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ABSTRACT

In this thesis, I propose that international trade and financial networks may shed light on

the determinants of country-level economic growth. I created yearly adjacency matrices

for 90 countries’ trade and capital flows to generate time-series centrality measurements

which serve as proxies for a country’s level of embeddedness within the global economic

system. I then used these centrality measurements as independent variables in cross-country

growth regressions. Through this, I was able to determine how well centrality measurements

predict growth patterns, as well as how centrality measurements compare to traditional

growth variables. I found that there is a statistically significant relationship for both trade

centrality and financial centrality in these regressions, with and without the inclusion of

standard growth-variables. Furthermore, I observed that both trade and financial networks

exhibit core-periphery behavior, which decreased in structural intensity in the period studied.

These findings contribute to the burgeoning literature that makes use of network analysis in

a macroeconomic context.
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1 Introduction

Much ambiguity exists regarding the relationship between trade, capital, and growth.

This is largely do to the highly endogenous nature of these variables and others that are

used as controls in cross-country growth regressions. I propose that networks be utilized

to better understand the holistic systems that make up capital and trade flows between

countries. Networks provide a better framework to analyze complex systems by making use

of the non-independent relationships between participants. I am particularly interested in the

networks that make up global trade and financial systems and how they relate to economic

growth. This thesis contains four major sections. First, a literature review which provides

the theoretical basis for economic growth and macroeconomic networks. Second, a robust

construction, description, and analysis of the international trade network from 1990 to 2020.

Third, the same process outlined in section three, applied to international financial flow data

between 2001 and 2020. In the fourth section, measurements obtained regarding individual

countries’ positions within these networks over time will be applied to cross-country GDP

and growth regressions. Section five concludes.

2 Literature Review

2.1 Introduction

There is an immensely large and prominent body of work in the economics literature that

attempts to ascertain the determinants for economic growth. Growth serves as one of the

original fields in economics and is perhaps the most central topic to international economics

and macroeconomics. The origins of this literature were established by the seminal works

of Adam Smith and David Ricardo. Smith stated that growth is a product of efficiently

allocated labor and capital resources, leading to increased competitive advantages. These

advantages are encased in specialization, which, in turn, lead to more valuable commodities,
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increased profits, and ultimately growth1. Ricardo presented this same theory in a more

formalized model and added the concept of diminishing marginal returns, stating that input

levels are negatively correlated with the rate of growth2. Therefore, increasing the levels of

labor or capital by degree n will result in a less than n increase in the growth rate. This

model serves as a fundamental pillar in growth, trade, and wage theory.

In the neoclassical era, Robert Solow (1957) derived a model that explained growth

through the non-linear relationship between technology, capital, and labor. Solow later up-

dated the model to account for changes in technology3. Trevor Swan developed a similar

model of growth that accounted for foreign capital flows (1956), which was published si-

multaneously with Solow. These models have since merged into the Solow-Swan model of

economic growth. The Solow part of this model is notable for its definition of convergence,

the idea that all countries will eventually reach to a steady state of capital and labor alloca-

tion. Convergence implies that, in the long run, perfect allocative efficiency occurs and only

technology is able to drive growth. Convergence is a direct application of Ricardo’s concept

diminishing marginal returns, extended into the indefinite future. The Solow-Swann Growth

Model has been been theoretically expanded and tested empirically in an enormous number

of papers since its initial publication in 1956.

This research perhaps reached a high-water mark in popularity during the 1990s with

a abundance of growth papers being published by superstar economists in top economics

and policy journals. Robert Barro and Xavier X. Sala-I-Martin (1991) found empirical ev-

idence of convergence within the United States, showing that poor states tend to grow at

a faster rate than rich states. Jeffrey Frankel and David Romer (1999) used geographical

position as an instrumental variable to show a positive causal relationship between trade

volume and national income per capita. Xavier X. Sala-I-Martin (1997) famously ran two

million regressions as a means to reject the standard extreme bounds hypothesis testing and

1Reference to the ideas presented in The Wealth of Nations
2Reference to On the Principles of Political Economy and Taxation
3See Technical Change and the Aggregate Production Function
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show over twenty unique variable’s correlation with economic growth. These include the

role of women’s education, the strength of legal institutions, the frequency of insurrections

and coups, and whether or not a given country was colonized. There are a near endless

number of papers that follow a similar empirical strategy, meaning they highlight a variable

of interest, plug it into an assortment of specially tailored cross-country growth regressions,

and find a significant result. In nearly all of these papers, some mention is made of how

significant results can be potentially skewed by endogeneity or reverse causality. However,

the discussions or methods use to offset these concerns are often not sufficient or consistent

across the literature, leaving the initial results shrouded in statistical ambiguity. Are these

variables actually significant?

2.2 The Issue with Cross-Country Growth Regressions

Ross Levine and David Renelt (1992) found that many of the variables claimed to be

significant predictors of growth were actually highly sensitive in a generalized form. Stated

differently, these variables were only statistically significant under very specific regression

specifications that did not include key explanatory variables. Levine and Renelt stated that

of the hundreds of variables used in these growth regressions, the share of investment and

the share of trade in GDP were the only two that were consistently robust, providing two

major insights.

First, while many specific variables can be found to have a statistically significant re-

lationship with growth, that relationship can easily become confounded or even disappear

with the inclusion of another variable capturing a similar effect. There are many choices of

variables that explain the same ”pieces” of variance in the right hand side of the regression.

By including only one of these, a statistically significant coefficient is almost guaranteed.

However, there is no way in determining that an actual causal mechanism exists between

that variable and growth. This problem highlights the immense difficulty of overcoming en-
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dogeneity in cross-country growth regressions, as so many variables are influenced by broadly

defined endogenous factors. For example, it is difficult to determine if a variable such as

insurrection frequency has true predictive power for GDP growth, or if it captures some

other, vaguer, aspects of that country’s government and culture. Ideally, these the variables

can be proven significant through the inclusion of control variables, but further problems

arise. For one, country-specific panel data contains a relatively small number of data points

and is therefore subject to potential overfitting with the inclusion of too many explanatory

variables. Furthermore, given the initial issue of endogeniety, there is a good chance that

those explanatory variables are also likely interrelated! Valid instrumental variables can

offset some of the issues that arise with cross-country growth regressions. However, valid

instruments are difficult to come by in this context. Additionally, if valid instruments are

used, they can almost work too well, decreasing the robustness of the variables of interest

(Romer, 1990). Another strategy is to control for generalized culture and government vari-

ables. For example, Stulz and Willaimson (2003) and La Porta et al. (1998) showed how

language and legal origins can affect national economies function and grow, respectively.

Levine and Renelt’s finding also displayed the importance of capital and trade by des-

ignating them as the most important determinants for GDP growth. While these variables

are most certainly interrelated with countless others, they tend to do the best in explaining

the greatest level of growth rate variance. Given the effect these two variables have, it is

important to understand how they are measured. In the works that largely came out in

1990s, these were measured in forms such as aggregate international foreign investment and

total imports and/or exports divided by GDP. The beauty of these measurements is that

they are interpretatable and comparable between countries, and they therefore have served

as the standard for the bulk of trade and capital flow research. However, these measure-

ment types grossly oversimplify the complicated structure of international trade and finance

systems. Countries have unique relationships with each other that cannot be adequately
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represented in these standard aggregated variables. For this reason, I propose that network

analysis be used to better understand the complex relationship between international trade,

capital flows, and growth.

2.3 Networks in Macroeconomics

Network analysis has gained prominence in the economics field in the past two decades,

initially through its applications in firm level relationships within the industrial organization

literature (Economides, 1996). Economics papers can now be found using networks within

a vast array of economic topics, ranging from the diffusion of information amongst villagers

in Southern India (Banerjee et al., 2013) to level of bias in legislative activity (Canen and

Trebbi, 2016). With increasing data availability, networks have also been used to represent

the trading relationships between countries. Analyzing international trade in a network

structure as opposed to traditional aggregates provides insight into the level of significance

countries hold in the system relative to their respective partnerships. Additionally, network

structures better reflect the highly endogenous nature of international trade. For example,

we know that individual country’s trade volume is contingent on the behavior of its trading

partners, who are in turn contingent on their trading partners, and so on and so forth.

Aggregate positions and gravity equations explain only how much each country imports and

exports, weighted by national GDP or physical distance. These values provide inference but

fail to provide any information on a given country’s role in the greater system. Additionally,

given that all imports and exports for one country are determined by those for all other

countries, these aggregate values cannot be considered independent. They are determined

within the system by every other country’s trade flows. A network approach, however,

takes advantage of this endogeneity by designating countries as interconnected actors in a

system, and not randomly drawn observations from some unknown distribution. There is

significance in this type of analysis in a number of contexts. For example, a trade network
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can be traced backwards to determine sources of bottlenecks and shortages via idiosyncratic

shocks (Barrot and Sauvagnat, 2016). The research on international trade networks includes

studies on growth (Murcia et al., 2018), economic shock distribution (Elliot et al., 2014),

network topology (Raja and Reyes, 2010), and the differentiation between goods and services

in the network (Lucia et al., 2021).

Another recent body of work has emerged that takes the international trade network

approach and applies it to international capital flows. In this setting, trade volumes are

replaced by total portfolio positions. These values are often weighted by countries’ total

investment position or GDP. The glaring difference between the trade network and capital

network is the role of geographic space. In the trade network, volumes can be weighted by

the distances between to countries, similar to the mechanics used within gravity equations1.

This makes sense, as we would expect neighboring countries to have higher trade volumes

than those on opposite ends of the globe. However, how important is geographic distance for

foreign capital investment? As shown by La Porta et al. (1998), countries with similar legal

and language systems tend to have larger capital relationships. Further, the OECD (2019)

reports that neighboring countries generally invest more in each other than non-neighboring

countries. With that being said, in the general case, it is unlikely that distance that plays a

significant role in the size of capital flows. Multinational financial institutions and the highly

digitized financial sector can abate geographical distance in the global financial network.

2.4 Trade, Capital, and Growth

There is a large body of work that attempts to disentangle the relationships between

capital investment, trade and growth. At the base of this is the Heckscksher-Ohlin model,

where countries can choose between investment and trade to bolster their national competi-

tive advantages (Leamer, 1995). Antra‘s and Caballero (2009) describe this at the firm level,

1See The Gravity Equation in International Trade: Some Microeconomic Foundations and Empirical
Evidence, Bergstrand 1985
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stating ”at the simplest level, FDI [foreign direct investment] and exports are substitute

channels for firms globalizing”. It is important to remember that foreign direct investment

makes up only a portion of the total capital flow between most countries, and is nearly

always vastly overshadowed by private exchanges and inter-bank lending1. Perhaps this is

why Antra‘s and Caballero’s research in the context of emerging markets showed that cap-

ital investment and trade operate as complements, not substitutes, in generating growth.

These two contrasting perspectives underscore that there is no clear consensus in completely

decoupling these variables. However, there is a consensus that increased trade and capital

investment leads to growth.

This result can be found by observing the levels of growth countries experience before

and after trade and capital account liberalizations. China serves as perhaps the most clas-

sic example, experiencing rapid capital inflows after account liberalization under President

Jiang Zemin. Generalized for all countries, Bekeart et al. (2005) found that account liber-

alization leads to a 1% increase in real growth per year. While impressive, this result may

over-exaggerate the true effect capital account liberalization has on most countries. Research

by Gourinchas and Jeanne (2006) and Henry (2007) showed empirically that this 1% growth

disappears when growth regressions are better specified, and Prasad et al. (2007) found that

the result was reversed - financial liberalization actually led to a decrease in growth. That

same paper suggests that this result is due to many developing and emerging markets lacking

the institutional development to absorb large amounts of foreign capital, especially when the

that capital comes rushing in immediately following liberation. In this situation, there is

a near perfect imbalance between capital inflows and outflows, meaning that newly opened

countries are almost exclusively capital importers. This lack of outflows means that newly

liberalized countries don’t experience many of the benefits that theory says should come

with liberalization, as it is only partially embedded within the global economy. Another,

much simpler, explanation, is that some countries open their capital accounts and do not

1See data section, calculated with IMF CPIS data

9



receive any significant amount of capital inflows. In both of these situations, countries have

a fragmented relationship with the greater global financial system following liberalization.

Therefore, it is important to emphasize the point that capital account liberalization is not

synonymous with financial integration. One aim of this paper is determine the relationship

between financial system embeddedness and growth. This can be done by calculating each

country’s relative importance within the network, repeated for all years in which data is

available, and regressed against per capita GDP growth.

Trade liberalization appears to have a stronger empirical relationship with growth than

financial liberalization. This was shown by Frankel and Romer (1999), who stated ”a rise

of one percentage point in the ratio of trade to GDP increases income per person by at

least one-half percent”. This result is especially robust considering that the authors used

well specified geographic instrumental variables to offset potential reverse causality between

trade and growth. While this relationship is well defined, Dollar and Kraay (2003) showed

that is difficult to empirically determine the relationship between trade, growth, and any

other variable of interest. Once again, an endogeniety problem arises where it is nearly im-

possible to find variables that are not correlated with both trade and growth. They displayed

this while attempting to isolate the individual effects both trade and institutional quality

have on growth, finding that it is incredibly difficult to identify a valid instrumental variable

that is not correlated with both trade and institutional quality. This result calls back to that

of Levine and Renelt - we know that trade and capital flows are important for growth, but it

is unclear how to differentiate their individual effects. Turning to network structures could

be helpful in disentangling this triangle of variables. Similar to capital flows, embeddedness

in this network is likely to drive inclusion in the world economy, and therefore growth. What

similarities exist between the global financial network and the global trade network?
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3 The International Trade Network

3.1 Introduction

The mechanisms through which international trade takes place make it ideal to analyze

from a networks perspective. Countries share bi-directional relationships with each other

through which goods and services are exchanged in recorded transactions. By summing

these transactions, a quantitative measure can be assigned to the degree to which two coun-

tries are economically connected through their trading partnership. The aggregate can be

standardized by weighting relative to one of the country’s gross total exports, imports, or

gross domestic product. In a simple two country model, we can represent the relationship

between two countries through a directed and weighted network. The directed component

implies that the country A’s trading relationship with country B is not equivalent to country

B’s trading relationship with country A. While this may seem intuitive, the distinction is a

necessary leftover from network analysis’s roots in sociology (Wasserman and Faust, 1994);

in a non-directed graph, a one-sided relationship (I know you but you don’t know me) is

equivalent to a two-sided relationship (we both know each other). The weighted compo-

nent implies that the strength of the ties between the two countries can be defined using

a continuous variable. Unweighted networks use a simple Boolean operator, designating a

value of one if a relationship exists and a value of zero if a relationship does not exist. In

the context of trade, the unweighted network structure can be useful to simplify the wide

variances between individual countries’ trade volumes.

If we expand the two country model to include bi-directional trade flows between all

open countries, we have effectively created a weighted directed graph that represents the

international trade network. This is done through a data structure called an adjacency

matrix. Each row and column of this matrix correspond to a country, with non-diagonal

entries representing the trade flows between them. Exports flow down imports flow across,
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similar to Leontif’s input-output tables. As was mentioned, the size these exports/imports

can be re-weighted to represent their value relative to some parameter of the country’s size.

Mechanically, the values of the diagonal entries in the adjacency matrix represent the size of

a country’s trading relationship with itself. While it would be intuitive to an economist to

use a measure like gross domestic product in this instance, these entries are generally repre-

sented with a value of one. This is to simplify the linear algebra used to analyze adjacency

matrices. Additionally, as we are not interested in the individual characteristics of countries

in this type of analysis, the diagonal entries hold virtually no importance. We are interested

in the non-diagonal entries that describe the direction and relative importance of the trading

ties between countries.

3.2 Global Trade Network in Literature

Given the readily available global trade data available through sources such as the Or-

ganization of Economic Cooperation and Development (OECD) and rising popularity of

network analysis in the economics profession, there is a growing body of work that makes

use of the global trade network through empirical analysis. The earliest example of this

type of analysis I could find comes from Snyder and Kick (1979), who used a version of

network analysis called blockmodeling to organize countries into three groups by their rel-

ative importance to the global economy. The countries that were deemed most important

where categorized as core, the countries with intermediate importance were categorized as

semi-periphery, and the countries with little importance were categorized as periphery. As

the authors of this paper come from sociology, their early model of the global trade network

is clearly influenced by the core-periphery structure observed in social contexts. Since the

publication of this paper, the global trade network has been studied with an increasing num-

ber of countries and increased network complexity.

Kim and Shin (2002) applied a social networks approach to trade data to show the spread
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of globalization. This was done by comparing the global trade network at three different

points: 1959, 1975, and 1996. Using relatively simple techniques, they were able to glean

quite robust conclusions. To start, they found that for all trade flows greater that $1 million

USD, countries increased from an average of 23.6 trading partners in 1959 to 31.2 partners in

1996. While significant on its own, this result also means that cohesion, or the total number

of connections within the network, rose significantly (30%). Therefore, the network con-

tained fewer isolated countries (those with no imports and exports) and the average spatial

distance between countries decreased.

In network analysis, this is measured by the shortest path length between two nodes.

For example, in a perfectly connected network, where every node interacts with every other

node, the shortest path length is one. This metric is the basis for the result put forth by

Stanley Milgram and his famous six degrees of separation estimation (1967). Therefore, the

summary of this paper showed that, between 1959 and 1996, the world trade network became

more interconnected. To bolster this result, Kim and Shim measured the networks’ central-

ities, a more statistically complex network characteristic. Centrality is a score assigned to

each node to describe that node’s overall importance to the network’s structure. In reference

to the aforementioned core-periphery model, nodes in the core would have high centrality

scores and nodes in the periphery would have low centrality scores. There are a number of

ways to measure centrality, but the simplest, and that used by Kim and Shim, is to count

the number of connections each node posses, and then weigh that value against the most

popular node. This statistic is called degree-centrality2. By comparing each country’s degree

centrality over the three periods, the authors determined that only countries in the middle

strata of network embededness truly globalized; the countries that are most centralized and

least centralized retained their respective positions. This result calls back to one of the

central questions this thesis attempts to answer; why do some countries gain an embedded

role in the global economy, while others do not? Furthermore, if only some countries benefit

2Degree centrality is occasionally also labeled as node-centrality, a confusing moniker to say the least!
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from a better connected trade network, are those gains egalitarian? To echo the thoughts of

Dani Rodrik, are the benefits of a more globalized trade network actually tangible?

Subsequent works in the fields of political science and economics have aimed to better

understand the implications of a given country’s level of centrality. Brandon Kinne (2012)

found that there is a significant relationship between trade integration and military action.

To obtain this result, he used each country’s weighted betweeness centrality as a proxy for

global economic integration. He found that, ”Centrality reduces the probability of dispute

initiation by 40–50%”, a result that was statistically significant in a number of differently

specified regressions1. However, the more interesting result from this analysis is that a

variables measuring trade openness were statistically insignificant in all regressions. In the

context of military action, this shows that trade centrality may serve as a better indica-

tor for global economic integration than trade openness indices. Given the frequency trade

openness variables are used in growth regressions, it is reasonable to think that perhaps they

also could have significantly decreased explanatory power in growth with the inclusion of

centrality measures.

Centrality measures of the global trade network have also been found to be useful in

predicting national interest rates and currency risk premia. Richmond (2019) found that

Katz centrality measures have a significant negative relationship with both interest rates

and currency risk. Katz centrality2 is determined by calculating the total number of paths

between nodes. This metric functions as a type of eigenvector centrality for non-symmetric

adjacency matrices, and is used here for its ease of use within the general equilibrium model

presented in the paper. Richmond’s results call back to the core-periphery model of Sny-

der and Kick; countries in the core of the global trade network tend to have more robust

currencies and lower interest rates, and those in the periphery have more volatile currencies

and higher interest rates. Additionally, trade and currency shocks that occur in the core

1Regressions include GEE (general estimating equation, logit, fixed effects logit, and fixed effects negative
binomial)

2Katz centrality is similar to Eigenvector centrality and the Pagerank algorithm
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of the network affect global consumption to a higher degree than those in the periphery.

These results were obtained using a sample of 39 countries between 1984 and 2013. The

number of countries is relatively small, a result due to the lack of available data for daily

spot and forward rates. Considering that there are 195 countries in the world, 173 of which

are included in the IMF’s Direction of Trade Statistics, one must question whether a result

obtained from 20% of countries is reliable. Richmond’s empirical strategy is built around

yearly adjacency matrices which are constructed using measures of bilateral trade intensity.

He constructs these by summing countries’ pairwise exports, and then dividing the sum of

each country’s GDP, a measure initially created by Frankel and Rose (1998).

Bilateral Trade Intensity = w̃ijt = w̃jit =
X̃ijt+X̃jit

Ỹit+Ỹjt
= (i’s exports to j)+(j’s exports to i)

GDPi+GDPj

The above formula generates strength of trade values that are symmetric in the adjacency

matrix. This means that country i’s trade relationship with country j is empirically the same

as country j’s trade relationship. While this is a convenient assumption for analysis, it misses

the necessary context of trade relationships. Under this scheme, we assume that the United

States is as important to Vietnam as Vietnam is to the United States. That assumption is

simply not realistic. Therefore, to make the most of a network approach for international

trade, the adjacency matrix should most definitely not be symmetric. Additionally, a better

denominator can be used that aggregate GDP to weight the dependency of the two countries.

Perhaps it would make more sense to divide by the exporting country’s total level of exports,

or, inversely, the importing country’s total level of imports.

3.3 Creating Trade Networks with IMF Data

For the analysis presented in this thesis, all trade data came from the International Mone-

tary Fund’s Direction of Trade Statistics. I chose to use data from countries with populations

greater than ten-million people in 2021, according to the IMF’s World Economic Outlook.

While I recognize that this condition does omit a significant amount of countries, I feel that
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this pool is large enough to provide robust and intriguing results. Additionally, this pool

had, on average, more complete trade data available. Smaller countries, especially those that

fall into developing or emerging market buckets, had many missing observations. Missing

entries can drastically alter results when analyzing this network in its boolean form. An

unreported trade flow is represented by a zero in the adjacency matrix, indicating that there

is no exporting relationship between two countries. Of the countries in my data, countries

ranged from the United Arab Emirates to China in population size. Data availability also

influenced the duration I chose to study. While IMF trade data for some countries is avail-

able well into the past, most countries did not start reporting until the mid 1980s. For this

reason, my analysis includes yearly global trade networks from 1990 to 2020. This period

provides complete data for nearly all of the countries in my sample. One issue that arose in

the data generating process was the effect the fall of the Soviet Union had on the countries

in the sample. A handful of countries in 2020 did not exist in 1990. Therefore, in those

preliminary years, post-soviet countries are omitted from the analysis.

The IMF provides individual datasets for each country’s total exports, organized by coun-

try importing via rows and by year via columns. To translate these country specific sheets

into usable adjacency matrices, I first deleted all countries with populations fewer than ten

million. I then parsed out each county’s export relationships for a given year into that

country’s corresponding column in that given year’s adjacency matrix. Stated differently, I

converted the initial 90 country level datasets, each containing 89 export relationships across

30 years, into 30 year-specified adjacency matrices, containing all countries export relation-

ships with each other for that given year. For each of these, I made two final alterations.

First, I assigned a value of one to every diagonal entry. While the diagonal entries in an

adjacency matrix are not of particular interest, they technically represent a country’s trading

relationship with itself (exports from country i to country i). In network analysis, these are

called ”loops” and are generally omitted, using a one as replacement for mechanical sim-
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plicity. Second, I replaced all missing values with a zero. Missing values occur when there

is either no exporting relationship between two countries, or that relationship is unreported

to the IMF. Generally, the former is much more common than the latter. By replacing an

ambiguous relationship (denoted as a ’NA’ in my data) with a zero, I am quantitatively

stating that no trading exists between those two countries. It is likely that there were a

few instances where this was inaccurate, but, as the issue is a result from missing data, this

small issue is quite difficult and time-consuming to accommodate. Additionally, I do not

believe that these mislabeled export relationships will have any large or significant effect on

my analysis or results. With these two alterations, I successfully generated 30 country to

country directed and weighted adjacency matrices measuring international trade for 1990-

2020.

In the literature that makes use of international trade adjacency matrices, there is no

clear consensus on what exactly the non-diagonal entries should be. At the most basic level,

these entries are measuring the trade between two countries, so it would be reasonable to

simply use the value of the trade flow. This is naive approach the methodology I implemented

in the first set of my adjacency matrices, hereafter labeled as raw trade adjacency matrices.

These matrices are a convenient first step in exploring the trade network as they are a direct

translation of the actual trade flow in a network environment. They easily visualize trade

flowing from exporting countries, designated in the matices’ upper row, into the importing

countries, designated by the matrices’ leftmost column1. Additionally, as no weighting takes

place, countries with large flows are, by design, the most highly centralized in the network.

1See included R code and dataframes for actual adjacency matrices
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Raw Adjacency Matrixt = Et =



A B C D

A 1 Ebat Ecat Edat

B Eabt 1 Ecbt Edbt

C Eact Ebct 1 Edct

D Eadt Ebdt Ecdt 1

 (1)

Figure 1: Simple four country example for the raw adjacency matrix, where exports flow
from column countries to row countries. The first subscript is the exporting country and the
second subscript is the importing country, all occurring in time period t.

The raw adjacency matrix is most useful in visualizations and descriptive explorations

of the international trade network. However, it is difficult to make use of and is rarely seen

under analysis in the trade literature. This is because the flows themselves are difficult to

compare against one another. The size of the flow will be directly proportional to the relative

importance of the participating countries in the network. Therefore, countries will smaller

flows are, in a sense, of less importance to the greater network. While this is true in the

sense that the omission of these countries would have a relatively small effect on the overall

network, it is not true on a country to country scale.

To equalize the level of trade, I constructed a trade weighted (alt: dependency) adjacency

matrix. I did this by aggregating each country’s exports for a given year and then dividing

each country specific export by that aggregate. By doing this, the level countries depend

on one another is stated through a relative measure. However, the magnitude of trade flows

is lost. On one hand, this is a positive attribute as countries can be analyzed on a more

even basis. However, this method treats all countries as equals in their levels of imports and

exports. Therefore, a highly independent country that primarily uses domestic production

is treated equally to a country that relies heavily on imports and exports.
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Trade Dependency Adjacency MatrixI 

A B C D

A 1 Ibat Icat Idat

B Iabt 1 Icbt Idbt

C Iact Ibct 1 Idct

D Iadt Ibdt Icdt 1



(2)

where Iijt =

{
1 if i = j

Eijt

(
∑n

i=1 Eijt)−1
if i ̸= j

(3)

Figure 2: The trade dependency matrix construction process. Non-diagonal entries are the
export value in one direction, weighted by the total exports of the exporting country. One
is subtracted in the denominator for off-diagonal entries to account for the self referential
nature of adjacency matrices. Countries do not trade with themselves.

The dependency adjacency matrix is helpful in that countries can be compared to one

another, regardless of the total size of their trade flows. This makes individual country anal-

ysis within the network more intuitive, as exports are standardized. However, the adjacency

matrix is loses explanatory power as an accurate representation of the trade network, as

there is no representation for country sizes. One solution could be to use a measure such as

bilateral trade intensity (Frankel and Rose, 1998) which weighs total exports by the sum of

the partner countries’ GDPs. Future analysis could combine this method with my depen-

dency adjacency matrix, further weighting non-diagonals by some measure related to either

one or both of the countries’ GDPs. However, for the analysis presented in this thesis, the

two adjacency matrices presented thus far should be sufficient in measuring country level

and network level characteristics.

The final group of adjacency matrices I constructed is an unweighted version of the pre-

vious two. I generated these by using a boolean transformation of the raw adjacency matrix

1, which replaced non-diagonal and non-zero entries with a one. This is the simplest type

1This could have been done using either the raw or dependency adjacency matrices.
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of adjacency matrix, and only provides information on whether a country-to-country export

relationship exists. While this type of adjacency matrix doesn’t offer the same granular de-

tail as the previous two, it does allow the analyst to ”step back” and work with the network

in its most rudimentary form.

Boolean Trade Adjacency MatrixB 

A B C D

A 1 Bbat Bcat Bdat

B Babt 1 Bcbt Bdbt

C Bact Bbct 1 Bdct

D Badt Bbdt Bcdt 1



(4)

where Bijt = f(Iijt)where

{
Bijt = 1 if Iijt > 0

Bijt = 0 if Iijt = 0
(5)

Figure 3: All non-zero elements from the weighted adjacency matrix are replaced by a value
of one. Zero elements remain zero, and the diagonals remain ones.

One of the most useful statistics that can be gleaned form the boolean adjacency matrix is

the total volume of ties in the network, and the total number of ties per each node (country).

In the lexicon of network analysis, these are labeled as the network’s total edges and node

degree, respectively.

On the adjoining page, the global trade network for 2020 is represented visually. All

countries in the sample are represented by circular nodes, color coded to the country’s

respective continent. The trade flows, or edges, between these nodes are also color coded.

The size of individual nodes is a logarithmic function of the corresponding country’s total

exports, as is the width of the edges. The vivacity of the each edge corresponds to the

eigenvector centralities of the two trading countries. While adjusting these features is purely

visual in nature, it does allow for better interpretation of the chart. Weighing edges and nodes

in a logarithmic manner makes the network’s core-periphery structure readily apparent.
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International Trade Network: 2020

Figure 4: Network chart generated using the Qgraph package in R. Individual node and edge sizes are logarithmically
determine and scaled. Edge vivacity is determine by participating countries’ eigenvector centralities.
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3.4 Trade Networks’ Summary Statistics

3.4.1 Raw Trade

Each non-diagonal entry in the raw adjacency matrices can be summed to determine the

total trade volume within the network on a yearly basis. As would be expected, the total

trade volume in the raw network mirrors the behavior of the global economy. The fallout

from the 2008 financial crisis can be viewed easily, as can the downtown in trade following

the emergence of the COVID-19 Pandemic. Despite these global shocks, the general trend

of trade volume is upward.

Figure 5: Aggregate trade flows within the raw adjacency matrix. Total flow for countries
with populations greater than 10 million with all available data from the IMF’s Direction of
Trade Statistics.

While the aggregate flow is of importance, this statistic does not make the best use of

the network structure generated in this thesis. Centrality measures explain how important

a node is relative to the greater network. There are a number of different approaches to

measuring centrality, but some provide a better fit for directed and weighted networks such
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as these. Eigenvector centrality is one of the most widely used in this type of application

because it is requires a relatively small amount of computing power and provides a robust

centrality statistic. Mechanically, it is the adjacency matrices’ corresponding lead eigenvec-

tor, calculated by recursive iterations. This process is illustrated below:

Iteration 0 Iteration 3 Iteration 5

1

A

1

B

1

C

1
D

1

E

1

F

1

G

5 5

12

15

11 11

0

25 25

60

77

60 60

0

Iteration
Normalized 5th

0 1 2 3 4 5

Node

A 1 1 3 5 12 25 0.32

B 1 1 3 5 12 25 0.32

C 1 3 5 12 25 60 0.78

D 1 3 6 15 34 77 1.00

E 1 2 5 11 26 60 0.78

F 1 2 5 11 26 60 0.78

G 1 0 0 0 0 0 0

Figure 6: All nodes are assigned a value of during the first iteration. In subsequent iterations,
the values of each nodes connections are summed. The final column displays the normalized
values respective to the highest node.

23



Eigenvector centrality is useful in that it measures a node’s importance as a function of

the importance of the nodes that the original node is connected to. In a social context, an in-

dividual’s popularity is determined by the popularity of their friends. Eigenvector centraltiy

can be useful in determining if the overall connectedness of the network increased between

1990 and 2020. As this measure is calculated per country, I averaged yearly eigenvector

centrality of the raw adjacency matrices.

Figure 7: Eigenvector centrality measured using the igraph package in RStudio

The chart shows that eigenvector centrality increased on average for the countries in-

cluded in the network. Unlike the trade flow chart, global economic shocks appear to have a

smaller effect on year-to-year centrality. Increasing average centrality suggests that countries

are increasing their number of trading partners in combination with increasing the volume

of trade. The correlation between total yearly volume and average centrality is 0.91 and

the correlation between the number of connections and is 0.99. These changes can be seen

visually by plotting the network over time.
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International Trade Flows, 1990-2018

Figure 8: Network charts generated using the qgraph package in RStudio. Ties less than
$1B are omitted for clarity. Circle layout is used to show trade volume and not position in
the greater network.

3.4.2 Weighted and Booelean Arrangements

Thus far, the network analyzed has been constructed using the raw network data. In-

terestingly, when this raw data is converted into weighted and boolean forms, the centrality

measures are quite similar and display nearly the exact same trends. Perhaps most inter-

esting, the average centrality measures from the raw network and the Boolean network are

nearly identical. This is surprising, considering that a significant amount of granular de-

tail is lost in the boolean network. This phenomena occurs because of how the two data

types are related in the eigenvector generating process. In this process, a zero has a similar

level of magnitude between the two networks. This was an unexpected result, but one that

makes sense given the process behind these scores. The average eigenvector centrality for
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the weighted network, which divides individual export flows by total exports, reports slightly

higher average centrality scores that both the unweighted and boolean networks.

The reason for this elevated level of average centrality, again, is a result of the mechanics

behind calculating eigenvector centrality. Every entry in the weighted network will exist

between 0 and 1. Therefore, the total magnitude of the differences between eigenvector

scores in the weighted network are significantly smaller than those in both the raw and

boolean networks. Put differently, the variance in the weighted network will be less as

the trade flow values are bound and continuous. As the total number of connections are

the same across all three networks, the weighted network will, by design, have centrality

scores that are higher than the other networks. Because the weighted network standardizes

flows, it prevents large countries from overshadowing smaller countries. Therefore, weighted

eigenvector centrality measures are both more precise and more representative of network

26



wide changes. This is the reason that, in the chart above, the weighted series shows a greater

response to events in the 1990s.

Across the three networks, the general trend is that centrality scores are rising. This

means that, on average, countries are moving more isolated positions in the trade network to

more centralized positions. Calling back to the literature review, countries are moving away

from the network’s periphery. This result is interesting because it provides empirical evidence

of increased globalization, in the context of trade, between 1990 and 2020. This result is

solidified when the specific centralities of countries are investigated instead of network wide

averages. In 1990, the bulk of G20 countries had extremely high centralities, which remain

stable throughout the period of interest. A few of these countries displayed negative or near

negligible changes in centrality. However, none of these countries provide any particularly

interesting results - highly central countries in 1990 were generally highly central in 2020.

Countries that made the biggest gains were primarily emerging markets that experienced

an increase in stability across some combination of political, economic, or social variables.

This is especially true for countries that came into exist following the fall of the Soviet

Union, with the three countries experiencing the largest change in eigenvector centrality

being Kazakhstan, Ukraine, and Uzbekistan. It is reasonable to think that these countries’

large gains in centrality are a result of their pivot towards market-based economies and close

geographic proximity to Europe.

Of the other countries experiencing large gains in eigenvector centrality, there are a few

common threads. First, of the top 35 gainers, nearly half are in Africa. Interestingly, these

African countries range in terms of size and location. Additionally, very few of these countries

have moved into being considered as particularly central countries. What is more apparent

is that these countries have moved from one side of the network’s periphery to the other.

Stated differently, they have increased their centrality by increasing connectivity amongst

themselves and the most central countries.
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Table 1: Twenty Highest and Lowest Countries by Centrality: 1990 & 2020

Rank 1990: High 1990: Low 2020: High 2020: Low

1 France Cambodia India Yemen
2 Netherlands Burkina Faso Japan Afghanistan
3 Japan Rwanda United States Somalia
4 United Kingdom Haiti France Sudan
5 Italy Honduras United Arab Emirates Burundi
6 Germany Chad Netherlands Chad
7 Spain Dominican Rep. Turkey Venezuela
8 United States Afghanistan Italy Haiti
9 Canada Burundi Germany Uzbekistan
10 Sweden Niger Belgium Niger
11 Portugal Somalia Canada Uganda
12 Taiwan Myanmar Hong Kong Bolivia
13 India Malawi Sweden Rwanda
14 Hong Kong Nepal China Zimbabwe
15 Greece Ethiopia South Africa Algeria
16 Australia Ecuador United Kingdom Honduras
17 China Vietnam Egypt Congo, Dem. Rep. of the
18 Thailand Mali Spain Azerbaijan
19 Malaysia Uganda Saudi Arabia Malawi
20 United Arab Emirates Benin Poland Burkina Faso

Table 2: Eigenvector centrality used to generate statistics. Note that in 1990, sample contained countries that were still part
of the Soviet Union and therefore are not in the sample.
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Table 3: Individual Changes in Centrality by Percent: 1992-2019

Largest Change Percent Smallest Change Percent

1 Kazakhstan 387.321 Nigeria −6.260
2 Ukraine 304.922 France −0.562
3 Uzbekistan 252.658 Zimbabwe −0.351
4 Iraq 172.762 United States 0.006
5 Azerbaijan 168.685 Japan 1.176
6 Mozambique 154.997 Germany 2.346
7 Ethiopia 153.783 Portugal 3.071
8 Cambodia 142.854 Netherlands 3.529
9 Rwanda 117.204 Italy 3.557
10 Cameroon 113.071 United Kingdom 3.585
11 Dominican Rep. 94.801 Sweden 3.585
12 Chad 90.814 China 5.468
13 Myanmar 88.271 Yemen 5.743
14 Burundi 88.184 Angola 6.041
15 Turkey 88.080 Spain 6.067
16 Ecuador 84.912 Taiwan 6.339
17 Haiti 83.848 Poland 8.204
18 Iran 83.628 Canada 8.703
19 Mali 83.251 Greece 9.791
20 Belgium 81.100 India 12.820
21 Nepal 75.152 Australia 12.910
22 Czech Rep. 71.733 Korea 13.187
23 Mexico 71.520 Egypt 15.019
24 Benin 69.326 Hong Kong 15.033
25 Algeria 67.860 Bangladesh 15.488
26 Guinea 67.235 Brazil 15.807
27 Niger 66.600 Malaysia 16.794
28 Malawi 66.062 Pakistan 16.915
29 Vietnam 63.990 Indonesia 17.416
30 Afghanistan 57.303 Thailand 17.839
31 Russian Federation 53.611 Sudan 21.774
32 Uganda 53.258 South Africa 22.385
33 Tanzania 52.046 Côte d’Ivoire 23.011
34 Burkina Faso 51.610 United Arab Emirates 23.077
35 Zambia 49.438 Morocco 23.595

Table 4: The table above presents data comparing 1992 to 2019. This data was used to
include countries that came into existence after the fall of the Soviet Union. Data from 2020
was omitted to offset economic shocks from the COVID-19 Pandemic.
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It is worth noting that of the countries experiencing the largest change, very few would

be considered ”manufacturing hubs” or large natural resource exporters. Apart from some

clear exceptions, the majority of the countries have relatively small economies that specialize

in products that are both low in technical requirements and in export value. Therefore, it is

worth questioning why these countries experienced such large increases in centrality. For the

African countries, I believe that one of the drivers is the growth strength of the network ties

within the region. As stability and infrastructure improve, African countries have developed

more complex and specialized trading partnerships between each other.

Trade Network of Africa: 1990 & 2020

Figure 9: Network generated using qgraph in R. Edge size corresponds to the value of the
export, node size corresponds to the logged value of the given country’s total exports.

In the fourth section of this thesis, the international trade network’s centrality statistics

will be applied in an econometric analysis to determine what potential relationship exists

between network embeddedness and growth. This section has served as a basis for the
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network construction and analysis, which will be replicated for international financial flows

in section four.

4 The Global Financial Network

4.1 Introduction

Governments, private institutions, NGO’s, and individual citizens all contribute to the

flow of capital between countries. Similar to the international trade network, these capital

flows can be aggregated and organized into an adjacency matrix to construct the international

financial network. The mechanics behind this network mirror those of the trade network,

but there are a few key differences worth addressing. The first is that capital is far easier to

move between countries than physical goods and services. International financial institutions

and advanced technologies such as the SWIFT messaging service1 allow funds to flow with

minimal friction. Furthermore, as the technology required to move capital is not contingent

on the distance that capital has to travel, the role distance between countries holds in

influencing volume should be less significant than for trade. Despite this, Mercado (2020)

found that gravity factors do play a role in predicting the total value of intercontinental

capital flows by showing that distance is inversely tied to flow volume. However, I suspect

that this result is driven by the fact that countries close to one another tend to share

common cultural or regional characteristics are therefore more apt to engage in a financial

relationship. For example, La Porta et al. (1999) showed that countries of similar legal

origins and languages are more frequently financially linked. It is difficult to think of a

reason for distance itself to influence the volume of capital flows.

The second difference in constructing the global financial network is the determining

how to best accommodate financial hubs. These are countries that are small in population,

1The SWIFT system is a global messaging network that allows financial institutions to communicate with
one another easily and securely
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but due to some factor (often related to low tax policies) receive abnormally large capital

flows. The Cayman Islands, Bermuda, and Jersey all display this type of behavior. While

there are definitely manufacturing hubs, there is no equivalent for these types of countries

in the global trade network. These countries pose an issue in network analysis because they

can overstate a given country’s importance in the global financial network. Often, they are

simply extensions of larger nearby countries that serve as cheap capital flow intermediaries.

One way to address this challenge is to look at where these small countries are receiving

capital. For example, if we parse out the countries importing capital into the Cayman

Islands, we can see that 66% is coming from the United States1. Furthermore, roughly the

same amount of capital is being exported back into the United States during each yearlong

observation period. The symmetry and significance of this flow between the United States,

with a population of 329.5 million, and the Cayman Islands, with a population of 65,7202,

is indicative of a tax haven. Specifically, the Cayman Islands serve as a tax haven for the

United States. The Isles of Man and Jersey both exhibit an similar relationship with the

United Kingdom. In constructing the global financial network adjacency matrix, I propose

that these small sovereigns be ignored, as they are likely highly correlated with their ”anchor”

country counterparts. Small countries with large capital flows that are less directly tied to

another country, such as Monaco or Singapore, are also not included in the adjacency matrix.

Section 4.3 will delve into the specific mechanics behind the adjacency matrices used for this

thesis.

4.2 Global Financial Network in Literature

The Global Financial Network has been analyzed in a small but growing body of litera-

ture. The bulk of work has been done in the past 10 years following increased availability in

1Data sourced from IMF CPIS database. Total Cayman Islands inflow is $3.3T, $2.2T of which originates
from the United States

2Population statistics from the World Bank
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capital flow data. As countries have grown more transparent in their investment activities,

the International Monetary Fund and Bank of International Settlements have constructed

increasingly more complete tables describing country-to-country capital flows. In the papers

I have read, these are the only two sources for this type of data. Chinazzi et al. (2013) con-

structed a weighted and directed adjacency matrix to provide a generalized analysis of the

global financial network. They used IMF Coordinated Portfolio Investment Survey (CPIS)

data to cover the bilateral ties between 70 countries between 2001 and 2010. This paper’s

primary result is that the global financial network exhibits a core-periphery structure, with

a few large financial hubs linking the majority of less significant countries. Connections

between these hubs make up the bulk of the volume in the network. In observing how the

network changed as a result of the 2008 financial crisis, they found that decreased capital

flows were first seen in the core countries before spreading to those in the periphery. By

comparing measures of centrality, the crisis was found to have had a minimal affect on the

overall structure of the network. They state that these results imply that a more connected

financial network reduces crisis severity by distributing shocks through a greater number of

countries. This argument underscores a greater debate within the global financial network

literature (and international finance literature at large). Some, including Chinazzi and co-

authors here, believe that a more connected network decreases the severity of financial shocks

though increased opportunity for dispersion. We can call this the ”risk sharing” viewpoint

for international financial inclusion. The counter to this viewpoint is that increased connec-

tivity increases countries’ risk of being affected by endogenous shocks as there are a greater

number of channels for this shock to be passed through. We can, in turn, call this the ”risk

exposure” perspective.

Westphal (2015) utilized a subset of the global financial network to measure sovereign

debt risk amongst European Union member countries. However, instead of using cross coun-

try positions, she utilized the sovereign debt holdings between European governments and
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123 local banks with data from the European Banking Authority. Following in the footsteps

of previously discussed papers, she calculated the in-degree and out-degree distribution for

the network to detect a core-periphery structure. These metrics are quite simple to calcu-

late; they are simply the number of outgoing or incoming ties a given node possesses. By

ranking countries from greatest to least, we can construct a sort of ”popularity contest” for

the institutions within the network. If the plot of these ranked degree scores appears to have

a substantive drop between ”popular” and ”unpopular” countries, it is reasonable to assume

that a core-periphery structure is present. The degree measures of Westphal’s network of

European sovereign debt holdings fell of significantly after the first fifteen banks. These

banks also made up the bulk of debt volume. Westphal argues that because the bulk of

European sovereign debt is held in a small group of the most centralized banks, the risk as-

sociated with these holdings is overly-concentrated at the core. Further, these banks’ capital

buffers were ”... only average or even below average with regard to the rest of the network”.

Findings like these underscore the value of the network approach in finance and its ability

to expose systemic sources of risk that would be overlooked through individual and aggre-

gated assessment. It is also worth noting that this paper provides an interesting empirical

application of Signori and Gençay’s (2015) network-autoregressive moving-average empirical

framework, where the adjacency matrix is inserted directly into the regression equation to

assign β variables to both nodes and their intermediary ties. While this approach seems

extraneous, it does serve as an interesting example of how network characteristics can be

implemented directly into econometric analysis.

More recent studies on the global financial network have made ample use of simpler

econometric models. Mercado and Noviantie (2020) found eigenvector centrality measures

for 64 countries between 2000 and 2016. They then used these measures as the basis for the

dependent variable in a number of linear time-series regressions. The baseline specification

utilizes a probit model to determine what can drive a country to move from the periphery
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to the core of the network. They did this by coding a binary dependant variable that took

a value of one if the given country in time i was included in the top quartile for eigenvector

centrality for that given year. The binary variable was then regressed against a number of

domestic and global factors. They found that the global credit variable and the domestic

financial depth variable to be the most significant in explaining both static centrality and the

likelihood of increased centrality. The global credit comprised of the Bank of International

Settlement’s index of access to global liquidity, and the financial depth variable comprised

of the World Bank World Development Indicator’s measure of domestic credit provided by

the domestic financial sector. The analysis presented by Mercado and Noviantie provides a

significantly simpler and more digestible approach to the inclusion of network variables in the

econometric models than Westphal (and by proxy, Signori and Gançay). However, one issue

that could arise regressing centrality as an independent variable in cross-country regressions

is potential endogeneity and reverse causality. Mercado and Noviantie note that they used

lagged domestic factors to overcome this, but this would not be effective in mitigating endo-

geneity within the groups of local and international variables. This issue calls back to Levine

and Renelt (1992) and Rodrik (2012), who showed how sensitive macroeconomic variables

can behave between differently specific cross-country regressions.

4.3 Constructing the Global Financial Network

The process I used to construct the global financial network was nearly identical to the

process used for the global trade network. I first gathered each of the same 90 countries’

Coordinate Portfolio Investment Survey (CPIS) datasets, collected and prepared by the In-

ternational Monetary Fund. These surveys determine each reporting country’s portfolio of

foreign debt 1holdings and use these values to generate counterfactual derived positions for

non-reporting countries. By effectively ”balancing the balance sheet”, the IMF provides a

1The IMF states that they collect the values held by countries instead of country’s liabilities because the
residency of debt holders is not always clear.
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greater number of data points to used in cross-country financial flow analysis. One key dif-

ference between the IMF’s Balance of Trade Statistics and CPIS statistics is the duration of

availability. While trade statistics extend before 1990 for many countries, CPIS data (or at

least, the CPIS data publicly available) starts in 2001. While this decrease in time-frame is

not ideal, one benefit is no countries in my sample came into, or fell out, existence between

2001 and 2020.

The IMF CPIS datasets follow the same form as the Balance of Trade datasets; each

dataset corresponds to a country’s international portfolio positions across all countries from

2001 to 2021. To modify the 90 country level datasets into 19 year designated adjacency

matrices, I followed the exact methodology I used for trade data. First, I dropped all coun-

tries that did not make the initial criteria to be included in my sample. This step is more

controversial in construction of the international finance network, as there are a number of

countries with incredibly small populations relative to their volume of capital flows. These

most notably include countries like the Cayman Islands, off the coast of the United States,

and Jersey, off the coast of the United Kingdom, which serve as tax havens. By omitting

these countries on the basis of population size, I am dropping a significant amount of financial

flow volume from the network. This is especially true considering that my criteria required

small wealthy countries, like Norway and Switzerland, to also be dropped from the sample.

It would unreasonable to assume that this does not affect my results in a considerable way,

as these microscopic tax havens and small rich countries play a substantial and central role

in the global financial network. Despite these omissions, I believe that my results still pro-

vide valid insight. For one, the driving question of this analysis is determining how trade

and finance flows affect growth. As these countries are generally wealthy at the start of my

analysis, their growth rates are unlikely to fluctuate a considerable amount. This is also true

for these countries’ positions within the financial network. I assume that, on average, this

group started within the network’s core, with strong connections to other wealthy countries,
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and that those positions and connections did not vary considerably between 2001 and 2020.

To use the language of network analysis, I am assuming that these countries’ eigenvector

centralities remained stable. While the omission of these countries from my sample is far

from ideal, I am confident that my analysis on the global financial network provides signifi-

cant and robust results.

After parsing the data to include my 90 countries of interest, I reformatted the 90 country-

level datasets covering 19 years into 19 year-level datasets covering 90 countries. For each

of these, the x-axis and y-axis are named for each country. Given my construction method,

financial liabilities flow downward, from the creditor country on the x-axis, into the debtor

country on the y-axis. As countries, in this context, cannot be their own debtor or creditor,

I replaced all diagonal entries with a value of one. With these steps, I have functionally

created 19 yearly adjacency matrices for the global financial network. Following the same

methodology I used for trade flows, I then modified these ”raw” matrices into two additional

forms. The first is the weighted network form, where each creditor country’s position is

weighted by that country’s total portfolio position within my sample1. This is done to even

the playing field in a sense, by controlling for individual countries’ relative size within the

network. Additionally, with weighted edges between nodes, international capital dependen-

cies are more easily observed. We would expect a country with many financial partners of

relatively equal weight to be more important to the network’s overall structure, regardless

of that country’s total portfolio size. I also generated a boolean financial network for each

year, where non-diagonal entries take a value of one if the corresponding non-diagonal entry

in either the raw or weighted matrix is non-zero, and zero if not. This process generates an

unweighted and directed adjacency matrix. To summarize, I used IMF CPIS survey data to

construct three sets of adjacency matrices (raw, weighted, and boolean) for every year from

2001 to 2020.

1Total position refers to the given country’s the aggregate of the total positions within the network I have
constructed. Therefore, these positions are significantly smaller than the global total which includes a full
country sample.
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4.4 International Financial Network: Summary and Analysis

Figure 10: International finance network, 2020. Finance flows are generated using IMF CPIS
data. Node sizes and edge widths are determined by the logarithmic size of a given country’s
total and individual portfolio positions.

From an immediate glance at the finance network at a static point, it is clear that a

core-periphery structure is present. The well-connected core contains countries that are

most central to the network. There are a few considerable differences between the static

structures of the financial and trade networks. In the financial network, the strength of

the core-periphery structure is exaggerated considerably. Highly centralized countries are

fewer in number, and tend to only have two-way (alternatively: bi-directional) financial

flows with other highly central countries. Countries on the periphery tend to have few

financial linkages, and, in general, these linkages are uni-directional. Uni-directional flows

from peripheral countries to those in the core are representative of funds flowing from smaller,
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less developed countries, into large, rich countries with deeply embedded financial systems.

This is an interesting reversal of the type of flow that would be expected as a result of

private foreign direct investment and remittance transfers. Chandrasekhar (2008) stated

”This reverse flow of capital essentially means that excess savings in emerging markets are

being “recycled” in ways that puts the responsibility of allocating that capital in the hands

of a few financial decision makers at the apex of a concentrated global financial system”.

As also noted by Prasad (2014), the phenomena functions as follows: in period t, funds flow

from a developed country into an emerging market. Then, as these funds are reinvested

by those in the emerging market in period t + n, a surprisingly significant portion end up

flowing back into the developed country. This flow in the second period is often to take

advantage of the stability developed countries exhibit through the acquisition of debt and

currency reserves1.

Regardless whether a country has uni-directional or bi-directional ties, an increase in total

connections will increase a country’s level of embeddedness within the financial network.

Between 2001 and 2020, the total number of connections within the network increased from

1014 to 1816, an increase of 79%. During that same period, total financial flow volume

within the network increased by $23 trillion USD, or 350%. These statistics are impressive,

especially considering that all growth occurred within the network, meaning that no countries

joined the sample during the period. The final section of this thesis will determine if this

growth in financial flows is related to country level economic growth.

1See The Dollar Trap, Prasad 2014
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Figure 11: Total flow volume in millions of USD and total number of connections, both
within network of 90 countries, from 2001 to 2020. Number of connections determined by
aggregating the unweighted adjacency matrix for each year.

Given that that the total number of connections increased substantially, it is of no surprise

that the average eigenvector centrality of the network also increased. For the adjacency

matrix using raw flow data, centrality increased 52% between 2001 and 2020. Amongst

countries designated as the E20 (top emerging markets1), centrality increased 81%. These

results are similar when repeated with both the weighted and boolean financial adjacency

matrices. The main inference here is that emerging markets are one of the main forces

driving global increases in network centrality. This inference is valid because rich countries’

centralitites, average, did not change or decreased during the same time. It is worth noting

that the E20 countries included here are not comparable to each other along a number

of dimensions. For one, while these countries are labeled as ”emerging”, the argument

could be made that a number have already emerged, such as South Korea. I would argue

that the spectrum of emergence amongst these countries may vary too widely. This is

also true regardling the populations of these countries; while it is reasonable to label both

India and Cambodia as emerging markets, the immense size disparity between the them

makes worthwhile comparison difficult. Centrality measurements can provide greater insight

1This ranking is designated by the Emerging Markets Institute, Johnson School of Management, Cornell
University. Included countries: Argentina, Bangladesh, Brazil, China, Colombia, Egypt, India, Indonesia,
Iran, Malaysia, Mexico, Nigeria, Philippines, South Korea, Saudi Arabia, South Africa, Thailand, Turkey,
Poland, and Russia
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than traditional flow aggregates as they are not overly affected by large countries and their

respective flows.

Figure 12: Eigenvector centralities for total network, E20 composite, and the United States.
Statistics generated using the igraph package in R. E20 countries determine by Emerging
Markets Institute, Cornell University.

From my analysis, I have determined that the global financial network, as constructed

with my 90 country pool, increased in terms of total volume, total connections, and average

eigenvector centrality between 2001 and 2020. Therefore, I can confidently state that overall

network density and connectedness increased. These claims can be verified visually. It is

clear that in the network pictured for 2019, there are considerably more connections between

countries. Those countries are also significantly heavier, meaning that a greater level of

capital is flowing between countries.
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Global Financial Network: 2001 and 2019

Figure 13: Network charts generated with qgraph in R. Edge widths are logarithmically
proportional to the size of the trade flow. Node positions are arbitrary.

While I am confident that the bulk of new connections in the trade networks I have con-

structed actually developed organically, it is likely that some came into existence simply as a

result of better reporting to the IMF. In 2001, a number of countries reported little if not no

data on their foreign portfolio positions. This was not the case in 2020. New data reporting

behaving as new network connections is a real issue in the analysis I have provided, but I

believe that this did not occur for enough countries to be a significant factor. Furthermore,

even if reporting does sway results in a significant way, it would be in a reasonable direction

and in line with the thesis’s main ideas. While not a direct proxy, nor particularly well-

researched, I think it is reasonable to assume that there is a positive correlation between

global financial network embeddedness and the binary variable that takes the value of one

if the country reports to the IMF and 0 if it does not.

To understand more regarding the relationship between financial eigenvector centrality
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and individual countries, I reordered my data. First I organized my data to ascend on the

basis of centrality in 2001 and in 2020. The countries that are the most central, both in 2001

and 2020, do not come as much of a surprise. The 20 most central countries are primarily

wealthy, industrialized, and contain well defined financial markets. It is helpful to remember

that a country’s eigenvector centrality is determined by a non-linear function of the number

of ties that country has, the relative weight of those ties, and the importance of the country’s

financial partners. It is interesting that some countries in the top 20 in 2001 were replaced

by others in 2020. Macroeconomic conditions are largely responsible for these changes in

position. For example, Greece and Brazil fell off of this ranking, whereas China and Russia

entered. The lowest ranking countries also remained relatively stable during the period. One

notable exception is Cambodia, which experienced rapid increases in both financial connec-

tions and flows during the period. Cambodia’s eigenvector centrality increased by over 700%.

The following chart displays the largest and smallest changes in centrality between 2001

and 2020. The overwhelming majority of the countries that experienced that greatest falls in

centrality went through significant economic, political, or social turmoil during the period.

The notable exceptions include the United States, the United Kingdom, and Belgium. My

preliminary hypothesis for why this occurred is that these countries developed, and came to

rely on, offshore tax havens like the Cayman Islands and Jersey, during the period. As those

tax havens are not included in the networks I constructed, these countries’ centralities are

naturally lower than they are in reality.
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Ranking Countries by Eigenvector Centrality within Global Financial Network: 2001 and 2020

High: 2001 Low: 2001 High: 2020 Low: 2020

1 United Kingdom Yemen France Yemen
2 United States Ethiopia United Kingdom Somalia
3 Italy Afghanistan Netherlands Madagascar
4 Belgium Benin Germany Chad
5 France Burkina Faso Australia Afghanistan
6 Germany Chad Italy Malawi
7 Netherlands Guinea Japan Sudan
8 Canada Nepal China Mali
9 Japan Somalia Sweden Guinea
10 Sweden Sudan United States Haiti
11 Australia Azerbaijan Belgium Burkina Faso
12 Spain Honduras Chile Rwanda
13 Malaysia Rwanda Canada Myanmar
14 South Korea Cambodia Russia Congo, DR
15 Greece Madagascar South Korea Nepal
16 Brazil Myanmar Poland Burundi
17 Chile Mali Spain Uganda
18 Poland Algeria Hong Kong Niger
19 Portugal Senegal Turkey Algeria
20 Argentina Angola South Africa Iran

Table 5: It is likely that some connections that were not present in my networks did actually exist. All centrality measures
determined using IMF CPIS data, which is reported to the IMF by participating countries.
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Largest and Smallest Change in Financial Centrality: 2001-2020

Smallest Change Percent Largest Change Percent

Venezuela −33.586 Honduras 1, 876.462
Iran −27.942 Azerbaijan 1, 382.350

Zimbabwe −27.941 Saudi Arabia 1, 217.633
Madagascar −17.652 Ethiopia 723.549
Malawi −17.650 Cambodia 723.514
Somalia −17.647 Senegal 682.380
Chad −17.645 Angola 682.380
Yemen −17.641 United Arab Emirates 620.579

Afghanistan −17.641 Bolivia 531.385
United States −15.913 Benin 476.474

Greece −8.823 Iraq 435.284
Belgium −4.591 Kenya 373.519

United Kingdom −1.681 Cameroon 352.924
Italy 0.761 Uzbekistan 339.223

Canada 4.611 Nepal 311.772
Ecuador 8.088 Rwanda 311.751
Germany 10.499 Myanmar 311.731
Sweden 12.092 Zambia 291.171
Malaysia 12.694 China 278.075
Japan 15.069 India 243.946

Argentina 17.353 Pakistan 239.708
Netherlands 20.784 Kazakhstan 234.559

France 20.988 Burkina Faso 229.409
Haiti 23.527 Bangladesh 208.820
Taiwan 25.491 Sri Lanka 182.351
Spain 25.623 Mozambique 167.640
Brazil 25.860 Guatemala 160.786

Portugal 31.016 Ghana 158.822
South Korea 31.476 Algeria 147.072

Ukraine 31.765 Uganda 147.063
Egypt 35.484 Jordan 147.061

Congo, Dem. Rep. of the 37.253 Niger 147.058

Table 6: Metrics generated by calculating percentage change between eigenvector centrality
for the raw financial network for the years 2001 and 2020. Some large values may be a result
of a given country beginning to report its sovereign portfolio positions.

By arranging the countries in order of highest to lowest eigenvector centrality in 2001 and

2020 and comparing, it is clear that the distribution changed. First, there is a significantly
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smaller left-hand tail in 2020 than in 2001. Even for the lowest countries, centrality tended

to increase. Additionally, there are far fewer countries that are on the extreme end of this

distribution. Stated differently, fewer countries are cutoff from the global finance network.

One question I am left with after constructing these charts is, for the typical, non-global

reserve currency owning country, if there is an upper bound to what level of centrality

can be achieved. If an unweighted network were used, this maximum would be reached

when type of network steady-state is actualized, where all countries are linked to all other

countries (an adjacency matrix of all ones and no zeros). This would appease those in

the literature that support the idea that a greater number of links increases resilience to

shocks through a risk-sharing mechanism. However, in a world with financial hubs, pegged

currencies, and a robust core-periphery structure, I do not believe that the average country

can gain a prominent role within the network as a highly centralized node. I predict that, if

this analysis was extended into the infinite, the most central countries will remain the most

central, with a bulge of countries emerging below them. This bulge is somewhat visible in

the right-hand chart, which plots centrality rankings for 2020. In a sense, the periphery can

become better connected, but never connected enough to make the transition to the core.

Ranking Distribution of Countries by Eigenvector Centrality: 2001 & 2020

Figure 14: Charts generated by sorting countries by their eigenvector centralities for the raw
adjacency matrices for 2001 and 2020. Each bar represents a country in the network.
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5 Trade and Financial Centralities’ Effect on Growth

5.1 Introduction

In sections three and four, I used trade and financial flow data from the International

Monetary fund to generate eigenvector centrality scores for each of the 90 countries in my

sample. Trade flow centrality scores start in 1990 and financial flow centrality scores start in

2001. Both extend, year by year, to 2020. My scores, when compared to similiar studies in

the literature1 are within reason and logical. One key difference in my analysis from these

papers is that I excluded some rich countries on the basis of their relatively small popula-

tions, which did influence the centralities I generated. However, as these countries started

off wealthy, their omission from growth analysis does not seem particularly detrimental.

Trade and finance centrality scores can serve as a proxy for global economic integration.

Countries that are more central to the international finance or trade network are likely bet-

ter integrated in the global economy. There are a number of implications for this, but I

am most interested in how integration can drive economic growth. The logic behind the

integration-growth mechanism is built upon a rich literature, dating back to the days of

Smith and Ricardo. As theorized by countless economists since the start of the profession,

and as tested empirically for trade (Frankel and Romer, 1999), capital flows (Bekeaert et al,

2001), and a combination of the two (Thirwall and Hussain, 1982), there is some mechanism

between participation in the greater international economic system and growth. However,

in the bulk of this empirical work, understanding this mechanism has been done by simply

regressing the total trade volume or total capital flow on economic growth. I argue that

the centrality scores generated in the previous two sections can serve as a better metric for

understanding how trade or financial flows influence a country’s growth.

1See Relationships between capital flow and economic growth: A network analysis, Sangjin Park, Jae-Suk
Yang, The relationship between international trade and capital flow: A network perspective, Haoyuan Ding,
Yuying Jin, Ziyuan Liu, Wenjing Xie
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First, centrality measures better explain a country’s position relative to the greater global

economic system. Using a metric determined through the mechanics of that network’s struc-

ture captures the level of embeddedness a given country has, relative to all other countries.

Aggregates do not account for where flows are coming from, or the direction of flows, com-

pared to a centrality measure which accommodates both. Furthermore, centrality scores

can be adjusted to ignore the relative size of flows. This is useful, in that the result that

”countries with larger populations have greater trade and capital flows” does not need to be

controlled for in the model. Centralities can be derived to accommodate the size of flows

relative to the size of the country. Centrality scores can also be used in lieu of standard

openness indices, such as the Chinn-Ito Index. This index weighs a collection of binary

variables to determine the level of financial openness a country exhibits (Chinn and Ito,

2008). This index, and others like it, have been used in a number of studies to determine if

financial openness can drive growth, with varying results 1. I believe that financial centrality

can provide better insight into a country’s level of openness, as the measurement itself is

determined by the volume and number of financial linkages a country has.

In this section, I will attempt to determine how trade and financial centrality affect

growth. First, I will do simple correlational analysis between centrality and growth. Then,

I will apply standard panel regressions, with economic growth as the dependent variable

and my centrality scores as the explanatory variables. I will also use traditional aggregate

financial flow and trade flow variables, both as complements and substitutes for centraltiy

variables, for a basis of comparison. This analysis should provide a method of comparison

that is both fair and robust, and will ideally determine how important centrality measure-

ments are in the country level economic growth discussion.

1see Financial Globalization: A Reappraisal, Kose et al.
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5.2 Empirical Strategy

As I calculated centrality measurements for 90 countries over 19 years, I organized these

measures into a panel dataset. This dataset also includes, for each country in each year,

a measurement for GDP, GDP growth from the previous year, total trade flows, and total

financial flows. There is a notable lapse of control variables in my panel, which is done inten-

tionally. Levine and Renelt (1992) found that, beyond trade and financial macroeconomic

measures, additional variables in cross-country growth regressions generally offer very little,

if any, explanatory power. Therefore, as I am only interested in the relationship between

trade, finance, and growth in my analysis, I do not feel the need to include other explanatory

variables. The only additional variables I am including to the model with the most explana-

tory power, as outlined by Levine and Renelt, are trade and finance centrality scores.

The equations below represent the regressions that I will use to analyze the international

economic embeddedness and growth puzzle. AF is aggregate financial flow, AT is aggregate

trade flow, FC is financial centrality, and TC is trade centrality.

Model One: Growthit = β0 + β1 lnAFit + β2ATit + ϵit + αi

This model is the simplest I will test. Yearly trade and financial flow aggregated are re-

gressed on yearly GDP growth.

Model Two: Growthit = β0 + β1TCit + β2FCit + ϵit + αi

This is the pure centrality model, where only the finance and trade centrality measures are

used. Comparing model one and twos’ R-squared values should provide insight as to how

effective centrality measures are relative to standard aggregates.

Model Three: Growthit = β0 + β1 lnATit + β2TCit + ϵit + αi

This is the trade specific model, which includes only the aggregate trade flows and trade
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centralities as explanatory variables for growth. This model should allow for some level of

direct comparison between the two variables.

Model Four: Growthit = β0 + β1 lnAFit + β2FCit + ϵit + αi

This is the financial flow specific model. Total financial flows, determined through CPIS

positions, and financial centrality are regressed on growth.

Model Five: Growthit = β0 + β1 lnAFit + β2FCit + β3 lnAFit + β4TCit + ϵit + αi

This is the complete model for my analysis and includes all aggregate and centrality mea-

sures. This model should, in theory, provide the greatest level of explanatory power.

All of the models presented utilized a time-series fixed-effect approach to accommodate

country-to-country level differences. For models that include the FC variable, the panel is

truncated as the source for these centrality measures only extended back to 2001, as com-

pared to 1990 for the other variables. To determine the efficacy of centrality variables, I

compared their levels of significance independently, within the models, and between mod-

els. I used T-tests, R-squared measures, F-tests, and Chow tests as the backbone for my

comparisons.

5.3 Correlation and Regression Analysis

A simple correlation analysis can provide a solid primer as to how the variables of interest

relate to each other. The table below displays the correlations between the six centrality

measurements I calculated in sections three and four.
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Centrality Correlations: Trade and Capital

Trade Capital

Raw Weighted Boolean Raw Weighted Boolean

Trade

Raw 1 0.92 1 0.73 0.49 0.73

Weighted 0.92 1 0.93 0.72 0.50 0.72

Boolean 1 0.93 1 0.73 0.49 0.73

Capital

Raw 0.73 0.72 0.73 1 0.82 0.99

Weighted 0.49 0.50 0.49 0.82 1 0.72

Boolean 0.73 0.72 0.73 0.99 0.72 1

Table 7: Correlations were calculated using differing number of observations. Trade to trade
correlations were calculated with 2821 observations, all other correlations were calculated
with 1800 observations (as a result of available IMF CPIS data availability).

As would be expected, intra-trade and intra-financial levels of centrality are highly cor-

related. However, correlations between trade centralities and financial flow centralities are

also quite high - weighted flows for both show a correlation coefficient of 0.5. This suggests

that trade flows and capital flows are interrelated and may have similar explanatory power

regarding growth.

Correlations between Centrality and GDP
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Level GDP GDP Growth

Trade

Raw 0.51 -0.05

Weighted 0.55 -0.04

Boolean 0.51 -0.05

Finance

Raw 0.79 -0.23

Weighted 0.68 -0.18

Boolean 0.79 -0.24

Table 8: Correlations calculated using two different panels. Trade correlations use data from
1990-2020, whereas finance correlations use data from 2001 to 2020.

There is a strong correlation between all centrality measurements and level GDP. Fi-

nancial centrality has a greater level of correlation with GDP than trade centrality. Inter-

estingly, within trade centralities, the weighted measurement exhibits the largest correlation

with GDP, whereas the weighted measurement is the smallest of the financial centralities.

The correlation levels for GDP growth are all smaller in magnitude and negative. Financial

centralities are roughly four times more correlated with GDP growth than trade centralities.

The interpretation for the level GDP correlations seems rather intuitive; richer countries are

generally better embedded within the global trade and finance networks. The interpretation

for GDP growth correlations is less clear. My conjecture for why all centrality signs are neg-

ative is as follows. As countries gain more central roles in the global economy, their levels of

centrality rise. As these levels rise, countries grow richer. As countries grow richer, the rate

at which they grow decreases. This idea is rooted in the concept of convergence, as presented

by Barro and Martin (1991)1 - richer countries grow at a slower rate as they approach their

steady state allocations. This concept can be further tested using panel regressions.

1See either Convergence or Convergence across states
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Correlations between Centrality and GDP Measurements: 2001-2020

Table 9: Correlations generated using subset of panel that includes all observations from 2001 to 2020. All centrality
measurements generated using the raw adjacency matrix. Red points correspond to financial centralities, blue correspond
to trade centralities.
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To better understand the relationship between financial and trade centralities, I

empirically estimated the models described in section 5.2. I used a panel data country-level

fixed effect estimation process. I chose this model because I believe that my sample of

countries is large enough, and covers enough of the global population, to warrant individual

country effects within the estimation. However, using the plm package in R, I also estimated

model five using a pooled, random effects, and fixed + random effects strategies. While not

exactly the same, the results from these other methods were not drastically different enough

for concern to be drawn over using the fixed effects model.

Univariate Fixed Effects Regressions on Growth

Dependent variable: GDP Change

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

Trade Centrality 2.551
(3.021)∗∗∗

Financial Centrality −6.719
(−4.483)∗∗∗

Total Trade 0.187
(2.051)∗∗

Total Finance −0.515
(−6.509)∗∗∗

Observations 2,701 1,787 2,701 1,786
R2 0.003 0.012 0.002 0.024
Adjusted R2 −0.031 −0.041 −0.033 −0.027
F Statistic 9.127∗∗∗ 20.099∗∗∗ 4.207∗∗ 42.361∗∗∗

() are t-scores ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 10: Differing number of observations are a result of available annual data for trade
and finance variables.

The initial four fixed effects regressions provide a foundation to understanding how
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centrality measures relate to GDP growth. Trade centrality has a significant positive effect

on growth, whereas financial centrality has a significant negative effect. These magnitudes

and signs are in line with the effects total trade and financial flows have on growth, as both

are significant and share the same opposing signs.

Table 11: Univaraite Fixed Effects Regressions on Level GDP

Dependent variable: Level GDP

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

Trade Centrality 4,178.172
(10.058)∗∗∗

Financial Centrality 7,188.837
(12.952)∗∗∗

Total Trade 698.052
(17.689)∗∗∗

Total Capital 214.726
(6.956)∗∗∗

Observations 2,681 1,745 2,681 1,744
R2 0.038 0.092 0.108 0.028
Adjusted R2 0.005 0.044 0.077 −0.023
F Statistic 101.155∗∗∗ 167.743∗∗∗ 312.909∗∗∗ 48.386∗∗∗

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 12: Differing number of observations are a result of available annual data for trade
and finance variables.

The same single variable fixed effects regressions can be used to explain level GDP. In

the univariate form, all centrality and flow aggregate measurements are large, positive, and

statistically significant. The intuition behind these results follows classic economic growth

theory: countries that exchange more with other countries, whether through capital or

trade, tend to be richer.
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Table 13: Paired Variables and GDP Change: Fixed Effects Regressions

Dependent variable: GDP Change

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

Trade Centrality 3.108 -7.026
(2.276)∗∗ (-3.442)***

Total Trade −0.076 0.741
(−0.519) (2.512)**

Financial Centrality −2.274 −5.261
(−1.303) (−3.388)∗∗∗

Total Capital −0.452 −0.700
(−4.873)∗∗∗ (−6.487)∗∗∗

Observations 2,701 1,786 1,787 1,786
R2 0.004 0.025 0.019 0.028
Adjusted R2 −0.031 −0.027 −0.034 −0.024
F Statistic 4.697∗∗∗ 22.038∗∗∗ 16.041∗∗∗ 24.402∗∗∗

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

The simple univariate regression model can be expanded to look at how variable

pairings relate to economic growth. In the first model, I included trade centrality and total

trade to create a trade specific regression. Trade centrality remains positive and significant

at the 95% level, but total trade flows are negative and notably insignificant. Considering

that both variables were quite significant in the univariate models, I can reasonably infer

that trade centraltiy and total trade are likely capturing similar variances in GDP growth.

The second model repeats this process for the finance variables. In this model, the opposite

result is true; financial centrality is still negative but insignificant, whereas financial flows

are negative and significant. The third model acts as the centrality regression, where both

trade and financial centrality are regressed on growth. Interestingly, when these variables
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are included together, the sign for financial centrality remains negative, but the sign for

trade centrality flips from positive to negative. Both variables are significant at the 1%

level. These signs imply that increased levels of economic centrality relate to decreased

growth rates, a type of network-embeddedness convergence. The final model functions as

the aggregate model, the basis to which I am comparing the efficacy of centrality measures

in these regressions. As expected, both aggregate trade and aggregate financial flows are

statistically significant. Trade exhibits a positive sign, whereas finance exhibits a negative

sign. Countries that grow at faster rates have higher trade volumes, whereas countries that

grow at slower rates and lower trade volumes. Conversely, countries that grow at faster

rates have lower financial flows, whereas countries that grow at slower rates have larger

financial flows.

Table 14: Paired Variables and Level GDP: Fixed Effects Regressions

Dependent variable: Level GDP

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

Trade Centrality −5,034.693 2,167.319
(−7.245)∗∗∗ (2.838)∗∗∗

Total Trade 1,106.171 1,431.509
(16.135)∗∗∗ (12.981)∗∗∗

Financial Centrality 7,037.447 6,736.147
(10.771)∗∗∗ (11.687)∗∗∗

Total Capital 15.470 −147.122
(0.441) (−3.630)∗∗∗

Observations 2,681 1,744 1,745 1,744
R2 0.125 0.092 0.096 0.118
Adjusted R2 0.095 0.043 0.048 0.071
F Statistic 185.808∗∗∗ 83.881∗∗∗ 88.256∗∗∗ 110.889∗∗∗

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Repeating the same paired regression models for level GDP provides confounding

results. The trade model exhibits a significant positive coefficient for trade volume and a

significant negative coefficient for trade centrality. One interpretation of these coefficients

is that countries with high levels of trade flows and few trading partners tend to be richest,

while those with low trade flows and many trade partners are poorest. The mechanism

behind this interpretation is unclear. The subsequent regressions provide somewhat clearer

results. In model two, both financial centrality and aggregate capital flows relate to a larger

GDP. Similarly, in model 3, increased trade centrality and financial centrality also relate to

a higher GDP.

Table 15: Multivariate Regressions on GDP Growth

Dependent variable: GDP Change

Fixed Effects Pooled Random Effects Fixed & Random

Trade Centrality −6.932 0.277 −2.052 −5.866
(−2.767)∗∗∗ (0.239) (−1.195) (−2.559)∗∗

Financial Centrality −3.534 −2.863 −2.240 0.083
(−1.994)∗∗ (−3.069)∗∗∗ (−1.775)∗ 0.050

Total Trade 1.211 0.739 0.942 3.834
(3.688)∗∗∗ (5.305)∗∗∗ (4.517)∗∗∗ (8.214)∗∗∗

Total Capital −0.573 −0.408 −0.495 −0.197
(−4.951)∗∗∗ (−5.323)∗∗∗ (−5.087)∗∗∗ (−1.845)∗

Constant −0.362 −0.165
(−0.304) (−0.095)

Observations 1,786 1,786 1,786 1,786
R2 0.034 0.075 0.042 0.039
Adjusted R2 −0.019 0.073 0.040 −0.025
F Statistic 14.973∗∗∗ 36.352∗∗∗ 77.678∗∗∗ 17.109∗∗∗

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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The table above presents the full regression model, with both centrality and aggregate

measurements, in four different specifications. The first of these is the fixed effects spec-

ification, which I would argue is the best fit for cross-country growth analysis. The fixed

effects complete model is what I am most interested in for my analysis. However, I included

a pooled model specification and a random effects model specification for good measure, as

a means to see if there were any glaring discrepancies between the results. I also included

an unrestricted model that included both fixed and random effects, as a mean to determine

if this model was statistically distinct from the pooled, or restricted model. I conducted a

chow test between the two, which returned an F-statistic of 8.607 and an incredibly small

p-value, rejecting the null hypothesis that the two specifications are the same.

The first model, which assigns a fixed effect for each of the countries, provides encour-

aging results. Every coefficient is statistically significant at the 95% level. Trade centrality

displays a large, negative coefficient, suggesting that better positioned countries in the global

trade network grow at a slower rate. The same result is true of financial centrality - more fi-

nancial centralized countries grow at slower rates. Trade volumes display a large and positive

effect on GDP growth, whereas capital volumes display a somewhat smaller negative effect

on growth. In the pooled and random effects models, the significance levels and signs are an

approximate match to those in the fixed effects model. However, the pooled model showed

significantly increased coefficient magnitudes. All three models’ F-statistics are greater than

the necessary critical values, implying that the models are significant.
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Table 16: Multivariate Regressions on Level GDP

Dependent variable: Level GDP

Fixed Pooled Random Fixed & Random

Trade Centrality −1,725.416 −8,286.046 −1,761.093 −3,065.084
(−1.850)∗ (−3.287)∗∗∗ (−1.845)∗ (−3.299)∗∗∗

Financial Centrality 5,693.480 40,966.580 6,369.684 3,799.381
(8.897)∗∗∗ (23.362)∗∗∗ (9.751)∗∗∗ (5.827)∗∗∗

Total Trade 1,358.142 1,102.976 1,418.722 400.065
(11.328)∗∗∗ (4.337)∗∗∗ (11.604)∗∗∗ (2.090)∗∗

Total Capital −251.153 −350.638 −250.383 −329.418
(−5.848)∗∗∗ (−2.318)∗∗ (−5.685)∗∗∗ (−7.681)∗∗∗

Constant −4,278.756 −3,420.316
(−1.927)∗ (−2.502)∗∗

Observations 1,744 1,744 1,744 1,744
R2 0.162 0.637 0.176 0.060
Adjusted R2 0.116 0.636 0.174 −0.004
F Statistic 79.927∗∗∗ 761.363∗∗∗ 372.415∗∗∗ 25.973∗∗∗

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

The final table of regressions presents the same complete set of variables and empirical

strategies, but now used to predict total country level GDPs. Again, while four strategies

are presented, I am mostly interested in the results generated using the fixed effects model.

However, by comparing the unrestricted model (fixed + random effects) with the restricted

model (pooled), it is possible to test for statistical difference. As was done for GDP growth,

I used a chow-test to compare the specifications which generated an F-statistic of 497, which

again confirms a minute p-value and a rejection of the null hypothesis.

The results provide a somewhat less clear picture than those for growth. In the fixed

effects model, financial centrality, aggregate trade flows, and aggregate financial flows are all

significant at the 99% level. However, trade centrality is only significant at the 90% level. In
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all of the models, trade centrality is the least significant variable in the regressions, but at no

point is insignificant below the 90% level. The signs of all variables are consistent across the

four regressions. Trade centrality is negative while aggregate trade is positive, implying that

countries less central to the trade network have higher GDP’s, when the volume of trade is

accounted for. Conversely, financial centrality is positive whereas aggregate financial flows

are negative, implying that more financially central countries have higher GDP’s, once the

size of financial flows is accounted for. All four regressions are statistical significant as they

each have sufficiently large f-scores. Finally, it is worth noting that the pooled regression

has a significantly larger R-squared value than the fixed effects and random effects models.

While the r-squares of these regressions are not of particular interest, it is worth noting this

result. I believe that this is due to the individual country effects being partially captured

by the centrality and aggregate variables in the pooled regression. The pooled model can be

considered a type of naive panel data estimator that does not take into account individual

country factors.

5.4 Discussion

The results from the complete fixed effect regressions paint an interesting picture for

the role centrality measures play in predicting overall GDP and GDP growth. With the

inclusion of aggregate trade and capital flows, the coefficients for both trade centrality and

financial centrality are large, significant, and negative in cross-country growth regressions.

This means that better embedded countries in the global economic network tend to grow

at slower rates. This is a significant finding as it follows in the same vein as the idea of

convergence. Similar to how rich countries grow at slower rates, highly centralized countries

do the same. It is interesting, however, that when the same complete model is used to

predict overall GPD, the signs for the centrality measures are not both negative. Instead, I

found that financial centrality displays a strong positive effect on GDP level, whereas trade
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centrality displays a strong negative effect. Both of these results occur consistently only

when the total volume of finance and trade is accounted for. One potential reason for this

discrepancy is that actual trade volumes are what drive the wealth of a given country, where

a country’s position in the trade network is a bit of a mixed bag. For some countries, high

trade network embeddedness could imply that the country is wealthy enough to import a

significant portion of its goods. However, the converse of this is the countries that focus on

export markets, often as a result of cheap labor and manufacturing costs. I believe that the

trade network, and perhaps even trade in the aggregate, has a smaller effect on growth than

previously thought. I am uncertain if increased involvement with the international trade

network directly leads to increased growth or a higher GDP, or if this involvement can, at

times, serve as a mechanism that drives the inflow of capital into a country. Considering

that the bulk of the countries in my sample are designated as either developing or emerging

by the IMF1, I believe that the inflows of capital as a result of trade are what drives growth,

not trade itself.

The story is reversed for the relationship between financial centrality and aggregate fi-

nance. In all growth regressions, both variables’ coefficients were negative and statistically

significant at the 90% level. Again, this is suggestive of the idea of network convergence:

countries become more embedded in the international financial system, their GDP’s rise,

and their growth rates fall. Regressing the variables on level GDP over time provides results

that require a bit more insight to interpret. In all full regressions across the four empirical

methodologies, financial centrality returned a large, positive coefficient, whereas total finan-

cial flows returned a large, negative coefficient. In all regressions, 5/6 of these coefficients

were significant at the 99% level, with the other coefficient significant at the 95% level. This

is the inverse result observed with trade - financial centrality positively influences a country’s

GDP, whereas the actual amount of financial flows negatively influences GDP. One interpre-

tation from these coefficients is that, for financial flows, involvement in the network itself is

1See IMF World Economic Outlook, 2020
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more important than the actual volume of financial flows themselves. One explanation for

this is could be that when countries move closer to the core and further from the periph-

ery of the financial network, they receive a number of additional benefits beyond increased

financial flows. For example, more centralized countries may receive better credit options,

absorb economic shocks easier, and establish more robust financial markets. These potential

relationships with financial centrality provide an immense opportunity for future research.

6 Conclusion

In this thesis, I aimed to complete three objectives. First, I aimed to construct a series

of time-variant international trade networks to be analyzed and described independently.

Second, I aimed to repeat this process for international financial flows. Lastly, I aimed to

use centrality measurements from these networks in cross-country regressions to determine

the relationships between these networks and GDP size and growth. Throughout the process,

I made a number of insights. First, the average country centrality in international trade and

financial networks has increased steadily (from 1990 and 2001, respectively). This means

that the core-periphery structure, which was notably present in the earlier years of my

analysis, is changing. Either the core group of countries is expanding, or a new type of

core-periphery-peripheral structure is taking to take shape. Second, I found that financial

centrality displays more importance in predicting both GDP level and growth that trade

centrality, but both are significant. This echos the findings of Levine and Renelt (1992) for

aggregate trade and financial flows. Finally, I found that centrality measurements and flow

aggregates can function as complements, not substitutes, in cross-country growth regressions.

This is interesting because centrality measurements are eigenvector based functions of these

flows. While it is likely there is substantial overlap, both are unique in what they measure. I

have shown that a country’s position within international trade and finance networks affects

its GDP level and growth, even when aggregate flows are controlled for.
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