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Abstract. Understanding the drivers of economic growth is one of the
fundamental questions in Economics. While the role of the factors of
production—capital and labor—is well understood, the mechanisms that
underpin Total Factor Productivity (TFP) are not fully determined. A
number of heterogeneous studies point to the creation and transmission
of knowledge, factor supply, and economic integration as key aspects; yet
a need for a systematic and unifying framework still exists. Both capital
and labor are embedded into a complex network structure through global
supply chains and international migration, and it has been shown that
the structure of global trade plays an important role in economic growth.
Additionally, recent research has established a link between types of
social capital and different network centralities. In this paper we explore
the role of these measures of social capital as drivers of the TFP. By
leveraging the EORA Multi Regional Input Output and the UN Interna-
tional Migration databases we build the complex network representation
for capital and labor respectively. We compile a panel data set covering
155 economies and 26 years. Our results indicate that social capital in
the factors of production network significantly drives economic output
through TFP.

Keywords: Economic growth · Total factor productivity · Social
capital · Economic complexity · Complex networks · Panel data

1 Introduction

Understanding growth is one of the fundamental questions in Economics. From
the seminal work of Solow [1], economic output has been understood as a
monotonically increasing function of the factors of production—land, labor and
capital—and an additional term called Total Factor Productivity (TFP). This
term was introduced to account for additional unknown factors, and was ini-
tially connected to technology and human capital [2]. And despite being the key
determinant of the long run growth rate (per worker) [3], the drivers of TFP
remain unclear.
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Diverse studies have further investigated the fundamental drivers of TFP.
Knowledge creation through innovation plays a key role [4], but also knowledge
transfers occurring through Foreign Direct Investments (FDI) [5–9], trade (under
the condition of having the necessary human capital to absorb it) [10], and recep-
tion of skilled migrants [11]. Skilled emigration also drives TFP through knowl-
edge transfers to the original community [12,13]. Moreover, it has been identified
that friendly economic environment and policies lead to economic prosperity for
companies, so political and economic freedom have a positive effect on TFP [14].
Finally, the literature also identifies that financial openness leads to TFP growth
[15].

Many of these factors rely on the fact that the two main factors of
production—labor and capital—flow across the globe through global supply
chains and international migration networks respectively. On the trade side, tra-
ditional economics reveals that export diversification of products leads to growth
[16], and especially for developing countries [17,18]. On the migration side, stud-
ies have found that the macroeconomic and fiscal consequences of international
migration are positive for OECD countries [19], and the information contained
in bilateral migration stocks suggests that migration diversity has a positive
impact on real GDP [11]. Also, it has been found that when international asylum
seekers become permanent residents, their macroeconomic impacts are positive
[20]. Nonetheless, classical methods use local, first-neighbour metrics (usually
Herfindahl-Hirschman Index or similar). Therefore they are not able to exploit
the information at higher-order neighbours contained in the full network struc-
ture. These highly complex datasets contain reverse causality, non-linear and
variable interaction effects that call for advanced modelling techniques.

The global financial and migratory flows can be interpreted as having a com-
plex network structure where nodes are countries and links are flows of labor
and capital, and this requires sophisticated tools to be fully understood [21].
At the macro level, it has been shown that rich countries display more intense
trade links and are more clustered [22]. In this trade network, node-statistic dis-
tributions and their correlation structure have remained surprisingly stable in
the last 20 years [23]. At the micro level, there is evidence that node centrality
on the Japanese inter-firm trading network significantly correlates with firm size
and growth [24]. Also, the country-level migration stock network has been found
to have a small world structure [25,26], and another study found a network
homophily effect that could be explained in terms of cultural similarities [27].

On another line of work, recent advances on complex network theory link
network centrality measures to social capital types [28]. This concept has mainly
been tested on social networks, linking social capital to information diffusion [29],
innovation [30] and even personal economic prosperity [31]. Social capital studies
point out that individual traders in Africa with more contacts have higher output
and growth [32].

The purpose of this work is to unify these different strands of literature under
one framework. We proxy different types of social capital with two centrality
measures: incoming (out-coming) information capital with hubs (authorities)
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score, and favor capital with favor centrality. In order to proxy the relationship
of social capital with TFP, we estimate a model based on an augmented Cobb-
Douglass production function [33]. In this way, we give social capital a role in
growth theory. To test this model, we build the network representations for the
networks of the factors of production; On the one hand, we build two represen-
tations of the capital flows network leveraging the EORA World Multi-Regional
Input Output database [34], one for capital and another for goods and services.
On the other hand we build the labor flow network using the UN’s International
Migration Database. This results on a panel data set covering 155 economies
from 2000 to 2016, including seven different social capital measures for each
country.

The rest of this work is structured as follows: in Sect. 2 we describe the
proposed framework, the model and the data, in Sect. 3 we lay out the obtained
results, and in the last section we summarize our conclusions.

2 Materials and Methods

2.1 Network Centralities as Proxy for Types of Social Capital

Recent advances interpret social capital as a topological property of networks
that can be proxied with different centrality measures [28]. Our focus is on two
different social capital types. The first one is information capital, a proxy for the
ability to acquire valuable information and/or to spread it to others. The second
one is favor capital, which is defined as having neighbours that are supported
by a neighbour in common.

Information capital (I) is related to diffusion centrality [35], which converges
to eigenvector centrality in infinite iterations [36]. As both of our networks are
directed, we leverage the HITS algorithm to proxy inwards (Iin) and outwards
(Iout) information capital with the hubs and authorities centralities respectively
[37]. On the other hand, the favor capital of node i in an un-weighted network
g as been previously proxied with favor centrality as follows [28]:

Fi(g) = |j ∈ Ni(g) : [g2]ij > 0|. (1)

Where Ni(g) is the set of i’s neighbours—notice that the term [g2]ij > 0 is
restricting the set to neighbors of i that are connected to at least another neigh-
bor of i. Thus, we extend this definition to a weighted network in the following
way:

Fi(g) =
∑

j

[g2]ij (2)

In Fig. 1 we show the proposed social capital measures over a toy model
network with link weights equal to one. We observe that node 3 (node 1) has the
highest inwards (outwards) information capital, because it is the target (source)
of many links. On the other hand, We see that nodes 2 and 3 have the lowest
favor capital, since they do not have any neighbours with neighbours in common.
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(a) Inwards information
capital

(b) Outwards information
capital

(c) Favor capital

Fig. 1. Toy model of the three social capital indicators, where nodes with higher values
are colored darker. In this example all link weights are equal to one.

2.2 Link Between Social Capital Types and TFP Factors

As we pointed out in the introduction, foreign sources of knowledge and technol-
ogy are linked to TFP and in turn to growth. Knowledge from abroad may flow
through a variety of channels. On the one hand, knowledge on how to efficiently
use the factors of production is key for productivity. And in that way, knowledge
transfers among countries help develop technology and therefore drive TFP. The
first channel for knowledge transfers is Foreign Direct Investments (FDI), help-
ing knowledge spillovers from industrialised to developing countries [5–9]. The
second channel is through imports of sophisticated goods and services with high
technological content [10]. And the third channel is through international migra-
tion [11,13] that works both through the reception of skilled migrants in devel-
oped economies, and through migrants’ attachment to their original countries.
On the other hand, availability of human capital is key to absorbing knowledge
shocks, so access to foreign labor can be key to TFP growth.

We propose a direct association between this factors and different types of
social capital. We link knowledge transfers due to Foreign Direct Investments
(FDI) with information capital on the monetary network, knowledge transfers
associated with importing sophisticated goods and services to information cap-
ital on the goods and services network, and knowledge transfers associated to
migration with information capital on the migration network. On the other hand,
another factor playing a relevant role is the availability of a human capital supply.
We link this factor to favor capital in the migration network, understanding it as
the belonging to country partnerships of free movement of people. The proposed
links between the types of social capital and drivers of TFP are summarised in
Table 1.

2.3 Social Capital and Economic Growth

Macroeconomic theory generally describes a country’s output through the aggre-
gate production function [1,2] for which one widely used functional form is the
Cobb-Douglas function [33]:

Q = A · Kα · Lβ , (3)
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Table 1. Relationship between different TFP growth factors and the different types
of social capital in the different networks.

Contribution to total factor
productivity

Social capital

Type Network

Knowledge transfer through FDI Information capital Financial

Knowledge transfer through trade Information capital Goods and services

Knowledge transfer through
migration

Information capital Migration

Human capital supply Favor capital Migration

where Q represents total production, A stands for the Total Factor Productivity,
K is capital and L is labor. We propose an augmented Cobb-Douglas production
function including the human and financial social capitals:

Q = Ā · Kα · Lβ · S(K)κ · S(L)λ, (4)

where S(x) stands for the social capital of the factor of production x. Notice that
the key difference with respect to Eq. 3 is that we factor out the social capital
contributions from the TFP as follows:

A = Ā · S(K)κ · S(L)λ (5)

2.4 Global Network Data

The two main factors of production—capital and labor—can be interpreted
as having a complex network structure. In general, we interpret global trans-
national interactions (both financial and migratory) as a network (G), with n
countries indexed by i ∈ {1, ..., n}. This graph is described by the adjacency
matrix g ∈ [0, 1]n×n, where the gij > 0 represents the weight of the interaction
between i and j. Since these are directed graphs, g is not symmetrical for any
of them.

There is a growing body of literature interpreting the global financial flows as
a complex network [38,39]. Although interpreted in a different way, the adjacency
matrix of the financial network has been thoroughly studied in the field of Input-
Output economics [40] under the name of technical coefficient matrix, and thus
there are many open data-sources providing this information. In particular, we
used EORA’s World Multi-Regional Input Output database [34] to proxy the
amount of trade between pairs of countries. On the one hand, we extracted the
adjacency matrix of the financial network (GF ), where link weights represent the
percentage of country’s economic output (measured in dollars) that is paid to any
other country in exchange of goods and services exported. On the other hand,
we built the goods and services network (GG) by weighting the links with the
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proportion of the total production of goods and services that a country exports
to any other country.

We build the migration network’s (GM ) adjacency matrix by leveraging the
UN’s International Migration Database [41]. This database contains information
for the yearly number of people migrating from one country to another. Using
skilled migrants data would be the best approach, however at the time of writing
we have no access to such dataset. Thus, we defined the weights of GM as the
migrant stock living in a given host country, relative to the working population
of the home country.

3 Results

3.1 Panel Data Set

We combine the social capital indicators described in Sect. 2.4 with some extra
economic information; economic output is modeled with GDP (in current US
dollars) provided by the World Bank, capital is modeled as Gross Fixed Capital
Formation (in current US dollars) provided by the World Bank and labor as
total working population (in millions) provided by the OECD. The result is a
panel data set covering 155 economies from 1990 to 2016. In Fig. 2 we show
the distributions of the different variables as well as their pairwise Spearman
correlations and R2 coefficients of a linear regression model with intercept.

3.2 Social Capital Contribution to Economic Output

We model the relationship of social capital with GDP of country i at time t in
a linear fashion by taking logs in Eq. 4:

log(GDPit) = A + α · log(Kit) + β · log(Lit)

+ ξ · log(FitM) +
∑

n∈N
μn · log(Iin

itn) + νn · log(Iout
itn ) (6)

where A is the intercept, Kit is the gross capital formation, Lit is the total
working population, N is the set of networks {GF ,GG,GM}, Fitn is the favor
capital, and Iin

itn and Iout
itn are the in and out information capitals respectively.

We first estimate the model coefficients through Ordinary Least Squares
(OLS). To account for unobserved entity and time effects, we leverage a Fixed
Effects (FE) estimator including both country and year effects. We performed a
Hausman test in order to test consistency of Random Effect estimates—which
we rejected with a 1% significance level. Additionally, we use heteroskedastic-
ity and autocorrelation consistent (HAC) errors in our estimation. Results are
shown in Table 2.

Notice that the adjusted R2 of the models including the social capital indi-
cators raise with respect to the base models, so that the new model is captur-
ing a stronger signal. This is consistent with the clear uni-variate relationships
between the social capital indicators and log(GDP ) (Fig. 2). Also, results in
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Fig. 2. Pairwise distribution matrix for economic output (log(GDP )), capital (log(K)),
labor (log(L)) and the developed social capital indicators: inwards/outwards informa-
tion capital (Iin/Iout), and favour capital F for the financial, goods and services, and
migration networks. Each observation corresponds to one country and year. Spearman
correlations (ρ) are shown in the lower triangular matrix, while the R2 of a linear
regression model with intercept is shown in the upper triangular matrix.

Table 2 indicate that most of the significant effects of the social capital variables
are positive.

However, we observe that some of the introduced variables have unexpected
negative effects. This result could be due to different issues in the model speci-
fication; first, network centrality measures generally tend to correlate [42]. This
is confirmed by the correlations in Fig. 2, but also by high Variance Inflation
Factors1 (the minimum is V IF = 15.8 for inwards information capital in the
migratory network, and the maximum is V IF = 2915.7 for the outwards infor-
mation capital in the financial network). Therefore, we can expect the regression
model to suffer from a multicollinearity problem. Second, we don’t capture either

1 The variance inflation factor (VIF) quantifies the severity of multicollinearity in an
ordinary least squares regression analysis. To calculate the VIF of every feature, we
regress it against all other features and compute V IFi = 1/(1 − R2

i ).
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Table 2. Regression results for the model specification in Eq. 6. The panel data model
specification is p-value notation is ∗∗∗, ∗∗ and ∗ for significance at the 1%, 5% and 10%
levels respectively, and standard errors are shown in parenthesis. For each model we
show number of observations N, R2, adjusted R2 and F-statistic.

Model OLS base OLS extended FE base FE extended

N 3397 3397 3397 3397

R2 0.839 0.885 0.156 0.390

Adj R2 0.839 0.884 0.108 0.353

F 8819.1 2884.3 297.35 227.48

A −4.7402*** −0.2960 11.388*** 15.724***

(0.1642) (1.2994) (1.2792) (2.3497)

α 0.9264*** 0.8616*** 0.3516*** 0.3028***

(0.0169) (0.0229) (0.0285) (0.0209)

β 0.0535*** −0.0045 −0.1470 −0.3292***

(0.0184) (0.0202) (0.1005) (0.1211)

νF −1.2268*** −0.8433***

(0.1979) (0.2491)

μF 1.1802*** 0.6904***

(0.1835) (0.1488)

νG −0.2107* 0.1111*

(0.1185) (0.0626)

μG 0.0474 −0.0597

(0.1206) (0.0543)

νM 0.0922*** 0.0203

(0.0116) (0.0365)

μM 0.0385*** 0.0019

(0.0058) (0.0096)

ξ −0.0582*** 0.0482**

(0.0219) (0.0240)

non-linear nor interaction terms. These could be of special relevance given the
complex nature of the data in hand. And last, our model specification could be
prune to suffer from simultaneity bias due to a reverse causality channel; higher
social capital enhances productivity, however higher GDP could attract trade
and migration and therefore leading to higher social capital.

4 Conclusions

In this work we interpret capital and labour as two factors of production traveling
across the globe via the mobility networks of trade and migration. Leveraging
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recent advances in the intersection of social capital and network theory, we proxy
types of social capital with different network centrality measures. This provides
an intuitive way of interpreting the topological importance of each country in
the different factors of production networks.

We then identify different channels in which social capital may affect Total
Factor Productivity—and therefore GDP. On the one hand, information capitals
in the financial, goods and services and migration networks are linked respec-
tively to knowledge transfers through FDI, goods and services and migration. On
the other hand, favor capital on the migration network is linked to human cap-
ital supply. Then, the contributions of the multiple factors are linearly modeled
by means of an extended Cobb-Douglass production function (Eq. 4).

To test our model, we build two representations of the trade network—one
for money and other for goods and services—based on EORA’s World Multi-
Regional Input Output database, and one representation of the migration net-
work based on the UN’s International Migration Database. We compiled a panel
dataset with seven different social capital indicators for 155 countries across 26
years.

Overall, we find significant positive relationships between social capital and
economic performance. To combine all the effects, we estimate the extended
Cobb-Douglass model coefficients using both OLS and a Fixed Effects estimators.
In both cases the model fit is enhanced by the inclusion of the indicators. This
yields significant coefficients for some of the indicators. We observe positive
Spearman correlations of log(GDP ), log(K) and log(L) with the new variables,
and most of the regression coefficients are positive and significant.

We identify the existence of three possible issues in the estimation; mul-
ticollinearity, non-linear and interaction effects, and reverse causality bias.
Although out of scope of this work, these issues could be tackled in future
research. A common solution to multicollinearity is to apply dimensionality
reduction techniques such as Principal Component Analysis (PCA) [43]. Non-
linear and interaction effects could be captured by using more sophisticated
machine learning techniques such as gradient boosting trees or neural networks.
These could be applied in combination to regularization techniques that would
also limit the impact of multicollinearity. And last, a possible way to remove
the simultaneity bias and capture a causal effect could be to estimate a gravity
model [44] of trade and migration as an instrumental variable approach.

This work provides two different types of contribution. First, the presented
indicators are very rich signals for policy-making—despite the issues related to
estimation. Social capital is a latent variable which is difficult to quantify, yet
it contributes to productivity and growth. We provide different indicators for
information social capital such as knowledge and migration hubs, which identify
knowledge exporters. Moreover, considering social capital in its favor exchange
function we quantify the level of integration and openness of countries in the
global economic and migratory flows. Moreover, this work contributes to enlarge
the discussion in the intersection of complex systems, economic and network
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theory, as they are all needed to understand the patterns of mobility and the
factors of production.
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30. Semih Akçomak, İ., ter Weel, B.: Social capital, innovation and growth: evidence
from Europe. Eur. Econ. Rev. 53(5), 544–567 (2009)

31. Norbutas, L., Corten, R.: Network structure and economic prosperity in munic-
ipalities: a large-scale test of social capital theory using social media data. Soc.
Netw. 52, 120–134 (2018)

32. Fafchamps, M., Minten, B.: Social capital and agricultural trade. Am. J. Agr. Econ.
83(3), 680–685 (2001)

33. Cobb, C.W., Douglas, P.H.: A theory of production. Am. Econ. Rev. 18(1), 139–
165 (1928)

34. Mapping the Structure of the World Economy | Environmental Science & Tech-
nology

35. Banerjee, A., Chandrasekhar, A.G., Duflo, E., Jackson, M.O.: The diffusion of
microfinance. Science 341(6144), 1–49 (2013)

36. Banerjee, A.V., Chandrasekhar, A.G., Duflo, E., Jackson, M.O.: Using gossips to
spread information: theory and evidence from two randomized controlled trials.
SSRN Scholarly Paper ID 2425379, Social Science Research Network, Rochester,
NY, May 2017

37. Kleinberg, J.M., Newman, M., Barabási, A.-L., Watts, D.J.: Authoritative Sources
in a Hyperlinked Environment. Princeton University Press, Princeton (2011)

38. Rungi, A., Fattorini, L., Huremovic, K.: Measuring the input rank in global supply
networks. arXiv:2001.08003 [econ, q-fin], January 2020

https://doi.org/10.1080/00036840500426983
https://doi.org/10.1080/00036840500426983
http://arxiv.org/abs/2001.08003


Social Capital in Economic Growth 791

39. Cerina, F., Zhu, Z., Chessa, A., Riccaboni, M.: World input-output network. PLoS
ONE 10(7), e0134025 (2015)

40. Leontief, W.: Input-Output Economics. Oxford University Press, March 1986.
Google-Books-ID: HMnQCwAAQBAJ

41. United Nations Population Division, Department of Economic and Social Affairs.
UN migration database

42. Valente, T.W., Coronges, K., Lakon, C., Costenbader, E.: How correlated are net-
work centrality measures? Connections (Toronto, Ont.) 28(1), 16–26 (2008)

43. Pearson, K.: LIII. On lines and planes of closest fit to systems of points
in space. Philos. Mag. Ser. 6 2(11), 559–572 (1901). https://doi.org/10.1080/
14786440109462720

44. Isard, W.: Location theory and trade theory: short-run analysis. Q. J. Econ. 68,
305–320 (1954)

https://doi.org/10.1080/14786440109462720
https://doi.org/10.1080/14786440109462720

	A Networked Global Economy: The Role of Social Capital in Economic Growth
	1 Introduction
	2 Materials and Methods
	2.1 Network Centralities as Proxy for Types of Social Capital
	2.2 Link Between Social Capital Types and TFP Factors
	2.3 Social Capital and Economic Growth
	2.4 Global Network Data

	3 Results
	3.1 Panel Data Set
	3.2 Social Capital Contribution to Economic Output

	4 Conclusions
	References




