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Abstract

This thesis examines whether there is a bidirectional relationship between economic
complexity and economic growth for 34 OECD countries using years between 1998-2024.
The aim is to investigate whether there is any short-run predictiveness for economic
complexity and economic growth. To estimate the bidirectional relationship, we have
conducted a panel vector autoregressive framework estimated through the generalized
method of moments (GMM) approach. This methodology allows both economic growth and
complexity to be treated as endogenous variables while capturing dynamic interactions over
time. The results present mixed evidence regarding the bidirectional relationship between
trade, technology, and research complexity and economic growth. Growth had a significant
positive effect in predicting future trade complexity, while the reverse relationship was found
to be insignificant. In contrast, technology complexity significantly predicted increases in
short-run growth, whereas significant reversed relationships were insignificant. Research
complexity also showed significant predictive effects on future short-run growth, while no
significant reverse relationship was found. Overall, the findings suggest that trade,
technology, and research complexity influence growth differently, as well as how growth

influences the complexity measurements differently in short-run.
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1 Introduction

In recent decades, the global economy has experienced rapid technological development and
increasing globalization, which in turn has led to a significant increase in economic growth
across the world. However, countries have had different experiences in development both
technologically and economically. One explanation for this technological development is
globalization, which in turn results in better opportunities for innovators to scale and apply
their ideas to larger markets, as argued by Grossman and Helpman (2015). Traditional
explanations for development differences have often focused on factors such as capital
accumulation, labor productivity, and institutional quality as acknowledged by Solow
(1956). However, newer research from Hausmann and Hidalgo (2014), has argued that the
structure of production and the advancements of an economy’s productive capabilities also
plays a crucial role in explaining long-run economic performance. This idea has contributed

to the development of the concept of economic complexity.

Previous research has mainly focused on trade complexity to measure a bidirectional
relationship between economic complexity and economic growth. This can be seen in the
research by Cokgezer and Sadiku (2023) and Udeogu, Roy-Mukherjee, and Amakom (2021).
Meanwhile, relatively little attention has been given to other dimensions of complexity such
as technology complexity and research complexity. These measures may capture different
aspects of productive knowledge and innovation and could therefore affect economic growth
differently. As a result, there is a need for further research examining whether different

measures of complexity exhibit similar relationships with economic growth.

The purpose of this thesis is therefore to investigate the short-run bidirectional relationship
between economic growth and different measures of economic complexity for OECD
countries during the period 1999 to 2021. More specifically, the study examines whether past
complexity predicts future complexity. The analysis focuses on three measurements of

complexity: trade complexity, technology complexity, and research complexity.

To analyze these relationships, this study applies a panel vector autoregressive framework
estimated through the generalized method of moments (GMM) approach. This methodology
allows both economic growth and complexity to be treated as endogenous variables while

capturing dynamic interactions over time. The empirical analysis is based on data obtained



from the Observatory of Economic Complexity and the World Development Indicators

database published by the World Bank.

By examining the interaction between economic growth and multiple dimensions of
complexity, this thesis contributes to the literature in two important ways. First, it extends
previous research by comparing several measures of complexity rather than focusing solely
on trade complexity. Second, by concentrating on OECD countries, the study provides
insights into how complexity and growth relationships operate within advanced economies
that already possess relatively high levels of productive capabilities and technological

development.

The study aims to answer the following research question:
1. Does past complexity lead to future growth and/or does past growth lead to future
complexity?
2. Does the predictiveness of the relationship vary between different measures of

complexity?

The continuing section of this thesis covers the following: section 2 and section 3 covers the
existing literature and theory behind these topics. Section 4 covers how we collected and
transformed our data, including our variables and descriptive statistics of our variables. In
section 5 we go into how we empirically estimated this relationship, our model, and
diagnostics of our model. Section 6 and section 7 covers our results and links it to our
theoretical framework that we covered in section 3. Lastly, in section 8, we conclude our
entire work and our findings. Here we also cover the limitations of our study and what future

research could expand on.

2 Literature Review

This section reviews relevant empirical and theoretical literature on the relationship between
economic growth and economic complexity, primarily on the bidirectional relationship.
Perspectives from the short-run and the long-run are included to recognize the differences
between our research and previous ones. The studies considered are primarily peer-reviewed

and published within the last 15 years. Lastly, the hypothesis is introduced.



2.1 Economic Complexity Impact on Growth

Economic complexity has become one of the main measurements used to predict how
productive sophistication can impact future economic growth both from short-run and long-

run effect effects.

Economic complexity’s impact on growth has been analyzed from a diversification
perspective by Stojkoski and Hidalgo (2026), developed an optimization-based framework
for how countries expand their production structures within existing capability constraints.
Rather than treating knowledge as something that builds up over time in development, they
model it as a strategic process of choosing diversification paths in the product space, which
maps how closely related different goods are in required capabilities. This in turn is used in
the model to evaluate which diversification opportunities are both feasible and promotes
growth. Stojkoski and Hidalgo (2026) found a trade-off between feasibility and optimality,
where countries tend to diversify into nearby products that are easier and cheaper to produce.
However, those are not always the ones with the highest potential for long-run growth. In
contrast, moving into more complex industries is contributing to stronger long-term growth.
Overall, their work highlights that diversification paths differ in their growth implications,
and that economies achieving successful transitions toward more complex sectors tend to
experience higher sustained income growth, while those remaining in low-complexity

activities risk slower development.

In addition, Grossman and Helpman (2015) links globalization and growth within
endogenous growth frameworks by analyzing how knowledge spillovers, trade and
technological progress contribute to long-run growth. One of the findings was that
international knowledge spillovers can lead to increased long-run growth rates. Possibly the
reason behind that argued by Grossman and Helpman (2015) is that advances made in one
economy reduce innovation costs elsewhere. Scale effects and competition effects are used to
describe the relationship between globalization and innovation incentives. Trade increases the
potential market size for innovators, which can raise expected profits from innovation and
encourage research activity. However, globalization also intensifies competition from foreign
firms, reducing market shares, and potentially weakening innovation incentives. Grossman

and Helpman (2015) also argued that the growth outcomes are different across countries and



that the innovation gaps from trade competition can occur when knowledge spillovers are

domestic rather than international.

Another contribution is the study by Ourens (2013) where he evaluates the predictive ability
of economic complexity. More specifically, Ourens (2013) evaluated the economic
complexity trade index to test whether it is a robust predictor of future economic growth by
using disaggregated trade data and other methodological specifications. The purpose was to
find any predictiveness for complexity performance in short-run and long-run growth. Ourens
(2013) analyzed a cross-country sample between 1962 to 2000. The findings show that the
indicators have a strong association regarding the countries’ income levels, which supports

the theory that more complex economies tend to be more developed.

2.2 Bidirectional Relationship Between Economic Growth and

Economic Complexity

The relationship between economic complexity and economic growth has received increasing
attention within development economics, particularly within the capability-based framework

introduced by Hausmann and Hidalgo (2014).

A more robust empirical contribution to this literature is provided by Udeogu, Roy-
Mukherjee, and Amakom (2021) in their research. Their study applies a Generalized Method
of Moments PVAR framework, allowing for a more robust treatment of endogeneity and
dynamic interactions between economic complexity, export diversification, and economic
growth. By modelling these variables as endogenous, the study captures both direct and
feedback effects over time. They estiamted the bidirectional relaitionship for economic
growth and economic complexity for 31 OECD countries from the period 1982-2017. The
variables used for the estimation were growth in GDP per worker, growth in gross fixed
capital formation per worker, and growth in the economic complexity index. The empirical
findings found that economic complexity has a significant positive effect on long-run
economic growth. They also conducted a Granger-causality test, which found that changes in
the ECI significantly predicts future growth in real GDP per worker. The conclusion was that
increases in product complexity and export diversity were shown to generate positive and

persistent effects on economic growth, and the same for growth to have a positive effect on



economic complexity. These results align with the endogenous growth theory, where

knowledge accumulation and innovation are central drivers of long-run development.

In contrast, the study by Cokgezer and Sadiku (2023) found a weaker and asymmetric
evidence by using a similar PVAR approach applied to OECD countries. They investigated
the bidirectional relationship between economic complexity and economic growth for 37
OECD countries over the period 2000 to 2021 using a generalized method of moments panel
vector autoregression model. They estimated the effect by taking annual values from growth
in GDP per capita and growth in economic complexity. Their results indicates that economic
complexity does not have a statistically significant effect on economic growth, while
economic growth positively affects economic complexity. This implies a unidirectional
relationship, where growth drives structural change rather than the reverse. The study by
Cokgezer and Sadiku (2023) also only looked at the traditional complexity measure of trade.

This opens an area to extend a model where more complexity types are included.

In addition, Zhu and Li (2017) investigated how economic complexity and human capital
affects economic growth long-run but also short-run. They estimated the relationship by
conducting cross-sectional panel data for high-income countries and low-income countries
between the periods 1995 and 2010. Economic complexity is measured using the export
complexity index. Human capital is measured separately in secondary education and higher
education. The results found that economic complexity had a significant positive effect on
economic growth in the long-run. Higher education also had a positive effect on economic
growth in both the long-run and the short-run. Meanwhile, secondary education had a
stronger effect on both short-run and long-run economic growth compared to higher
education and economic complexity. However, secondary education had a stronger
interaction effect together with economic complexity compared to higher education. This
could suggest that countries with mainly secondary education benefit more by diversifying

their exports and upgrading their production.

From these literatures we have taken inspiration for how to measure the bidirectional
relationship between economic complexity and economic growth by applying a panel vector
autoregression model to estimate how economic complexity measures as trade, research, and

technology has an impact on growth and the reverse relationship.



3 Theoretical Framework

This section will present the endogenous growth theory and the economic complexity

framework and how it is related to our research.

3.1 Economic Complexity, Knowledge Economies, and Structural

Development

The concept of economic complexity provides a structural explanation for differences in
economic development across countries. As developed by Hidalgo and Hausmann (2014),
this framework emphasizes the role of productive knowledge as the key determinant of
economic growth. The focus on economic growth is explained by productive knowledge
embedded in an economy’s production structure. Unlike traditional models such as the Solow
model by R. Solow (1556) that treats technology as homogeneous, economic complexity
emphasizes heterogeneity, and that knowledge evolves through the recombination of existing
ideas and capabilities. In this view, long-run economic growth is determined by how

knowledge is accumulated, combined, and expressed through the production of goods.

The relationship between economic complexity and economic growth has received increasing
attention within development economics, particularly within the capability-based framework
associated with Hausmann and Hidalgo (2014). Their literature emphasizes that long-run
growth is not only driven by factor accumulation, but also by the structure of production and
the accumulation of productive knowledge. Economic complexity captures the amount of
embedded knowledge in an economy’s production system, inferred from export patterns.
Countries that produce and export a diverse set of advanced goods are therefore understood to
possess a broader set of capabilities, such as skills, technologies, and institutional quality,
which are essential for sustained economic growth, as mentioned by Hausmann and Hidalgo
(2014). Economies tends to diversify and upgrade their export and production according to
their existing production structure within the economy, argued by Hidalgo, Klinger,

Hausmann, and Barabasi. (2007).

To continue, Economic complexity measures the amount of productive knowledge
embedded within an economy by examining the diversity and advancement of the products,

technologies, and research activities that countries are able to produce, acknowledged by Zhu



and Li (2017). Economies characterized by high complexity are generally associated with
advanced industries, stronger innovative capacity, and higher productivity levels according to
Ourens (2013). According to the economic complexity framework developed by Hidalgo and
Hausmann (2014), countries that accumulate broader and more advanced productive
capabilities are expected to achieve stronger and more substantial economic growth over
time. One of the reasons behind this is that more complex economies have the better capacity
to participate in productivity-intensive forms of social production, which in turn supports

economic development, as argued by Zhu and Li (2017).

To continue, Hidalgo, Klinger, Hausmann, and Barabési. (2007) introduced the concept of
the product space, which is a network presenting how products are connected based on the
similarity of their required capabilities. This network structure implies that countries are more
likely to develop new industries that are close to their existing productive structure. As a
result, economic development becomes a path-dependent process, where historical
production patterns shape future diversification opportunities. This would indicate that the
relationship between economic growth and complexity may be dynamic and bidirectional
rather than one-directional. However, existing evidence remines mixed, particularly for
highly developed economies such as OECD countries, where the effect of complexity on

growth differs from those observed in developing economies.

In the context of this study, the theoretical framework implies that countries with higher
levels of economic complexity are expected to achieve higher economic growth and income
levels. Moreover, the ability to transition into more complex products is seen as a critical
factor for sustained development. Moreover, the Observatory of Economic Complexity
supports comparative analysis across countries and over time, which can be used to examine
how changes in economic complexity are associated with broader development outcomes. By
making complex data accessible and interpretable, the platform supports the empirical

application of theories related to knowledge accumulation, diversification, and growth.

3.3 Endogeneity in the Relationship Between Economic Complexity

and Economic Growth

Economic complexity can be interpreted as a measurable representation of innovation and

knowledge accumulation within an economy as one of the key determinants of economic
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growth as argued by Aghion and Howitt (1998). The concept of endogenous growth explains
the differences in long-run economic performance across countries, as developed by Aghion
and Howitt (1998). The theory suggests that economic growth is not something that simply
happens from the outside, but rather the result of strategic decisions made by firms and
individuals. For example, firms invest in research and development to improve existing

technologies or create new ones, with the purpose of creating a comparative advantage.

One of the aspects in the endogenous growth theory is that knowledge tends to spread beyond
the firms that created it. When one firm develops a new idea or technology, others may
benefit through what is known as “knowledge spillover”, where information is transferred
without contributing to its original creation. Grossman and Helpman (1991) emphasize that
knowledge is non-rival, meaning it can be used simultaneously across different firms,
industries, and locations. This means that the overall benefits to society are often larger than

the benefits captured by individual firms through these knowledge spillovers.

In addition, human capital plays a key role in this framework. A more skilled educated
workforce makes it easier to develop new technologies and adopt existing ones. This suggests
that investments in education are closely linked to a country’s ability to sustain long-term
growth. Hidalgo, Klinger, Hausmann, and Barabasi. (2007) argues that richer economies tend
to specialize in knowledge-intensive goods that require economic fundamentals, such as
infrastructure and human capital. In contrast, poorer economies are more likely to specialize
in less advanced goods that do not require the same quality of economic fundamentals. This
suggests that developed economies place greater emphasis on education and skilled labor to
produce more advanced products with the purpose of sustaining economic growth.
Consequently, human capital can be seen as an important component of economic

complexity.

To continue, Countries are more likely to develop industries that are related to their current
export basket, as these require fewer additional capabilities as mentioned by Balland,
Broekel, Diodato, Giuliani, Hausmann, O’Clery, Rigby (2022). This implies that
development is not random, but instead follows a development path shaped by existing

knowledge and capabilities.
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Overall, Aghion and Howitt (1998) argues that long-run economic growth is shaped by
factors within the economy itself, such as innovation, education, and what encourages firms
to act. Their framework suggests that economies with stronger incentives to innovate and
better conditions for knowledge creation are more likely to achieve higher growth rates. At
the same time, the ongoing process of technological change and replacement remains a
central driver of long-term economic development. This in turn suggests that economies tend

to diversify into products that are closely related to their existing capabilities.

3.4 Hypotheses

Identifying bidirectionality for endogenous variables emphasizes a predictive relationship,
rather than a causal one. This introduces the concept of Granger causality which tests whether
one time series is useful in forecasting another. This becomes the basis of our hypotheses as
we aim to establish whether past values of one variable contain predictive information about
the future values of another, and if so, in which direction this relationship is established. Or in
other words, whether X (Granger) causes Y, as said by Gujarati and Porter (2009). This gives

us four cases of Granger causality from which we can form our hypotheses from.

H: Unidirectional causality Aln GDPPS, - ECI, is indicated if the estimated coefficient for
lagged economic growth is statistically significant from zero and the estimated coefficient for

lagged changes in complexity is not statistically significant.
Hj: Unidirectional causality Aln GDPPS, « ECI, is indicated if the estimated coefficient for
lagged change in complexity is statistically significant from zero and the estimated

coefficient for lagged changes in economic growth is not statistically significant.

H3: Bidirectional causality or feedback loops are indicated if both variable coefficients are

statistically significant in both regressions.

H,: Independence is suggested when both variable coefficients are not statistically significant

in either of the regression.
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4 Data

4.1 Data Sources & Country Sample

This study combines data from two main sources. Complexity measures are obtained from
the Observatory of Economic Complexity (OEC) while GDP per capita data is obtained from
the World Development Indicator data set by the World Bank. Data has been obtained for all
countries part of the Organisation for Economic Co-operation and Development (OECD)
where complexity data was available. Consequently, Estonia, Iceland, Latvia, and
Luxemburg have been left out of our sample due to complexity data missing for these
countries. The data covers a period between 1998—-2024 and is measured on a yearly basis.
Due to that we want to include all years of available data, the time period we cover in our
estimations can differ depending on the complexity variable we measure. Trade complexity
data was available between 1998-2024, technology complexity data was available between

19992021, and research complexity data was available between 1999-2024.

4.2 Variables

Complexity data is measured in three out of four available categories the OEC offers. Those
are trade-, technology-, and research complexity. Software complexity is the last category
which has been left out of this study due to insufficient data that would not yield any
meaningful results. Trade complexity is measured using international trade flow data.
Technology complexity is measured using patent application data. Research complexity is
measured using research publication data (OEC, 2025). The GDP per capita variable is PPP-
adjusted as well as measured in constant 2021 international dollars (World Bank, 2026). This
is to account for the differences in price levels across countries and over time, thereby

enabling more accurate cross-country comparisons of economic output.

We define economic growth as the change in the natural log of GDP per capita. GDP per
capita is denoted as GD PP€. Since OECD economies can vary in size, we take the natural
logarithm of GDP per capita which allows for a more even distribution of output. To account
for non-stationary behavior, the variable is transformed into first differences. This variable is

hence defined as:

AIn(GDPE) = In(GDPE) ~In (GDPYE.,)
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where t denotes the time period which is measured in years and i denotes the country. By
taking the difference in natural log, we can now interpret this variable as a percentage

change.

We define our complexity variable as the change in complexity score. We denote a
complexity measure of type q (i.e. trade, technology, or research) as ECI4. Complexity
scores are relative and, as such, can reach negative values. This makes the application of
natural log incompatible with this variable. We instead measure it by its absolute value.
Complexity measures also exhibit non-stationary properties which we account for by taking
the first difference here as well. As such, this variable is defined as:

AECI}, = ECI{, — ECI{,_,
where t denotes time period, i denotes the country, and g denotes the type of complexity

measure. As such, we construct three complexity variables denoting trade-, technology-, and

research complexity as:

AECIF e = ECI* — ECIf}%9°
AECIE™ = ECIE™" — ECIfeh
AECITEsearch = peresearch _ pe Il_rffeiarch

Lastly, we will conduct a unit root test to check stationarity in our panel data. To do this, the
Im-Pesaran-Shin (IPS) and Fisher-ADF (ADF) tests were used due to their cross-sectional
advantage and flexibility for unbalanced panels. This is contrary to Cokgezer and Sadiku
(2023) who performed Levin-Lin-Chu (LLC) and Harris-Tzavalis (HT) unit root tests which
only works for balanced panels. We treat the IPS approach as our main test while using ADF
as a complementary robustness test. All tests are conducted with the inclusion of one lag to

account for potential serial correlation.

As seen in table 4.2, the results show that all our variables are stationary and do not contain a

unit root. Both the IPS and ADF tests consistently rejected the null hypothesis at the 1%

14



significance level, indicating stationary after taking the first difference. Therefore, all our

variables can be considered stationary and are integrated of order one, I(1).

Table 4.2: Unit Root Test

Variable Im-Pesaran-Shin (IPS) Fisher-ADF (ADF) Integration
Statistic p-value Statistic p-value Order
A ln(GDPiIt’C) -15.8432 0.0000 475.0737 0.0000 1(1)
AECIFade | -9.9280 0.0000 277.9782 0.0000 1(1)
AECIEE™ | -10.0188 0.0000 285.1965 0.0000 1(1)
AECI}gseareh | -15.6084 0.0000 487.2057 0.0000 1(1)

4.3 Descriptive Statistics

Table 4.3 provides a statistical summary of our data for our four variables, including the
years of available data. GDP per capita has a stable mean around 1.7% but can vary with a
standard deviation of 3.2%, though is not too volatile. Its lowest and largest changes,
however, show much greater swings in output, the lowest being -15% and the highest being

21.1%. This is, again, on a yearly basis.

Trade complexity differences show the least fluctuation in the data compared to any other
complexity measures. This is accompanied by a low standard deviation, showing that this
data might exhibit more stable patterns with a constant variation. We also see a smaller range
in the minimum and maximum value showing that the data is consistent without exhibiting

extreme fluctuations.

On the other hand, technology complexity tells a different story with a much higher mean
than trade complexity. We also see a much bigger standard deviation here with the minimum
and maximum values far exceeding the standard deviation. This tells us that technology
complexity exerts far more volatile fluctuations and changes more quickly than trade

complexity.

Technology complexity fluctuations get even more extreme when looking at the research

complexity statistics, which exceed the other complexity measures in every category. A
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caveat here, however, is that many countries suffered a major drop in research complexity
scores between 2016-2017. While barely any sources describe this fall, since complexity
scores are relative and scores dropped significantly for several countries, we can assume that
this drop does not reflect a real decline in complexity score. It is much more likely that this
stems from a change in how these scores are calculated. In any case, this does produce the

most extreme fluctuations that we see in our descriptive statistics.

Lastly, we also see that the number of observations slightly differs between variables. This
can be attributed to the different time ranges the data was available for. Especially for our
technology complexity variable where data was only available between 1999-2021. Other

than that, our data reflects a mostly balanced panel with only a few data points missing.

Table 4.3: Descriptive Statistics

Variable Mean Std. Dev. Min Max N Time
AIn(GDP,.) 0.017 0.032 -0.150 0.211 884 1998-2024

AECIirqqe 0.006 0.049 -0.173 0.176 883 1998-2024

AECIipcn, 0.016 0.122 -0.642 0.656 739 1999-2021
AECI esearch 0.021 0.173 -1.159 0.736 850 1999-2024

Note: Values have been rounded to the third decimal point and are measured by year.

5 Methodology

5.1 Model

In this section, we present the methodology used to estimate the bidirectional relationship
between complexity measures and growth. The endogenous nature of complexity and growth
motivates the application of a vector autoregressive (VAR) model. VAR models estimate
endogenous relationships for multiple time series using their lagged values as predictor
variables. This makes a VAR approach an optimal methodology choice since we aim to
measure feedback loops rather than exogenous or causal effects (Asteriou & Hall, 2011).
Since we also perform cross-country comparisons in this study, our method becomes a panel
VAR model. In summary, our model becomes a bivariate panel VAR model with fixed

effects. As such, our model does not claim causality, but rather predictiveness. We will now
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go through how we constructed the framework used to estimate the relationship between
complexity measures and growth. To make it clearer to follow, table 5.1 summarizes all the

parameters of our model and provides a definition for each one.

We define a vector autoregressive model with k lags for economic growth, denoted as

Aln (GDPl.’ZC), and absolute change in complexity of type q, denoted as AEC Il%, as:

k k
AIn(GDPY‘) = ay; + z B11AIn(GDPYS ) + Z BizjAECI, ; +uyy
j=1 j=1

k k
AECIS = ay; + 2 BorAIN(GDRE ) + Z BaojAECIY,_ + 1ty
j=1 j=1

This model captures the bidirectional relationship between growth and complexity through
feedback loops using lagged values. From this relationship, we can construct three models
capturing the bidirectional relationship between growth and each complexity measure. All

models were estimated in the framework of generalized method of moments (GMM).

Table 5.1: Parameter List

Parameter Definitions

B Lag coefficients

L Country

t Time period (in years)
k Maximum lag length
Ji Current lag

a; Country i fixed effects
Uit Shock term

q Complexity type

Note: A VAR(k) model with k lags include every lag j up to k hence why the parameters are

separate.

5.2 Diagnostics

Using a VAR model requires us to choose an optimal lag. In this study, lag selection is

mainly based on information criteria. More specifically, Akaike- (AIC), Bayesian- (BIC) and
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Hannan-Quinn- (HQIC) criterions were used to determine optimal lag length. In the GMM
framework, these were applied using Andrews and Lu (2001) Model and Moment Selection
Criteria (MMSC). Naturally, this research focuses on short-run feedback loops between
economic growth and complexity. This is preferable as longer-run relationships may be
harder to estimate or establish a correlational nature from. This motivates the use of shorter
lags to increase estimation accuracy. The inclusion of longer lags also consumes degrees of
freedom and includes the risk of overfitting our model. This research will, therefore, test
criteria for up to three lags. Lag selection tests are performed for all three models as we are
working with different complexity measures and acknowledge that such feedback loops may
materialize over different time horizons. A GMM instrument lag depth range of L(2/8) was
selected across all tests to ensure modeling consistency. The selected instrument range was
motivated by acceptable Hansen p-values that fail to reject the null hypothesis while not

being excessively high that it would cause concern for instrument proliferation.

Table 5.2.1: Lag Selection Criteria

Model Lag P MMSC-AIC MMSC-BIC MMSC-HQIC
Trade 1 0.118 -15.648 -126.43 -58.344
2 0.058 -9.193 -101.51 -44.772
3 0.018 -1.900 -75.759 -30.366
Technology 1 0.212 -18.789 -124.44 -59.906
2 0.218 -15.431 -103.47 -49.695
3 0.109 -8.817 -79.248 -36.229
Research 1 0.103 -14.950 -124.65 -57.317
2 0.040 -7.671 -99.089 -42.977
3 0.021 -2.522 -75.656 -30.767

Note: Values have been rounded to the third decimal point.

From the results in table 5.2.1, we select a lag length of one for all three models as they
achieved the lowest information criteria. These selections were also motivated by the fact that
all three results achieved Hansen p-values that fail to reject the null hypothesis (>0.05)
showing that our instruments are valid and are unlikely to be correlated with the error term.

With lags considered, we can now construct three complete models as displayed in table
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5.2.2. It’s worth noting that each model starts measuring one year later than data was

available for due to the first lagged value.

Table 5.2.2: Full VAR Framework

Model Relationship Lags Year

Trade Aln (GDPP®) & AECItTade 1 1999-2024
Technology Aln (GDPF¢) & AECIteh 1 2000-2021
Research Aln (GDPFP¢) & AECITesearch 1 2000-2024

GMM instrument lag: L(2/8)

One-lag VAR models also simplifies testing for Granger causality as the Wald test becomes
equivalent to the conventional t-test (or z-test). As such, this can be tested using the p-values
from our regression output. Finally, an impulse response function will be included to
understand the dynamic responses between economic growth and complexity change
following exogenous shocks. Due to the endogenous nature of growth and complexity, an
orthogonalized impulse response function (OIRF) based on Cholesky decomposition was
preferred to cleanly isolate the shock effects. The ordering of the variables follows our VAR

model specification where GDP per capita growth precedes change in complexity.

6 Results

6.1 Trade Complexity Results

The results for our trade model regression as seen in table 6.1 indicate strong significant
relationships between variables. Though lagged trade complexity did not show a significant
relationship with growth, lagged growth showed a very strong relationship with trade
complexity at the 1% significance level, showing that previous short-run economic growth is
tied to future increases in trade complexity change. As such, we see a one-way relationship
where economic growth estimates future trade complexity, while the opposite relationship
was not as strong. As such, this supports our H1 hypothesis that there is a unidirectional
relationship starting from growth. We also see that both lagged growth and trade complexity
show high persistence, both with significance levels of 1%. This tells us that changes in

growth and trade complexity will carry over to the next year. An important nuance here is
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that we interpret changes in economic growth on a percentage basis while changes in trade
complexity are interpreted by its absolute value. This means that a percentage point increase
in last year’s growth would equal a 0.156 percentage point increase in this year’s growth,
while a 0.1 increase in last year’s trade complexity change would equal an increase of 0.026

in trade complexity change this year.

Table 6.1: Trade Model Regression

Equation | Variable Coefficient | Std. Z P Significance
Error

% Growth | Aln(GDP] ;) | 0.156 0.049 3.20 0.001 | *#*

of GDPpe [ Apcirade [-0.019 0.019 -1.01 | 0315

A Trade Aln(GDPES ) | 0.245 0.066 3.69 0.000 | ***

Complexity [ Apcyirade [0.262 0.054 4.89 0.000 | ***

*E*X =p <0.01, *=p<0.05, *=p<0.1

6.2 Technology Complexity Results

Our technology model regression output in table 6.2 tells a similar story to our trade
complexity results with the difference that we now see a one-way relationship starting from
our complexity variable instead, unlike in table 6.1 where the relationship started from
growth. Here, we see that short-run changes in trade complexity positively affect future
economic growth at the 5% significance level, while the opposite relationship showed no
statistical significance at all. As such, model regression supports the case for the H2
hypothesis of a unidirectional relationship starting from complexity to growth. We again also
see high persistence in our lagged variables at the 1% and 5% significance level for growth
and trade complexity respectively, but with a notably higher lagged growth coefficient of
0.289.

Table 6.2: Technology Model Regression

Equation | Variable Coefficient | Std. Z P Significance
Error

% Growth | A 1n(GDPg’tC_1) 0.289 0.053 5.49 0.000 otk

of GDP pc AECIZEn 10.023 0.009 2.51 0.012 | **
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ATech | Aln(GDPAS,) |-0.032 0200 [-0.16 [0.873

Complexity | Apcrtech  10.167 0.076 2.19 0.029 ok

i,t—1

*** =p<0.01,**=p<0.05*=p<0.1

6.3 Research Complexity Results

Our research regression results in table 6.3 show similar results to our technology model with a one-
way relationship again starting from change in complexity. The output again indicates that short-run
changes in research complexity positively estimate future economic growth at the 1% significance
level, while the opposite relationship again shows no valid relationship. We, therefore, again see
support for a case of H2 hypothesis where the complexity variable Granger causes growth, while the
opposite relationship was not as significant. Growth is again persistent in this model at a 1%

significance, while change in research complexity is also persistent but at a 10% significance level.

Table 6.3: Research Model Regression

Equation | Variable Coefficient | Std. Z P Significance
Error

% Growth Aln(GDPftC—J 0.174 0.050 3.48 0.000 otk

of GDPpe [~ ppc research 70,024 0.008 2.86 0.004 |

A Research Aln(GDPif’tc_l) 0.046 0.155 0.30 0.768

Complexity [“ppcyresearch 10,071 0.041 1.70 0.089 | *

#xk =1 <(0.01, **=p<0.05*=p<0.1

6.4 Impulse Response Functions (IRFs)

The impulse response function in figure 6.4.1 show that an increase in change in trade
complexity significantly affects growth as the confidence interval stays above zero in the first
period and continues to stay above zero as the effect of the shock wears off over the next two
periods. We also see that a shock in growth does not significantly lead to future complexity.
This is contrary to our statistically significant regression results in table 6.1, which may show
that a growth shock alone is not enough to drive future complexity. We also see that shocks
in both growth and change in complexity against themselves produced significant effects that
wore off over 2-3 periods.

Figure 6.4.1: Impulse Response Function (Trade Model)
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Our impulse response function for our technology model as seen in figure 6.4.2 did not show
any significant reactions to shocks between growth and the technology complexity variable as
the confidence interval continuously stayed at the zero level. Despite there being a
statistically significant relationship between change in technology complexity on economic
growth as seen in table 6.2, this relationship did not prove as prevalent in shock impulses.
Similar to our trade model behavior in figure 6.4.1, however, shocks in our growth and
technology complexity variables had significant short-run effects on their own variable. Here,

we again see the effect wear off over 2—3 periods.

Figure 6.4.2: Impulse Response Function (Technology Model)

Model: Technology

dEClte — dECIte dEClte «— gGDPpc
154
14 \\
05 \
Q 0| —_— 00 —_—
7]
5
% gGDPpc « dECIte gGDPpc « gGDPpc
] 15
o
A4
05
0 —
0 2 4 6 8 0 2 4 6 8
Time (year)
95% CI  —— Orthogonalized IRF

The impulse response function in figure 6.4.3 shows that a shock in our research complexity

variable indicates an initially negative response in period 0 that is statistically significant.
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However, the effects quickly wear off as the confidence interval converges to zero in the later
two periods. A growth shock also did not lead to any significant reactions in research
complexity. Though we did see significant effects in variables due to shocks from their own
lagged variables, these effects quickly wore off. Overall, we find that any meaningful effects
from our shock impulses quickly wore off, indicating lower persistence patterns between

growth and trade complexity.

Figure 6.4.3: Impulse Response Function (Research Model)
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7 Discussion

In this section we will analyze the empirical results and how they relate to the theory and
previous literatures regarding the bidirectional relationship between economic complexity

and economic growth.

Results from the trade complexity model as seen in table 6.1 show that economic short-run
growth significantly predicts future increases in trade complexity. Meanwhile, trade
complexity does not significantly predict further short-run growth. This could indicate one-
directional relationship where short-run growth drives structural upgrading in exports rather
than what export complexity influences short-run growth in OECD countries. These findings
align with Cokgezer and Sadiku (2023) research, which similarly found that short-run growth

has a positive effect on economic complexity, but also for the reverse effect to be weak for
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OECD countries. One possible explanation is that advanced economies already diversified
export structures, which gains in complexity might have an insignificant effect on short-run

growth.

The technology complexity results as seen in table 6.2 provide stronger support for the
theoretical framework. Unlike trade complexity, technology complexity significantly predicts
future short-run economic growth, while the reverse relationship is insignificant. This aligns
with endogenous growth theory by Aghion and Howitt (1998), where innovation and
knowledge accumulation drive long-run growth. This also aligns with Grossman and
Helpman (1991) who argue that knowledge spillovers are a major tool for economic growth.
This could be seen in how persistence the change in trade complexity is and how it is likely to

have a spillover effect for the next year.

Similarly, the research complexity model as seen in table 6.3 shows that increase in research
complexity positively predicts future short-run economic growth. Meanwhile, no statistically
significant results for the reverse relationship for growth's effect on research. These findings
further support the argument that knowledge accumulation and advanced research capabilities
are important determinants of growth within advanced economies. Research complexity
reflects countries ability to produce advanced output and specialized knowledge, which can
contribute to innovation and productivity improvements across industries. This is also
consistent with the capability-based framework introduced by Hidalgo and Hausmann (2014),
where productive knowledge and capability accumulation are seen as the foundation of long-

run economic development.

The findings also support the theoretical concept of path dependency within the product
space framework introduced by Hidalgo, Klinger, Hausmann, and Barabasi (2007). Countries
tend to diversify into activities closely related to their existing capabilities because these
transitions require fewer additional inputs of knowledge and institutional adaption. In
advanced OECD economies, where export structures are already relatively sophisticated,
additional gains from trade diversification may therefore be smaller compared to gains
generated through technological and research advancements. This may explain why
technology and research complexity showed stronger relationships with growth than trade

complexity.
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However, the weaker persistence and asymmetry observed in the research complexity model
may partly reflect measurement limitations. This could also be seen in the impulse response
function where a shock in research resulted in negative affect on growth in the period 0, seen
in table 6.4.3. As discussed in the descriptive statistics section, several countries experienced
unusually large fluctuations in research complexity scores around 2016-2017, potentially due
to methodological changes in the underlying data rather than actual structural changes in
research capabilities. This may reduce the reliability of the estimated coefficients despite
significant effects and partially explain why the observed relationships are weaker compared

to the technology model.

In contrast, a change in trade complexity had a significant effect on growth during the period
0-1 and afterwards stagnated until period 3 in the impulse response function seen in table
6.4.1. This result is similar to what Ourens (2013) found in his research, where trade
compelxity had a significant predictive change effect on growth. Meanwhile, technology did
not have any signficiant result in the impulse response function seen in table 6.4.2. as where a
shock impulse did not support the predictness for the relationship regarding economic
complexity in technology and economic growth. However, in the results seen in table 6.2 the

relationship was significant.

An important contribution to this study is that it expands literature beyond traditional trade-
based complexity measures. Unlike the work of Udeogu, Roy-Mukherjee, and Amakom
(2021) mainly focused on export complexity as the primary indicator of productive
knowledge. By incorporating technology and research complexity, this study demonstrates
that different dimensions of complexity may influence growth differently in the short-run.
The results suggest that innovation- and knowledge-based complexity measures may be more
important for advanced economies than export complexity alone. This highlights the
multidimensional nature of economic complexity and suggests that productive knowledge

should not be understood solely through trade structures.

Furthermore, the results illustrate the endogenous relationship between growth and
productive capabilities emphasized within endogenous growth theory as introduced by
Aghion and Howitt (1998). Economic growth and complexity appear to influence each other
differently depending on the dimensions of complexity considered. Trade complexity appears

to respond to economic growth, while technology and research complexity instead contribute
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more directly to future short-run growth. This indicates that productive knowledge and
economic performance interact through multiple dynamic channels rather than through a

single casual mechanism.

Overall, the empirical findings partly support the theoretical framework of economic
complexity while also suggesting that the relationship between complexity and growth in the
short-run is more asymmetric within advanced economies. The study confirms that
productive knowledge remains important for economic performance, but the specific channel

through which complexity is measured through trade, technology, or research activities.

8 Conclusion

In this study, we have examined the relationship between GDP per capita growth and
absolute change in complexity across trade-, technology-, and research complexity measures.
We looked at a sample group of 34 OECD countries between the years 1998-2024 using
yearly observation data. We empirically examined this relationship through a bivariate panel
VAR approach with one lag for each complexity type based on the lowest information criteria

and acceptable Hansen p-values.

Conclusively, we found that trade, technology, and research had both significant results as
well as insignificant. As for trade, the short-run economic growth effect had a significant
result for the predictions for further increase in trade complexity. However, trade did not have
significant results regarding the reversed relationship. Meanwhile, technology had significant
results regarding the complexities predictions for increase in short-run growth, while the
reversed relationship is insignificant. Significant results were also found for research
complexity for predicting further short-run growth, but also that the reversed relation was
insignificant. However, the conclusion is that there is not found to be a bidirectional
relationship regarding trade complexity, technology complexity, and research complexity in

relation to economic growth in the short run.

The findings partly support previous literature such Udeogu, Roy-Mukherjee, and Amakom
(2021), and Cokgezer and Sadiku (2023), they both recognized a dynamic interaction
between complexity and growth, while also suggesting that the relationship may be weaker

and more asymmetric in highly developed OECD economies. Conclusion drawn from the
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results regarding trade complexity aligns with Ourens (2013) research regarding whether
trade complexity predicts further short-run growth. These perspectives and findings highlight
that the role of economic complexity may depend on both stages of development and the

specific dimension of complexity being analyzed.

Despite these findings, the study has several limitations. First, the analysis only focuses on
OECD countries, which limits the variation in development levels and may reduce the ability
to identify stronger structural effects of complexity on growth. We also deal with a relatively
short time period which may generate results that are not as robust. Building on the issue of
shorter time horizons is the issue of choosing appropriate lag dynamics. Not only does higher
lag selection consume degrees of freedom, GMM estimation requires defining instrument lag
depth which becomes a question of balancing reliable results while avoiding instrument
proliferation. We also acknowledge that although the panel VAR framework address
endogeneity and dynamic interaction, the model only measures predictiveness rather than true
causality. Our model is also so far relatively simple, without any inclusion of alternate
variables, interaction terms, or control variables. Finally, potential measurement issues in the
complexity variables, especially research complexity, may influence the reliability of the

estimates.

Future research could extend the analysis by including developing countries to compare
whether the relationship between complexity and growth differs across stages of
development. It would also be valuable to investigate longer time periods and alternative
measures of complexity to test the robustness of the findings. In addition, future studies could
include institutional or human capital variables to better capture the broader mechanisms
through which complexity influences economic growth. That could be extended into

mechanisms we listed above, such as interaction terms or control variables.
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