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Abstract: The Feldstein and Horioka (1980) study on investment flows through the correlation of
domestic saving and investment concluded that liberalization of capital markets does not necessarily
lead to a movement of capital looking for a better allocation of resources, as classical theory would
suggest. Ever since, literature has been prolific regarding this “puzzle”, with arguments for and against
this conclusion. This paper aims to analyze the issue from a different perspective. In recent years,
the stock markets of Chile, Colombia, Mexico and Peru joined the Latin American Integrated Market
through an agreement that allows investors in any of the participating markets to invest in the others as
if they were investing locally. Compositional methods are used to assess the hypothesis of a potential
flow of capital between markets generated by the creation of the joint market. First, cross-sectional
methods for compositional data were used to test the hypothesis. As a result, it was not possible to
find a change in the composition of the investment in the four markets produced by the creation of the
joint market. Secondly, vector autoregressive models were estimated and tested for structural breaks
in the parameters. However, these models were not found to be informative. In conclusion, it was not
possible to reject the Felstein-Horioka hypothesis, supporting the idea that liberalization is not enough
to generate capital flows between markets.

Keywords: Aitchison geometry; Feldstein-Horioka puzzle; Latin American ntegrated market; vector
autoregresion
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1. Introduction

The findings of Feldstein and Horioka (1980) marked the beginning of a discussion in economics:
Does the liberalization of capital markets generate net transfers of financial capital between countries?
Classical theory would say yes, but the authors concluded that the data do not agree. In particular,
they used data on 21 Organisation for Economic Co-operation and Development (OECD) countries
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for the period 1960–1974 to assess the relationship between domestic saving and domestic investment.
The idea behind is that with perfect mobility of capital, there should be no correlation between these
two variables since the investment decisions would respond to the opportunities in the global market.
Indeed, they found that “international differences in domestic savings rates among major industrial
countries have corresponded to almost equal differences in domestic investment rates” (Feldstein and
Horioka, 1980, p. 328). As explained later by Ford and Horioka (2017), the liberalization of capital
markets is not enough to generate net transfers of financial capital between countries, so the integration
of goods markets is also necessary to compensate the transfers of capital.

Following these findings, the literature on the matter has been prolific, trying to argue both, i.e.,in
favor and against the conclusions drawn. For instance, Narayan (2005) used a cointegration approach
to verify whether saving and investment were correlated in China between the 1950s and the 1990s,
concluding that, due to the fixed exchange rate regime operating during the largest part of the period,
the Feldstein-Horioka (F-H) puzzle holds and the correlation between savings and investment is high.
On the other hand, Fouquau et al. (2008) made use of panel threshold regression models to assess the
impact of other variables on the relationship between savings and investment, finding that openness,
country size and current account size have an influence.

Conversely, Coakley J, Kulasi F, Smith S (1996) tried to explain the correlation between savings
and investment through the use of a theoretical model in which the correlation is due to the cointegra-
tion of the variables, as explained in the stationarity of the current account balance (since the current
account is equal to savings minus investment). Furthermore, Drakos et al. (2017) analyzed the rela-
tionship between savings and investment from long-term and short-term perspectives, seeking for an
explanation of the high correlation between the variables; they found that this is consistent with the
existence of solvency constraints in the long run.

More specifically, in Latin America, Bellod-Redondo (1996) analyzed the capital flows in Mexico
before and after the integration into the North Atlantic Free Trade Agreement (NAFTA), concluding
that saving rates limit the investment. Another enquiry on the topic for Latin American countries was
conducted by Sinha and Sinha (1998), who used a cointegration test to determine whether this can be
the actual explanation for the high correlation between savings and investment and found that, for some
of the countries in the sample, there was a long-term relationship between the two variables, while, for
others, there was not; this coincided with high macroeconomic instability. More recently, Ibarra-Yunez
(2008) tried to verify the F–H puzzle in the region, finding that, despite the opening of the economies
during the recent years, there is no evidence of capital movements.

Additionally, there is extensive research on spillovers and connections in financial markets. Some
of the most recent approaches include those by Chen and Dong (2020), Dong et al. (2020) and Jia et
al. (2021).

At this point in the discussion, the aim of this paper is to use a more specific setting to assess the
movement of capital in fully integrated markets. More precisely, this approach does not enquire into
the overall investment of a country, as it focuses on the portfolio investment and will analyze flows in
the Latin American Integrated Market (MILA), which is an agreement between four markets (Chile,
Colombia, Mexico and Peru), that allows perfect mobility between them. The latter considers that this
type of investment can be less subject to restrictions and less dependent on other types of international
transfers, such as those in goods and services markets.

For this purpose, the participation of the four markets that form the MILA has been assessed over
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time, trying to find a change in the structure of the market generated by the entrance in force of the
agreement. Since the assessment focuses on the participation, compositional methods are a natural
approach to the problem. These methods have been widely developed in the recent decades, but appli-
cations in economics remain rare1. Therefore, this is also an opportunity to employ novel methods and
contribute to the debate around the F-H puzzle.

In this case, there are two options: first, data can be treated as cross-sectional, applying composi-
tional models and measures of distance to assess the hypothesis; second, treat data as time series, using
these models to search for a change in the dynamics of the market structure. Therefore, both perspec-
tives are used to verify the F-H puzzle, and the results are evaluated to determine which provides better
insight into the problem.

The paper is structured as follows. Section 2 provides insight into the MILA market and its partici-
pating countries. Section 3 explains the methodology used to assess the F-H hypothesis, and Section 4
presents the dataset. Finally, Section 5 shows the main results of the evaluation of the F-H puzzle and
Section 6 concludes the study.

2. MILA market

The MILA is an agreement signed by the stock exchanges from Chile, Colombia and Peru, which
started operating as an interconnected market in 2011. By the end of 2014, Mexico joined the three
founding members to form the current MILA. The four countries from the Pacific Alliance (a Latin
American trading bloc) signed the agreement which allows investors from any of the participating
markets to invest in stocks from any of the exchanges. By the end of 2020, the market operated with
more than 700 listed companies and had a capitalization above USD 770 billion. Operationally, the
instruments are kept in the four separated exchanges, but they are interconnected for investors to be
able to trade in any of the markets. A short anecdotal review of the history of each one of the markets
is presented below in order to understand the different backgrounds that led to the foundation of the
current MILA.

2.1. Chile

The Bolsa de Comercio de Santiago was founded in 18932, working during several years in parallel
with the Bolsa de Corredores de Valparaı́so. During part of the 20th century, the latter was the main
stock market in Chile because of the important economic activity taking place in Valparaı́so, the coun-
try’s main port. Nevertheless, as the years passed, and due to several regulatory changes, the Bolsa de
Comercio de Santiago became the most important stock market in Chile. Since 1908, investors in both
exchanges had the possibility to trade stocks in both markets through Inter Exchange Operations. In
2005, the two exchanges, together with the Bolsa Electrónica (founded in 1989), signed agreements to
allow investors to trade stocks in all markets. In 2018, the Bolsa de Corredores de Valparaı́so ceased
operations.

As part of the participation in international entities and the alliances with other stock markets around
the world, the Bolsa de Comercio de Santiago joined, as a founding member, the Ibero-American
1See, for example, Belles-Sampera et al. (2016), who studied capital allocation problems using the compositional framework, or Boonen
et al. (2019), who forecasted risk allocations through compositional data.

2https://www.bolsadesantiago.com.
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Federation of Stock Exchanges and Securities Markets in 1973 and, in 1991, the World Federation
of Exchanges. In 2000, the Mercado de Valores Extranjeros (Foreign Stock Exchange) was created
as a platform for local investors to trade foreign stocks. Finally, in 2011, the Bolsa de Comercio de
Santiago joined the MILA, creating the biggest stock market in the region.

2.2. Colombia

The Bolsa de Valores de Colombia3 was born in 2001 after the fusion of the Bolsa de Bogota
(created in 1928), the Bolsa de Medellin (created in 1961) and the Bolsa de Occidente (created in
1983). Since the creation of the Bolsa de Bogota, the trading of stocks in the country has been closely
linked to the performance of the business activity. Indeed, following the economic instability after
the Great Depression, the first years of the trading activity were slow and the strongly restrictive legal
frame during the following decades did not allow for important growth of the trading activity. It was
not until the creation of the Bolsa de Medellin that the stock markets started gaining some dynamism,
paired with the important growth in the economic activity during the 1960s. This led to the creation of
the Bolsa de Occidente a few years later.

The technological improvements achieved in the 1990s helped the three markets experience an
increase in their activity. Starting in the 2000s, the aim of the three markets to attract more international
investment led to their fusion and the creation of the current Bolsa de Valores de Colombia.

2.3. Mexico

After several years of informal trading, in 1894, the Bolsa Nacional was born in Mexico City4. A
few months later, another stock exchange, the Bolsa de Mexico, started operating in the same city.
Later, both exchanges found that it was more beneficial to work together and decided to merge under
the name Bolsa de Mexico. In 1933, with the new legislation about the stock exchanges, the Bolsa
de Valores de México was created as the sole exchange in the country. In the 1950s, the Bolsa de
Monterrey and the Bolsa de Occidente (in Guadalajara) were created to stimulate the economic activity
in those regions. In 1975, the new legislation on capital markets in Mexico led to the merge of all stock
exchanges into the new Bolsa Mexicana de Valores.

By the end of the 1980s, and through the 1990s, the Bolsa Mexicana de Valores gained consider-
able dynamism due to the electronic negotiation, the incursion of international stockbrokers and an
important increase in the number of listed companies. Additionally, in 2003, it started the investment
of local agents in international stocks, continuing the internationalization of the Mexican stock market.
In 2014, the Bolsa Mexicana de Valores joined the Latin American Integrated Market (MILA), after
several years of technical adjustments.

2.4. Peru

The Bolsa de Comercio de Lima started operating in 18615. For several years, there were no shares
from private companies traded in the stock exchange, but it was creating valuations for them. After the
high inflation period in the 1870s, the stock market regained some dynamism. The name was changed

3https://www.bvc.com.co.
4https://www.bmv.com.mx.
5https://www.bvl.com.pe.
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to Bolsa Comercial de Lima in 1898, with an increased offer for investors and changes in the benefits
for traders and other agents in the market. The beginning of the 20th century brought important growth
in the trading activity of the Peruvian stock market, which was stopped by the uncertainty generated
by the Great Depression and World War II. This led to large reforms and the creation of the new Bolsa
de Comercio de Lima in 1951.

At the beginning of the 1960s, the hundredth anniversary of the Peruvian stock market was a tran-
sition period in which the main objective was to strengthen the market and increase capitalization by
incorporating new firms. This growth period led to further reforms and the creation of the current
Bolsa de Valores de Lima (BVL) in 1971. During the following years, the BVL experienced important
dynamism, marked by the incorporation of new technologies, it then became one of the most prof-
itable stock markets in the world by the beginning of the 1990s. In 1995, the BVL started operating
electronically, and from 2002, the market information was available for all users online, increasing
the transparency and efficiency of the market. In 2011, the BVL joined the MILA with Chile and
Colombia, with the aim of increasing the investment possibilities for all agents. In recent years, more
innovations have come to the market, such as the creation, in 2013, of the Mercado Alternativo de
Valores (Alternative stocks market), which is for the negotiation of shares from smaller companies, the
incorporation of new indices and a remarkable internationalization strategy.

2.5. Joint market

The four stock markets that form the MILA have important participation in the company shares,
although private and public bonds, derivatives and currencies are also traded. Regarding the main
sectors trading in the exchanges, it is worth noting that all of them have important participation in the
financial services, energy and mining and food and beverage companies within the most traded stocks.

Additionally, the Bolsa de Comercio de Santiago has important companies in sectors such as retail,
real state and transportation services, while the Bolsa de Valores de Colombia has important public
services firms participating in the market. On the other hand, the Bolsa Mexicana de Valores combines
public services and transportation enterprises in the main traded shares, and the Bolsa de Valores de
Lima has retail and industrial companies among the most relevant in the exchange market.

Although each stock market continues to have its own indices, financial services firms like the S&P
Dow Jones Indices6 carry indices of the joint market, such as the S&P MILA Pacific Alliance Select,
which includes the largest, most liquid companies of the MILA; or the S&P MILA Andean 40, which
includes the 40 largest and most liquid stocks in Chile, Colombia and Peru.

3. Methodology

This section is dedicated to introducing the methodology used through the paper. The composi-
tional data framework is explained in the first subsection. Later, the cross-sectional methods with
compositional data are shown in the second subsection. After, considering that the data corresponds to
a multivariate time series, this framework is explained in the third subsection and the series are mod-
eled by means of vector autoregressive (VAR) models comparing the traditional and the compositional
data approaches. Throughout the analysis, the focus is on assessing whether there was a change in the
composition of the MILA market in June 2011 (when the markets of Chile, Colombia and Peru created
6https://www.spglobal.com/spdji.
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the joint market) or in December 2014 (when Mexico joined the three founding members). The dataset
(explained in more detail in Section 4) includes monthly observations from January 2005 to December
2020, meaning that there are observations before and after these breaking points.

3.1. Compositional data

A composition is a multivariate series in which the variables carry only relative information
(Pawlowsky-Glahn et al., 2011). It can be expressed as a vector Y = [y1, ..., yn], where each y j is a
non-negative value and

∑n
j=1 y j = κ. The value of κ is usually normalized to the unit (κ = 1). Formally,

compositional data are defined in the sample space described by

Sn = {Y ∈ Rn|y j ≥ 0, j = 1, ..., n,
n∑

j=1

y j = 1} (1)

The characteristics of Sn impose several restrictions at the moment of modeling the series. There-
fore, Aitchison J (1986) defined what is referred to as the Aitchison geometry. This includes transfor-
mations to express compositional series (defined in the sample space Sn) in Rn and then being able to
apply conventional statistical techniques to the transformed series. For instance, the Aitchison geome-
try defines the centered log ratio (clr) transformation as

clr(Y) =

[
ln

y1

g(Y)
, ..., ln

yn

g(Y)

]
; with g(Y) =

 n∏
j=1

y j


1/n

(2)

This transformation allows only for compositions with strictly positive values (y j > 0), which
imposes a limitation on the composition. Further discussion on the topic can be found in Aitchison
J (1986). On the other hand, even if the transformed elements can (in theory) take any value in R,
they still have the limitation of adding up to zero because of the construction of the transformation.
Therefore, the isometric log ratio (ilr) transformation is defined in the Aitchison geometry. In this case,
an orthonormal basis e = {e1, ..., en−1} is used to create the matrix V with rows equal to clr(e j) such that
V · V ′ = In−1 and V ′ · V = In − (1/n)1′n1n, with In being the identity matrix of size n and 1n, an n-row
vector of ones. Then, the irl transformation is defined as

ilr(Y) = clr(Y) · V ′ (3)

As a result, the size of ilr(Y) will be n − 1. For the specification of e, the binary partitions approach
followed by Egozcue et al. (2003) can be used. The method assigns +1 to part of the elements in the
compositions and –1 to the others. In the next step, one of these subgroups is taken and again divided
into two groups, while the other is assigned zeros. This process is done subsequently, creating two
subgroups at each step until all subgroups contain only one element. The result is an (n− 1)× n matrix
with +1, -1 and 0 as elements, and it can be used as the orthonormal basis for the matrix V .

Throughout this paper, the composition Y corresponds to the composition of the MILA market at
each time t in the sample, which is explained in more detail in Section 4. Therefore, the size n of the
composition is 4, while the size of the transformed series ilr(Y) is 3.
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3.2. Cross-sectional approach using compositional data

The first approach is to analyze the compositional series as cross-sectional data. Therefore, it is
possible to estimate a mixture model adjusted for compositional data as explained by Comas-Cufı́ et
al. (2016). In this case, it is assumed that the dataset follows a linear combination of a finite set of K
distributions and has a probability density function (pdf) of the form π1 f1(·; θ1)+· · ·+πK fK(·; θK), where
θ1, · · · , θK are the parameters of the pdfs f1, · · · , fK , respectively, and π1, · · · , πK are positive numbers
with

∑K
k=1 πk = 1 and the weights of each individual pdf (McLachlan and Peel, 2004). Considering

that compositional data are defined in the simplex Sn, the Dirichlet distribution is commonly used for
modeling. However, Comas-Cufı́ et al. (2016) explained that an orthonormal transformation can be
used to transform the data so that they can be modeled using distributions defined in the real space.
In this case, the ilr transformation defined previously is applied, so a Gaussian distribution can be
used and a Gaussian mixture model is estimated. Therefore, in this estimation, each one of the fk

distributions corresponds to a Gaussian distribution with the parameters θk = [µk, σk] for k = 1, . . . ,K.
The idea behind this approach is that, assuming the data comes from a mixture of K = 3 Gaussian

distributions (one for each period analyzed), the model should assign the observations to these distri-
butions following the three periods under analysis. If the model assigns the observations to the three
distributions in a different fashion, then there is no evidence of a change in the composition of the
MILA market due to the entrance in force of the agreement and the F-H puzzle could not be rejected.

On the other hand, it is possible to use different measures of distance between compositions to
check whether the entrance in force of the agreement produced a change in the composition of the joint
market, meaning that there was a potential movement of capital that would contradict the F-H puzzle.
For all three measures of distance, it is calculated for each period Yt with respect to the previous one
Yt−1 to see if there was an immediate shift in the composition of the MILA market that would indicate
any potential movement of capital at the moment of implementation of the agreement. This was done
by comparing the results for the breaking points of the MILA market (detailed in Section 4) with those
of the rest of the observations to obtain an idea of a “normal” value of each distance measure. If the
variation at the period of interest appears as ”atypical”, it could indicate a potential flow of capital
induced by the entrance in force of the agreement.

The first of these measures is the Aitchison distance for two compositions Yt and Yt−1 ∈ S
n, which

has been defined by Aitchison J (1986) as

AD∆(Yt,Yt−1) =

√√
1
n

n∑
i=1

n∑
j=1

(
ln

yi,t

y j,t−1
− ln

ŷi,t

ŷ j,t−1

)2

(4)

Also, following Thomas and Lovell (2014), it is possible to use measures like the compositional
Kullback-Leibler divergence, which measures the difference of two compositions and is defined by
Martı́n-Fernádez et al. (ND) as

KL∆(Yt,Yt−1) =

n∑
i=1

ln
yi,t

yi,t−1
(5)

Thomas and Lovell (2014) also proposed the cosine similarity, which ranges between –1 (com-
pletely opposite vectors) and 1 (completely proportional vectors), with 0 meaning completely orthog-
onal vectors. The cosine similarity is defined as
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CS ∆(Yt,Yt−1) =

∑n
i=1

yi,t

yi,t−1√∑n
i=1 y2

i,t

√∑n
i=1 y2

i,t−1

(6)

3.3. Compositional time series

3.3.1. Time series models and stationarity

Following Fuller (1996), a time series is a real function x(t, ω) for t ∈ T (time) and ω ∈ Ω (all
possible realizations of the variable). Therefore, x is defined on T × Ω. For a fixed t, x is a random
variable on a probability space. On the other hand, for a fixed ω, x is a function of time called a
realization or sample function, and it is what can be actually observed in practice. Therefore, each one
of the observations in the time series is a random variable itself and has its own distribution. When
looking at the distribution of the observations over time (the sample function), it was found to be a
joint distribution function of all individual random variables.

With this in mind, a time series is told to be strictly stationary if the joint distribution is the same,
independent of the time t. Nevertheless, as mentioned before, in reality, it is only possible to observe
one realization of the time series, which makes it impossible to obtain the joint distribution function.
Therefore, it is common to consider the weak stationarity of time series by examining only the first
two moments of the distribution. Indeed, a time series is said to be weakly stationary if the expected
value of x is constant for all t and the covariance matrix is only a function of the distance between the
realizations and does not depend on t itself.

In practice, the stationarity of a time series is tested using unit roots tests. The augmented Dickey-
Fuller test (Said and Dickey, 1984) assesses the null hypothesis of unit roots in the characteristic
equation of the time series, against the alternative of a stationary series. The idea behind this is that all
roots of the characteristic equation of a stationary series should lie inside the unit circle.

For stationary time series, it is possible to find a stochastic difference equation of the form

p∑
i=0

αixt−i = ξt or the equivalent xt =

p∑
i=1

βixt−i + ξ′t (7)

where αi is a scalar coefficient with α0 , 0 and αp , 0, p is the order of the autoregressive time series,
ξ follows a normal distribution with mean zero and variance σξ, N(0, σξ), βi is a coefficient in terms
of α and ξ′ follows N(0, σξ′). The latter equation is known as the generic form of an autoregressive
process.

The VAR model can be seen as an extension of the autoregressive model defined previously for
which the variable x is replaced for a vector X = [x1, ..., xn], usually referred to as a multivariate time
series. In this case, the vector X comprises the market capitalization for each of the members of the
MILA market, meaning that the size is n = 4, and it can be observed through the period under analysis,
as defined in Section 4. With this in mind, the general form of the VAR model is

Xt =

p∑
i=1

ρiXt−i + εt (8)
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where ρi is a matrix of parameters in Rn×n and εt is the error term with multivariate normal distribution
with zero means and a covariance matrix Σε , Nn(0,Σε). However, in real life, many observed series are
not stationary. Nevertheless, it is common that the changes in the variable follow a stationary process.
In these cases, it is possible to estimate a VAR in differences to model the series. It is defined as

∆Xt =

p∑
i=1

ρi∆Xt−i + εt (9)

where ∆ is the difference operator defined as ∆Xt = Xt − Xt−1.

3.3.2. Compositional VAR model

The time-series approach can be extended to compositional data. In this case, after applying the
ilr transformation, it is possible to use conventional statistical models and estimate a VAR model.
Therefore, the generic VAR model for a composition Y (after applying the ilr transformation) is defined
as

ilr(Yt) =

p∑
i=1

%iilr(Yt−i) + εt (10)

Similar to the previous case, if the transformed series is not stationary, then it is possible to differen-
tiate the series by applying the ∆ operator, and, if the series in differences is stationary, then the model
to estimate would be

∆ilr(Yt) =

p∑
i=1

%i∆ilr(Yt−i) + εt (11)

After deciding which models fit better to the data, then it is time to examine whether the F-H puzzle
holds for this specific setting. In order to do this, the model will be first estimated for the whole
sample (in this case, from January 2005 to December 2020, as explained in more detail in Section 4).
Later, the model will be estimated for three different subsamples: before June 2011 (when the MILA
market started operating with Chile, Colombia and Peru), from July 2011 to November 2014 and from
December 2014 onward (when Mexico joined the MILA). Finally, the coefficients obtained in the four
models will be compared in order to see if the entrance in force of the agreement produced a change
in the participation of each market in total, meaning that there was a recomposition of the investment
induced by the agreement. Thus, if the coefficients of the general model are different from those for
the models in the subsamples, this would mean that the dynamics of the series changed and there was
a recomposition of the market.

4. Dataset

The variable to be used is the monthly market capitalization of each stock market. The data are
publicly available from the World Federation of Exchanges and are expressed in US dollars as com-
mon currency. The dataset is composed by utilizing the market capitalization of the four markets from
January 2005 to December 2020. Figure 1 shows the dataset in levels, while Figure 2 shows the com-
position formed by the four markets. In both figures, there are two white lines dividing the graph: the
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first one corresponds to June 2011, when Chile, Colombia and Peru joined the MILA, and the sec-
ond one to December 2014, when Mexico joined the three founding members and formed the current
MILA. Therefore, the analysis will be concentrated on finding differences in the market capitalization
of the four markets before and after the entrance in force of the agreement.

The use of this dataset has an important implication: by using a common currency (to be able
to compare the data from the four markets), the fluctuations in the exchange rates in each country
are disregarded. Therefore, an assumption is required to proceed: the four countries are affected in
the same sense by shocks in the currency exchange markets. This means that, if one country suffers
devaluation, the others will also go through the same process. To assess this assumption, the exchange
rate fluctuations of the four currencies were verified for the period of interest. When checking for their
pairwise correlations, all of them were above 0.59, meaning that there is a strong correlation between
the exchange rates of all countries against the US dollar, validating the assumption made. However,
there is still room for a caveat regarding the potential effects of currency exchange fluctuations in the
results.
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Figure 1. Market capitalization of MILA exchanges.

5. Evaluation of F-H puzzle in MILA market

5.1. Cross-sectional analysis results

Figure 3 shows the results of the estimation of the Gaussian mixed model with three distributions.
There seem to be two breaking points in the series, but they do not correspond to the entrance in force
of the MILA market, which means that it is not possible to find a recomposition of the capital market
caused by the agreement. Therefore, it is not possible to reject the F-H puzzle.
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Figure 3. Gaussian mixed model results.

Regarding the results of the distance measures, Figure 4 shows that the distance between the com-
position of the MILA market each period, with respect to the period before, has been close to zero
along the whole period under analysis, without any important variation around the moments of imple-
mentation of the MILA market.
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Figure 4. Aitchison distance results.

Likewise, the cosine similarity estimation results are presented in Figure 5. It is possible to see that
the values were close to one along the whole period, particularly in the moments of the integration
of the markets, which means that there is no evidence of recomposition of the MILA market with the
entrance in force of the agreement.
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Figure 5. Cosine similarity results.

Finally, Figure 6 shows similar results for the compositional Kullback-Leibler divergence. Thus,
across the period under analysis, the divergence between the composition of the MILA market for a
month and the month before remained close to zero, particularly in the periods of interest when the
joint market started operating.
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Figure 6. Compositional Kullback-Leibler divergence results.

As can be seen, the cross-sectional methods used agree with the F-H puzzle, as none of them have
revealed any change in the composition of the market capitalization in the MILA with the entrance in
force of the agreement.

5.2. Compositianal time series results

5.2.1. Time-series model selection

To define the (compositional) time-series models to estimate, it is necessary to perform some diag-
nostic tests in the series. First, the stationarity of the series was tested since it is the first assumption
when using time-series techniques. The augmented Dickey-Fuller test assesses the null hypothesis of
a unit root in the characteristic equation of the series, which implies that the series is non-stationary.
As shown in Table 1, none of the four series of market capitalization showed stationary in levels. After
differentiating the series one time, the results of the test show that the series are stationary (Table 1),
meaning that the series are integrated of order one and the model to be estimated is the one in Equa-
tion 9. In the case of the compositions, the situation is similar. Table 2 reports the results for the ilr
transformed series. Recall that the size of ilr(Y) is 3 and there is no direct correspondence with the
four countries that form the original composition because of the construction of the transformation.
Therefore, the variables are renamed V.1, V.2 and V.3. The test results show that the levels are not
stationary, unlike the first differences; so, the model in Equation 11 is the one to estimate.

At this point, it is necessary to determine how many lags are needed in each model. In this case,
the information criteria to be used will be the Akaike’s information criterion (AIC) and the Bayesian
information criterion (BIC). Both use a likelihood method to define the fitness of a model to a sample.
The AIC statistic is defined as AIC = −2` + 2K, where ` is the log-likelihood of the estimation and K
is the number of parameters in the model; the BIC is defined as BIC = −2 ln(`) + K ln(n), where n is
the sample size. In both cases, a lower value of the statistic implies a better fit of the model, although
the BIC gives a higher relevance to the parsimony of the model by penalizing more a higher number of
parameters.
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Table 1. Augmented Dickey-Fuller test for market capitalization series.

Levels First differences
Statistic P-value Statistic P-value

Chile −1.90 0.62 −4.69 0.01
Colombia −1.50 0.79 −5.43 0.01
Peru −2.69 0.29 −5.16 0.01
Mexico −2.63 0.31 −5.31 0.01

Table 2. Augmented Dickey-Fuller test for ilr transformed series.

Levels First differences
Statistic P-value Statistic P-value

V.1 −1.81 0.66 −5.72 0.01
V.2 −1.70 0.70 −5.68 0.01
V.3 −2.24 0.48 −5.60 0.01

As shown in Table 3, both the AIC and the BIC conclude that, for the model with the differences
of the market capitalization, the more lags added the best. The number of lags was tested to up to 36,
and the AIC continued to decrease at each time. Considering that the model should be parsimonious,
the chosen number of lags for the estimated model was 12, consistent with the periodicity of the series.
Therefore, the model to be estimated is expressed in Equation 12:

∆Xt =

12∑
i=1

ρi∆Xt−i + εt (12)

For the case of the compositional model, the results vary substantially. Thus, the information criteria
show that the models with only one lag had the best adjustment, meaning that the model to be estimated
is the one in Equation 13:

∆ilr(Yt) = %∆ilr(Yt−1) + εt (13)

5.2.2. Time-series model estimation results

The results for the model in Equation 12 show that almost all coefficients are non-significant except,
for a few coefficients in random lags which do not have further interpretation. For instance, in the
equation for Chile, only the second lag of Mexico, the third of Peru, the eleventh of Chile and the
twelfth of Colombia are significant; in the equation for Colombia, only the eleventh lag of Peru is
significant. In the equation for Peru, the significant coefficients are its first and eighth lags; lags 2, 3, 8
and 11 of Chile; Mexico’s eighth lag and Colombia’s eleventh lag. Finally, in the equation for Mexico,
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Table 3. AIC and BIC results for the proposed models.

No. of lags
Market capitalization differences Ilr transformed series differences

AIC BIC AIC BIC
1 16085.49 16150.43 −1843.73 −1804.76
2 16010.39 16127.09 −1823.78 −1755.70
3 15932.34 16100.63 −1803.59 −1706.50
6 15728.65 16050.69 −1749.24 −1565.68

12 15317.52 15942.24 −1620.94 −1267.14
24 14379.77 15589.55 −1481.95 −799.11
36 12544.07 14309.25 −1510.65 −515.45

its second lag, Peru’s second and ninth lags and Chile’s eleventh lag are significant. These results mean
that it was not possible to find a dynamic process generating the data of the market capitalization of
the MILA market.

This was confirmed by the Granger causality test (Granger, 1969), which shows that none of the
variables contain information that can be used to explain the others. Table 4 reports the statistic and
p-value results for the test with the null hypothesis that each dependent variable is explained by the
others. Furthermore, when estimating the three separated models for the periods under study, the
results were found to be very similar to those of the first model, i.e., most of the coefficients were not
significantly different from zero. This implies that the model also has little predictive power in the
subsamples, and that there is no difference between the three periods studied. The latter can be seen as
a confirmation of the F-H puzzle, as there is no change in the coefficients of the model in the periods
under analysis.

Table 4. Granger causality test for market capitalization model.

Dependent variable Statistic P-value
Chile 1.33 0.10
Colombia 1.05 0.40
Peru 1.15 0.26
Mexico 0.83 0.75

For the compositional model (Equation 13) the results are similar. Figure 7 reports the coefficient
results for the compositional VAR model. In the left panel, V.1 corresponds to the proportion of
Chile, Colombia and Peru with respect to Mexico, as explained by the first lags of itself and the other
variables. V.2, in the middle, corresponds to the proportion of Chile and Colombia with respect to
Peru, as explained by the same variables as before; the right panel shows the estimation results for V.3,
which is the proportion of Chile with respect to Colombia.

As can be seen in Figure 7, almost all coefficients were non-significant, except for the equation for
V.2, in which its own lag is significant. Also, the separated models for the three periods exhibited a
similar result. Furthermore, the Granger test concludes that there is no causality between the variables
and the previous observations of the others (Table 5). Furthermore, when comparing the coefficients
of the general model for the whole sample and the models for the three subperiods, the results were
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statistically the same for most of them, which means that it is not possible to find a recomposition of
the integrated capital market after the entrance in force of the agreement. This would mean that the
F-H puzzle still holds in this specific setting.

Table 5. Granger causality test for compositional model.

Dependent variable Statistic P-value
V.1 1.67 0.01
V.2 1.06 0.39
V.3 1.06 0.38
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Figure 7. Estimated coefficients compositional model in differences.

6. Conclusions

Different methods were applied to assess the F-H hypothesis, according to which the liberalization
of capital markets does not necessarily lead to a movement of capital between countries. The particular
case of the MILA was used by considering the specificity of the setting, in which only stock markets
were liberalized to allow investors to trade shares in other markets as they would do locally. The
hypothesis testing strategy was based on the market capitalization of the MILA market and the relative
importance of each of the participants within the total, looking for any change in the composition of
the market that could indicate a flow of capital between the stock exchanges. As a result, it is not
possible to find a change in the participation of the four markets in the MILA caused by the entrance
in force of the agreement. Therefore, there was no indication of capital flows within the markets after
the implementation of the agreement, meaning that the F-H puzzle holds also in this specific setting.

From the methodological point of view, it was possible to use compositional methods to assess the
hypothesis by analyzing the series as cross-sectional data, achieving consistent results. On the other
hand, compositional and traditional time series models did not provide useful information to assess the
hypothesis, as the estimated models did not deliver significant results. This sheds light on the potential
of compositional methods for analyzing problems for which other approaches fail to come up with
meaningful results.

This paper contributes to the debate on the effects of capital markets’ liberalization, and its findings
can provide policymakers with arguments in favor or against the applications of certain policies, par-
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ticularly in the field of international investment. Further research on the topic could aim to implement
similar methodologies in different settings, such as the European Union, which not only allows for the
mobility of capital, but also incorporates other factors, such as labor.
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