA ARG NLD SAU HUN USA GBR 

ARE BRA ARE ARG SGP ARE JPN 
GRC PRT FIN IDN URY BLZ MYS 

MYS URY GRC PHL AUS BOL SGP 
PRT ZAF SAU URY AUT SGP ZAF 

SAU AUT AUT FIN BEL THA ARG 

AUT BEL CHE GRC BRB TTO AUT 

FIN CHE HUN NZL DEU CHE NZL 
HUN NLD PRT PRT NLD HTI SAU 
ZAF SWE SWE SWE PRT ZAF URY 
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TABLE A6. Adjusted Rand indexes.  
 

 Agriculture Chemicals Machinery & 
Transport 
equipment 

Metals Non-metallic 
minerals 

Paper Textiles Industry partitions 
vs. rest of industries 

partitions 
Agriculture 1.00       0.36 
Chemicals 0.31 1.00      0.14 
Machinery&Transport  0.34 0.32 1.00     0.38 
Metals 0.37 0.31 0.38 1.00    0.25 
Non-metallic minerals 0.26 0.24 0.24 0.32 1.00   0.31 
Paper 0.23 0.16 0.28 0.18 0.17 1.00  0.31 
Textiles 0.26 0.25 0.41 0.35 0.23 0.25 1.00 0.22 
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TABLE A7. Community detection process in the network of Mexican exporters' destinations using the 2000-2002 sample 

ARG, BOL, CHL, COL, ECU, PER, PRY, URY, VEN 
BLZ, CRI, CUB, DOM, GTM, HND, NIC, PAN, PRI, SLV 
DMA, HTI, JAM, SUR, TTO 
ABW, ANT, ATG, BHS, BMU, BRB, CYM, LCA, VCT, GUY 
BEL, BRA, CAN, CHE, DEU, ESP, FRA, GBR, ITA, JPN, NLD, USA 
ARE, EGY, JOR, KWT, LBN, SAU, SYR 
DZA, LKA, MAR, PAK, TUR 
DNK, FIN, NOR, SWE 
AUT, CZE, HUN, IRL 
NGA, VGB 
CHN, HKG, IDN, IND, KOR, MYS, PHL, PRK, SGP, THA, TWN, VNM 
AUS, NZL, ZAF 
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TABLE A8. Summary statistics of explanatory variables in Table 2. 

Variable  Mean  Std. Dev  Minimum  Maximum 
Choice  .0164  .127 0 1
community  .273  .445 0 1
Ln GDP  1.204  1.869 6.962 1.648
Ln DISTANCE  8.859  .687 7.263 9.697
Border  .0342  .181 0 1
Language  .2987  .457 0 1
RTA  .4151  .492 0 1
Ln migration  5.925  2.425 0 16.028
I_distance1500  .1230  .328 0 1
I_border  .1035  .304 0 1
I_language  .3895  .487 0 1
I_region  .4608  .498 0 1
I_income  .6070  .488 0 1
I_migration  .8534  .353 0 1
I_RTA  .3959  .489 0 1

 


