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Editorial introduction

One of the defining characteristics of recent history is the tremendous
growth of many economies that, not long ago, were described as ‘third-world’.
As of 2025 (according to the IMF), developing economies constitute 41.5% of
world GDP—more than twice the share in 1995. That growth fuelled many sci-
entificinquiries that reveal distinctive characteristics of economic processes in
developing countries, thereby broadening economic knowledge beyond what
is presented in typical economics courses in Western countries. Economics
and Business Review, due to its focus on emerging market economies, is one
of the beneficiaries of that growth, because many of its publications show
how well-known economic processes operate in local, often non-Western
circumstances. In this context, the editors are glad to welcome Dani Rodrik,
who, along with John Cantwell and Ari Van Assche, has recently agreed to join
the journal’s Editorial Advisory Board. Professor Rodrik has devoted much
of his writing to the problems of international trade, globalisation, and the
role of emerging markets in that process, and repeatedly reminded readers
that the local context must be taken into account when analysing the prob-
lems and policy challenges in particular economies. He stems from that view
in the opening piece of the current issue of Economics and Business Review,
where he notes that advanced economies have started to experience prob-
lems typical of developing economies and offers tailored, original policy rec-
ommendations to address them.

Apart from the invited piece by Professor Rodrik, the current issue com-
prises six research articles by fifteen scholars based in China, India, Nigeria,
Pakistan, Poland, Saudi Arabia, Tiirkiye, and the United Arab Emirates. In other
words, this issue, to a large extent, offers a perspective from scholars in de-
veloping economies and shows that local contexts inspire a rethink of theo-
ries developed in advanced Western economies. The editors of Economics
and Business Review hope that readers of this issue will experience such in-
spiration while reading it.

As noted, the issue begins with an invited perspective by Dani Rodrik titled
On productivism, which formed the basis of his lecture at Poznan University
of Economics and Business during the ceremony granting him the degree of
doctor honoris causa. Professor Rodrik addresses the problem of unequal de-
velopment in advanced economies, observed in the lagging growth of periph-
eral regions, the decline in the number of stable, adequately paid jobs, the
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shrinking middle class, and, as a consequence, the rise in political populism.
The essay argues that existing policies are inadequate to address these chal-
lenges and proposes a new policy paradigm called productivism. It aims to
achieve, as Professor Rodrik puts it, an equal distribution of productive eco-
nomic opportunities across local communities and socio-economic groups.
Thus, the approach aims not at redistributing income or stimulating aggre-
gate demand but at providing equal chances to pursue individual economic
prosperity. The direct aim is to create good jobs that generate relatively sta-
ble, decent income, safe working conditions, and some prospects for career
progression. Subsequently, the essay outlines how the existing policy instru-
ments can be modified to achieve that aim.

The first regular article, titled Economic complexity and the shadow econ-
omy in Africa: An assessment of nonlinearity and asymmetry, by James
Temitope Dada et al., examines the relationship between economic complex-
ity and the shadow economy, an area that has been addressed to date with
mixed results. Economic complexity is understood as a synonym for economic
development and is reflected in a country’s productive capacity and diver-
sity, as observed in its export structure. The authors assess the relationship
between this measure and the shadow economy across 28 African countries
from 1995 to 2020 using a battery of econometric techniques. They establish
that the analysed relationship is asymmetric: when economic complexity is
low and begins to grow, it initially increases the shadow economy; however,
once a certain level of economic complexity is reached, further growth re-
duces informal economic activity.

The subsequent article, Demystifying Foreign Direct Investment dynamics
in emerging economies: An ISM—-MICMAC analysis, by Srabani Paul Grover
et al., examines the structural interdependencies among key determinants
of Foreign Direct Investment (FDI) in emerging markets. Moving beyond con-
ventional multiple regression frameworks commonly employed in the FDI lit-
erature, the study applies Interpretive Structural Modelling (ISM) combined
with MICMAC analysis to identify hierarchical linkages and driving-dependence
relationships among FDI determinants. The results indicate that political sta-
bility, corruption, and infrastructure quality are the most influential driving
factors, shaping other economic and institutional variables within the system.
By clustering determinants according to their driving and dependence power,
the paper offers policy-relevant insights for enhancing investment attractive-
ness in emerging economies.

Political connection and corporate ESG performance: Evidence from
China by Congming Ding and Xuezhenzi Hu investigates the impact of ex-
ecutives’ political connections on firms’ ESG performance in China’s capital
market. Using panel data for A-share listed companies over the period 2009—
2022, the authors examine whether politically connected executives affect
ESG ratings. The results reveal a significant positive association between po-
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litical ties and ESG scores. Mechanistic analysis indicates that political con-
nections enhance ESG performance by increasing media scrutiny, reducing
financing constraints, and improving access to government subsidies. The
robustness of the findings is confirmed using Two-Stage Least Squares (2SLS)
estimation, highlighting the role of political capital in fostering sustainable
corporate practices.

The next contribution, entitled Liquidity risk and liquidity timing in the
cross-section of Indian equity mutual fund returns and written by Suresh
Kumar and Hyder Ali, investigates the dual role of liquidity exposure and li-
quidity timing in shaping the performance of Indian equity mutual funds over
the period 2007-2024, encompassing the Global Financial Crisis, the COVID-19
shock, and the post-pandemic recovery. Sorting funds by liquidity betas and
constructing a high-minus-low liquidity spread (HMLiq), the authors find
a positive liquidity premium in tranquil and recovery periods that weakens
during crises. The results indicate that timing ability is concentrated among
high-liquidity-beta funds and offers limited protection under systemic stress.
The findings are particularly relevant for institutional investors, fund manag-
ers, and financial regulators concerned with portfolio resilience and liquidity
risk management in emerging markets.

Forecasting cryptocurrencies in turbulent times: Evidence on parsimo-
ny versus model complexity, by Anna Tatarczak and Oleksandra Humeniuk,
investigates short-term return predictability for Bitcoin, Ether, and Litecoin
over the period 2020-2024. The authors compare autoregressive bench-
marks with Kitchen Sink and VARX-type models using both point and den-
sity forecast accuracy measures, supported by Diebold—Mariano tests and
Model Confidence Set inference. The results show that a first-order autore-
gressive specification and other parsimonious models incorporating cryp-
tocurrency-specific variables consistently outperform more complex linear
frameworks, while macro-financial predictors add little incremental value.
The findings are particularly relevant for quantitative investors, portfolio
managers, and risk analysts seeking forecasting strategies in highly volatile
cryptocurrency markets.

The final paper of the issue, From digital mining to market prices: An
empirical analysis of the relationship between energy consumption and
price dynamics of Bitcoin and Ether, authored by Levent Sezal, also situated
within the cryptocurrency research stream, comparatively examines the re-
lationship between energy consumption and price dynamics for Bitcoin and
Ether. Using daily data and applying Augmented Dickey—Fuller and Phillips—
Perron unit root tests, ARDL cointegration analysis, and Toda—Yamamoto
causality tests, the study evaluates both short- and long-run linkages. The
findings reveal a long-term cointegration relationship for Bitcoin, with unidi-
rectional causality running from prices to energy consumption, whereas no
such relationship is identified for Ether following its transition to a Proof-of-



8 Economics and Business Review, Vol. 12 (1), 2026

-Stake mechanism. The study contributes to the literature at the intersection
of digital finance and energy economics and offers insights for policymakers
and energy market analysts assessing the environmental implications of
cryptocurrency markets.

Michat Pilc
Konrad Sobariski
Lead Editors
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On productivism?

Dani Rodrik?

Abstract Keywords
‘Productivism’ refers to an approach that prioritises the dis- e productivism
semination of productive economic opportunities through- e [abour market

out the entire economy and segments of the labour force. e globalisation

It differs from what has come to be called ‘neoliberalism’ e industrial policy
by assigning governments and civil society significant roles e economic growth
in achieving this goal. Productivism puts less faith in mar- e social welfare
kets and is suspicious of large corporations. It emphasises

production and investment over finance and the revitali-

sation of local communities over globalisation. It also de-

parts from the Keynesian welfare state by focusing less on

redistribution, social transfers, and macroeconomic man-

agement, and more on creating economic opportunity by

working on the supply side of the economy to create good,

productive jobs for everyone. This article relates the con-

temporary labour market problems of advanced economies

to the dualism literature in economic development, which

focuses on the divergence between ‘modern’ and ‘tradition-

al’ segments within poor economies. It then highlights the

nature of the new challenges and why established models

of economic growth and Keynesian social welfare need to

be updated. It describes new modes of industrial policy re-

quired to deal with these challenges and questions whether
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our governments are up to it. It also discusses how the ele-
ments of this new strategy are drawing support from both
sides of the political spectrum.

JEL codes: J21, L52, 010, 014, 025.

Introduction: An old problem in a new setting

How to overcome ‘productive dualism’ is our central economic challenge.
Dualism is an old idea that lies at the core of development economics and
has become increasingly relevant to advanced economies as well. The econ-
omists who founded the field of development economics, such as the Nobel
Prize winning W. Arthur Lewis, noted that the economies of poor nations are
split between a narrow ‘modern’ sector that uses advanced technologies and
a much larger ‘traditional’ sector characterised by extremely low productivity.
For a long time, scholars considered dualism as the defining feature of devel-
oping countries, in contrast to advanced nations where they assumed that
frontier technologies and high productivity prevailed across the entire econ-
omy. This marked development economics as a distinct sub-branch of eco-
nomics, separate from conventional neoclassical economics. Correspondingly,
the task of development policy became the establishment of new institution-
al arrangements to overcome the disparities in incomes, education, health,
and life chances more broadly created by productive dualism. While the de-
veloped-developing country distinction may have made some sense in the
1950s and 1960s, in the 2020s it no longer appears to be relevant.

Industrialisation has been the traditional vehicle for overcoming dualism;
as workers get absorbed into more productive manufacturing activities, wages
rise, and the economy’s overall productivity increases. But this old and pow-
erful remedy no longer works. As a result of automation and other innova-
tions that have been labour-saving, manufacturing has lost its ability to create
plentiful jobs in both developing and advanced economies (Diao et al., 2021).
Globalisation has accelerated the process as a small number of countries with
strong comparative advantages in manufacturing have squeezed production
in middle- and high-income economies.

Employment de-industrialisation has been a common feature of all ad-
vanced economies. Manufacturing employment has declined (as a share of
total employment), even in countries like South Korea or Germany that have
maintained strong industrial sectors. Increasingly, developing countries have
also struggled to create significant employment in formal manufacturing firms.
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Changes in manufacturing technologies have made it difficult for low-income
countries to successfully compete in manufacturing without using skill- and
capital-intensive technologies that absorb limited labour and are inappropri-
ate in light of these countries’ underlying factor endowments, since they are
abundant in low-skilled labour and scarce in capital.

Hence, productive dualism is becoming an entrenched feature of devel-
oping and advanced economies alike, requiring remedies that come straight
out of the development policy toolbox. In a 2017 book called The vanishing
middle class, the MIT economic historian Peter Temin pointed out that the
Lewis model of a dual economy had become increasingly relevant to the US
(Temin, 2017). De-industrialisation, globalisation, new technologies that fa-
vour professionals and capitalists, and declining protections for labour have
widened the gap between the winners from these developments and those
who are left behind. Convergence between poor and rich parts of the econo-
my has been arrested, labour markets became increasingly polarised between
high- and low-educated workers, and regional disparities widened. In Europe,
the increase in inequality has not been as marked thanks to stronger welfare
states, but the same forces have operated there too. The gaps between the
most productive firms and regions, and those lagging behind, grew while the
middle class shrank (Vacas-Soriano & Fernandez-Macias, 2017).

Consequently, policymakers in advanced economies are now grappling
with the same questions that have preoccupied development policymakers
for a long time: how to attract investment, create jobs, increase skills, spur
entrepreneurship, enhance access to credit and technology—in short, how to
close the gap with the more advanced, productive parts of the national econ-
omy. The starting points may be different, but the problems of a region where
good jobs have disappeared, productive employment has become scarce, so-
cial problems (such as crime and addiction) have mushroomed, and there is
low trust between government officials and various social groups, and the
business community looks distressingly familiar to a development economist.
The obstacles that racial or ethnic minorities, recent immigrants, or low-ed-
ucated workers must surmount in such settings are the bread-and- butter of
development economics.

Localities that are left behind in advanced economies may have access to
greater amounts of financial resources. In the United States, state and local
governments spend tens of billions of dollars, not very effectively, on tax in-
centives and other subsidies to attract large firms (Slattery & Zidar, 2020). But
their officials typically operate under structural and bureaucratic constraints
that would be familiar to their counterparts in poor nations. They lack the
requisite information on where the most important opportunities and bottle-
necks are, they are subject to political pressure and lobbying from parochial
private interests, and the capabilities they need to mobilise, even when they
exist, are spread across a wide range of public and private organisations that
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they do not directly control. The new realities of labour markets require up-
dates to established models of growth and the Keynesian social welfare state.

In this article, | describe the ‘productivism’ approach, which is a remedy
that targets productive dualism at its source. | first outline this approach and
then compare it to other policy frameworks with the help of a taxonomy of
public policies. | discuss the relationship between productivist policies and
what are commonly called industrial policies, providing an example of how
they can be deployed in service sectors. Since economists and many others
tend to be sceptical of the capacity of governments to undertake transfor-
mational policies, | will address some of the traditional objections to govern-
ment interference in the productive sphere. | also suggest that productivism
carries appeal for many elements of both the right and left side of the politi-
cal spectrum. | end the article with some cautions about the dangers of tak-
ing economic paradigms too seriously.

1. A new approach

Productivism is an approach that prioritises the dissemination of productive
economic opportunities throughout all parts of the economy and segments of
the labour force. Our core economic and social problems—poverty, inequali-
ty, exclusion, and insecurity—have many roots. But they are reproduced and
reinforced on a daily basis as immediate by-products of firms’ employment,
investment, and innovation decisions. In the language of economists, these
decisions are rife with externalities for society, i.e., they have consequences
that spill over to many people, firms, and other parts of the economy. Some
of these externalities are well recognised in economics. Learning and inno-
vation spillovers from research and development (R&D) form the rationale
for tax credits and other public subsidies. Environmental externalities and
the effects of greenhouse gas emissions on climate change form the basis for
environmental regulation.

But today, these externalities are broader and include what we can call
‘good jobs’ externalities. Good jobs are a pathway to the middle class. They
pay well enough to allow for a reasonable living standard with some securi-
ty and savings, are relatively stable, have safe working conditions, and offer
some career progression. Firms that generate good jobs contribute to the vi-
tality of their communities. Conversely, a shortage of good jobs comes at so-
cial, political, and economic costs. Social consequences can take the form of
exclusion, broken families, drug abuse, addiction, and crime. Political ills can
follow, such as polarisation, the rise of populism, backlashes against globali-
sation and immigration, decline in trust in government, experts, and institu-
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tions. The prevalence of ‘bad jobs’ is also symptomatic of economic dualism,
which creates its own inefficiency: productive technologies remain bottled
up in a few firms and do not disseminate throughout the rest of the econo-
my and the labour force.

Firms’ decisions on how many workers to employ, how much to pay, what
kind of technologies to deploy and how to organise work affect not just the
bottom line, but the life opportunities of prospective employees and their
communities. When a company decides to automate its production line or
outsource part of its production to another country, society may suffer long-
term damage that is not internalised by its managers or shareholders. Framing
the problem as an ‘externality’—or as a ‘coordination failure’ that prevents
firms and governments from undertaking complementary actions (in training,
technology adoption, investment decisions) for broad-based prosperity—clar-
ifies that productivism is about productivity, and not about redistribution or
social/labour standards. But it does not presume productivity trickles down.
It aims to enhance wellbeing across all sectors of society by directly broad-
ening access to productive employment opportunities.

Productivism differs from what has come to be called ‘neoliberalism’ in that
it gives governments and civil society significant roles in achieving produc-
tive employment goals. It puts less faith in markets and is suspicious of large
corporations. It emphasises production and investment over finance, and the
revitalisation of local communities over globalisation. It also departs from the
Keynesian welfare state—the paradigm that neoliberalism replaced—in that it
focuses less on redistribution, social transfers, and macroeconomic manage-
ment, and more on creating economic opportunity by working on the supply
side of the economy to create good, productive jobs for everyone. And pro-
ductivism diverges from both of its antecedents by exhibiting greater scepti-
cism towards technocrats and being less instinctively hostile to populism in
the economic sphere (Rodrik, 2018).

2. Where conventional models fall short

To see how productivism differs from alternative approaches, it is useful
to consider our policy options through a matrix that categorises different ap-
proaches to prosperity and inequality (Figure 1). First, | divide policies into
pre-production, production, and post-production stage interventions. To un-
derstand fully the range of options for creating inclusive prosperity, this is
a better categorisation of policies than the conventional pre-distribution/re-
-distribution distinction. Within the pre-distribution category, my framework
makes a further distinction between policies that affect endowments people



14 Economics and Business Review, Vol. 12 (1), 2026

At what stage of the economy does policy intervene?

pre-production production post-production

low
productivity

Which middle
segment of productivity
the
economy

do we care
about?

high
productivity

Figure 1. Remedies for prosperity and inequality

Source: own work.

bring to markets (such as education) and policies that directly influence pro-
duction, employment, and investment decisions (such as industrial policies
or labour market regulations). Second, | divide interventions into those that
intend to redress inequities at the bottom, middle, or top of the income dis-
tribution. Minimum wages, e.g., target the incomes of the working poor while
wealth taxes target incomes at the very top.

The traditional welfare state model operates largely within the first and
third columns: it targets the educational and other endowments of workers
before they join labour markets and ex-post redistribution through taxes and
social insurance policies (see Figure 2). The government’s role is to finance ed-
ucation, engage in progressive taxation, and provide social insurance against
idiosyncratic risks, such as unemployment, illness, and disability. The pre-
sumption is that good/middle-class jobs will be available to everyone with
adequate education and skills.

Traditional growth strategies, on the other hand, focus on the most pro-
ductive segments of the economy and encompass interventions within the
bottom row (see Figure 3). These may include innovation systems, intellectual
property rules, appropriate regulatory structures, and export and innovation
incentives. The presumption is that high growth eventually pulls everyone up
and leaves few regions or pockets of the labour market behind.

When the inadequacy of good/middle-class jobs is driven by secular trends,
such as technology and globalisation, neither of these strategies work well.
Economicinsecurity, inequality, and poor productivity (except for those at the
very top) are important structural problems today. Secular trends in technol-
ogy and globalisation are hollowing out the middle of the employment distri-
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At what stage of the economy does policy intervene?

pre-production production post-production

low investments in
productivit eduction and training

transfers; full-
employment macro
policies

Which middle social insurance,

segment of productivity pensions, safety net
the
economy
do we care
about?
high
productivity

Figure 2. Traditional welfare state model

Source: own work.

At what stage of the economy does policy intervene?

pre-production production post-production

low
productivity
Which middle
segment of productivity
the
economy
do we care
about?
high innovation systems, IPR market-friendly corporate tax incentives
productivity “_rules, trade agreements  regulations, R&D and

export incentives

Figure 3. Traditional growth model

Source: own work.

bution. These trends exhibit themselves in the form of bad jobs that do not
offer stability, sufficient pay, and career progression, and in permanently de-
pressed labour markets outside major metropolitan centres. These problems
need a different strategy that tackles the creation of good jobs directly. The
focus necessarily turns to firms; to help them internalise the economic and
social spillovers that they generate. Hence, the productive sector must be at
the heart of such a strategy. This calls for targeting the middle cell of the ma-
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trix, focusing on direct interventions in the productive sphere with the goal
of expanding the supply of middle-skill jobs (Figure 4). Altogether, we must
change what we produce, how we produce it and who gets a say in produc-
tion decisions. This requires not just new policies, but also a reconfiguration

of existing ones.
At what stage of the economy does policy intervene?

pre-production production post-production

low
productivity

promotion of higher-
quality jobs in SMEs:
employer-linked training
policies; customised
business incentives &
services; labour-friendly
innovation policies

Which middle
segment of productivity
the

economy
do we care
about?

high
productivity

Figure 4. The productivist ‘good-jobs’ model

Source: own work.

Advanced and developing nations alike will need a new breed of coordi-
nated policies aimed at the supply and demand sides of labour markets, com-
bining skill training programmes with support for firms (Rodrik & Stantcheva,
2021a). Good jobs require good firms and vice versa. Active labour market
policies designed to increase skills and employability should broaden into
partnerships with firms explicitly targeting the creation of good jobs (Rodrik
& Sabel, 2019). Industrial and regional policies that currently centre on tax
incentives and investment subsidies should be replaced by customised busi-
ness services and amenities to facilitate maximum employment creation
(Bartik, 2019). National innovation systems should be redesigned to orient
investments in new technologies in a more employment- friendly direction
(Acemoglu & Restrepo, 2019). Policies that tackle climate change, such as the
European Green Deal, should be explicitly linked to programmes of job crea-
tion in lagging communities (European Commission, 2019). Recognising that
in the future prosperity will have to rely much more on services and smaller
and medium-sized enterprises, the focus of industrial policy should be reori-
ented away from manufacturers and ‘national champions’, large private cor-
porations that receive priority in government policies.
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A new economic order requires an explicit quid pro quo between private
firms and public authorities. To prosper, firms need a reliable and skilled
workforce, good infrastructure, an ecosystem of suppliers and collabora-
tors, easy access to technology, and a sound regime of contracts and prop-
erty rights. Most of these are provided through public and collective action,
which is the government’s side of the bargain. Governments, in turn, need
firms to internalise the various externalities they produce for their commu-
nities and societies when they make their labour, investment and innova-
tion decisions. So, firms must live up to their side of the bargain too, not as
corporate social responsibility, but as part of an explicit regulatory and gov-
ernance framework.

Looking at our policy challenge in these terms makes it clear that the con-
ventional separation between growth policies and social policies no longer
makes sense. Faster economic growth requires that new technologies and
productive opportunities are disseminated among smaller firms and wider
segments of the labour force, and that their use is not confined to narrow
segments of the elite. Reducing inequality and economic insecurity is more
effective when it happens through better employment prospects than through
fiscal redistribution only. The economic growth and the social agenda are in-
creasingly one and the same.

3. New types of industrial policies

If productivism is to be successful it will have to internalise the lessons
learned from the failures of past policies and adapt to fundamentally new
challenges. State interventions aimed at reshaping the structure of an econ-
omy—so-called ‘industrial policies’—have been traditionally faulted for being
ineffective and getting captured by special interests. ‘Governments cannot
pick winners’, as the old adage goes. In reality, much of this criticism is over-
done. While there have been notable failures (Lincicome, 2021), systematic
studies in the 2010s and early 2020s find that industrial policies incentivising
investment and job creation in disadvantaged regions have done surprisingly
well (Criscuolo et al., 2019).

Public initiatives have been behind some of the most startling high-tech
successes of our time, including the internet and GPS. For every Solyndra,
a solar cell manufacturer that failed spectacularly after half a billion dollars
in government loan guarantees (Stephens & Leonnig, 2011), there is often
a Tesla, the phenomenally successful electric battery and vehicle manufac-
tures that also received government support at a critical phase of its devel-
opment (Overly, 2017).
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Nevertheless, there is much room for improvement. The most effective in-
dustrial policies entail close, collaborative interactions between government
agencies and private firms, whereby firms receive critical public inputs—fi-
nancial support, skilled workers or technological assistance—in return for
meeting soft and evolving targets on investment and employment. This kind
of industrial policy is likely to work much better, whether in promoting local
economic development or in directing major national technological efforts,
than open-ended subsidies or tax incentives.

Productivism focuses on enhancing the productive capabilities of all seg-
ments and regions of a society. While traditional forms of social assistance and
especially better access to education and healthcare can help in this regard,
connecting people with productive employment opportunities requires further
intervention. It requires improvements both on the demand and the supply side
of the labour market (Rodrik, 2021b). Policies must encourage an increase in
the quantity and quality of jobs that are available for the less educated and less
skilled members of the workforce, where they choose (or can afford to) live.

In the future, the bulk of these jobs will not come from manufacturing,
but from services, such as health and long-term care and retail. In the United
States, less than one in ten workers are currently employed in manufacturing.
Virtually all new net job creation in the private sector since the late 1970s
has taken place in services. Even if policy succeeds in reshoring manufactur-
ing and supply chains, the impact on employment is likely to remain limited.
The experiences of East Asian manufacturing superstars, such as South Korea
and Taiwan, provide sobering examples. These two countries have managed
to rapidly increase the share of manufacturing value added in gross domes-
tic product (GDP) (at constant prices), yet, they have experienced steady de-
clines in manufacturing employment ratios.

This is important since so much of the policy effort in the United States is
focused on promoting high-tech manufacturing. The most recent example is
the CHIPS and Science Act that the US Congress has passed, providing $52 bil-
lion in funding for semiconductors and related manufacturing (Moore, 2022).
The initiative aims at enhancing national security vis-a-vis China and creating
good jobs. Unfortunately, even if the first objective is met, the second ob-
jective is likely to remain elusive. A strategy fixated on geopolitical competi-
tion with China will not be effective on the jobs front. A similar point can be
made about the subsidies to green technologies that are a core component
of the so-called Inflation Reduction Act that US President Joe Biden signed
in 2022. The green transition is undoubtedly an urgent priority that the new
paradigm needs to tackle. But here, governments also cannot achieve mul-
tiple objectives with a single instrument. Policies that target climate change
are not a substitute for good-job policies and vice versa. Shoring up the mid-
dle class and disseminating the benefits of technology broadly through soci-
ety requires an explicit good-jobs strategy.
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4. A good-jobs strategy for services

But is an industrial policy for services possible? | have discussed elsewhere
what such a strategy might look like in the contexts of the US, French, and
British economies. Here, | will briefly summarise the US proposals (Doshi et
al., 2023; Rodrik, 2022; Rodrik & Stancheva, 2021b).

My proposed programme has both local and national components. The
local approach would build on existing development and business assistance
programmes that are already loosely structured along the lines advocated
here. These are collaborative partnerships between local development agen-
cies, firms, and other partners aiming to revitalise local communities and
create good jobs. They are organised around an implicit (and evolving) quid
pro quo: the provision of public services (such as business extension servic-
es, infrastructure, or customised training) in return for soft commitments by
firms on investment and employment creation. Such partnerships align with
a new, more flexible, and contextual model of industrial policy that is better
suited to the challenge of creating good jobs.

The federal initiative would be the establishment of an Advanced Research
Projects Agency (ARPA) focused on the promotion of employment-friendly
technologies: ARPA-W(orkers). Starting from the premise that innovations
that complement rather than displace workers are feasible, yet, currently
undersupplied, ARPA-W would promote early-stage investments in digital
and other technologies that enhance prevailing worker skills and create
good jobs.

Consider what is perhaps the toughest test case for these ideas: longterm
care. Employment in this sector will increase rapidly in future years as the
population continues to age and, consequently, demand for in-home or as-
sisted living arrangements increases. Much of long-term care work is done in
homes (through agencies that provide the caregivers or through self-employed
caregivers) or in assisted living or retirement communities where, unlike hos-
pitals or nursing homes, regulations are weak. In such settings, remuneration
and work conditions have traditionally been very poor—characteristics that
epitomise bad jobs. Employees are mostly women and disproportionately are
people of colour. Long-term care workers are typically regarded as performing
low-skill jobs and are often not viewed as real professionals.

As Paul Osterman has noted, there are three ways in which jobs in longterm
care can be improved (Osterman, 2020). First, the government can regulate
and impose standards (such as high minimum wages). Second, the govern-
ment can increase reimbursement rates from Medicaid and Medicare in the
hope that higher rates translate into increased wages. Third, the productivity
of direct-care workers can be raised, allowing the long-term care system to
serve patients’ needs better and to reduce costs, generating room for better
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compensation. While the first two strategies might be useful, greater produc-
tivity is ultimately the most reliable source of better jobs.

Osterman suggests that it could be useful to increase productivity in long-
term care through a strategy that is analogous to the deployment of inno-
vations in manufacturing pioneered by Japanese car producers. This entails
a combination of investing in worker skills, providing workers with greater
voice, discretion and autonomy, and giving them more responsibility for the
quality of the service. Care workers that are empowered with greater auton-
omy and decision-making can use their knowledge of residents and patients
to customise their services and provide more flexibility (e.g., in schedules,
food, and treatment). An important component of the strategy could be the
introduction of new technologies that complement caregivers’ skills, such as
digital tools that enable caregivers to collect real-time information and to re-
spond quickly and efficiently to the needs of individual residents.

These changes would require a willingness to experiment with novel
work practices and a continuum of efforts, from R&D and the introduction
of new technologies for long-term care, on the one hand, and to their lo-
cal adoption, adaptation, and contextualisation in specific communities, on
the other. If long-term care is managed better in these ways, productivity
benefits would show up in lower turnover among care workers, reduced
hospitalisation rates, better management of chronic conditions, and quick-
er and smoother transitions out of acute care facilities. None of this is easy.
Enhancing productivity in services is notoriously difficult and often impeded
by a myriad of well-meaning licensing, safety, and other regulations. But if
we cannot find ways of increasing productivity in jobs that our workers are
destined for, we will end up with economies that are both worse perform-
ing and less inclusive.

5. Are governments up to it?

Scepticism about the ability of governments to lead and achieve positive
change is near universal. To many, ‘effective government action’ is an oxymo-
ron. Given the state of our contemporary politics, such doubts may be well-
placed. Authoritarian populism and polarisation—which interact with and re-
inforce each other—have infested our public sphere to the detriment of our
capacity to mount collective action against common problems.

But there is a longer-standing concern about government action that re-
lates to administrative capabilities. Governments do not have the informa-
tion and capabilities, the argument goes, needed to achieve positive struc-
tural change in the economy. Give governments too much power and they
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will direct resources towards the wrong places and turn into captive tools of
special interests. That was the argument at the heart of neoliberalism and
a key source of its appeal. It is the argument that must be overcome by any
successor narrative on economic policy, and productivism especially, if it is
to become successful.

In reality, government capabilities are not inherited or static. They are built
over time, once appropriate priorities are set and as a result of experience,
learning and building trust with private entities. For public officials, the rel-
evant questions should not be ‘do we have the capacity?’ but rather, ‘do we
have in place the right priorities and the correct mode of governance?’

The sceptic might say this all sounds good in theory, but it is not achievable
in practice. Look around and public governance seems to be failing through-
out, from the local and national to the global level. In fact, as Charles Sabel
and David Victor point out in their book, effective models of governance al-
ready exist and have made a big difference (Sabel & Victor, 2022). The prac-
tice is there, but so far, theory has been lacking. Sabel and Victor focus on cli-
mate change, which is the greatest policy challenge of our time, and it is also
an area where governance is doubly difficult: regulations have to be not only
effective at the national level, but they also have to be negotiated globally
among states with different interests and circumstances. They build their ar-
gument on the example of the Montreal Protocol on ozone (UN Environment
Programme, 2018). First negotiated in 1987, the protocol has been successful
at curbing ozone depleting substances (ODS), to the point where the ozone
layer is now on course to full recovery.

The ozone layer and climate change challenges looked similar at the outset,
with significant scientific and technological uncertainty and considerable dif-
ferences among the positions of advanced and developing nations. The United
Nations Framework Convention on Climate Change of 1992, the first global cli-
mate agreement, in fact took the Montreal Protocol as its model. Both global
regimes started out as ‘thin’ regimes, with broad commitments to cut emis-
sions—ozone depleting substances in the first case and greenhouse gases in
the second—by a certain date, but otherwise it had little operational content.

But the agreements evolved very differently. The Montreal Protocol made
steady progress by bringing firms and governments into collaboration in solv-
ing concrete technological problems, while climate change agreements got
stalled in global negotiations. Sabel and Victor show that a key difference was
the creation of sectoral committees under Montreal, in which ODS-emitting
firms joined national regulators and scientists in search for technological al-
ternatives. The groups started small and were few in number, but expanded
as knowledge accumulated, actors acquired new capabilities, and parties built
trust between each other. The virtue of the sectoral committees was that ac-
tual problem solving was devolved to local actors, the firms with the requi-
site technological know-how. When innovation stalled, targets were reset.
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The result was a virtuous loop of on-the-ground innovation and top-lev-
el goal setting. In the climate regime, by contrast, firms were kept at arms’
length from regulators, for fear that they would control the process. Instead,
these entrenched conflicts of interest and resulted in inadequate innovation.

The Montreal Protocol is not the only successful case of what the authors
call ‘experimental governance’. They discuss in detail a wide range of national
and sub-national programmes, ranging from the Advanced Research Projects
Agency—Energy (ARPA-E) in the United States to the control of agricultur-
al pollution in Ireland. In each of these cases, governance revolves around
ground-level experimentation married to higher-level goal setting. Successful
practices that emerge from these collaborations are routinised subsequently
through dissemination and standard setting.

These examples are not limited to environmental policy. The operation of
ARPA-E is modelled after the Defense Advanced Research Projects Agency
(DARPA), a US agency that is responsible for some of the landmark innova-
tions of our time, such as the internet and GPS. At the local level, the most
successful initiatives to revitalise communities and create jobs take the form
of private-public collaborations that bring training programmes, businesses,
non-profit groups, and public officials together to create new pathways to
economic opportunity (Fallows & Fallows, 2019). Effective national industrial
policies take a similar collaborative, cross-sectoral approach (Ghezzi, 2017).
The important point is that there are enough concrete, real-world examples
of these collaborative approaches to give us hope that these ideas are not
utopian.

As Sabel and Victor explain, the general strategy in all these domains is
to start out with ambitious, somewhat ill-defined goals. Programme leaders
must acknowledge the deep uncertainty and, hence, the likelihood of mis-
takes and false starts. There must be incentives for the actors with the most
detailed and accurate information—typically firms—to look for solutions,
which means public agencies must contribute some combination of sticks (the
threat of regulation) and incentives (public inputs). Milestones and monitor-
ing are key to permit reassessment and revision. Solutions are generalised,
as they emerge, in the form of standards or regulations for all. Innovation is
key, since higher standards (cleaner environment, better jobs) are possible
only through productivity-enhancing innovations.

This kind of policymaking differs significantly from the conventional ap-
proaches that dominate today’s thinking. From my perspective, the state
versus market dichotomy no longer makes sense. States and markets are
complements, not substitutes. Economists’ standard top-down, principal-
agent model of regulation (with it top-down, principal-agent framing) be-
comes unhelpful.
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6. A paradigm beyond right and left?

If productivism is to be successful, it will have to transcend the stale ideol-
ogies of the past. A new economic paradigm becomes truly established when
even its purported opponents start to see the world through its lens. At its
height, the Keynesian welfare state received as much support from conserv-
ative politicians as it did from left-wing liberals. In the United States, e.g.,
Republican presidents Dwight Eisenhower and Richard Nixon bought fully
into its essential tenets—regulated markets, redistribution, social insurance,
and counter-cyclical macroeconomic policies—and worked to expand social
welfare programmes and strengthen workplace and environmental regula-
tion (Gerstle, 2022).

It was similar with the neoliberal approach. The impetus for it came from
economists and politicians—such as Milton Friedman, Ronald Reagan, and
Margaret Thatcher who were all market enthusiasts. But if the paradigm even-
tually became dominant, it was in no small part thanks to centre-left leaders,
such as Bill Clinton and Tony Blair, who had internalised much of its pro-mar-
ket agenda (Rodrik, 2016). These leaders pushed for deregulation, financial-
isation, and hyper-globalisation, while paying lip service to ameliorate the
consequent rise in inequality and economic insecurity.

As with previous paradigms, productivism will have to find support even-
tually from both ends of the political spectrum. The polarisation that prevails
in our political life makes such an outcome seem outlandish. Yet, there are in
fact signs of convergence.

We saw many of these elements in the Biden administration’s narrative
and in at least some of its policies. The wholesale embrace of industrial pol-
icies to facilitate the green transition, rebuild domestic supply chains, and
stimulate good jobs, the finger-pointing at corporate profits as a partial cul-
prit behind inflation and the refusal to revoke Trump’s tariffs against China are
some examples. When the administration’s most senior economist, Secretary
of Treasury Janet Yellen, extols the virtues of “friend-shoring’—sourcing sup-
plies from US allies—over the World Trade Organization (WTO), we know we
are in a different world (US Department of the Treasury, 2022).

But similar strands exist on the political right as well. Alarmed by China’s
rise, Republicans have made common cause with Democrats in pushing for
active investment and innovation policies to bolster US manufacturing (Franck,
2021). Past (and likely future) Republican presidential candidate Senator Marco
Rubio has made impassioned pleas for industrial policy—promoting financial,
marketing, and technological assistance to small businesses as well as man-
ufacturing and high-tech sectors (Rubio, 2019, 2021). “In those instances in
which the market’s most efficient outcome is one that’s bad for our people,”
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says Rubio, “what we need is targeted industrial policy to further the com-
mon good”. Progressives on the left could not agree more. The architect of
Trump’s China trade policy, Robert Lighthizer, similarly has won many fans on
the left for his hard-ball tactics vis-a-vis the WTO. Robert Kuttner, a leading
voice among the progressives, has argued that Lighthizer’s views on trade,
industrial policy, and economic nationalism ‘were more those of a progres-
sive Democrat’ (Kuttner, 2022).

The Niskanen Center, named after the libertarian economist William
Niskanen who was a principal advisor to Reagan, has made ‘state capacity’,
the ability of governments to provide public goods, one of its main planks,
emphasising its importance for a healthy economy (Lindsey, 2021). Oren
Cass, advisor to 2008 Republican presidential candidate Mitt Romney and
a former senior fellow at market-promoting Manhattan Institute, is a critic
of financialised capitalism and supports reshoring supply chains and invest-
ment in local communities. Patrick Deneen, one of the leading intellectuals
of the ‘populist right’ talks about the importance of ‘pro-worker policies’ and
‘the encouragement, through government policy, of domestic production’.
Listening recently to Deneen discussing these and other economic policies,
the New York Times writer Ezra Klein was moved to say: “What’s funny about
that to me is that they seem to me to resemble what the current Democratic
Party is” (Klein, 2022).

Pragmatism can override political partisanship when it comes to the real
work of fostering local businesses and job creation and the public-private
partnerships necessary to achieve that end. That was the revelation of the
husband-and-wife team of James and Deborah Fallows when they travelled
around America on their single-engine plane to study experiences with lo-
cal economic development (Fallows and Fallows, 2019). Confronted by the
challenges of economic decline and joblessness, local politicians were en-
gaged along with community groups, entrepreneurs, and other stakeholders
in extensive policy experimentation—and in many of those cases whether
they were Democrats, Republicans, or Independents made little difference
to what they did.

However, deep divides between the two parties on social and cultural is-
sues, such as abortion rights, race and gender, remain. Many in the Republican
Party, including key figures such as Marco Rubio, have yet to give up their
allegiance to Donald Trump, who continues to be a threat to US democracy.
And there is always the danger that the ‘new’ industrial policies that con-
servatives and progressives alike favour will fizzle out or turn into the poli-
cies of the past.

Whether it goes astray or not, there are signs of a major reorientation in
economic policy—one that is rooted in production, work and localism instead
of finance, consumerism and globalism. And it might turn into a new para-
digm that captures the imagination of both sides of the political spectrum.
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7. Beware economists bearing paradigms

At present, we are in the midst of a transition away from neoliberal-
ism, with much uncertainty about what will replace it. We might approach
the absence of a solidified new paradigm with mixed feelings. On the one
hand, we certainly do not need yet another orthodoxy offering cookie-cut-
ter solutions and ready-made blueprints for nations and regions with very
different circumstances and needs (Rodrik, 2021a). On the other hand, eco-
nomic policy needs to be guided by an overall animating vision. If history
is a guide, the vacuum left by the waning of neoliberal ideas will soon be
filled by a new paradigm—and the more appropriate and adaptable that
paradigm, the better.

All our previous policy paradigms—whether mercantilist, classical liber-
al, Keynesian, social-democratic, ordo-liberal or neoliberal—had important
blind spots because they were conceived of as universal programmes to be
applied at all times and everywhere. Inevitably, the innovations they brought
to how we think about economic governance were overshadowed by those
blind spots. The result was over-reach and a back-and-forth swing in the pen-
dulum between excessive optimism and pessimism about the role of the gov-
ernment in the economy.

The answer to any policy question in economics is ‘it depends’. It may
seem this would render economics useless and irrelevant. But in fact, the
opposite is true. We need economic analysis and evidence to fill out the
details of what it depends upon. The keywords of a truly useful economics
paradigm are contingency, contextuality, and non-universality. Economics
teaches us that there is a time for fiscal profligacy and a time for fiscal con-
servatism. A time when government should intervene in supply chains and
a time when it should leave markets to their own devices. Taxes should be
sometimes high, sometimes low. Trade should be freer in some areas and
regulated in others. Mapping the links between varying real-world circum-
stances and the desirability of different types of interventions is what good
economics is about.

Our societies are confronted today with vital challenges that require new
economic approaches and significant policy experimentation. But those who
are looking for a new economic paradigm—or actively trying to develop one—
should be careful what they are wishing for. Our goal should be not to create
tomorrow’s ossified vision, but to learn how to adapt our policies and institu-
tions to changing exigencies. Ultimately, what our economy demands is sound
ideas, and not necessarily a new paradigm (Rodrik, 2021b).

By the time any set of ideas becomes conventional wisdom, it is riddled
with one-size-fits-all generalisations and truisms that are bound to be unhelp-
ful and misleading as a general orientation to policy. As such, what | have de-
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scribed here as productivism must be understood as a contingent set of pol-
icies—a set of policies that at best meets the demand of our time. The more
successful it is, the less relevant it will become to future challenges.
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whereas negative shocks contribute to the growth of in-
formality, thus suggesting the presence of asymmetry. The
threshold of economic complexity was found to be 0.41.
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Introduction

The proponents of economic complexity argue that a nation’s wealth is
based on the amount of productive knowledge and the cumulative know-how
utilised in product diversity. They explain that the country’s wealth is not just
based on its resources alone, but productive knowledge and how it is trans-
formed in the production process. Their framework by focuses on a country’s
productive capabilities rather than the size of GDP (Hausmann et al., 2014),
thus offering a nuanced understanding of economic growth compared to the
conventional models). Economic complexity is a measure of a country’s over-
all productive capabilities that emerges from the diversity and complexity
reflected in its export product basket. An economy with more diverse skills,
knowledge and innovative infrastructural facilities is capable of producing
more complex goods and services (Ajide, 2022). In the literature, economic
complexity has been linked to the shadow economy due to the high level of
innovativeness and skills required in the production process for increasing
the export product basket (Canh & Thanh, 2020).

Economic complexity is expected to reduce the shadow economy by bring-
ing numerous opportunities into the official economy, including job openings,
entrepreneurial development, and other benefits that can be leveraged from
a nation’s international competitiveness (Canh & Thanh, 2020; Nguyen, 2022).
However, it may intensify the shadow economy due to undesirable economic
shocks resulting from an over-reliance on external economies and financial
crises (Nguyen, 2022). In this case, economic actors view the informal sec-
tor as a safety net. Also, the nexus between shadow economy and economic
complexity may be an inverted N-shaped or a U-shaped pattern, due to the
interaction of the structural, institutional, and economic transformation as
well as the stages of economic development (Bolarinwa & Simatele, 2025;
Fotié & Mbratana, 2024; Lewis, 1954). Drawing on the dualistic view, it can be
hypothesised that at the early stage of materialised knowledge in the national
productive structure (economic complexity), the shadow economy tends to
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decline as labour moves from subsistence economic activities to a higher level
of economic sophistication. Increased economic complexity provides workers
with good wages and job security. Industrialisation and a knowledge-based
economy therefore boost opportunities in the formal economy.

Moreover, higher economic complexity is associated with better institu-
tional quality (Dada et al., 2025), which can eventually reduce the size of
the shadow economy (Ketu et al., 2024). Higher economic complexity can
be accompanied by increased taxes, labour law rigidity, and other regula-
tory burdens. The excessive costs of formalisation over the benefits of op-
erating in the official economy may lead economic agents to consider the
shadow sector as the best alternative. These scenarios may in turn generate
nonlinear reactions in the shadow economy, suggesting context-dependent
and threshold sensitivity (Bolarinwa & Simatele, 2025). Interestingly, the
nonlinear impact of economic factors on the shadow economy has been ex-
plored in the recent literature (Ajide & Dada, 2024; Bolarinwa & Simatele,
2023), providing insights into appropriate policy responses to this phenom-
enon in developing nations (Wu & Schneider, 2019; Yu & Ohnsorge, 2019).
Different studies have argued that the shadow economy distorts formal eco-
nomic operations, thereby hindering the ability of government to achieve
her objectives (Dell’Anno, 2022). Other authors suggest that the shadow
economy protects marginalised individuals who experience income dispari-
ties, uneducated agents, and women entrepreneurs, who find it challenging
to access justice in formal employment and entrepreneurial opportunities
(Ajide et al., 2025; Medina & Schneider, 2019). This issue was also predict-
ed theoretically in Lewis’s (1954) dualistic ideology; Lewis argues that infor-
mal and formal economic systems may coexist in developing regions due to
unbalanced features in traditional and modern economic structures, lapses
in institutional settings, inequalities, and stringent regulations in the official
economy (Ajide et al., 2025).

Given that many theoretical and empirical studies support the coexistence
of formal and informal sectors in developing nations, the new empirical fo-
cus has shifted to ascertaining the appropriate balance or threshold for the
two economic systems (see Ajide & Dada, 2024; Bolarinwa & Simatele, 2023;
Canh & Thanh, 2020; Wu & Schneider, 2019; Yu & Ohnsorge, 2019). In this
paper, we present the case of the nonlinear and asymmetric effect of eco-
nomic complexity on the shadow economy in selected Africa countries. This
constitutes our primary contribution to the literature. The recent empirical
debate on the influence of economic complexity on the shadow-economy
activities has yielded mixed results (Ajide & Dada, 2024; Ketu et al., 2024;
Nguyen, 2022). Specifically, Nguyen (2022) finds that economic complexity
reduces the shadow economy in a global sample; this is consistent with the
empirical findings of Ketu et al. (2024), who also employed the generalised
method of moments. However, the mean group panel estimators employed
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by Ajide and Dada (2024) indicate that in the African setting, the impact of
economic complexity on the shadow economy is heterogeneous, showcas-
ing a mix of positive and negative effects, as well as nonsignificant results
in the country-specific analysis. One of the main unresolved issues is the
nonlinear effect of economic complexity, as observed in previous studies.
The present study bridges this gap in the literature. Our objective is to ex-
amine the nonlinear impact of economic complexity on the shadow econ-
omy in Africa.

Africa serves as an interesting region to investigate the nonlinearity be-
tween economic complexity and the shadow economy. The magnitude of
Africa’s shadow economy has been estimated to exceed the world average
of 31% of GDP (Elgin et al., 2021; Medina & Schneider, 2019). Likewise, the
economic complexity index suggests that African economies operate at lower
levels (Olaniyi & Odhiambo, 2023). This is due to a technology gap, over-re-
liance on unrefined natural resources, for foreign exchange, and production
based on less sophisticated products (Dada et al., 2024b; Mealy et al., 2019).
Based on this, our study offers new insights into the relationship between
economic complexity and the shadow economy, and proposes that the effect
of economic complexity on this economy follows a threshold-based pattern.
This suggests that the shadow economy can be curbed if economic complexi-
ty reaches a particular threshold, but may harm the system if the institutional
structure is not effectively tightened.

To examine this, the study employs the Granger and Yoon (2002) decom-
position framework, splitting the changes in economic complexity index into
positive and negative shocks to capture the asymmetric relationship as ex-
panded by Habib et al. (2017). It also employs a two-step system generalised
method of moments, pooled mean group, augmented mean group (AMG),
and common correlated effects mean group (CCEMG) within the asymmetric
framework over panel data of 28 African countries between 1995 and 2020.
The study found the threshold value of economic complexity to be 0.41. Below
the threshold level, economic complexity has a significantly positive impact
on the shadow economy, while above the threshold, its impact is significantly
negative. In addition, positive economic complexity shocks mitigate the size
of the shadow economy. However, a negative economic complexity shock
contributes to the growth of the shadow economy. This result establishes the
presence of asymmetries: the shadow economy responds differently to posi-
tive and negative shocks in terms of economic complexity.

The paper is structured as follows: Section 1 reports the theories and rel-
evant empirical studies; Section 2 discusses the materials and methods used
to conduct the study; in Section 3, we present the empirical results and in-
terpretation; in the final section, we discuss the conclusion and policy impli-
cations of the findings.
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1. Literature review

The study draws on the neoclassical approach and the dualistic theory of
development to explain the interrelationship between the shadow economy
and economic complexity. The neoclassicists clarify that the choice to partic-
ipate in the shadow economy is guided by welfare-optimisation principles as
perceived by economic agents (Dell’Anno, 2022). This view seems to rely heav-
ily on how economic agents perceive costs and the benefits of informality. In
a more refined approach, authors like Lewis (1954) and Tokman (1979) view
the shadow economy as performing a positive transitional role by absorbing
marginalised groups in society and, at the same time, reducing income ine-
quality, since this sector provides additional income for survival. This view is
consistent with the early stage of economic progress but may become ineffec-
tive as higher levels of growth and economic sophistication are experienced.
Furthermore, the theory of institutional economics explains that the legal sys-
tem and strong governance system can shape the shadow economy’s roles
as the economy matures, implying that the relationship between the shadow
economy and economic complexity may be threshold-sensitive (Bolarinwa
& Simatele, 2025; Dada et al., 2025; La Porta & Shleifer, 2008; North, 1990).

Institutional and socioeconomic factors are the principal drivers of the de-
cision to participate in the informal sector. For instance, income inequality
promotes informality, particularly in regions with significant income dispari-
ties (Ajide et al., 2024). This is because the informal sector may offer oppor-
tunities to bridge income gaps in the official economy. Economic agents may
participate in the informal economy to escape restrictive institutional factors
(Dell’Anno, 2022). The shadow economy may increase due to the prevalence
of corruption. Weak control over corruption may allow businesses to bribe
their way through informal channels, thereby circumventing stringent regu-
latory policies (Schneider & Buehn, 2018).

Recent studies have revealed that economic complexity downgrades the
magnitude of the shadow economy (Ajide & Dada, 2024; Ketu et al., 2024,
Nguyen, 2022; Nguyen & Thanh, 2020). Economic complexity captures many
factors that are left out in the computation of GDP, including the produc-
tive knowledge that materialises and is employed in the production pro-
cess (Hidalgo, 2021). Enhanced economic complexity is expected to reduce
informality (Nguyen, 2022). Economic complexity offers further benefits to
economic agents in the formal economic system, bolstering the production
structure and discouraging operations in the informal sector (Nguyen, 2022).
Informality may be discouraged because economic complexity enhances the
functioning of the financial sector, thereby increasing access to funding for
advanced technologies within the official economic system (Ajide & Osinubi,
2024; Canh & Thanh, 2020).
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For instance, Nguyen (2022) examines the influence of economic complex-
ity across a panel of 115 countries from 1995 to 2017, finding that economic
complexity reduces the shadow economy in both high- and low-income coun-
tries. Similarly, Canh et al. (2021) find that economic integration, institutional
factors, and economic complexity are key drivers of the shadow economy in
112 economies. Most importantly, economic complexity reduces informality.
Canh and Thanh (2020) reveal a nonlinear relationship between export diver-
sification and the informal economy in 116 economies.

Similarly, Ketu et al. (2024) found that within 24 countries from 1996 to
2016, economic complexity was associated with a reduction in the shadow
economy. However, this finding is inconsistent with the study by Ajide and
Dada (2024), which found no correlation between the variables using different
mean-group estimators, such as the augmented mean-group and the dynamic
common correlated effect mean-group, over a panel data set of 27 countries
from 1995 to 2017. In a country-specific estimation, economic complexity
and shadow economy were found to be negatively related in Congo, Uganda,
and Ghana, while the opposite was documented for Tunisia, Madagascar, and
Botswana. No significant effects were reported for other countries. This study
points to the heterogeneous nature of African economies.

Furthermore, in panel data for 99 countries, Pham et al. (2024) established
that economic complexity is non-linearly linked to income inequality and the
informal economy: there is a U-shaped association between economic com-
plexity and income disparities. Therefore, income disparities and economic
complexity must be taken into account when addressing the shadow econo-
my. This aligns with the study by Ajide et al. (2025), which suggests that the
informal sector helps address income inequality by enabling marginalised in-
dividuals to bridge the income gaps created in the official economy.

In conclusion, only a few studies have investigated the influence of eco-
nomic complexity on shadow economy, emphasising linearity among the var-
iables. However, no study has examined the nonlinearity between shadow
economy and economic complexity. We aim to address this gap with the use
of a panel of African countries. Recent studies have highlighted the impor-
tance of examining the nonlinearity between the shadow economy and soci-
oeconomic factors to inform effective policy responses (Ajide & Dada, 2024;
Bolarinwa & Simatele, 2023; Wu & Schneider, 2019; Yu & Ohnsorge, 2019).

The literature suggests that economic complexity influences shadow econo-
my through direct and indirect channels (Ajide & Dada, 2024; Canh et al., 2021;
Canh & Thanh, 2020). Hidalgo and Hausmann (2009) show that income and
economic complexity are correlated. Specifically, while economic complexity
stimulates growth in the official economy, a deviation from this connection
may lead to an expansion of the informal sector. Such a deviation may indicate
a potentially positive impact on long-term growth. However, a short-term im-
pact may lead households to move into the shadow economy to compensate
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for income shortfalls (Ajide & Dada, 2024; Ketu et al., 2024). Research has
shown that output volatility reduces income per capita and factor productiv-
ity, negatively impacting economic growth (Ramey & Ramey, 1991). During
this period, the shadow economy may serve as a survival channel for house-
holds to cope with the challenges of such volatility, especially in developing
economies, where financial and governance systems are very weak (Ajide et
al., 2024). Therefore, a complex economy is believed to have more paths to
growth stability, as studies confirm that economic complexity reduces vola-
tility in national output and increases labour productivity (Sweet & Eterovic,
2019). In this case, economic complexity is expected to prevent a potential
shift in the shadow economy (Ketu et al., 2024).

Various studies indicate that a weak institutional system is a primary source
of the shadow economy’s growth (Dell’Anno, 2022; Elgin et al., 2021). In ad-
dition, formal and informal economies share some key determinants; there-
fore, economic complexity is expected to influence the shadow economy by
attracting economic actors to the official economy in the presence of inno-
vations and new knowledge being disseminated and reflected in national ex-
port baskets (Ajide, 2022; Canh & Thanh, 2020; Nguyen, 2022; Schneider &
Buehn, 2018). However, entrepreneurial firms and informal workers may not
fully benefit from the opportunities presented by economic complexity be-
cause of the semi- or lower-level skills they possess; thus, they may still pre-
fer informal-sector operations (Nguyen, 2022).

Djeunankan et al. (2023) explain that economic complexity enhances
governance and institutional reforms by influencing foreign direct investors,
who demand greater protection of property rights. Economic complexity pro-
motes quality institutions through a skilled workforce and human capital de-
velopment, thereby reducing income inequality and enhancing the lives of
poor households while also reducing the participation of shadow econom-
ic actors (Dada et al., 2024b). Economic complexity improves transparency
and leaders’ accountability, an ingredient for discouraging participation in
shadow economy. However, a country with a skewed industrial structure
may have higher cohesion among the elites, and an overreliance on elites as
a means of survival may reduce accountability (Olaniyi & Odhiambo, 2023).
With a highly skewed industrial and productive structure, citizens may lose
economic privileges, leading to increased income inequality and expanding
the shadow economy.

Furthermore, knowledge is an essential input in the production process and
is embedded in the economy’s productive structures. Economic complexity is
closely tied to knowledge accumulation, as reflected in the diversity and ubig-
uity of the economy’s export baskets (Hartmann, 2014). Therefore, progress
in product complexity is closely tied to knowledge and technological transfor-
mation, as well as their application in the economy. This process creates more
economic opportunities for average citizens and reduces the attractiveness of
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the shadow economy (Ajide, 2022; Canh et al., 2021; Hartmann et al., 2017).
Moreover, in the formal economy, workers enjoy higher wages, greater job
security, and greater specialisation due to the economic transformation ena-
bled by economic complexity and its associated higher returns to scale (Lee
& Vu, 2020). Consequently, enhanced job quality and security help reduce
marginalisation and income inequality, thereby diminishing reliance on the
informal sector for survival.

However, based on the view of the routine-biased technological hypothe-
sis and skill-based technical change theory, economic transformation resulted
from product sophistication, and higher-skilled labour demand may increase
with the use of sophisticated machines. Therefore, the demand for low-skilled
labour will be reduced (Acemoglu & Autor, 2011). In turn, this could increase
the level of marginalisation and deepen the shadow economy. These posi-
tive and negative forces in the relationship between economic complexity
and the shadow economy suggest the possibility of nonlinearity between the
two. While studies such as Bandeira Morais et al. (2021) and Le et al. (2020)
provide empirical evidence of an inverted U-shaped relationship between in-
come gaps and economic complexity, to our knowledge, the asymmetric ef-
fect of economic complexity on the shadow economy has yet to be explored
empirically. The focus of our study is to shed light on this issue in the context
of African economies.

2. Data, model, and estimation strategies

2.1. Data

The dataset for this study spans from 1995 to 2020 for 28 African coun-
tries. Table Al in the Appendix lists the countries. The study aims to inves-
tigate the asymmetric and nonlinear impact of economic complexity on the
shadow economy. The shadow economy data are sourced from the dataset
of Elgin et al. (2021). This data comprises all economic activities (legal or il-
legal), regardless of official status. Economic complexity data are extracted
from the Atlas of Economic Complexity dataset, which assesses the nation’s
export competitiveness and the sophistication of its production system (Ajide
& Dada, 2024; Hausmann et al., 2014).

To avoid the omitted variable problem, additional control variables are
added, including per capita income as a proxy for the official economy, pop-
ulation, and domestic credit to the private sector as a proxy for financial de-
velopment. Data on per capita income, financial development, and population
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growth are obtained from the World Bank’s World Development Indicators.
Per capita income is measured in 2015 constant USD and is incorporated be-
cause the formal economy plays a role in determining the magnitude of the
shadow economy (Ajide et al., 2024, 2025; Dada et al., 2024a,b).

2.2. Model specification

This study follows the model specification used in existing studies to
examine the relationship between economic complexity and the shadow
economy in African economies. The choice of control variables is based
on the previous literature. The dualist approach suggests that the shadow
economy exists alongside the official economy (Lewis, 1954), providing an
alternative for marginalised households (Loayza, 2018). A formal economy,
typically measured by economic growth or GDP, is expected to have an in-
verse relationship with the shadow economy (Berdiev et al., 2018; Dada &
Al-Faryan, 2024). Studies by Awoleye et al. (2025), Njangang et al. (2020),
and Capasso and Jappelli (2013) show that financial services influence the
size of the shadow economy; therefore, financial development is included
as a control variable. Similarly, Kpognon (2022) and Njangang et al. (2020)
suggest that population growth drives the expansion of the shadow econo-
my, especially in developing countries where formal-sector unemployment
is high. In specific terms, and adding the control variables to the model,
equation 1 can be expressed as:

SHE, =a+B EC,+yGDP +0POP, +60FD, +¢, (1)

SHE represents the shadow economy, EC represents economic complex-
ity, and GDP, POP, and FD are per capita income, population, and financial
development, respectively. i and ¢ are the cross-section and time indicators,
respectively.

To capture the asymmetric relationship, we apply the Granger—Yoon (2002)
approach to decompose the economic complexity index into positive and neg-
ative shocks. This approach was later expanded by Habib et al. (2017). The
process of decomposing the variable is as follows.

P
EC, =EC, ,+¢, =EC, + Zeitj (2)
j=1
wheret=1,2,3,... T,i=1,2,3,... ], the term ECis the initial value of the

series, whereas ¢, is the noise. The negative and positive components (asym-
metries) are detailed as:
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€/ = max(e, 0) (3)
&, = min(e, 0) (4)
Hence, g, =€ +e, (5)

Putting equations (3) and (4) in (2), then:
» »
N _
EC,=EC, ,+¢, =EC, + Z‘Eﬂj + Zgitj (6)
j=1 j=1
Finally, the positive economic complexity shocks and negative economic
complexity shocks is described as a cumulative:

p

EC; = zg;j (7)
j=1
p

EC, = ngt; (8)

Incorporating equations (7) and (8) into equation (1), the testable model
becomes:

SHE,=a+p EC! + n EC,+y GDP,+ 6 POP + 0 FD  +¢, (9)

2.3. Estimation procedures

Firstly, the study tests the econometric characteristics of the variables. The
cross-sectional dependency (CD) in the data is investigated. The financialisa-
tion and globalisation of markets have rendered the assumption of country
independence unrealistic. Furthermore, African countries are not immune to
global events and are thus susceptible to shocks emanating from both within
and outside the region. Thus, it is essential to account for the likelihood of CD
in the data to guide the estimation methods. The CD in the data is tested us-
ing the Pesaran-scaled Lagrange Multiplier (Ps-LM), the Bias-corrected scaled
Lagrange Multiplier (Bcs-LM), and the Pesaran CD (P-CD).

Secondly, the study employs first- and second-generation estimators to ex-
amine the asymmetric impact of economic complexity on the SHE. Specifically,
the study uses the two-step system generalised method of moments (2SGMM),
pooled mean group (PMG), augmented mean group (AMG), and common cor-
related effects mean group (CCEMG) within the asymmetric framework. The
2SGMM addresses the endogeneity and serial correlation commonly found
in the literature on the shadow economy (Ajide et al., 2025). Additionally, the
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2SGMM addresses the omitted variable bias and simultaneity issues inherent
in the shadow economy-economic complexity model.
To estimate the 2SGMM, the following linear restriction is imposed on
equation (9) and used as the instruments.
E(SHE,

i,t—s

=E(GDP,_,Ac,)=E(POP,_,Ae, )=E(FD,

,Ag) = E(EC:H, Ag,) = E(EC;H, Ag) =
Ag)=0 (10

s

Fors>2,andt=3,4,..., T.

On the other hand, the PMG, AMG, and CCEMG account for cross-section-
al dependence, spatial correlation, and slope heterogeneity, which are com-
monly found in heterogeneous panels (Dada et al., 2024b). Furthermore, we
employed standard errors that are robust to heteroscedasticity, autocorrela-
tion, and spatial or cross-sectional dependence. In addition, the PMG, AMG,
and CCEMG do not require stationarity and cointegration tests before being
utilised (Pesaran, 2006). To save space, the models for these estimation tech-
niques are not specified.

Thirdly, the dynamic panel threshold regression of Seo et al. (2019) is used
to estimate the threshold of economic complexity in determining the size of
the shadow economy. The threshold model is as follows:

Y= (l’ x;t) ﬂl l(qit = V) + (l’ xi't) ﬁz 1(qit > Y) +l"’i + €
i=1,2,...,n; t=1,2,...T  (11)

where y_ is the scalar of the dependent variable (shadow economy), x/, is
the vector of time-varying independent variables that also include the lag
value of the dependent variable, 1( ) is the indicator function, q is the transi-
tion variable (economic complexity), y is the threshold parameter, 8 and j3,
are the slope parameters linked with different periods, y, is a time-invariant
unobserved country-specific effect term, and ¢ is a zero-mean idiosyncratic
random disturbance.

3. Results and discussion

Table 1 presents descriptive statistics and a correlation matrix. Applying
four different estimation techniques, as reported in Table A2 in the Appendix,
the null hypothesis of cross-sectional independence in the variable is reject-
ed at the conventional level. These results point to the presence of CD across
all variables used. This result reveals that any factors that cause a change in
one nation will also influence other countries in the group. Hence, there are
spill-over and contagion effects within the panel.
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Table 1. Descriptive statistics and correlation matrix

SHE EC* EC GDP POP FD
Mean 40.230 1.006 0978 | 2246.103 | 2.786 25.728
Median 39.795 0.796 —0.738 | 1262221 | 2.878 15.565
Maximum |  64.586 3.696 0000 [11937.640 | 5.842 | 160.125
Minimum | 26.250 0.000 ~3.373 43231 | 0595 0.429

standard 7.953 0.844 0.829 | 2367.782 | 8.924 28.580

deviation

SHE . 0.055° 0.015¢ ~0213°| 0043 | -0.414°

(0.045) (0.061) (0.000) | (0.0257) | (0.000)

e . ~0.914 0.186* | 0011° | -0.121°

(0.000) (0.000) | (0.775) (0.001)

e . ~0.156° |  0.093: 0.123¢
(0.000) | (0.013) (0.001)

~0.297° 0.453¢

GbP ! (0.000) (0.000)

0.013°

POP ! (0.723)
FD 1

Note: p-values in parentheses ( ). a, b and c suggest 1%, 5% and 10% levels of significance.

Source: own work.

Due to the presence of the CD, the unit root is examined using CADF and
CIPS tests. The result of the stationarity test is presented in Table A3 in the
Appendix. All variables are stationary at the first difference (I(1)) at the 1%
significance level. The long-run cointegration among the variables is investi-
gated using the Westerlund panel cointegration test, and the result is report-
ed in Table A4 in the Appendix. The result suggests that two of the four test
statistics are significant (Gt and Pt), suggesting that long-run cointegration
exists among the variables. Furthermore, the result implies that series tend
to cointegrate and move to a long-run steady state, even after an initial short-
run disequilibrium. Based on this outcome, the study accounted for the long-
run relationship using the PMG, AMG, and CCEMG estimation techniques.

3.1. Baseline results

This paper investigates the asymmetric effect of economic complexity on
the size of shadow economy in selected African countries. Four different es-
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timation techniques (2SGMM, PMG, AMG, and CCEMG) are employed to es-
tablish the relationship, and the results are presented in Table 2. The results
of the 2SGMM confirm that the instrument used, as indicated by the Hansen-J
statistic test, is valid and free from serial correlation. Furthermore, the 2SGMM
reveals the presence of first-order autocorrelation (AR1) and the absence of
second-order autocorrelation (AR2). The lagged value of the dependent varia-
ble is significantly positive at the conventional level. This reveals that the past
value of the shadow economy increases the magnitude of the present value.

Regarding the asymmetric components, this study builds upon the works
of Ahmed et al. (2021), Altintas and Kassouri (2020), and Arnaut et al. (2023)
in interpreting the coefficients. The positive shock (EC) is interpreted direct-
ly; conversely, the negative shock (EC") is interpreted with the coefficients
reversed. Considering this, Table 4 suggests that positive economic complex-
ity (EC*) has a significantly negative effect on shadow economy, whereas the
effect is not significant in the AMG model. Specifically, the results indicate
that a unitincrease in positive economic complexity shocks reduces the shad-
ow economy by 0.116, 0.054, and 0.120 in the 2SGMM, PMG, and CCEMG
models, respectively. This indicates that the growth in the sophistication and
complexity of the economic structure helps curb the extent of the shadow
economy. Furthermore, producing high-quality products makes activities in
the shadow economy less attractive and reduces its size.

Meanwhile, the negative shock of economic complexity (EC") has a signifi-
cant influence on the size of the shadow economy in the region in the 2SGMM,
AMG, and CCEMG models. Specifically, the coefficients indicate that a unit in-
crease in the negative economic complexity shock (EC") increases the size of
the shadow economy on average by 0.205, 0.985, and 0.201 in the 2SGMM,
AMG, and CCEMG models, respectively. The presence of asymmetry in eco-
nomic complexity is further examined using the Wald coefficient test. The
test results in Table 2 indicate asymmetry in the relationships across all mod-
els. Specifically, this indicates that the relationship’s assumptions of linearity
and symmetry may be too restrictive and do not accurately reflect the real-
ities of the nexus between economic complexity and the shadow economy.

Correspondingly, economic growth, a measure of the official or formal econ-
omy, has a significant negative effect on the shadow economy in all models.
In contrast population growth rate and financial development have a signifi-
cantly positive influence on the size of the shadow economy in the long run
in selected African countries. This result shows that the shadow economy
provides alternative to the growing population in terms of employment op-
portunities. Furthermore, the result reveals that the financial architecture of
African countries supports the growth of informal economy through the di-
version of fund. Furthermore, the institutional lapses allow credit to be chan-
nelled from the official economy to the unofficial economy. This subsequently
spurs the growth of the shadow economy.
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Table 2. Baseline regression results

2SGMM PMG AMG CCEMG
0.852?
SHE(-1) (0.000)
ECr -0.111° -0.054° -0.097 -0.120°
(0.031) (0.000) (0.620) (0.014)
B —-0.205° -0.976 —0.985° -0.201°
(0.002) (0.255) (0.000) (0.002)
GDP —-0.002° —-0.001° -0.001° —0.004°
(0.046) (0.000) (0.000) (0.023)
POP 0.016° 0.053 0.065° -0.139
(0.037) (0.000) (0.000) (0.618)
D 0.017° -0.168 0.021° -0.114
(0.000) (0.000) (0.000) (0.248)
Constant -3.556° 8.295° 0.038°
(0.000) (0.000) (0.000)
Wald test (asymmetric —-4.065° 38.71° 7.31° 14.882
components) (0.000) (0.000) (0.007) (0.000)
-2.402°
AR(1) (0.016)
-0.173
AR(2) (0.862)
. 23.649
J-statistic test (0.482)
RMSE 1.813 6.41

Note: a, b, and c suggest 1%, 5% and 10% levels of significance. First-differenced variables in used in 2SGMM.

Source: own work.

3.2. Robustness check: Alternative measures of shadow
economy

The robustness check verifies the estimates from Table 2 using additional
proxies for the shadow economy. The study uses two alternative sources of
data. Firstly, the shadow economy data from Medina and Schneider (2019),
based on the Multiple Indicators Multiple Causes framework, are reported in
Table 3. Second, shadow economy data based on a dynamic general equilibri-
um model by Elgin et al. (2021) are also applied, and the results are presented
in Table 4. The findings from Table 3 reveal that positive shocks in economic
complexity (EC*) significantly reduce the size of the shadow economy, where-
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as negative shocks in economic complexity (EC) have the opposite impact.
Similarly, the result in Table 4 (DGE proxy) also aligns with the main findings
presented in Table 2. These results from the alternative proxies establish the
presence of an asymmetric effect of economic complexity on the size of the
shadow economy in Africa. For other control variables, economic growth
substantially reduces the size of the informal economy, while financial devel-
opment positively influences the growth of the shadow economy. However,
population growth has a mixed impact on the size of shadow economy. In
summary, the results from the alternative long-run estimates are consistent
with those from Table 2 (baseline results), with only slight variations in the
size and significance of the coefficient.

Table 3. Regression results for alternative proxy of shadow economy MIMIC
from Medina and Schneider (2019)

2SGMM PMG AMG CCEMG
0.863*
SHE(-1) (0.000)
ECr -0.828° -0.771¢ -0.132 -0.574°
(0.000) (0.064) (0.634) (0.026)
EC- 0.472 -1.464 -0.847° 0.091
(0.113) (0.220) (0.000) (0.055)
GDP -0.002¢ -0.002° -0.001° —0.044°
(0.072) (0.000) (0.000) (0.033)
POP -0.002 0.0742 -0.091° 0.313
(0.945) (0.000) (0.000) (0.304)
D 0.085° 0.146° 0.041° —-0.159
(0.000) (0.000) (0.000) (0.461)
Constant -4.440° 7.519° 6.992°
(0.000) (0.000) (0.000)
Wald test (asymmetric -4.961° 0.92 5.04° 0.929
components) (0.000) (0.339) (0.025) (0.761)
—-3.498°
AR(1) (0.000)
-1.633
AR(2) (0.102)
. 25.577
J-statistic test (0.482)
RMSE 2.449 7.56

Note: a, b, and c suggest 1%, 5% and 10% levels of significance.

Source: own work.
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Table 4. Regression results for alternative proxy of shadow economy DGE
from Elgin et al. (2021)

2SGMM PMG AMG CCEMG
0.942°
SHE(-1) (0.000)
ECr -0.100¢ -0.681° -0.271°¢ -0.077
(0.094) (0.000) (0.098) (0.872)
EC- —-0.255° —0.596° —0.024° 0.354
(0.000) (0.027) (0.031) (0.975)
GDP -0.002° -0.001¢ —-0.003° -0.001°
(0.005) (0.067) (0.042) (0.028)
POP -0.001 —0.056" -0.206 0.287
(0.992) (0.034) (0.625) (0.977)
D -0.001 0.2012 0.010 -0.011
(0.201) (0.000) (0.585) (0.955)
Constant 1.757 7.349° 4.641
(0.155) (0.000) (0.796)
Wald test (asymmetric -1.906° 4.329° 6.502° 1.02
components) (0.057) (0.031) (0.025) (0.783)
-3.964°
AR(D) (0.000)
1.898
AR(2) (0.102)
. 19.048
J-statistic test (0.518)
RMSE 0.288 0.30

Note: a, b, and c suggest 1%, 5% and 10% levels of significance.

Source: own work.

3.3. Threshold effect

This section examines the threshold effect of economic complexity on shad-
ow economy using the dynamic panel threshold approach proposed by Seo
et al. (2019). The result of the threshold analysis is presented in Table 5. The
results reveal that when economic complexity is below the threshold level
of 0.41, it contributes significantly to the growth of the informal economy.
Conversely, at the upper threshold of 0.41, economic complexity reduces the
size of the shadow economy. This result provides evidence of nonlinearity in
the relationship between economic complexity and the shadow economy.



J. T. Dada et al., Economic complexity and the shadow economy in Africa 45

Regarding other variables, the lagged shadow economy has a significant
positive impact on itself at the lower regime, indicating that the historical val-
ue of the shadow economy has a substantial influence on its current value.
Furthermore, the non-significant impact of the lagged variable in the upper
regime highlights the importance of economic sophistication in mitigating the
shadow economy. Economic growth, as a proxy for the official economy, has
a significantly negative impact on the shadow economy in both regimes. It
shows that the shadow economy and the official economy are inversely relat-
ed. On the other hand, financial development has a significant positive effect
on the shadow economy at the upper regime, whereas population growth
has no significant impact in any of the regimes.

Table 5. Threshold estimate of economic complexity using dynamic panel
threshold (dependent variable: SHE)

0.41°
. (0.000)
Low (<0.41) High (>0.41)
0.460° 0.022
SHE(-1) (0.000) (0.959)
e 0.479° ~0.925°
(0.043) (0.009)
~0.001° ~0.002
GbP (0.032) (0.025)
0.318 ~0.046
POP (0.124) (0.109)
0o ~2.903 5.282°
(0.172) (0.002)
5.953
Constant (0.49)

Note: a and b are 1% and 5% levels of significance.

Source: own work.

3.4. Discussion

This study found evidence of asymmetric and nonlinear relationships be-
tween the shadow economy and economic complexity in 28 African countries.
The results consistently indicate that positive shocks to economic complexity
decrease the size of the shadow economy. Conversely, negative shocks in eco-
nomic complexity contribute to the growth of shadow economy. Furthermore,
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technological sophistication and knowledge-based productive capacities cre-
ate opportunities and expand exports, thereby affecting the degree of trade
openness and output in the official market, and consequently reducing the
motivation to engage in the shadow economy (Hidalgo, 2021).

Studies have revealed that increased economic complexity facilitates for-
eign direct investment flows, expanding the official economy’s opportunities
(Boleti et al., 2021; Osinubi & Ajide, 2022). Highly complex economies fos-
ter skilled, knowledge-based job places, allowing those in the shadow econ-
omy to migrate into the main economy. To be more precise, this result from
the asymmetric relationship indicates that increasing economic complexity
is a crucial tool for achieving sustainable development, thereby strengthen-
ing human capital, which in turn leads to a reduction in income inequality
and the presence of the shadow economy (Dada et al., 2024b; Djeunankan
et al., 2023; Lee & Vu, 2020). This result does not stand alone, however, as it
is comparable to the empirical studies by Nguyen (2022), Ajide (2022), and
Ketu et al. (2024), who found that economic complexity serves as an impor-
tant policy tool for limiting the growth of the shadow economy. Studies have
also documented the adverse effect of a fall in economic complexity on the
growth of the informal economy. For instance, Ajide and Dada (2024) found
that the effect of economic complexity on the shadow economy in Africa is
heterogeneous, with economic complexity positively influencing the shadow
economy in countries such as Botswana, Madagascar, and Tunisia.

The threshold regression buttresses the result obtained from the asym-
metric analysis. The results show that economic complexity reduces the
shadow economy at the upper threshold regime but exacerbates it at the
lower threshold regime. Studies have documented the threshold level of
economic complexity in influencing socioeconomic variables. For example,
Azami et al. (2024) found a threshold of economic complexity of 1.12 in the
relationship between economic complexity and ecological footprint across
selected Asian countries. Similarly, Azizi (2020) identified a threshold of
—1.15 in the relationship between economic complexity and energy con-
sumption in Iran. Additionally, Elazhary et al. (2024) found the threshold of
economic complexity to be -0.301 in the relationship between foreign di-
rect investment and industry value-added in Egypt. This finding corresponds
with a few studies that have noted a nonlinear relationship between the
shadow economy and other economic factors (Ajide & Dada, 2024; Wu &
Schneider, 2019).

Economic growth, as a proxy for the formal economy, has an inverse rela-
tionship with the shadow economy. This result aligns with the neoclassical,
dualist, and voluntarist theories. Such an outcome supports various empiri-
cal findings on the relationship between the shadow economy and the offi-
cial economy. For example, the study by Chen (2012) found that economic
growth reduces the extent of the informal economy.
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Population growth significantly increases the size of the shadow econo-
my. This economy provides an escape route for those who cannot work in the
official economy due to unemployment or limited opportunities. This result
aligns with the findings of Dada et al. (2024a), Kpognon (2022), and Njangang
etal. (2020). Lastly, the finding shows that financial development contributes
to the growth of the shadow economy. This reveals that loopholes and lapses
in the financial sector culminate in opportunistic behaviour among economic
agents, leading to credit being diverted from the official to the shadow econ-
omy. It suggests that the financial market diverts funds from the real sector
of the economy, thereby thwarting entrepreneurial activities in the official
economy. This result is consistent with the research conducted by Ajide and
Dada (2024) and Nguyen and Thanh (2020).

Conclusions

The impact of economic complexity on socioeconomic activities, especially
the shadow economy, remains a matter of debate in the research community.
While some studies acknowledged the positive role of economic complexity
in reducing the size of the shadow economy, others found a negative influ-
ence. This study therefore takes a step forward by scrutinising the asymmet-
ric impact of economic complexity on the size of the shadow economy using
a dataset of 28 African nations from 1995 to 2020. To this end, estimation
techniques such as 2SGMM, PMG, AMG, and CCEMG are employed.

The study’s results reveal that positive economic complexity shocks miti-
gate the size of shadow economy, while negative economic complexity shocks
contribute to its growth. This result establishes the presence of asymmetries,
as the shadow economy reacts differently to positive and negative shocks in
terms of economic complexity. Furthermore, the threshold level of econom-
ic complexity in the region is 0.41 on a scale of —2.5 to +2.5. While economic
complexity contributes to the shadow economy below the threshold, it re-
duces its size above the threshold. Economic growth has a significant negative
impact on the shadow economy. However, population growth and financial
development positively affect the size of this economy. These findings are ro-
bust to alternative proxies of the shadow economy.

Based on the conclusions of this study, the following policy recommenda-
tions are proposed. The study found that positive shocks in economic com-
plexity has a beneficial effect in reducing the size of the shadow economy in
the region. Hence, policies aimed to increase the complexity of the economy
should be pursued effectively. These policies include massive investment in
human capital, infrastructure, research and development, and technological
innovation, which could boost the productive knowledge in the economy.
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Economic complexity is found to improve in the presence of advanced tech-
nology and automation. Therefore, efforts should be directed to technological
advancements and a transition to a knowledge-driven economic system. All
these can further reduce the size of Africa’s shadow economy. The complex-
ity of the economic system can only emerge from high-quality human edu-
cation, highly skilled training, and an empowerment programme. Therefore,
policymakers should prioritise this area to discourage potential participation
in the shadow economy.

Although this study has limitations, it can serve as a guide for future re-
search. Firstly, the asymmetry in the relationship between economic com-
plexity and shadow economy is assessed within African countries. Future
studies can extend this asymmetry to Asian and Latin American countries.
Secondly, future studies might investigate the interaction between econom-
ic complexity and other economic characteristics. Thirdly, the study does not
focus on the dual nature of informality (informal employment vs. informal
production), which could have differential relationships with economic com-
plexity. Moreover, institutional indicators that capture labour market dynam-
ics, rigid infrastructure, and institutional inefficiency are not included in the
model due to the unavailability of reliable data. Thus, future studies could
consider this important aspect when examining informality as reliable data
for African economies becomes available. Lastly, the study focuses on a het-
erogeneous panel of countries. Hence, a country-specific study that consid-
ers each country’s specificities could be conducted on the relationship in an
asymmetric framework.
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Appendix

Table A1l. List of countries
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Algeria Malawi
Angola Mali
Botswana Morocco

Burkina Faso

Mozambique

Cameroon Namibia
Congo Republic Nigeria
Congo Democratic Senegal
Egypt South Africa
Gabon Sudan
Ghana Togo
Guinea Tunisia
Ivory Coast Uganda
Kenya Zambia
Madagascar Zimbabwe

Source: own work.

Table A2. CD test

PS LM BCS LM. PCD
SHE 132.799* 132.195° 44.207°
EC* 304.187° 303.583® 95.355°
EC 301.808° 301.204° 94,9942
GDP 216.437° 215.833® 57.725°
POP 313.885° 313.281° 86.559°
FD 195.349° 194.744° 60.271°

Note: a suggests 1% level of significance.

Source: own work.
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Table A3. Stationarity test
Variables CADF CIPS
SHE -1.871 -3.641° -2.013 -4.647°
EC* -1.831 -3.041° -1.954 -5.091°
EC -1.364 —3.445° -1.689 -4.769°
GDP -1.362 -2.618° -1.176 -3.835°
POP -1.881 -4.428° -1.516 -3.2842
FD -1.365 —-2.905° -2.071¢ -5.092°

Note: a and c suggest 1% and 10% levels of significance.

Source: own work.

Appendix 4. Westerlund cointegration test

Value z-value Robust p-value
G, —-6.192° —-20.146 0.000
G, -1.841 5.874 1.000
P, -8.132° —6.252 0.022
P -1.952 1.643 0.847
Note: a and b suggest 1% and 5% levels of significance.
Source: own work.
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among FDI drivers. A key finding of this study is that the
three most significant factors influencing FDI in emerging
economies are political stability, corruption, and the state
of infrastructure. These factors significantly impact all oth-
er drivers in the system. The drivers were categorised into
clusters using MICMAC based on their dependence and
driving power.

JEL codes: C65, F21, 010.
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Introduction

In the recent economic history of most emerging countries, Foreign Direct
Investment (FDI) has been a growing trend (Elfakhani & Mackie, 2015) and
is a vital component of these countries’ economic development. One of the
most prominent indicators of the world economy’s globalization over the
past two decades has been the significant rise in FDI flows among nations,
particularly to emerging economies, as documented by recent studies ana-
lysing global FDI trends from the 1990s through the 2010s and beyond (Al-
-Kasasbeh et al., 2022; Nazzal et al., 2025; World Investment Report, 2006).
This is depicted in Figure 1.

The percentage of global FDI inflow to emerging economies has increased
from a mere 16.4% (222.7 billion dollars) in 2000 to 57.5% (867.2 billion
dollars) as of 2024 (World Investment Report, 2025), increasing by almost
289% in 2024 as compared to 2000. FDI impacts the host nation’s economy
in a myriad of ways, such as the recipient country’s general welfare, employ-
ment, economic growth, development, and output. According to Blomstrom
and Kokko (2001), FDI is the primary means of disseminating modern tech-
nologies. Since the swift and effective adoption of “best practices” across na-
tional boundaries is a fundamental component of economic development,
emerging economies rely substantially on FDI for growth. Previous research
presented in the Economics and Business Review has shown that FDI inflows
have substantial implications for emerging economies’ growth. For instance,
a study on the Polish economy found that increases in FDI were associated
with higher economic growth, illustrating the macroeconomic significance of
foreign investment in transitional contexts (Soylu, 2019).

As demonstrated in Figure 1, Asia remains the leading recipient of FDI
among emerging regions, capturing 40% of the global FDI inflows in 2024,
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well ahead of Latin America at 11%. Africa’s share, however, remains com-
paratively modest at just 6%. Notably, FDI inflows into Asian economies have
risen sharply, from USD 132.4 billion in 2000 to USD 604.5 billion in 2024,
marking an impressive growth of nearly 357%.
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Figure 1. Trends in global and regional FDI inflows (world, emerging economies,
Asia, Africa, and Latin America), 2000-2024 (USS billion)
Note: Figure 1 illustrates the trend of FDI inflows from 2000 to 2024, comparing global inflows with those
directed towards emerging economies. The breakdown highlights regional distribution across Asia, Africa,
and Latin America & the Caribbean, showing Asia as the dominant recipient of FDI among emerging regions.

Please note that FDI inflows are expressed in current (nominal) US dollars, as reported by UNCTAD, and
are not adjusted for inflation.

Source: UNCTAD website, World Investment Report (2025), compiled by the authors.

The key question is: What drives FDI inflows into emerging economies?
Several studies (Adhikary, 2017; Anyanwu, 2012; Elfakhani & Mackie, 2015)
have explored this, highlighting various determinants. Kumari and Sharma
(2017), analysing 20 Asian emerging nations (1990-2012), found market size
to be the most influential factor. Saini and Singhania (2018) used panel data
from 11 developed and 9 emerging countries (2004-2013) and observed di-
verse FDI drivers across nations. In particular, the authors found that poli-
cy-related determinants of FDI, such as GDP growth, the freedom index, and
trade openness, are more significant in developed economies, but economic
determinants of FDI, including trade openness, and efficiency-related varia-
bles, play a bigger role in developing ones. Maryam and Mittal (2020) exam-
ined BRICS nations (1994-2018), identifying GDP, trade openness, exchange
rates, and infrastructure as long-term influencers. Wagner and Delios (2023)
focused on India (2000-2017), concluding that its digital strength, R&D, and
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skilled professionals attract long-term FDI, positioning the country as a rising
knowledge economy.

This study addresses three key research gaps in the literature on FDI de-
terminants. Firstly, most prior studies rely on time-series data, vulnerable to
economic shocks like recessions, often distorting results and producing in-
consistent or unclear relationships. Secondly, quantitative studies frequently
suffer from limited data on crucial variables such as corruption, political sta-
bility, and legal system efficiency, weakening their analytical strength. Thirdly,
a methodological gap exists, as past research largely depends on multiple re-
gression analysis, which, while helpful in showing direct relationships, fails
to capture the complex interlinkages among FDI drivers that influence invest-
ment decisions in emerging economies.

The study employs the ISM-MICMAC approach to address the identified
research gaps. ISM is a qualitative method that relies on expert opinions to
map complex relationships among components, thereby providing a struc-
tured framework for analysing challenging problems (Hughes et al., 2020).
MICMAC, on the other hand, classifies elements by examining their driving
and dependence power through matrix analysis, helping to reveal their rel-
ative significance in the system (Bashir & Ojiako, 2020). When combined,
ISM-MICMAC offers a robust framework that not only visualises hierarchical
relationships but also highlights the degree of interdependency between var-
iables (Chowdhury et al., 2020). This integrated approach enhances the un-
derstanding of how determinants interact and supports policymakers in pri-
oritising the most critical areas for attracting FDI into an economy.

The study looks for answers to the following research questions: (1) What
factors influence the inflow of FDI in emerging economies? (2) How do the
identified determinants link to one another? (3) What is the precise driving
and dependence power of every FDI determinant that has been identified?
(4) Which FDI determinants, in terms of their driving and dependent pow-
ers, are the most important and prominent? A key finding of the analysis is
that political stability, corruption and infrastructure emerge as the three most
critical determinants, as they strongly influence the behaviour of the other
drivers in the system.

The paper is structured as follows: Section 1 presents the research meth-
odology, including an overview of the ISM—MICMAC approach, the charac-
teristics of the expert panel, and the identification of FDI drivers from the
literature. Section 2 reports the empirical results of the analysis. Section 3
discusses the findings and outlines their implications for policy and practice.
Last section concludes the study and highlights its limitations as well as di-
rections for future research.
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1. Research methodology

This study used a mix of approaches to achieve its objectives (see Figure 2).
A thorough literature analysis was conducted to determine emerging econ-
omies’ primary FDI drivers. Subsequently, an expert survey was carried out
to gather information about the relevant interactions between the drivers.
The application of the ISM technique resulted in the development of the
Reachability Matrix and Structural Self-Interaction Matrix. This was followed
by the emergence of a hierarchical structure, with levels assigned to each
driver. These drivers were then classified into different clusters using the
MICMAC approach.

( )
In-depth !lterature —_— Identification of eight major FDI drivers
review

. J

( )
Step 1. The opinions of experts on FDI drivers are gathered
and then confirmed using their interpretations

. J
Step 2. Obtain expert perspectives on the contextual
linkages between the drivers in order to create a Structural

L Self-Interaction Matrix )

( )
Step 3. Constructing the Reachability Matrices—Initial and
Final Reachability Matrix

. J

( )
Step 4. Partition of level of the Final Reachability Matrix

. J

( 2
Step 5. Constructing the ISM diagram

. J

( )
Step 6. Classify the drivers into four categories using
MICMAC analysis

& J

Figure 2. Step-by-step research framework based on the ISM-MICMAC
methodology for identifying and classifying FDI drivers
Note: Figure 2 illustrates the six key steps of the ISM—MICMAC methodology, beginning with identifying
FDI drivers and expert inputs, followed by the construction of the Structural Self-Interaction Matrix and

the reachability matrix. The process then develops a hierarchical ISM model, which is finalised through
MICMAC analysis to classify drivers based on their driving and dependence power.

Source: own work.
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The integration of ISM-MICMAC provides a powerful methodological frame-
work for analysing complex, multi-variable problems such as FDI determi-
nants. ISM helps in establishing a clear hierarchical structure by identifying
which factors act as the most influential drivers and which remain dependent
within the system. This systematic layering ensures that relationships are not
only captured but also organized in a logical sequence, facilitating interpreta-
tion. MICMAC, on the other hand, complements ISM by classifying variables
based on their driving and dependence power, thereby offering a nuanced
understanding of their roles within the system. Together, these techniques
enable the study to move beyond a simple identification of factors, allowing
a more comprehensive mapping of interdependencies and strategic insights
for policymakers. Figure 3 outlines the six major steps involved in the process.

1.1. Overview of ISM methodology and MICMAC analysis

ISM is an approach that creates multi-level models by breaking down com-
plicated systems into several subsystem components (Watson, 1978). The
direction and strength of the direct and indirect interactions between varia-
bles are determined using the ISM approach by aggregating the viewpoints
of experts and writers (Saxena et al., 1990). It uses terminology, graphs and
differential mathematics to help researchers determine when and how the
variables are related (Ansari et al., 2013). The following is an outline of the
six crucial steps of the ISM approach, as depicted in Figure 3:

Step I: The FDI drivers are first identified through a thorough literature anal-
ysis.

Step Il: Semi-structured interviews were undertaken with experts from ac-
ademia and industry based on the drivers verified in Step | to deter-
mine the contextual interrelationships between the drivers. It was
suggested that the experts (seven from the academic community
and 10 from industry, with an experience of over ten years) compare
the drivers in pairs. Four letters are used to represent the contextu-
al interactions between the drivers j and j: (1) V signifies that “driv-
er i led to driver j”. (2) A signifies that “driver j led to driver i”. (3) X
signifies that “drivers i and j led to each other”. (4) O signifies that
“drivers j and j are not related to each other”. To create the contex-
tual interrelationships between the drivers, the acquired data were
loaded into the Structural Self-Interaction Matrix .

Step lll: The third step is to create a reachability matrix. The following guide-
lines (see Table 1) are used to develop the initial reachability matrix
from the Structural Self-Interaction Matrix created in Step Il (Peeters
et al.,, 2019).
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Table 1. Transformation rules for converting the Structural Self-Interaction Matrix

into the Reachability Matrix (RM) in the ISM methodology

Structural Self-Interaction | o 1 obility Matrix (i, /) | Reachability Matrix (j, i
Matrix
v 1 0
A 0 1
X 1 1
0 0 0

Note: Table 1 demonstrates how Structural Self-Interaction Matrix symbols are systematically converted
into binary values for the Reachability Matrix. For example, V indicates that factor i influences factor j, re-
sulting in (i, /) = 1 and (j, /) = 0. Similarly, A shows the reverse influence, X reflects mutual influence, and O
denotes no relation between the two factors.

Source:

Step IV:

Step V:

Step VI:

own work.

The initial reachability matrix does not depict the indirect linkages
between the drivers but only the direct interactions. Therefore, it is
transformed into the final reachability matrix using the rule of tran-
sitivity (i.e., if A=Band B=C, then A = ().

Creating the divisions between the levels. Based on reachability and
antecedent sets, the levels are partitioned. Each driver and any oth-
er drivers might lead to making up the reachability set. Every driver
and any other driver could form a part of the antecedent set. The in-
tersection set is then determined based on the reachability and the
antecedent set. Following this, the reachability set is compared with
the intersection set to determine each driver’s level. The drivers fall
into level |, the highest level of the ISM hierarchy, when the intersec-
tion sets and reachability are identical. The higher-level drivers sug-
gest that other drivers have a more significant potential to influence
them. The drivers at level | should not be included in the reachabili-
ty sets of any other drivers. After that, the subsequent iteration will
start to detect further levels and keep on until all drivers have been
classified. Ultimately, a hierarchical system is formed.

The structural model can be represented as a digraph after deter-
mining the levels.

Grouping the drivers according to the MICMAC technique. The
MICMAC (cross-impact matrix multiplication applied to classification)
technique is employed to group the drivers based on their depend-
ent and driving power coming from the final version of the reacha-
bility matrix. Generally, a driver’s dependence power suggests that
other drivers should be investigated before them. A higher driving
power indicates that a driver can outperform many different drivers
(Ansari et al., 2013). Therefore, based on the methodology employed
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in earlier research, the barriers can be divided into four categories:
autonomous clusters are the ones with low driving and dependence
power; linkage clusters have high driving and dependence power;
dependent clusters consist of elements whose driving power is low
and dependence power is high; and independent clusters consist of
elements whose driving power is high and dependence power is low
(Nandal et al., 2019; Zhou et al., 2019).

1.2. Characteristics of the expert panel

To ensure the reliability and validity of expert inputs in this ISM-MICMAC-
based study, a purposive sampling approach was adopted to recruit partic-
ipants with significant domain expertise. A total of 17 experts were select-
ed, comprising senior academics and industry professionals, each with over
a decade of experience in fields related to FDI, international business, and
policy advisory roles in emerging economies. The academic professionals,
who had research and teaching experience directly applicable to foreign di-
rect investment and emerging market dynamics, represented the fields of
economics, international business, finance, development studies, and public
policy. The industry professionals were chosen from different fields, such as
financial services, infrastructure development, investment advisory, multina-
tional corporations, and policy-oriented research organisations. They were
in charge of strategic planning in new economies, project assessment, and
cross-border investment decision-making. Experts were identified through
academic networks, industry associations, and published work in relevant
domains. They were contacted via email and provided with an overview of
the study, along with a consent form outlining their expected role and the
voluntary nature of their participation. The final group was selected to en-
sure a balanced representation of perspectives from both academia and in-
dustry, in line with best practices in ISM studies. Table 2 presents the pro-
files of seventeen academic and industry professionals with over a decade
of expertise in the field.

The eight determinants of FDI considered in this study were exclusively
derived from an extensive review of the existing literature. Prior empirical
and conceptual studies on FDI inflows into emerging economies were care-
fully examined, and recurrent factors were identified, enabling us to nar-
row down to eight widely acknowledged determinants: market size, infra-
structure, trade openness, human capital, political stability, exchange rate,
inflation, and corruption. Once these drivers were established from the lit-
erature, inputs were sought from a panel of experts from academia and in-
dustry. The role of experts was not to identify or propose the determinants
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Table 2. Professional profile of experts participating in the ISM—MICMAC analysis

Part"\lit;i!)ant Designation E();:ey:‘;::)e Field
1 Associate Professor 11 Academics
2 Professor 15 Academics
3 Professor 13 Academics
4 Research Specialist 12 Industry
5 Senior Manager 15 Industry
6 Associate Professor 13 Academics
7 Senior Manager 15 Industry
8 Associate Director 17 Industry
9 Associate Professor 13 Academics
10 Professor 14 Academics
11 Associate Director 17 Industry
12 Senior Manager 14 Industry
13 Associate Director 18 Industry
14 Assistant Professor 11 Academics
15 Senior Vice-President 19 Industry
16 Research Specialist-Fund Manager 16 Industry
17 Vice-President 15 Industry

Note: Table 2 outlines the profile of 17 experts consulted for the ISM-MICMAC analysis, comprising senior
academics and industry professionals with extensive experience in FDI, international business, and policy
advisory in emerging economies.

Source: own work.

but to provide their opinions on the contextual interrelationships among
these drivers. This was done through semi-structured interviews and brain-
storming sessions with the chosen experts. Experts then evaluated the re-
lationship between these drivers by answering whether one directly influ-
ences the other. In the split of opinions, the majority rule principle was ap-
plied, where the minority is subordinate to the majority (Gan et al., 2018).
If nine or more experts agreed, a relationship was confirmed. These contex-
tual links were finalised through discussions and recorded in the Structural
Self-Interaction Matrix. Their assessments formed the basis for developing
the Structural Self-Interaction Matrix, which was subsequently converted
into the Reachability Matrix and used for constructing the ISM model and
conducting the MICMAC analysis.



64 Economics and Business Review, Vol. 12 (1), 2026

1.3. Identification of FDI drivers from literature

The key determinants of FDI consistently feature in empirical analyses as
critical influencers of investment flows. These are market size (Ayomitunde
etal., 2020; Ullah & Khan, 2017), infrastructure (Kingori, 2022; Rehman et al.,
2023), trade openness (Albahouth & Tahir, 2024; Moraghen et al., 2023), hu-
man capital (Abbas et al., 2021; Ibbaro-Olivo et al., 2024), exchange rate dy-
namics (Muhammad et al., 2018; Sasana & Fathoni, 2019), inflation (Agudze
& Ibhagui, 2021; Imran & Rashid, 2023), political stability (Bhujabal et al.,
2024; Kechagia & Metaxas, 2022), and corruption (Kechagia & Metaxas, 2022;
Qureshi et al., 2021). These factors shape the investment climate by affecting
both the potential returns and the risks perceived by the multinational enter-
prises. While economic determinants signal growth opportunities and efficien-
cy gains, institutional and policy-related variables play an equally important

Trade
openness

FDI
determinants
for and
emerging
economy

Human
capital

Political Exchange
stability rate

Figure 3. Key determinants of Foreign Direct Investment in emerging economies
identified in the study
Note: Figure 3 illustrates the eight major determinants of FDI in emerging economies, as identified in the
study. These factors span macroeconomic conditions (e.g., inflation, exchange rate), institutional aspects

(e.g., political stability, corruption), market and structural factors (e.g., market size, infrastructure), and
trade and human capital (e.g., trade openness and human capital).

Source: own elaboration.
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role in ensuring stability and predictability. Together, they form a multidimen-
sional framework, within which investors make strategic decisions, making
it essential to examine how these determinants interact and influence FDI
inflows in emerging economies. Several studies published in the Economics
and Business Review also contribute to understanding FDI dynamics. For ex-
ample, Trapczynski (2013) critically examines how theoretical models of FDI
explain subsidiary performance and the heterogeneity of empirical findings
across contexts, underscoring the complexity of FDI drivers and the need for
nuanced frameworks beyond standard econometric analysis.

An overview of the main FDI determinants identified in the literature to
date is provided below, and Figure 3 illustrates these determinants. Table 4
displays the initial RM, while Table 5 shows the final RM.

1.3.1. Market size and trade openness

Market size continues to be one of the strongest predictors of FDI, as larg-
er economies signal greater consumer demand and scale economies. Recent
studies confirm this linkage: Ullah and Khan (2017) and Ayomitunde et al.
(2020) highlight the importance of economy size in South Asia and Nigeria,
while Sasana and Fathoni (2019) report similar evidence from ASEAN. Other
empirical contributions published in the Economics and Business Review have
examined the behaviour and motives of foreign direct investment across con-
texts. For example, Gorynia et al. (2015) use quantitative survey data to in-
vestigate the outward FDI motives of Polish multinational firms, identifying
market-seeking incentives as the most prominent drivers.

Openness to trade further complements market size by reducing trans-
action costs and integrating economies into global value chains. Albahouth
and Tahir (2024) show that trade openness significantly drives FDI in ASEAN,
while Sabir et al. (2019) and Moraghen et al. (2023) demonstrate its pos-
itive role in emerging and small island economies. Together, these studies
reaffirm that expanding markets and liberal trade policies are major attrac-
tions for investors.

1.3.2. Infrastructure and human capital

Well-developed infrastructure enhances efficiency-seeking FDI by reducing
operational costs and improving competitiveness. Rehman et al. (2023) found
that transport, energy, and telecommunication infrastructure significantly in-
creased FDI inflows into BRICS, while Kingori (2022) noted a bidirectional link
between infrastructure and FDI in Kenya. Similarly, human capital is crucial
for absorbing the technology and knowledge that accompanies FDI. Dobrota
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et al. (2021) and Osei and Kim (2020) highlight the role of skilled labour in
enhancing productivity, and Abbas et al. (2021) showed how FDI fosters skill
development. Ibbaro-Olivo et al. (2024) further confirm that FDI inflows in
Southeast Asia have been positively associated with the growth of technical
and vocational education.

1.3.3. Exchange rate and inflation

Exchange rate conditions shape investor decisions by affecting cost struc-
tures. Muhammad et al. (2018) found that depreciation can attract FDI by low-
ering local costs, although excessive volatility discourages inflows, a finding
echoed by Sasana and Fathoni (2019). Inflation, another indicator of macro-
economic stability, shows mixed effects. While Imran and Rashid (2023) ob-
served a positive relationship between inflation and FDI in emerging coun-
tries, Agudze and Ibhagui (2021) demonstrated that high inflation thresholds
negatively affect inflows. Dewi and Septriani (2023) noted that, in the ASEAN
context, inflation, alongside growth and interest rates, contributes positively
to FDI, suggesting that the effect remains context-dependent.

1.3.4. Political stability and corruption

Institutional quality strongly influences investment attractiveness. Political
stability builds investor confidence, as highlighted by Bhujabal et al. (2024)
for South and Southeast Asia, and by Kechagia and Metaxas (2022) for BRIC
and CIVET nations. Kiptoo (2024) further demonstrate that contract enforce-
ment and rule of law in stable political environments increase investor trust,
while instability deters inflows. Similarly, corruption control is essential in
sustaining FDI. Qureshi et al. (2021) found that a lower level of corruption
significantly enhances FDI across 54 economies, and Kechagia and Metaxas
(2022) reported a similar effect in CIVETS countries. These findings under-
score that good governance remains central to attracting and retaining for-
eign investment.

2. Empirical results

The ISM technique addresses the eight identified factors that influence
the inflow of FDI to an emerging economy. This section presents the investi-
gation’s results and provides a thorough discussion of them.
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2.1. Creation of structural self-interaction matrix

The Structural Self-Interaction Matrix provides a pairwise comparison be-
tween the drivers. In this step, the experts determine which elements have
the power to impact one another and how different components in the ma-
trix may affect the same factor. The Structural Self-Interaction Matrix that was
obtained from the study is shown in Table 3.

Table 3. Structural Self-Interaction Matrix of FDI drivers in emerging economies

e | £ 8| §| ¢
S c e 5 5 < 3 _§
g 2 & 7 8 g s by
FDI drivers 5 & 5 = c 2 £ L
s | E| § | E| £ | ¢ | & &
o X = = © c =
Market size A A A A X X X
Infrastructure A X (0] A X X X
Trade openness A " X A X X
Human capital X A O A X
Political stability X Vv Vv X
Exchange rate (e} X X
Inflation A X
Corruption X

Note: Table 3 presents the Structural Self-Interaction Matrix, which captures the contextual relationships
among the eight FDI drivers. The symbols denote the direction of influence: V = driver i influences driver j;
A =driver jinfluences driver ; X = drivers j and j influence each other; O no direct influence between iandj.
The Structural Self-Interaction Matrix forms the foundation for deriving the Reachability Matrix, which is
then subsequently used in ISM to develop the hierarchical structure of interrelationships.

Source: own work.

2.2. Development of initial Reachability Matrix and final
Reachability Matrix

The Structural Self-Interaction Matrix is used to construct the Initial reach-
ability matrix. Structural Self-Interaction Matrix transforms the letters V, A, X,
and O into binary input. The final reachability matrix is generated from the
initial reachability matrix using the transitivity rule.
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Table 4. Initial Reachability Matrix of FDI drivers in emerging economies

(] a © Z []
[J] = Q g = - c
a0 €| £ | 8| 8| s | B | £

- Q -

FDI drivers K 5 g c = & & s
— 4] © 4] 1] 1 =
s o g S 5 5 £ o
S u= - S = 2 o

£ \ T ° I}

= a

Market size 1 1 1 1 0 0 0 0
Infrastructure 1 1 1 1 0 0 1 0
Trade openness 1 1 1 1 0 1 1 0
Human capital 1 1 1 1 0 0 0 1
Political stability 1 1 1 1 1 1 1 1
Exchange rate 1 0 1 0 0 1 1 0
Inflation 1 1 0 1 0 1 1 0
Corruption 1 1 1 1 1 0 1 1

Note: Tables 4 and 5 present the Initial and Final Reachability Matrices derived from the Structural Self-
Interaction Matrix. The contextual symbols (V, A, X, O) are converted into binary inputs (1 and O), where
1indicates the presence of influence between two drivers and 0 its absence. The Final Reachability Matrix
further incorporates the principle of transitivity, making it the basis for level partitioning in the ISM process.

Source: own work.

Table 5. Final Reachability Matrix of FDI drivers in emerging economies

g s 2 g
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FDI drivers 2 = ® c c E 3 & & s o
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S g g g |a%| 5 = ] E
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1. Market size 1 1 1 1 0 1 1 1 7

2. Infrastructure 1 1 1 1 0 1 1 0 6

3. Trade openness 1 1 1 1 0 1 1 0 6

4. Human capital 1 1 1 1 1 0 1 1 7

5. Political stability 1 1 1 1 1 1 1 1 8

6. Exchange rate 1 0 1 0 0 1 1 0 4

7. Inflation 1 1 1 1 0 1 1 0 6

8. Corruption 1 1 1 1 1 1 1 1 8
Dependence power 8 7 8 7 3 7 8 4

Source: own work.
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2.3. Sectioning the final Reachability Matrix at various levels

The reachability and the antecedent sets are used for each matrix’s el-
ements, and the final Reachability Matrix for level partitioning is assessed
(Warfield, 1974). The element itself and those elements it would aid in ac-
complishing make up the reachability set. The element itself and every oth-
er element that could be useful in getting it to make up the antecedent set.
The drivers belong to level 1, the highest level in the hierarchical structure,
based on ISM, provided their intersection sets and reachability are the same.
The iteration process continues till all the drivers are assigned a level. In the
end, a hierarchy is established. Tables 6, 7, and 8 show the three iterations
that were carried out to assign a level to each driver included in the study.
The iteration process continues till all the drivers are assigned a level. In the
end, a hierarchy was established.

Table 6. First-level partitioning of FDI drivers using ISM

FDI drivers Reac;l:tbility Antecedent set | Intersection set Level
1. Market size 1,2,3,4,6,7,8 1,2,3,4,56,7,8 |1,2,3,4,6,7,8 Level 1
2. Infrastructure 1,2,3,4,6,7 1,2,3,4,5,7,8 1,2,3,4,7
3.Trade openness |1,2,3,4,6,7 1,2,3,4,5,6,7,8 |1,2,3,4,6,7 Level 1
4. Human capital 1,2,3,4,5,7,8 1,2,3,4,5,7,8 1,2,3,4,5,7,8 Level 1
5. Political stability | 1,2,3,4,5,6,7,8 |4,5,8 4,5,8
6. Exchange rate 1,3,6,7 1,2,3,5,6,7,8 1,3,6,7 Level 1
7. Inflation 1,2,3,4,6,7 1,2,3,4,56,7,8 [1,2,3,4,6,7 Level 1
8. Corruption 1,2,3,4,56,7,8 [1,4,5,8 1,4,5,8

Note: Tables 6, 7, and 8 show the iterative partitioning of the Final Reachability Matrix. In each iteration, the
reachability and antecedent sets are compared to determine the levels of the drivers. The process continues
across successive iterations until all drivers are assigned to a specific hierarchical level in the ISM model.

Source: own work.

Table 7. Second-level partitioning of FDI drivers using ISM

FDI drivers Reac::tblllty Antecedent set | Intersection set Level
2. Infrastructure 2 5,2,8 2 Level 2
5. Political stability |5,2,8 5,8 5,8
8. Corruption 2,5,8 5,8 5,8

Source: own work.
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Table 8. Third-level partitioning of FDI drivers using ISM

FDI drivers Reac?:tbnllty Antecedent set | Intersection set Level
5. Political stability | 5,8 5,8 5,8 Level 3
8. Corruption 5,8 5,8 5,8 Level 3

Source: own work.

2.4. Development of the ISM digraph

Following the completion of the level partitioning of the final Reachability
Matrix, the components and their relationships can be visually represented
with the formation of the ISM digraph. Level 1 comprises five drivers, name-
ly market size (driver number 1), trade openness (driver number 3), human
capital (driver number 4), exchange rate (driver number 6), and inflation
(driver number 7). Due to their maximum degrees of dependence, power,
and variable driving powers, these components heavily depend on the mod-
el’s lower-level connections. Level Il is driven solely by infrastructure (driver
number 2). The bottom level, or level Ill, comprises Political Stability (driver
number 5) and Corruption (driver number 7). Due to their significant driving
force, these lower-level elements at Level Il and Level Il impact the model’s
other related components.

[ Market size ]z[Trade openness ]::[ Human capital ]::[ Inflation ]Z[ Exchange rate ]

A A A A
Level 1

I l

[ Infrastructure ]

Level 2
4 A
L -
Level 3 Political stability |_ 4 Crruption
)

Figure 4. Interpretive Structural Modelling (ISM) digraph depicting the
hierarchical relationships among FDI drivers in emerging economies
Note: Figure 4 illustrates the ISM model, which depicts the hierarchical structure of FDI drivers in emerging
economies. Level 1 comprises market-related and macroeconomic factors, Level 2 highlights infrastructure

as the key linkage driver, and Level 3 positions political stability and corruption as he most influential.
Arrows indicate the directional relationship among drivers.

Source: own work.
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2.5. MICMAC analysis

MICMAC (Matrix of Cross-Impact Multiplications Applied to Classification)
analysis is used to analyse the variables’ driving power and dependence pow-
er. The merger of MICMAC and ISM can help differentiate the most essential
drivers/barriers from the less significant ones (Yu et al., 2020). Following the
ISM analysis, all eight FDI drivers’ driving and dependence powers were used to
categorise them into four groups using the MICMAC technique: autonomous,
linkage, dependent, and independent (also known as driving). By adding each
entry to the appropriate row and column of the reachability matrix, we can
determine each driver’s driving and dependence power, which is depicted in
Table 5. A driver’s dependence power is determined by the total number of
drivers who can influence it, and its driving power is determined by the total
number of drivers it can affect. The MICMAC diagram in Figure 5 organises
the four clusters based on the driving and dependence power of the drivers.

8 Political stability Corruption Human capital
A A . Al\/larket size
7
6 Independent quadrant Linkage quadrant A Infrastructure (Trade
5 A openness,
2 5 Inflation)
5]
o
24 Exchange rate
=
e 3
Autonomous quadrant Dependent quadrant
2
1
1 2 3 4 5 6 7 8

Dependence power

Figure 5. MICMAC analysis diagram classifying FDI drivers based on driving and
dependence power
Note: Figure 5 illustrates the MICMAC analysis, classifying FDI drivers into clusters. Independent factors

(X5, X8) act as strong drivers, dependent factors (X6) show high reliance, while linkage variables (X1, X2,
X3, X4, X7) exhibit both high driving and dependence power.

Source: own work.

Autonomous Cluster: The factors in the Autonomous Cluster possess low
driving and dependence power. They are unaffected by external factors and
neither accept nor influence them, suggesting that the overall model is not
significantly affected by these factors. None of the significant FDI drivers iden-
tified in this research fit into this quadrant, as shown by Figure 5, suggesting
that the drivers identified for this study are all closely interrelated.
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Linkage Cluster: This cluster identifies elements with high driving and de-
pendence power. The variables that fall into this quadrant are considered
unsteady; any action taken on these variables will affect other variables and
have a feedback effect on themselves (Yadav & Barve, 2015). Five drivers
(driver number 1: Market size, driver number 2: Infrastructure, driver num-
ber 3: Trade openness, driver number 4: Human capital, and driver number 7:
Inflation) fall into this cluster. Notably, most of the FDI drivers were discov-
ered to belong to the linkage cluster in the current study; as a result, man-
aging and controlling these drivers would need a significant amount of work
because of their feedback effect.

Dependent Cluster: This cluster includes elements of high dependence
and low driving power. In the current study, only one driver (driver number 6:
Exchange rate) falls into this quadrant, as Figure 5 reflects. Other drivers with
significant driving power influence the variables in this quadrant. Dependent
drivers will typically follow suit, provided the drivers with good driving abili-
ties are appropriately controlled.

Independent/Driving Cluster: Independent factors, also referred to as
driving factors, are those that are high on driving power and low on depend-
ence power. These elements have the potential to impact every other factor
in the system. Two drivers (driver number 5: Political stability and driver num-
ber 8: Corruption) fall into this cluster. These factors should be dealt with as
a priority over all other elements of the system. The factors that are part of
this cluster are significant in understanding the system’s structure, as most
drivers depend on them.

3. Discussion and implications of the study

FDI drivers play a critical role in attracting investment across developed
and emerging economies. With emerging markets securing a rising share of
global FDI, understanding the interplay of determinants becomes crucial. This
study analysed eight major drivers using ISM to establish a three-level hier-
archical framework and MICMAC to categorise them into clusters. The find-
ings emphasise Political stability, Corruption, and Infrastructure as the most
influential factors, shaping the dynamics of other drivers such as Market size,
Trade openness, Human capital, and Exchange rate.

Political stability emerged as a core determinant, corroborating earlier
studies that highlight its decisive role in shaping investors’ confidence (Busse
et al., 2011; Wang, 2009). Instability, on the other hand, deters investment
by increasing risks and uncertainties. Corruption was identified as anoth-
er major barrier, distorting resource allocation and eroding investor trust.
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Transparent, accountable governance significantly enhances FDI prospects,
a finding consistent with Smarzynska Javorcik and Wei (2002) and Rohwer
(2009). Infrastructure, positioned as a linkage factor, exerts a cascading in-
fluence on multiple drivers, underscoring its centrality in facilitating business
operations and enabling economic growth.

In addition to the findings of previous conceptual literature, an increas-
ing number of quantitative studies confirm the major roles played by polit-
ical stability, corruption, and infrastructure in the determination of inflows
of FDI. Indicatively, Sabir et al. (2019) use system GMM panel estimation be-
tween developed and developing countries to show that major indicators of
institutional quality, including political stability and corruption control, have
a positive and statistically significant impact on the FDI inflows and institution-
al influences vary between income groups. Similarly, Farug (2023) observes
that panel regression models show that political stability positively affects FDI
attractiveness in emerging Asian economies, which further strengthens the
central role of political conditions in quantitative FDI determinants studies.

There is also quantitative evidence regarding the importance of infrastruc-
ture: the most recent panel data findings suggest that infrastructure and al-
lied economic integration variables have a significant positive effect on FDI
inflows between country pairs worldwide (Rithi et al., 2025). Furthermore,
Lestari et al. (2022) demonstrate that financial development supports FDI,
but corruption may undermine its efficacy, particularly in its interplay with
the economic conditions, also marked by the subtle phases of governance in
the attraction of foreign capital.

In other works on panel estimation, corruption and quality of public servic-
es are observed to be crucial to determining the level of FDI, and they com-
plement the macroeconomic determinants of FDI, e.g., exports and exchange
rate dynamics (Sujit et al., 2020). Lastly, developing economy evidence points
at possible feedback effects, in which FDI itself can foster political stability un-
der particular circumstances, depicting convoluted causal relations between
political establishments and investment streams (Okara, 2023).

Taken together, these quantitative findings are consistent with and extend
our ISM-MICMAC results by affirming the exquisite role of political stability,
corruption and infrastructure in various empirical settings and justify the ap-
propriateness of employing a methodology that considers structural depend-
encies among FDI determinants.

The ISM-MICMAC analysis further showed that market size, trade open-
ness, human capital, exchange rate, and inflation function largely as linking
factors at the first level, reinforcing each other in a self-perpetuating cycle.
While these variables are essential, their impact is mediated by foundation-
al enablers like infrastructure and political stability. Exchange rate volatility,
placed in the dependent cluster, reflects its sensitivity to broader macroeco-
nomic shifts influenced by other drivers.
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Beyond clarifying interdependencies, this research offers theoretical con-
tributions by applying the integrated ISM—MICMAC approach in the FDI con-
text. It moves beyond isolated variable analysis, presenting a structured sys-
tem-based model that helps scholars and policymakers visualise how changes
in one determinant reverberate across others. This offers a practical frame-
work for prioritising policy measures in emerging economies where resourc-
es are often constrained.

From a managerial perspective, the findings provide actionable insights for
policymakers and investment authorities. Strengthening governance mecha-
nisms, combating corruption, and ensuring political stability should be prior-
itized, as they form the foundation upon which other factors build. Similarly,
investment in quality infrastructure creates multiplier effects. Enhancing
trade openness, human capital development, and overall competitiveness.
The ISM—MICMAC framework enables decision-makers to allocate resourc-
es strategically and design adaptive, future-oriented policies to attract and
sustain FDI inflows.

In sum, the study highlights that while multiple drivers influence FDI, emerg-
ing economies must focus first on stabilising political conditions, curbing cor-
ruption, and investing in infrastructure. These act as pivotal levers, shaping the
broader ecosystem of investment determinants. By providing both theoretical
clarity and managerial guidance, this research contributes to strengthening
the strategic roadmap for enhancing FDI inflows into emerging economies.

Conclusions

Compared to earlier studies on this subject, this study claims that by us-
ing an ISM-MICMAC methodology, the originality of the interdependencies
amongst the FDI drivers facilitates a better understanding and applicability.
This new understanding sheds essential light on the significance and impact
of particular FDI drivers and how they may influence an economy’s ability to
attract more FDI. Numerous results from this study add to the body of litera-
ture and offer policymakers and scholars fresh perspectives.

Whether an economy is developed, emerging, or less developed, FDI drivers
play a crucial role in drawing FDI to it. According to recent statistics, emerg-
ing economies are attracting a significant portion of global FDI. Therefore, it
is even more crucial to investigate the factors that lead to this massive FDI
inflow into these economies. This study closes a knowledge gap by carefully
examining the contextual connections among the significant drivers. Firstly,
eight primary drivers of FDI were identified with the assistance of a thorough
literature review and brainstorming meetings with an expert team from ac-
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ademia and industry. The driving and dependent powers of each of these
drivers were then determined. Next, based on the interactions between the
drivers, an ISM structure with three levels was created. Using ISM, our study
helps to comprehend the impact of various drivers better. We use a MICMAC
analysis to characterize their impact further. The identified drivers were then
separated into four clusters: two drivers in independent clusters, one driver
in the dependent cluster, five drivers in the linkage cluster, and no driver in
the autonomous cluster.

The findings of this study indicate that the FDI drivers are interrelated and
significantly impact attracting FDI to any given nation. The findings demon-
strate that political stability, corruption, and infrastructure are the three fac-
tors that have the most impact on all the other elements of the model. In the
hierarchy of ISM, they are positioned at the lower level (level 2 and level 3).
The success of numerous other components in the model is based on these
three elements. It is advised that policymakers pay particular attention to
these three FDI drivers because they significantly impact effective outcomes.
This study contributes significantly to our understanding of factors that influ-
ence FDI and as a viable paradigm to assist scholars and practitioners in un-
derstanding this subject more thoroughly.

These fundamental elements can be strategically addressed to greatly
boost these economies’ appeal to FDI. Authorities should thus adopt a com-
prehensive strategy and ensure that developments in diverse elements are
coordinated for the best possible outcome. The promotion of economic de-
velopment and growth can be achieved by sustaining FDI inflows through the
coordination of policies aimed at enhancing interdependencies. Policymakers
must adopt an integrated strategy that acknowledges the interdependencies
between various factors in addition to addressing each one to guarantee a sta-
ble, transparent, and growth-oriented investment climate.

While the ISM—MICMAC approach is valuable, it has some limitations. It is
also dependent on the expert judgement, which can create subjectivity and
biasness. In addition, the research paper focuses on an aggregate perspec-
tive of Foreign Direct Investment and fails to differentiate between the vari-
ous sources and ownership patterns of the FDI. In practice, foreign investors
can attach different weights to certain determinants, as an example, the in-
stitutional quality and corruption may be more important in the eyes of the
private investors of developed economies than state-owned enterprises of
emerging economies. Moreover, as the research focused on emerging econ-
omies, the results cannot be directly applied to the situation in developed
countries. Last but not least, the methodology is useful in exposing structural
interdependencies among drivers but not in quantifying the strength or sta-
tistical significance of such relationships.

The paper also provides a number of research opportunities in the future.
Subsequent research might further break down FDI by the source country,
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type of ownership, or motivation to invest to determine the extent to which
the relative significance of FDI drivers can vary among distinct investor pro-
files. Moreover, cross-national or regional comparisons might help to shed
more light on the context. In future studies, it might also be possible to devel-
op greater analytical strength through the combination of ISM-MICMAC and
guantitative methods like Partial Least Squares Structural Equation Modelling
(PLS-SEM).
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Introduction

Sustainable development has become a global priority, with ESG standards
gaining prominence and rising to become core principles in corporate strat-
egy and investment (Cao et al., 2023; Gongalves et al., 2023; Pedersen et al.,
2021). As the world’s largest emitter of carbon dioxide, China accounted for
32.1% of global emissions from combustible fuels in 2023 (IEA, 2024), thus
bearing critical responsibility in global climate mitigation efforts. At the 2020
United Nations General Assembly, China made a clear commitment to carbon
emissions peaking before 2030 and carbon neutrality being achieved before
2060. Chinese enterprises, operating within this macro context of immense
pressure and commitment, must play a decisive role in this transition. Against
this backdrop, understanding the drivers of corporate ESG performance with-
in China’s unique institutional environment becomes critically important.

In emerging economies like China, informal institutions such as political
connections often serve as vital supplements for market-supporting mecha-
nisms. This is particularly pertinent in the Chinese context, characterised by
a significant role of the state in resource allocation and a governance mod-
el where formal market-supporting institutions are still evolving. Under such
institutional arrangements, informal networks and relationships naturally
emerge as crucial channels for firms to navigate the business environment, se-
cure resources, and interpret policy directions. While numerous scholars have
examined how political connections influence corporate behaviour (Chan et
al., 2012; Faccio, 2006; Florackis et al., 2023; Hu et al., 2024; Tsai et al., 2019;
L. Wang & You, 2022), another group has explored the determinants of cor-
porate ESG performance (Pedersen et al., 2021; S. Wang et al., 2025; Xie &
Lv, 2022). However, a gap persists at the intersection of these two research
paths. Although the resource advantages conferred by political connections
have been well-documented, their impact on non-profit, long-term outcomes
like ESG performance remains understudied. As a channel for resource acqui-
sition, do political connections affect corporate ESG performance? Do they el-
evate or diminish ESG rating scores? What are the transmission mechanisms
through which political connections affect corporate ESG performance? These
questions are particularly pertinent in the Chinese context, where the govern-
ment plays a central role in resource allocation and policy implementation,
and corporate governance discourse is deeply embedded within a unique po-
litical framework. Examining how firms navigate and leverage political connec-
tions within such a context is therefore not merely an option but a necessity
for understanding corporate behaviour.

This study aims to bridge this gap by empirically investigating the impact
of political connections on corporate ESG performance in China. Based on
a dataset of Chinese A-share listed companies from 2009 to 2022, this study
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employs a panel regression model with firm and year fixed effects to identify
this relationship. Our findings indicate that political connections significantly
enhance corporate ESG performance. Three primary mechanisms are identi-
fied: strengthening media monitoring, alleviating financing constraints, and
increasing government subsidies. Moreover, we document significant effect
heterogeneity, with the impact being more pronounced in non-SOEs, north-
ern China, SMEs, and high-tech industries.

This paper makes a twofold contribution. Firstly, it extends ESG research
beyond financial impacts (Pedersen et al., 2021) to reveal institutional drivers
of corporate ESG behaviour in developing countries and their performance-en-
hancing mechanisms. Secondly, by exploring the link between political con-
nections and ESG outcomes, it offers new insights into how political embed-
dedness shapes operational strategies in contexts characterised by distinct
governance models. These findings inform policy approaches for guiding firms
toward strengthened social responsibility, environmental stewardship, and
sustainable development.

The paper is structured as follows: Section 1 provides a literature review;
Section 2 outlines the research methods and data; Section 3 and 4 reveal the
empirical results; Section 5 discusses the research findings. The final section
concludes the research.

1. Literature review

ESG is a key indicator system for evaluating corporate sustainability (Cao
et al., 2023; Gongalves et al., 2023) and is widely used in such areas as in-
vestment decision-making, corporate management, and social responsibility
fulfilment. ESG not only concerns long-term profitability, but also highlights
a company’s active commitment to and performance in environmental pro-
tection, social responsibility, and corporate governance.

Existing research on the drivers of corporate ESG performance can be broad-
ly categorised into several streams. Firstly, a substantial corpus of literature
highlights the pivotal function of formal institutions, including environmental
regulations and government policies, in influencing corporate ESG conduct (Qiu
& Yin, 2019). Secondly, studies have emphasised the pressures and expecta-
tions from key stakeholders, including investors, consumers, and the public,
which compel firms to adopt better ESG practices to maintain legitimacy and
reputation (Gu, 2024). Thirdly, the economic implications of ESG are a cen-
tral focus. It has been demonstrated by scholars that strong ESG performance
has the capacity to reduce financing costs (Fang & Hu, 2023) and to influence
investment decisions (D. Tang & Jin, 2023). Nevertheless, the direct impact
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of ESG on financial performance remains a complex and contentious issue
(S. Wang et al., 2022). While these studies offer valuable insights, they have
predominantly focused on market incentives or formal regulatory pressures,
and have largely been confined to research contexts in developed economies.
In contrast, emerging economies such as China, where formal institutions are
still developing and the state plays a key role in allocating resources, have not
been widely studied. The influence that informal institutions, particularly po-
litical relationships at the corporate level, exercise on ESG in these countries
remains a significant yet under-explored domain.

Government-business relationships refer to the multi-layered interactive
networks between government and the market, government and enterpris-
es, and even officials and entrepreneurs (Yang & Su, 2021). Through this net-
work, enterprises gain access to greater government resource allocation and
support—including credit financing facilities, tax incentives, and industry ac-
cess advantages (Chan et al., 2012; L. Wang & You, 2022)—while also obtain-
ing advance information on official transitions and policy shifts, thereby effec-
tively mitigating risks stemming from political uncertainty (Alam et al., 2023).
Simultaneously, government-business relationships elevate corporate visibili-
ty at both governmental and public levels. Media and societal scrutiny inten-
sify regarding environmental investments and social responsibility practices.
Consequently, under dual pressure from public opinion and societal expecta-
tions, companies increase environmental protection and social responsibility
expenditures, yielding significant outcomes in environmental investments and
performance (Chu et al., 2025; Hu et al., 2024). Of course, overreliance on po-
litical-business networks can introduce agency costs and governance challeng-
es. They may lead to the misallocation of resources (W. Zhang et al., 2013) and
weaken internal corporate governance mechanisms (S. Tang & Sun, 2014). For
private firms, close political ties have been associated with lower operation-
al efficiency, though this effect may diminish with improvements in the insti-
tutional environment (Deng & Zeng, 2009). In certain contexts, such as over-
capacity industries, political connections can even trigger a “resource curse”,
exacerbating corporate financialisation and distracting from substantive oper-
ations (Mao et al., 2022). Therefore, maintaining necessary interactions while
safeguarding against power abuse is crucial for enhancing ESG performance.

Compared with developed countries, China’s ESG-themed indices started
late, and the number of issuances, though initially small, has grown signifi-
cantly in recent years. The development of enterprises cannot only rely on
their efforts but also requires the support of the external environment, es-
pecially in developing countries where formal institutional rules and exter-
nal markets are imperfect. The government’s policy direction and the close-
ness to politics can affect the firm operation. In this context, we predict that
a firm’s close political connection with the government will help the firm’s
investment and performance on ESG.
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2. Research methods and data

This study utilises a sample of firms listed on China’s A-share market from
2009 to 2022.3 ESG performance data were sourced from the SNSI ESG* data-
base, which is widely recognised and applied in the market and provides valu-
able ESG information for companies, investors, and other stakeholders. The
political connection data were derived from executive background informa-
tion provided in the “Executive Personal Information” section of the Chinese
Securities Market and Accounting Research Database (CSMAR). The samples
were processed according to the following requirements: retain the samples
with a normal listing in the observation period and exclude the abnormal
samples such as Special Treatment (ST) firms; retain the rest of the compa-
nies except for the financial industry; and exclude companies with missing
ESG and political connection data. Finally, unbalanced panel data consisting
of 36,901 sample observations from 3932 listed companies are obtained. All
continuous variables were winsorised at 1% and 99% levels to reduce the
impact of outliers.

Following Xie and Lv (2022), this study adopts the SNSI ESG rating score,
which includes environmental, social, and governance data, as a measure of
firms’ ESG performance. Consistent with Z. Liu et al. (2020), this study defines
the political connection dummy variable (PC) as 1 if a firm’s chairman or general
manager has previously served as a government official, CPCPCC member, NPC
deputy, or party representative at any administrative level. Otherwise, the PC
is assigned a value of 0. The emphasis on the chairman and general manager
arises from their crucial roles in corporate decision-making and governance.

Drawing from the prior literature (Hu et al., 2024; Tsai et al., 2019; S. Wang
et al., 2025), this study includes a set of control variables to account for oth-
er determinants of ESG performance. Firm age (Lnage) controls for accumu-
lated experience, positing that older firms may have more mature systems
for long-term ESG management. Firm size (Size), measured by the number

3 The sample period starts from 2009 because the SNSI ESG ratings are initiated by Sino-
Securities Index Information Service (Shanghai) Co. Ltd., and the earliest ratings of A-share
listed companies start from 2009 and end in 2022, due to data availability and comparability.

4 SNSI ESG Rating is based on the core connotation and development characteristics of
ESG, combined with the internationally recognized ESG evaluation framework, and taking into
account China’s characteristics and practical experience. The rating system builds a four-level
indicator system from top to bottom, including three first-level pillar indicators, 16 second-lev-
el subject indicators, 44 third-level topic indicators, and nearly 80 fourth-level underlying in-
dicators. The rating result is a nine-grade “AAA-C” rating for the subject, and the scores of the
ESG overall score, the first-level indicators, the second-level indicators, and the third-level in-
dicators are all between the standard scores of 0-100, and the higher the scores, the better
the subject’s performance on the indicators. The ESG composite score is the main indicator
for testing the hypotheses. In addition, the scores of the individual ESG pillars were used.
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of employees, accounts for the greater resources and public scrutiny larger
firms face, which can influence their ESG investments. Return on assets (ROA)
is included as financially sound firms likely have more slack resources for ESG
initiatives. Leverage ratio (Leverage) controls for the potential constraint high
debt imposes on non-essential investments. Cash holding level (Cash) captures
financial flexibility, with higher liquidity expected to facilitate ESG spending.
Shareholding concentration (Sh_Conc) addresses how governance structure
may either enable or impede ESG policy implementation. Growth (Growth)
and capital intensity (Cl) control for the firm’s strategic focus and investment
structure, which may affect its propensity and capacity to fund long-term ESG
projects. Table 1 and Table 2 provide the descriptive statistics and the results
of correlation analysis and multiple collinearity tests for the main variables
used in the empirical analysis, respectively.

Table 1. Descriptive statistics

Variable Variables N Mean SD Min Max
type
Dependent | oo - ting score (ESG) 36901 | 73.06 | 5.224 | 56.74 |84.06
variable
Key explana- | o il connection (PC) 36901 | 0.303| 0.459| 0 1
tory variable
Media monitoring (Media) 36901 | 0.355| 0.429 | -1 1
Mechanism e - e constraints (KZ) 33574 | 1.098 | 2.453 -11.33 | 13.66
variables
Government subsidies (Grant) | 35909 | 17.07 1.985| 6.399 | 21.28
Firm age (Lnage) 36901 | 2.093| 0.888| O 3.332
Firm size (Size) 36608 | 5.062 | 9.903 | 0.084 | 70.37
Return on assets (ROA) 36900 | 0.037 | 0.064 | -0.263 | 0.205
Leverage ratio (Leverage) 36900 | 0.427 | 0.210| 0.052 | 0.940
Control
variables Cash holding level (Cash) 36900 | 0.206 | 0.147 | 0.016 | 0.704
shareholder concentration | 30941 | 5345 |15.49 |19.67 |88.58
(Sh_Conc)
Growth (Growth) 36812 0.376 | 1.016 | -0.682 | 7.209
Capital intensity (Cl) 36883 2.534 | 2.177 | 0.399 | 14.53

Source: SNSI ESG and CSMAR databases.

Table 1 presents ESG and PC, the key variables in our study. ESG rating
scores vary significantly across companies, ranging from a minimum of 56.74
to a maximum of 84.06, with a mean of 73.06. This indicates that the overall
ESG performance of the sample companies is at a relatively high level. The
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mean value of the political connections variable (PC) is 0.303, indicating that
nearly one-third of executives in listed companies possess political connec-
tions. This suggests that under China’s unique institutional environment dur-
ing its transition period, establishing connections with the government serves
as a crucial means for enterprises to pursue development.

The correlation analysis results in Table 2 indicate that the correlation co-
efficients between variables are generally low. The last row of Table 2 also
reports the variance inflation factors (VIF) for each variable, all of which are
found to be less than 3. This demonstrates that the fixed-effects model con-
structed in this paper does not exhibit significant multicollinearity issues.

To investigate the relationship between political connections and corpo-
rate ESG performance, this study employs a panel regression model with
firm and year fixed effects as primary empirical strategy. Our baseline model
is specified as follows:

k
ESG, =a,+aPC, + ZSjControlit +id + year, + (1)
j=1
where ESG, is the firm’s ESG rating scores, PC_ is the degree of political con-
nection of the firm, i and ¢ are the listed firm and the year, respectively, id,, is
an individual firm fixed effect, year, is a time-fixed effect, y1, is a randomised
disturbance term. The coefficient «, captures the effect of political connec-
tions on ESG performance. Based on the research hypothesis, . is expected
to be positive, indicating a beneficial impact of political connections on ESG
performance.

The set of control variables, Control, is selected based on the established
literature on corporate ESG and political connections (Hu et al., 2024; Tsai et
al., 2019; S. Wang et al., 2025). They include: firm age (Inage), firm size (Size),
return on assets (ROA), leverage ratio (Lev), cash holding level (Cash), share-
holding concentration (Shrcr), growth (growth), capital intensity (Cl). The same
set of controls is consistently applied across all regression models in Tables 3
to 7 to ensure the comparability and coherence of our findings.

3. Results and discussion

3.1. Baseline regression

Table 3 presents the results of the effect of political connection on ESG
performance. The coefficients on PC in columns (1) through (4) are all sig-
nificantly positive. Column (4) indicates that after controlling for a range of
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variables, adding individual and year fixed effects, and clustering for indus-
try and prefecture, the results show that firms with at least one chairman or
general manager who has had political experience tend to outperform their
peers in terms of ESG performance. These results provide initial support for
the underlying research hypothesis that political connections are associated
with higher ESG performance.

Table 3. Baseline regression results n ESG

Variable (2) (2) (3) (4)
PC 0.590*** 0.160* 0.493*** 0.177**
(0.059) (0.090) (0.057) (0.080)
Lnage —0.425%** —0.873***
(0.035) (0.195)
Size 0.093*** 0.101%**
(0.003) (0.014)
ROA 14.279%** 3.945%**
(0.462) (0.702)
Lev —0.861%** —2.964%**
(0.155) (0.427)
Cash 1.903*** 0.799*
(0.202) (0.440)
Shrer 0.017*** 0.009
(0.002) (0.007)
Growth 0.075%** -0.061
(0.026) (0.045)
Cl 0.007 —-0.074*
(0.013) (0.042)
Constant 72.879%*** 73.014%** 71.836*** 75.027***
(0.033) (0.034) (0.163) (0.690)
Observations 36901 36741 36519 36348
R? 0.003 0.537 0.099 0.555
Firm FE NO YES NO YES
Year FE NO YES NO YES

Notes: Clustered robust standard errors of the estimated coefficients at the industry and prefecture level

are in parentheses; ***, ** and * indicate 1%, 5%, and 10% significance levels, respectively.

Source: own work.
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The signs and significance of the control variables are largely consistent
with theoretical expectations. For instance, Size and ROA exhibit positive and
significant coefficients, suggesting that larger and more profitable firms tend
to have better ESG performance, likely due to greater resources and man-
agerial slack. The results for these controls enhance our confidence in the
model specification.

3.2. Robustness tests

The possibility of reverse causality poses a significant challenge to establish-
ing a causal interpretation of our findings. While we hypothesise that political
connections (PC) enhance ESG performance, it is equally plausible that firms
with superior (or inferior) ESG records may self-select into forming political
ties. For instance, firms anticipating regulatory scrutiny due to poor environ-
mental practices may proactively appoint politically connected executives to
mitigate potential penalties or to gain preferential access to policy informa-
tion (Florackis et al., 2023). This strategic appointment creates an endogene-
ity problem, as unobserved firm characteristics driving both the formation of
political connections and ESG outcomes would bias the OLS estimates.

To address this identification concern, we employ an instrumental vari-
able (1V) approach. Our instrument is the mean level of political connections
of other firms within the same prefecture-level city and industry (Luo & Liu,
2019). The results of the two-stage least squares (2SLS) estimation are pre-
sented in Columns (1) and (2) of Table 4.

The first-stage F-statistic is well above the conventional threshold of 10,
indicating a strong instrument. Most importantly, as shown in Column (2),
the coefficient on the instrumented PC variable remains positive and statis-
tically significant at the 5% level. This finding provides stronger causal evi-
dence that political connections exert a positive influence on corporate ESG
performance, even after accounting for the potential bias introduced by re-
verse causality.

To address potential concerns that our results are driven by evolving regula-
tory frameworks in the early stages of ESG development in China, we conduct
a robustness check by restricting the sample period. Specifically, we shorten
the time window to the period from 2015 to 2022. This choice is motivated by
a key institutional change: the establishment of Green Finance Committee of
the China Society of Finance in 2015, which marked a critical inflection point
and the beginning of a more formalized and standardized era for ESG practic-
es in the country (W. Wang, 2025). By focusing on this later period, we effec-
tively test whether our main findings hold in a regulatory environment where
ESG concepts became more mainstream and measurable.
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Table 4. Robustness tests

(1) (2) (3) (4)
Instrumental variable Shortened time Alternative
approach window expla.natory
variable
PC ESG ESG ESG
PC_Level 0.049*
(0.025)
PC 2.998** 0.253**
(1.237) (0.108)
v 0.599***
(0.059)
Observations 36348 36348 24791 36348
R? 0.630 0.555
F 14.220
Controls YES YES YES YES
Firm FE YES YES YES YES
Year FE YES YES YES YES

Note: The control variables are Lnage, Size, ROA, Leverage, Cash, Sh_Conc, Growth, Cl.

Source: own work.

The regression results, presented in Column (3) of Table 4, show that the
coefficient of PC remains positive and statistically significant. Notably, the
point estimate is larger than that in the benchmark regression. This finding
not only confirms the robustness of the positive relationship between polit-
ical connection and ESG performance but also provides suggestive evidence
that the role of political connections has become more pronounced as na-
tional and public attention to ESG has intensified post-2015. The consistency
of our core result across different sample periods strengthens the credibility
of our primary conclusion.

Furthermore, we alleviate concerns regarding any measurement error by
employing an alternative measure for our key independent variable—politi-
cal connection. Specifically, we use the political connection level (PC_Level)
of corporate executives to replace the previous political connection (PC) (Fan
et al., 2007). As shown in Column (4) of Table 4, the coefficient on PC_Level
remains positive and significant at the 10% level, reinforcing that our find-
ings are not sensitive to the specific operationalisation of the political con-
nection construct.
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4. Mechanism analysis and extended analysis

4.1. Mechanism analysis

Close political connections can bring potential various resources to enter-
prises, solve the problem of resource demand in the process of enterprise
development, and then promote the operation and development of enterpris-
es, which also helps to improve the ESG performance of enterprises; at the
same time, close political connections also put the enterprises under more
open and transparent media supervision, which motivates them to engage
in more ESG behaviours. This study explores the impact of political connec-
tions on corporate ESG performance through three channels: media moni-
toring, alleviating financing constraints, and providing political resources. To
further verify whether there is a mechanism effect, the following model (2)
is designed for these purposes:

k
Mechanism, = f, + f3,PC, + Z5}C0ntrolit +id + year, + ., (2)

j1

In this specification, Mechanismit represents the mechanism variables,
such as Media, KZ, and Grant, and the rest of the variables are explained as
in equation (1).

4.1.1. Media monitoring

Legitimacy theory suggests (Al-Twaijry et al., 2003; Bednar, 2012) that the
business activities of enterprises need to conform to the order and norms of
society. As ESG ratings become a focus of social and national attention, firms
strive to portray an environmentally friendly and responsible image through
green innovation, fulfilment of social responsibility, and improvement of cor-
porate governance levels in order to gain social acceptance and enhance legit-
imacy. If a corporate executive is involved in politics, he or she will inevitably
receive more attention from the public. This is particularly salient in the era
of digital media. From the perspective of agenda-setting theory, the media
tends to pursue socially sensitive topics. As noted by Hu et al. (2024), once
executives establish political connections, their information is eagerly report-
ed, exposing them to heightened stakeholder scrutiny and reputational risk.
Based on this situation, the executives of the firm, whether for optimizing the
firm or their personal image (Hamdi, 2024), and under reputational pressure
from media exposure (Hu et al., 2024), will pay more attention to ESG, make
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more investments, and take the lead in ESG performance to cater to the con-
cerns and expectations of the outside world about the firm.

The role of media as an external governance and monitoring mechanism
has been documented in various contexts, including China (Li et al., 2022).
While acknowledging the state’s overarching influence on traditional media
in China, the media landscape is not monolithic. Two key nuances support
the relevance of media monitoring: firstly, at the operational level, local me-
dia and financial news outlets often retain a degree of autonomy in reporting
on specific corporate conduct, especially regarding environmental and social
issues that align with national policy priorities. Secondly, and more critically,
the rise of social media, such as TikTok and RedNote, has created an alter-
native and vibrant arena for public oversight. Numerous studies have shown
that social media in China acts as a powerful channel for exposing corporate
environmental violations, labour disputes, and governance scandals, generat-
ing substantial public pressure that compels firms to respond (T. Ding & Chen,
2025; D. Liu, 2025; Sun, 2021; Y. Zhang, 2023). Therefore, for a politically con-
nected firm, maintaining a positive image across both traditional and social
media becomes a strategic imperative to manage reputational risk.

Furthermore, positive media coverage itself can be a valuable asset. It en-
hances corporate image and reputation, creating a consistent positive signal
that builds stakeholder confidence. This improved reputation can, in turn, help
alleviate corporate financing constraints (Capelle-Blancard & Petit, 2019)and
managers can no longer ignore their impact on firm value. In this paper, we
investigate the extent and the determinants of the stock market’s reaction
following ordinary news related to environmental, social and governance is-
suesthe so-called ESG factors. To that purpose, we use an original database
provided by Covalence EthicalQuote. Our empirical analysis is based on about
33,000 ESG news (positive or negative, forming a virtuous cycle that supports
ESG investments.

The Janis-Fadner coefficient (Janis & Fadner, 1943) of media monitoring is
an indicator that quantifies the net tonality of media coverage. It is based on
the number of positive and negative media reports about an enterprise or
event, and is used to measure the bias and intensity of monitoring. This pa-
per uses the number of positive, negative and neutral media reports from the
China Research Data Service (CNRDS) financial database to construct a me-
dia monitoring indicator using the /- F coefficient. The calculation method
is as follows:

if e>c

J-F= if e<c

0 if e=c
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where eis the number of positive reports, cis the number of negative reports,
and ¢ is the sum of the number of positive and negative reports. The value
of the J - F coefficient ranges from —1 to 1. When there are more positive re-
ports about an enterprise, the J- F coefficient approaches 1; when there are
more negative reports about an enterprise, the J - F coefficient approaches —1.

Table 5 examines whether media monitoring, financing constraints, and
government subsidies serve as transmission channels. The models here re-
place the dependent variable with each mechanism variable.

Table 5. Transmission mechanism test

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

ESG Media Kz Grant
PC 0.177** 0.023** —0.092%** 0.147%**

(0.080) (0.011) (0.030) (0.043)

Observations 36348 36348 32978 35411
R? 0.555 0.311 0.815 0.597
Controls YES YES YES YES
Firm FE YES YES YES YES
Year FE YES YES YES YES

Note: The control variables are Inage, Size, ROA, Lev, Cash, Shrcr, Growth, CI.

Source: own work.

Column (2) of Table 5 shows that the coefficient of the effect of political
connection on corporate media monitoring (/- F coefficient) is significantly
positive, indicating that politically connected firms garner more favourable
net media coverage. This finding is consistent with the logic that such firms
are incentivized to actively manage their media image. The positive coverage
likely reflects both their efforts to showcase ESG-aligned behaviours and the
media’s tendency to report on prominent, politically linked entities. Firms, in
turn, tend to invest more in ESG not only to maintain this favourable image but
also to pre-empt potential negative scrutiny, as predicted by reputational pres-
sure theory (Hu et al., 2024), thereby further improving their ESG rating scores.

4.1.2. Financing constraints

During the critical period of China’s economic transformation and devel-
opment, the capital market system is still imperfect, and the conditions for
enterprises to go public are harsh, making it difficult for most enterprises
to obtain all the funds needed for R&D projects through equity financing.
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A good relationship with the government can significantly reduce firms’ reli-
ance on equity financing (Boubakri et al., 2012), enabling them to show po-
tential advantages in obtaining bank loans, especially long-term loans (Chan
et al., 2012; Fan et al., 2008). Firms that are well-capitalised, less costly, and
have relatively fewer financing constraints are more inclined to play a greater
role in the ESG sector, as these firms have more resources to devote to ESG.

This paper employs the KZ index as a proxy variable for financing constraints.
Proposed by Kaplan and Zingales (1997), the KZ index aims to assess the diffi-
culty of an enterprise’s access to funds through a comprehensive analysis of
a series of financial indicators. The calculation method of the KZ index is rela-
tively complex and involves financial data, such as an enterprise’s total assets
at the beginning of the period (Asset), operating net cash flow (OCF), cash div-
idends (Dividends), cash holding level (Cash), asset-liability ratio (Leverage),
and Tobin’s Q. The construction method is as follows:

ock +b2x Leverage +b3x Dividends +b4x Cash +b5xTobin’sQ

Asset Asset Asset

KZ =bl1x

In the formula, OCF, Dividends, and Cash are all normalised using total as-
sets at the beginning of the period, Leverage is the asset-liability ratio, and
Tobin’s Q is the Tobin’s Q value, which is the ratio of the market value of the
enterprise to the replacement cost of its assets. The higher the KZ index, the
more severe the financing constraints faced by the enterprise and the more
limited its financing ability. Referring to the study by Lamont et al. (2001), the
values of b1~b5 are -1.001909, 3.139193, -39.3678, -1.314759, 0.2826389.

Column (3) of Table 5 shows that political connection has a significantly
negative effect on the financing constraints index of firms. Given that a larg-
er financing constraint index implies a higher degree of financing constraint,
this result suggests that firms with political connections face lower financing
constraints compared to firms without political connections and, thus, are
able to invest more in ESG.

4.1.3. Political resources

From the perspective of the enterprise’s development, the formation of
political connections makes it easier for the enterprise to obtain subsidies
and capital (Tsai et al., 2019), which promotes its expansion and growth and
directly affects its investment behaviour. According to signalling theory, gov-
ernment subsidies, as a signal of favourable investment, can help enterprises
attract more external resources and have a positive impact on their financial
and operational activities. Stakeholder theory emphasises that enterprises will
comprehensively consider and respect the legitimate interests of all stake-
holders in the management process (Donaldson & Preston, 1995). Therefore,
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firms with stronger political connections are usually more responsive to ESG
policy orientation in order to maintain a good cooperative relationship with
the government.

Government agencies provide various forms of financial assistance or sup-
port to enterprises. These subsidies usually take the form of tax reductions
or exemptions, grants, or other forms of non-monetary benefits, and are in-
tended to support enterprises’ development, innovation, poverty alleviation,
social responsibility, and other activities. The total amount of government
subsidies received across all enterprise projects constitutes the enterprise’s
government subsidies, represented by the variable Grant.

Column (4) of Table 5 shows that the effect of political connections on
government subsidies is significantly positive, which suggests that political-
ly connected firms are able to obtain more government support and directly
promote their ESG investments. These findings corroborate our theoretical
framework that political connections facilitate ESG investment through these
three pathways.

4.2. Extended analysis

4.2.1. Structural analysis

The effects of political connections on different factors of ESG may differ,
according to the composition of the three pillars of ESG in the SNSI ESG rat-
ings geared towards exploring the effect of political connection on the three
pillars, respectively. The regression results are shown in Table 6.

Table 6. Structural analysis

(1) (2) (3) (4)
ESG E S G
PC 0.177** 0.108 0.328* 0.070
(0.080) (0.123) (0.195) (0.147)
Observations 36348 36348 36348 36348
R? 0.555 0.612 0.574 0.499
Controls YES YES YES YES
Firm FE YES YES YES YES
Year FE YES YES YES YES

Note: The control variables are Inage, Size, ROA, Lev, Cash, Shrcr, Growth, CI.

Source: own work.
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The coefficient of the impact of political connection on CSR in column (3)
is significantly positive, and the coefficients of the impact of political connec-
tion on corporate environmental protection and corporate governance in col-
umns (2) and (4) are not significant. The above regression results illustrate
the impact of political connection on ESG, mainly through improving corpo-
rate social responsibility.

4.2.2. Heterogeneity analysis

Ownership structure, regional differences, firm size, and industry charac-
teristics can be considered to play an important role in the mechanisms that
influence the role of political connections on firms’ ESG performance. This
is because significant differences exist in resource acquisition and manage-
ment capabilities between state-owned and non-state-owned firms (Liang et
al., 2012), which may lead to different degrees of politically involved execu-
tives’ roles in different environments. There are significant differences in po-
litical-business relationships in China’s southern and northern regions,*> with
firms in the north having stronger political-business relationships and the
south being more market-oriented, with the government establishing gener-
ally weak ties with firms (C. Ding et al., 2024), which may lead to differential
effects of political connections in different regions. Large-scale firms, which
are rarely resource-constrained, experience a limited marginal effect from
additional policy resources on their ESG performance. In contrast, for small-
scale firms, such resources represent a critical input, yielding a substantially
more significant impact. There are significant differences between high-tech
and non-high-tech industries in terms of their development models, resource
dependence, and regulatory environments, which makes it possible for po-
litical connections to impact differently on the ESG performance of the two
types of industries. Based on this, categorical regression analysis is carried
out on each of these dimensions to explore the differential impact of politi-
cal connections.

Table 7 explores the heterogeneous effects across different sub-samples.
The stark contrast in the magnitude and significance of the PC coefficient
across these groups reveals that the effect of political connections is not uni-

° According to the National Bureau of Statistics and economic geography to the Qinling
and Huaihe River as the boundary of the division of the North and South standards, exclud-
ing Hong Kong, Macao and Taiwan, this paper treats Jiangsu, Zhejiang, Shanghai, Anhui,
Fujian, Jiangxi, Hubei, Hunan, Guangdong, Guangxi Zhuang Autonomous Region, Hainan,
Sichuan, Chongging, Guizhou, Yunnan and Tibet Autonomous Region as the southern region;
Beijing, Tianjin, Hebei Province, Shanxi, Inner Mongolia Autonomous Region, Liaoning, Jilin,
Heilongjiang, Shandong, Henan, Shaanxi, Gansu, Qinghai, Ningxia Hui Autonomous Region and
Xinjiang Uygur Autonomous Region are treated as the northern region.
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Table 7. Heterogeneity analysis

(1) (2) (3) (4) (5) (6) (7) (8)

Non- High- Non-
SOE SOE North South Small Large tech I;I;il;-

ESG ESG ESG ESG ESG ESG ESG ESG
PC 0.101 | 0.227**|0.407*** 0.080 | 0.282**| 0.097 | 0.259**| 0.029
(0.215) [(0.092) [(0.145) |(0.096) |(0.115) [(0.100) |[(0.107) |(0.111)

Ssie”’a' 4446 | 31108 | 11315 | 25033 | 17939 | 18026 | 19570 | 16726
R 0.628 | 0571 | 0569 | 0551 | 0596 | 0573 | 0.549 | 0.586
Controls |  YES YES YES YES YES YES YES YES
FirmFE |  YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES

Note: The control variables are Lnage, Size, ROA, Leverage, Cash, Sh_Conc, Growth, Cl.

Source: own work.

form. It is particularly pronounced in non-state-owned firms, northern local
firms, small-scale firms, and high-tech firms, which aligns with our conten-
tion that these firms rely more heavily on informal institutions like political
ties to compensate for their inherent resource or institutional disadvantages.

5. Discussion

This study provides compelling evidence that political connections play
a significant role in the ESG performance of Chinese enterprises. Our findings
reveal the complex role that informal institutions play in promoting corporate
sustainability within emerging economies.

The literature presents the dual nature of political connections, highlight-
ing both their potential for resource misallocation (W. Zhang et al., 2013)
and their role in resource provision (Chan et al., 2012; L. Wang & You, 2022).
Our findings reconcile this tension by demonstrating that, within the specif-
ic context of China’s top-down sustainability drive, political connections can
be channelled to drive substantive ESG investment. By strengthening media
monitoring, easing financing constraints, and increasing government subsidies,
political connections simultaneously bolster firms’ ESG capabilities through
resource allocation and strengthen their incentives via external pressure. This
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dual effect demonstrates that within the Chinese context, political connec-
tions transcend mere resource acquisition tools to become vehicles for val-
ue creation aligned with national strategies such as green development. The
mechanisms we identify forge a direct link between the established litera-
ture and our findings. The roles of eased financing constraints and increased
government subsidies provide empirical validation for the resource-based
view of political connections, showing how accessed resources (Chan et al.,
2012) are strategically allocated to meet long-term ESG goals. Concurrently,
the significant role of media monitoring integrates this literature with stake-
holder and legitimacy theories (Gu, 2024), revealing that the heightened vis-
ibility of connected firms triggers a pressure to conform to societal expecta-
tions on ESG, a nuanced channel previously underexplored in the political
connections domain.

This study offers multiple theoretical contributions: firstly, by empirically
demonstrating that acquired resources can be allocated towards long-term
non-financial objectives such as ESG, it extends the boundaries of the re-
source-based theory of political connections, transcending traditional research
focused on short-term financial gains. Secondly, by empirically validating the
specific causal pathways between these elements, this study bridges the gap
between political connectedness and ESG literature. While existing ESG re-
search often emphasizes formal regulations or market pressures, this study
reveals that political embeddedness, though an informal factor, is also a cru-
cial driver of corporate production and operations.

Heterogeneity findings further deepen our understanding. The stronger
effects observed in non-state-owned enterprises, SMEs, and high-tech firms
indicate that political connections serve as a compensatory mechanism for
companies lacking the inherent resource advantages of state-owned enter-
prises or operating in non-priority national development sectors. This aligns
with institutional theory, where firms proactively employ political strategies
to secure legitimacy and resources within specific institutional vacuums.
This finding provides a critical nuance to the existing narrative. While prior
research has often associated close political ties with inefficiencies or a “re-
source curse” for private firms (Deng & Zeng, 2009; Mao et al., 2022), our re-
sults suggest that under strong national policy signals, such as the promotion
of ESG, these very connections can be transformed. For resource-constrained
firms, they become a strategic tool not for rent-seeking but for overcoming
barriers to making substantive sustainability investments, thereby enhancing
their legitimacy and long-term resilience.

Our findings offer significant practical and policy implications. Regulators
should leverage these findings to target supervision and design incentives.
Policies should reward demonstrable ESG outcomes rather than political af-
filiations to ensure connections facilitate genuine sustainable development.
Managers, particularly in non-SOEs, SMEs, and high-tech industries where
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the benefit is strongest, should proactively manage their political relation-
ships not as an end in itself but as a strategic asset to facilitate long-term ESG
investments. For example, they can leverage political connections to secure
necessary funding for green technologies or to better understand evolving
regulatory expectations. However, they must also be mindful of the associ-
ated reputational risks and increased public scrutiny.

Conclusions

This study establishes a significant positive association between the political
connections of Chinese corporate executives and ESG performance. Through
rigorous empirical testing, we identify three core mechanisms: strengthened
media monitoring, alleviated financing constraints, and increased government
subsidies. We also identify key boundary conditions related to ownership, re-
gion, firm size, and industry.

This study’s principal theoretical contribution lies in integrating political
strategy literature with corporate sustainability theory, revealing how infor-
mal institutions shape ESG outcomes in emerging markets. Practically, it pro-
vides regulators with clear guidance on directing corporate political capital
towards public goods, while also charting a course for managers seeking to
leverage networks for long-term value creation.

In sum, this paper emphasises that in developing countries with imperfect
formal systems, corporate ESG performance is not solely attributable to the
individual behaviour of micro-enterprises but is mixed with the influence of
complex factors, including political factors.

Despite the contributions of this study, several limitations remain, present-
ing opportunities for future research. For instance, although we employed in-
strumental variables to address endogeneity issues, the possibility of omitted
variable bias cannot be entirely ruled out. Subsequent research may incor-
porate more granular firm-level variables or adopt alternative identification
strategies. Regarding causal identification, future studies could employ more
direct event study methods to discern the impact of political connections on
corporate ESG performance. In terms of data, while the political relationship
metrics in this study were meticulously constructed, future research could lev-
erage more refined datasets to broaden the research dimensions. This would
not only capture the existence of relationships but also allow for a more pre-
cise measurement of their intensity, thereby reducing measurement errors
and enhancing the reliability of causal inferences.
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Introduction

Illiquidity is expected to command a return premium, compensating inves-
tors for trading frictions, execution risk, and the difficulty of converting posi-
tions into cash when liquidity is scarce. Foundational work formalises two com-
plementary channels: a level effect, whereby fewer liquid assets earn higher
average returns, and a covariance effect, whereby innovations in aggregate
liquidity are priced as systematic risk (Acharya & Pedersen, 2005; Amihud &
Mendelson, 1986; Liu, 2006; Pastor & Stambaugh, 2003). There is substantial
literature documenting these channels across asset classes and internation-
al markets (Chaieb et al., 2021; Dang & Nguyen, 2020; Kang et al., 2019; Zhu
et al., 2023), underscoring liquidity as a core, non-diversifiable state variable
for expected returns and risk premia.

Liquidity risk becomes most salient precisely when diversification is least
effective. During systemic episodes, market-wide liquidity deteriorates, trading
costs rise, and funding constraints bind—conditions under which exposures
to liquidity shocks can amplify losses. Evidence from 2007-2009 shows that
liquidity-sensitive strategies suffered disproportionately during the Global
Financial Crisis (Idzorek et al., 2012; Lou & Sadka, 2011). The COVID-19 shock
renewed attention to the link between open-end fund structure, redemption
pressure, and market fragility: flows can force asset sales into illiquid markets,
propagating price dislocations and weakening the usual relation between li-
quidity and compensation (Jiang et al., 2022; Y. Ma et al., 2022). Parallel ev-
idence connects liquidity premia to funding markets, currencies, and broad-
er anomaly returns (Bechtel et al., 2023; Soderlind & Somogyi, 2025; Virk &
Butt, 2022), reinforcing the view that liquidity is priced primarily through its
behaviour in bad states (X. Ma et al., 2021; Wu, 2019).

For mutual funds, the empirical picture is nuanced because funds can both
bear liquidity risk and adjust it over time. Prior studies shows that funds with
higher liquidity betas tend to earn higher average returns (Dong et al., 2019;
Foran & O’Sullivan, 2014), consistent with compensation for bearing system-
atic liquidity risk. At the same time, static exposures alone rarely explain ob-
served performance differences: investment style, flow sensitivity, and in-
vestor composition can affect both portfolio choice and the extent to which
funds transmit or absorb liquidity shocks. Studies across delegated portfolio
management suggest that timing ability—systematically altering exposures
in response to liquidity states—may exist but is concentrated and difficult
to identify cleanly from mechanical trading induced by flows (Aiken & Kang,
2023; Bodson et al., 2013; Wattanatorn et al., 2020).

These considerations motivate a sharper question: Do equity mutual funds
merely load on liquidity risk, or can they also time liquidity conditions in a way
that is distinct from flow-induced trading? A natural empirical framework al-
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lows market exposure to vary with liquidity deviations (Cao et al., 2013). If tim-
ing is systematic, it should be measurable in fund-level state-dependent expo-
sures, and it should have investable implications for cross-sectional spreads.

We revisit this issue for Indian equity mutual funds. There are several
reasons why India is a particularly informative setting for liquidity risk and
state-dependent beta management for institutional reasons that map di-
rectly into liquidity exposure and timing. Firstly, the mutual fund sector has
expanded rapidly: industry assets under management (AUM) grew to INR
53.4 lakh crore by March 2024, the number of unique mutual fund investors
rose to about 4.5 crore, and mutual fund purchases became predominantly
digital (about 89%—90% of transactions by FY2024). These features can sup-
port persistent inflows in normal times yet more synchronised redemptions
during stress, tightening constraints precisely when funds would need to re-
balance (AMFI-CRISIL, 2024). Secondly, Indian equities trade predominant-
ly in electronic, order-driven limit order books; prior evidence documents
commonality in liquidity on the National Stock Exchange, implying that mar-
ket-wide liquidity shocks can be pervasive and rapidly transmitted (G. Kumar
& Misra, 2018). Thirdly, the institutional environment has evolved through
regulatory reforms that standardise fund categories and constrain style drift,
strengthening cross-fund comparability and the interpretation of cross-sec-
tional sorts (Securities and Exchange Board of India, 2017). Finally, crisis-era
interventions underscore the perceived systemic importance of mutual fund
liquidity transformation: the Reserve Bank of India opened a special liquidity
facility for mutual funds in April 2020 amid redemption-related strains, and
FSAP-style assessments discuss liquidity risks in investment funds (IMF, 2025;
Reserve Bank of India, 2020).

The sample period spans heterogeneous stress and recovery episodes (the
GFC, the COVID-19 shock, and the post-pandemic years). Despite its economic
importance, systematic evidence on liquidity risk premia and liquidity timing
in Indian equity mutual funds remains limited, leaving open whether the con-
ditional liquidity—return relation documented in developed markets extends
to an emerging market where liquidity dynamics, investor composition, and
intermediation frictions differ materially from the canonical US benchmark.

Our empirical design separates static exposure from dynamic timing. First,
we estimate each fund’s liquidity beta using rolling windows and form quintile
portfolios sorted on liquidity exposure. We then construct a high-minus-low
liquidity-beta spread (HMLiq) as a baseline measure of the liquidity premium.
Next, we estimate liquidity-timing specifications in which market beta varies
with liquidity states (Cao et al., 2013), and we construct an investable Timer
factor from lagged timing-coefficient sorts. This factor-based decomposition
allows us to quantify how much of the HMLiqg spread reflects standard risk
compensation and how much is attributable to systematic, state- dependent
beta management.
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Three findings summarise the results. Firstly, HMLiq is positive and statis-
tically reliable in tranquil and recovery regimes but attenuates or disappears
during systemic stress, consistent with conditional liquidity pricing. Secondly,
augmenting benchmark models with a traded equity liquidity factor explains
a meaningful share of HMLiqg, while the independently constructed Timer
factor absorbs an additional 55%—64% of the spread, indicating that timing
is a first-order component of liquidity-based return differentials. Thirdly, tim-
ing effects are concentrated among high-liquidity-beta funds: they smooth
return paths in normal markets but provide limited protection under acute
stress, which is consistent with the broader view that liquidity transformation
is most fragile precisely when aggregate liquidity deteriorates.

The paper’s contribution is threefold. Firstly, we provide systematic evi-
dence on liquidity exposure and liquidity timing in an emerging-market mu-
tual fund setting, documenting a regime-dependent liquidity premium over
2007-2024. Secondly, by con- structing an investable Timer factor from lagged
timing signals, we operationalise a timing channel and quantify its role in ex-
plaining the cross-sectional liquidity spread. Thirdly, we align inference with
contemporary fund-performance standards and identification concerns raised
in the literature: we evaluate robustness under modern factor benchmarks
(Carhart-4 and Fama—French-5), incorporate flow-based controls and stand-
ard fund-characteristic controls (size, turnover, fees, and age) to distinguish
timing from mechanically-induced beta shifts, refine the post-COVID segmen-
tation, and supplement crisis-window inference with daily evidence for early
2020. Together, these steps strengthen the interpretation of timing as a dis-
tinct mechanism and clarify the conditions under which liquidity compensa-
tion is economically meaningful.

The remainder of the paper is organised as follows: Section 1 reviews the
related literature; Section 2 describes the data, sample construction, and vari-
able definitions; Section 3 presents the main results and robustness analyses;
Section 4 discusses implications and mechanisms and last section concludes.

1. Literature review

This study sits at the intersection of (1) liquidity as a priced state variable
in asset markets and (2) liquidity transformation and fragility in open-ended
delegated portfolios. We first review the asset-pricing foundations of liquid-
ity risk, then summarize evidence on liquidity premia and liquidity manage-
ment in mutual funds, and finally position our contribution—liquidity expo-
sure versus liquidity timing—within the emerging debate on crisis-state be-
haviour and fund resilience.
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1.1. Liquidity risk

Liquidity risk—the possibility that trades cannot be executed quickly and
at low cost without materially affecting prices—is central to both asset pricing
and financial stability. Two channels underpin its role in expected returns. The
firstis a level channel: less liquid securities earn higher average returns as com-
pensation for trading frictions, inventory risk, and delayed execution (Amihud
& Mendelson, 1991; Lee et al., 2022; Liu, 2006). The second is a covariance
channel: innovations in aggregate market liquidity are priced as a systemat-
ic risk factor, so portfolios with higher exposure (liquidity beta) require addi-
tional compensation (Acharya & Pedersen, 2005; X. Ma et al., 2021; Pastor &
Stambaugh, 2003; Shih & Su, 2016). Liquidity-augmented factor frameworks
confirm that the covariance channel is particularly salient in downturns and
high-volatility regimes, consistent with liquidity behaving as a bad-state risk
that is difficult to diversify away from (X. Ma et al., 2021; Wu, 2019).

A central theme in the recent literature is that crises reveal the econom-
ic content of liquidity risk. During systemic episodes, market-wide liquidi-
ty deteriorates and trading constraints bind; consequently, sensitivity to li-
quidity shocks can amplify losses (Idzorek et al., 2012; Lou & Sadka, 2011).
The COVID-19 episode further highlighted how liquidity shocks can propa-
gate through intermediaries: open-ended funds under redemption pressure
may transmit stress to asset prices and weaken the usual relation between
liquidity and compensation (Jiang et al., 2022; Y. Ma et al., 2022). Related
work shows that liquidity premia extend beyond equities: liquidity risk is
priced in currencies (Soderlind & Somogyi, 2025), helps organise a broad set
of anomaly returns and hedging demands (Virk & Butt, 2022), and exhibits
important asymmetries in downside states (Palwishah et al., 2024). Finally,
funding conditions and market liquidity are tightly linked: exposure to liquid-
ity needs and rollover risk carries persistent pricing implications (Bechtel et
al., 2023). Taken together, these results motivate an empirical design that
distinguishes normal-state liquidity compensation from crisis-state behav-
iour, and that evaluates whether any apparent premia survive when liquid-
ity becomes scarce.

Institutional structure shapes how liquidity risk materialises. Ownership
concentration and commonality in holdings can amplify liquidity co-move-
ment (Sensoy, 2017), while macro and policy environments transmit liquidi-
ty conditions across markets (Hassanein, 2022). Relatedly, policy uncertain-
ty has been shown to contain forecasting information for broad risk premia
(including the equity premium), suggesting another channel through which
policy regimes may shape expected returns (Ali & Naz, 2025a).

Conversely, concentrated ownership can mitigate fire-sale pressure in cer-
tain settings (Giannetti & Jotikasthira, 2024). These institutional insights are
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particularly relevant for mutual funds, where portfolio choice, investor com-
position, and redemption design jointly determine how liquidity shocks af-
fect performance.

1.2. Liquidity risk premium in mutual funds

Open-ended funds are structurally exposed to liquidity risk because they
offer investors frequent redemption while holding assets that can be costly
to liquidate. This liquidity transformation is a long-recognized vulnerability
and a recurring focus of policy and stability debates (Chernenko & Sunderam,
2016). In stress states, redemptions can induce funds to sell their most liquid
holdings first—a “reverse flight to liquidity” — transmitting pressure to asset
prices and creating externalities for remaining investors (Jiang et al., 2022;
Y. Ma et al., 2022). This mechanism makes liquidity management (cash buff-
ers, trading schedules, and proactive rebalancing) economically meaningful
for both performance and resilience.

Empirically, mutual-fund liquidity premia operate through two distinct
routes: exposure and management. On the exposure side, funds with higher
liquidity betas earn higher average returns in normal times, consistent with
compensation for bearing systematic liquidity risk (Dong et al., 2019; Foran
& O’Sullivan, 2014). However, a recurring finding is that standard traded li-
quidity factors explain only part of the high-minus-low liquidity-beta spread
(HMLiq), leaving residual components that invite alternative interpretations
(Dong et al., 2019). State conditioning sharpens this picture: excluding ex-
treme illiquidity periods strengthens the positive liquidity beta—performance
relation (Sadka, 2010), and fund characteristics such as turnover, age, and
managerial attributes can mediate the strength of liquidity premia (Goyenko,
2012). These results suggest that the liquidity premium in mutual funds is
inherently state-dependent and potentially entangled with managerial deci-
sions and investor flows.

On the management side, researchers ask whether funds time liquidity by
adjusting exposures dynamically with liquidity conditions. Acommon empirical
approach allows market beta to co-move with deviations in aggregate liquidity
(Caoetal., 2013). Within this framework, timing ability has been documented
for certain fund segments (e.g., top performers or bank-affiliated complexes),
consistent with information advantages and organizational resources (Alam
& Ansari, 2020; Bodson et al., 2013; Wattanatorn et al., 2020; Wattanatorn &
Tansupswatdikul, 2019). At the same time, the evidence emphasises scarcity
and the concentration of timing skill: even in hedge funds, aggregate liquid-
ity timing is limited and ability is concentrated in a small subset of manag-
ers (Aiken & Kang, 2023). This uneven distribution underscores the empirical
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challenge: measured “timing” can reflect genuine anticipatory rebalancing,
but it can also reflect mechanically-induced beta changes arising from flows
and forced trading during stress episodes.

1.3. Post-COVID evidence and identification challenges

Post-COVID-19 work clarifies both the fragility mechanism and the iden-
tification challenge relevant for timing. During March 2020, funds facing re-
demptions reallocated in ways consistent with reverse flight to liquidity, am-
plifying stress (Y. Ma et al., 2022). Bond-market evidence similarly shows that
fund illiquidity is closely linked to fragility in asset prices during stress (Jiang
et al., 2022). At the institutional margin, ownership concentration can miti-
gate flow-induced price pressure, highlighting that market structure shapes
the propagation of liquidity shocks (Giannetti & Jotikasthira, 2024). These
studies jointly imply that timing estimates can be contaminated by flow-driv-
en mechanics precisely in the crisis states where liquidity risk is most eco-
nomically meaningful. More broadly, asymmetric downside liquidity expo-
sures (Palwishah et al., 2024) and liquidity-based hedging demands (Virk &
Butt, 2022) underscore how liquidity premia should be evaluated with ex-
plicit attention to stress regimes and the short-sample inference problems
that arise in acute episodes.

1.4. Positioning and implications for our study

The literature yields two robust messages that directly motivate our de-
sign. Firstly, liquidity compensation is conditional: it is most informative when
evaluated across regimes rather than averaged across the full sample. This
regime dependence echoes conditional asset-pricing and return-predictabil-
ity evidence in which betas and premia vary with observable state variables
(Ali, 2021). Secondly, mutual funds are not passive carriers of liquidity risk—
observed spreads can reflect both static exposure and dynamic management,
and crisis-period behaviour may be confounded by flows and forced trading.

Our study contributes to these debates in three ways. (1) We provide sys-
tematic evidence on liquidity premia and liquidity timing for Indian equity
mutual funds over 2007—-2024, an economically important emerging-market
setting, where institutional frictions and liquidity dynamics may differ from
developed markets. (2) Building on the state-dependent beta framework
(Cao et al., 2013), we separate exposure from timing by pairing liquidity-be-
ta sorted portfolios (HMLig) with an investable timing factor (Timer) con-
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structed from lagged timing signals, enabling a transparent decomposition
of the cross-sectional spread. (3) We interpret the results through the lens
of the recent fragility literature (Jiang et al., 2022; Y. Ma et al., 2022) and the
evidence that timing skill is scarce and concentrated (Aiken & Kang, 2023;
S. Kumar et al., 2023), motivating robustness and identification checks that
distinguish timing from flow-driven mechanics and emphasise regime-spe-
cific inference. Prior Indian evidence remains limited and mixed (Alam &
Ansari, 2020); extending the analysis through 2024 and explicitly separating
exposure from timing helps clarify when liquidity risk is compensated, how
much of the spread reflects dynamic beta management, and why systemic
stress remains difficult to hedge.

2. Variables, data, and methods

2.1. Liquidity risk measures

India-specific RM, SMB, and HML factors are obtained from the Indian
Finance Database (IFD). The risk-free rate R, is the 1-month Treasury bill
yield, converted to a simple monthly rate from the quoted annualised val-
ue. Market excess return is defined as R, - R . All series extend through
December 2024 to match the fund sample wmdow

For stock j on day d, Amihud illiquidity is:

R

jod

ILLIQ, , =

Dvolj, p

where R is the daily return and Dvol_ is rupee trading value. Monthly
ILLIQ is the average across trading days in month t. We exclude zero-re-
turn/zero volume days, winsorise each month’s cross-section at the 1st/99th
percentiles, and require at least 15 valid trading days. Aggregate market li-
quidity is then:

1
AML, =—> ILLIQ,

t j=1

where N, is the number of eligible broad-index constituents in month ¢.
Constituents are updated monthly to reflect membership changes.

Because liquidity is persistent, the priced component is the unexpected
innovation. We estimate:
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AML,=a+bAML,  +e, InnAML =é

t t
and define InnAML, as the innovation in aggregate market liquidity. For com-
parability across subperiods, InnAML, is standardised to mean zero and unit
variance.
Following Lou and Sadka (2011), the liquidity beta of fund i is estimated
from:

Ri,t—Rﬁrzai+[3M(R Rﬁ[)+ﬁzli1nnAMLt+ei’r (1)

m, t

We estimate f8, . using a rolling 24-month window and sort funds each
January into qumtlles by their most recent ,8 : PoF1 (highest liquidity beta)
through PoF5 (lowest). Quintile portfolios are equaIIy weighted, held for 12
months, and rebalanced annually. The liquidity premium at the fund level is
captured by PoF1-PoF5 (“HMLig”), a zero-investment portfolio that isolates
compensation for exposure to liquidity innovations.

2.2. Liquidity timing and flows

To test for liquidity timing, we allow market beta to vary with deviations
of aggregate liquidity from its recent mean (Cao et al., 2013):

ﬁm,i :ﬂOWI,i +ym,i(Liqm,t _L_lqm) (2)

where Liq, , is the aggregate liquidity state and Em is its rolling mean
(36 months). Substituting (2) into a standard factor benchmark yields:

Ri,t _Rf,t = +|:ﬁ0m,i +Vm,i(Liqm,t _Liqm ):|
(R, — R, )+ B, SMB, + B, HML, +¢€,, (3)

the coefficient y  measures liquidity timing: y > 0 indicates that the fund
raises (lowers) its market exposure when I|qU|d|ty is above (below) trend.

To address the concern that measured timing may reflect mechanical-
ly-induced beta changes arising from flows, we compute net flows using the
standard AUM decomposition:

AUM,, - AUM,  (1+R,,)

Net Flowi, =

i,t=1

Appendix C in the Supplementary material augments the timing regres-
sions with flow interactions and outflow-state terms to separate timing from
flow-driven trading pressure. In addition, Appendix G in the Supplementary
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material examines whether estimated liquidity exposure and timing are sys-
tematically explained by standard fund characteristics (size, turnover, expense
ratios, and age) using panel regressions with fund and month fixed effects and
conditional double-sorts.

2.3. Mutual funds data

Our empirical analysis uses a comprehensive panel of actively managed
Indian equity mutual funds from November 2007 through December 2024.
This horizon spans multiple liquidity environments and market regimes, en-
abling regime-specific inference on both liquidity risk exposure and liquidity
timing. For consistency across the paper, we define the following subperiods:
Nov 2007-Dec 2024, Nov 2007—May 2009, Jun 2009—-Dec 2019, Jan 2020—Jun
2020, and Jul 2020-Dec 2024. Because the post-pandemic era contains het-
erogeneous phases, we further split Jul 2020-Dec 2024 into finer subperiods
in Appendix D in the Supplementary Material.

Fund-level data are obtained from Morningstar India, supplemented with
disclosures from the Association of Mutual Funds in India (AMFI) and fund fact
sheets for cross-validation of classifications and share-class attributes. The sam-
ple includes actively managed equity open-ended funds and excludes index
funds, ETFs, sector/thematic funds, funds-of-funds, and closed-end products.
For each fund, we collect total-return NAVs, assets under management (AUM),
and available fund characteristics (e.g., expense ratios and portfolio attributes
when disclosed). In addition, we compute fund flows using the standard AUM-
based flow decomposition described below; flows play an explicit role in the ro-
bustness and identification checks in Appendix C in the Supplementary material.

Market-wide liquidity measures are constructed from daily stock-level trad-
ing data for constituents of a broad Indian equity index (BSE 500 constitu-
ents), using daily prices and trading value to compute Amihud-style illiquidity
at the stock level and then aggregating to the market level. This construction
ensures that the liquidity state is derived bottom-up (stock - market) and is
consistent across regimes.

The initial sample contains 546 share classes. We impose the following
screens: (1) the fund must be an open-ended, actively managed equity fund;
(2) at least 80% of assets must be allocated to domestic Indian equities; (3) at
least 36 consecutive months of return history are required to support roll-
ing-window exposure estimation and annual portfolio formation; and (4) funds
must satisfy a minimum AUM screen at formation to mitigate return distor-
tions and imprecise beta estimates associated with very small funds.

The baseline AUM screen sets a minimum of USD 5 million (converted from
INR using month-end exchange rates), following the methodology outlined by
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Kacperczyk et al. (2008). Because the appropriate cutoff can be market-de-
pendent, we do not rely on this threshold mechanically: Appendix A in the
Supplementary Material replicates the full analysis under alternative mini-
mum-AUM screens and distribution-based cutoffs (excluding the bottom tail
of the Indian AUM distribution) and shows that the main conclusions are not
driven by small-fund behaviour.

Where multiple share classes exist for a given portfolio, we consolidate
at the portfolio level by retaining the oldest unhedged accumulation class to
avoid overweighting fund families with multiple fee variants. Funds enter the
panel once they satisfy history requirements and remain until termination/
merger when data are available. This design mitigates mechanical survivor-
ship effects and ensures that portfolio formation reflects the information set
available at each formation date.

All NAVs and distributions are recorded in INR. Monthly returns are cal-
culated from end-of-month total-return NAVs with reinvested distributions.
Total-return series are net of ongoing expense ratios and management fees,
and gross of front/back loads. Factors and state variables (market, SMB, HML,
and liquidity) are aligned to the same calendar month.

We benchmark the fund universe to the BSE 500 index and report descrip-
tive statis- tics for funds and the benchmark across standard horizons and for
the COVID/post-COVID period. Table 1 summarises return and risk character-
istics for the final sample of 208 funds.

We drop months with missing NAVs, reinvest distributions, remove data
errors (e.g., non-positive NAVs), and winsorise monthly returns at the 0.5%
and 99.5% tails. For stock-level liquidity inputs, we require at least 15 valid
trading days per month for inclusion in monthly illiquidity measures.

2.4. Estimation and robustness checks

Funds are sorted each January using rolling-window estimates, and quin-
tile portfolios are held from February to the following January. We compute
monthly returns for PoF1-PoF5 and HMLiq and evaluate performance using
CAPM, FF3F, and liquidity/timing-augmented models.

Time-series regressions report heteroskedasticity- and autocorrelation-con-
sistent Newey—West statistics. For spread portfolios and overlapping forma-
tion procedures, HAC corrections are applied analogously.

The empirical design is complemented by a set of robustness checks that
map directly to the main identification concerns, presented and discussed in
the Supplementary material. Appendix A reports alternative minimum-AUM
screens and value-weighted portfolio results. Appendix B reports modern
benchmark models (Carhart-4 and FF5) with liquidity and Timer augmenta-
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tions. Appendix C implements flow-adjusted timing specifications. Appendix
D refines the post-COVID segmentation. Appendix E reports Timer diagnostics
(correlations, VIFs, and orthogonalized Timer). Appendix F assesses sensitiv-
ity to rolling-window length and supplements crisis-window inference using
daily evidence for Jan—Jun 2020. Appendix G adds fund-characteristic controls
(size, turnover, expense ratios, age) and conditional double-sorts to assess
whether liquidity exposure and timing estimates are mechanically explained
by fund type rather than discretionary beta management.

3. Results and analysis

This section evaluates whether exposure to innovations in aggregate mar-
ket liquidity is compensated in Indian equity mutual fund returns and whether
such compensation is state-dependent. Quintile portfolios (PoFs) are formed
each January by sorting funds on their ex ante liquidity betas from (1) esti-
mated over the prior 24 months; portfolios are equally weighted, held for 12
months, and rebalanced annually. By construction, PoF1 has the highest li-
quidity beta (greatest exposure to liquidity innovations), while PoF5 has the
lowest (often negative) exposure.

Period labels are harmonised across text and tables using Nov 2007—Dec
2024, Nov 2007—-May 2009, Jun 2009-Dec 2019, Jan 2020-Jun 2020, and Jul
2020-Dec 2024. Because the post-pandemic era contains heterogeneous
phases, Appendix D in the Supplementary material further refines Jul 2020-
Dec 2024 into finer subperiods. Inference in the acute COVID window (Jan
2020—Jun 2020) is inherently noisy due to the short sample; Appendix F in
the Supplementary material therefore supplements monthly results with dai-
ly evidence and rolling-window sensitivity.

3.1. Descriptive properties and the liquidity-beta premium

Table 2 reports average monthly returns and ex-post liquidity betas for
the PoFs across subperiods. Three patterns are central. Firstly, liquidity betas
decline monotonically from PoF1 to PoF5 in each subperiod, confirming that
the preformation sort generates portfolios with ordered liquidity exposure.
This monotonicity is a necessary diagnostic for interpreting PoF spreads as
related to systematic liquidity risk rather than a sorting artifact. Secondly, in
longer samples such as Jun 2009-Dec 2019 and Jul 2020-Dec 2024, average
returns are higher for the high-liquidity-beta portfolios relative to the low-li-
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quidity-beta portfolios, consistent with a positive liquidity premium outside

acute stress. Thirdly, in short crisis windows, the cross-sectional return or-
dering is less stable and estimates are less precise, consistent with the view

Table 2. Mean returns of portfolios sorted by liquidity-innovation exposure

PoF1 PoF2 PoF3 PoF4 PoF5

Panel A: Nov 2007-Dec 2024

Mean 0.717 0.625 0.445 0.383 0.215
Standard deviation 4.030 3.660 3.380 3.080 2.350
Alpha 0.593 0.491 0.460 0.402 0.175
Liquidity beta 0.950 0.750 0.440 —-0.150 -0.370

Panel B: Jun 2009-Dec 2019

Mean 0.540 0.517 0.480 0.390 0.318
Standard deviation 3.050 2.930 2.690 2.350 2.030
Alpha 0.454 0.370 0.315 0.225 0.178
Liquidity beta 0.870 0.700 0.370 —-0.090 -0.290

Panel C: Nov 2007-May 2009

Mean 1.254 0.974 0.676 0.334 0.021
Standard deviation 6.580 5.840 5.050 4.880 4.470
Alpha 1.020 0.730 0.440 0.080 -0.110
Liquidity beta 1.170 0.980 0.620 -0.110 -0.430

Panel D: Jan 2020-Jun 2020

Mean 0.310 0.280 0.240 0.190 0.150
Standard deviation 7.200 6.950 6.500 6.300 6.100
Alpha 0.200 0.170 0.150 0.120 0.080
Liquidity beta 1.300 1.050 0.780 0.200 —-0.100

Panel E: Jul 2020-Dec 2024

Mean 0.480 0.460 0.430 0.390 0.350
Standard deviation 3.600 3.400 3.200 2.900 2.700
Alpha 0.350 0.310 0.280 0.220 0.180
Liquidity beta 0.920 0.740 0.410 -0.050 -0.220

Notes: Funds are sorted each January into five equally weighted quintile portfolios (PoF1 = highest, PoF5 =
lowest liquidity beta) using the prior 24 months of estimates from (1). The table reports average monthly
returns (%) and ex post liquidity betas by subperiod. Market excess returnis R — Rﬁ[; the liquidity factor
is the innovation in aggregate market liquidity (InnAMLY).

Source: own work.
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that liquidity compensation is conditional and may compress when common
shocks dominate and market functioning deteriorates.

Taken together, the descriptive evidence is consistent with conditional li-
quidity pricing: bearing liquidity-innovation exposure is associated with eco-
nomically meaningful return differences in normal and recovery regimes,
while acute stress episodes attenuate or eliminate the premium. Subsequent
sub-sections evaluate whether these differences are absorbed by traded li-
quidity risk (exposure) and whether a separate timing channel contributes to
the spread (management).

3.2. Fund-level liquidity risk premium (HMLiq)

We summarise the fund-level liquidity premium as the high-minus-low re-
turn spread (PoF1-PoF5), denoted HMLiq. Table 3 reports the mean month-
ly spread, its volatility and HAC t-statistic, the correlation between PoF1 and
PoF5, and the intercept/slope from regressing PoF1 on PoF5.

Table 3. Fund-level liquidity risk premium (HMLiq = PoF1-PoF5)

Nov 2007- | Jun 2009- | Nov2007- | Jan2020- | Jul 2020-

Dec 2024 Dec 2019 May 2009 Jun 2020 Dec 2024
Mean 0.480 0.470 0.520 0.120 0.310
Standard deviation 2.680 2.570 2.980 3.900 2.400
t-statistic (HAC) 2.680 2.050 0.920 0.420 2.030
Correlation 0.930 0.920 0.980 0.950 0.910
Cumulative 17.520 59.400 15.720 1.800 11.160
Alpha (PoF1 on PoF5) 0.480 0.470 0.520 0.100 0.280
t-statistic (HAC) 3.940 2.440 1.130 0.390 2.100
Beta (PoF1 on PoF5) 0.940 0.940 1.130 1.200 0.960

Notes: Funds are sorted each January by liquidity beta (prior 24 months). The table reports monthly high-
minus-low (HMLiq) spreads. Cumulative is the arithmetic sum of monthly spreads.

Source: own work.

HMlLiq is positive in the aggregate sample and is most reliably estimated in
the longer normal and recovery subperiods. In crisis windows, estimates are
weaker and less stable, consistent with conditional liquidity pricing and the
dominance of common shocks during systemic stress. The high correlation
between PoF1 and PoF5 (p typically above 0.90) indicates that HMLiq isolates
a comparatively subtle component of expected returns, reinforcing the role
of factor attribution and disciplined inference.
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Because the Indian mutual fund cross-section includes a long tail of small
funds, Appendix A in the Supplementary material replicates the full pipeline
under alternative minimum-AUM screens and distribution-based cutoffs,
and compares equal-weighted to value-weighted portfolios. These checks
ensure that the HMLiqg pattern is not driven by an arbitrary AUM threshold
or by small-fund behaviour.

3.3. Risk-adjusted performance with a traded liquidity factor

We next assess whether HMLiq reflects compensation for exposure to
a traded stock-level liquidity factor or residual performance beyond such ex-
posure. Table 4 reports alphas for each quintile portfolio and for HMLiq under
CAPM and FF3F, as well as liquidity-augmented variants that add the traded
liquidity factor (Lig). A decline in the HMLiq alpha after adding Lig indicates
that traded liquidity risk explains part of the spread.

Adding Liq attenuates HMLiq in the aggregate sample and in normal/re-
covery regimes, indicating that a nontrivial component of the liquidity-beta
spread is attributable to traded liquidity exposure. Crisis-period estimates are
less stable and statistically weaker, consistent with the broader evidence that
liquidity premia are not reliably earned under systemic stress.

Because mutual-fund performance evaluation commonly controls for
Momentum and (in newer frameworks) Profitability and Investment, Appendix
B in the Supplementary material re-estimates HMLiq alphas under Carhart-4
and Fama-French-5, each optionally augmented with Lig and Timer. Richer
benchmarks attenuate alphas but preserve the paper’s central regime-de-
pendent conclusions.

Table 4. Risk-adjusted performance of liquidity-beta sorted portfolios of funds
(Nov 2007-Dec 2024, subperiods)

Model | Portl | Port2 | Port3 | Port4 | Port5 | HMLiq | Lig.
Panel A: Nov 2007-Dec 2024
CAPM 0.396 0.272 0.153 0.064 0.015 0.381 -

(1.440) | (1.000) | (0.620) | (0.250) | (0.050) | (2.210) -
CAPM+Liq. | 0.304 0.213 0.129 0.041 0.032 0.272 0.562
(1.110) | (0.780) | (0.510) | (0.160) | (0.060) | (1.380) | (3.880)

FF3F 0.398 0.278 0.158 0.067 0.024 0.359 -
(1.490) | (1.030) | (0.640) | (0.260) | (0.080) | (2.320) -
FF3F+Lig. 0.322 0.232 0.137 0.046 0.037 0.285 0.470

(1.200) | (0.860) | (0.550) | (0.170) | (0.120) | (1.380) | (3.380)
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Model | Portl | Port2 | Port3 | Port4 | Port5 | HMLiq | Liq.
Panel B: Jun 2009-Dec 2019
CAPM 0.484 0.314 0.196 0.107 -0.014 0.498 -

(3.940) | (3.090) | (2.970) | (1.580) | (0.150) | (3.050) -
CAPM+Lig. | 0.373 0.248 0.190 0.119 0.014 0.359 0.612
(3.150) | (2.700) | (2.800) | (1.700) | (0.150) | (2.260) | (3.850)

FF3F 0.454 | 0.301 0.188 | 0.104 | -0.012 0.466 -
(4.020) | (3.360) | (2.830) | (1.530) | (0.130) | (3.100) -
FF3F+Lig. 0376 | 0268 | 0.183 0.108 | 0.003 0.373 0.418

(3.340) (3.160) (2.670) (1.530) (0.030) (2.470) (2.630)
Panel C: Nov 2007-May 2009
CAPM —-0.456 —-0.486 -0.628 -0.622 -0.692 0.236 -
(-0.230) | (-0.240) | (-0.340) | (-0.320) | (-0.350) (0.540) -
CAPM+Lig. | —0.409 -0.440 -0.589 -0.583 —-0.655 0.246 0.189
(-0.200) | (-0.220) | (-0.320) | (-0.290) | (-0.330) (0.550) | (-0.750)

FF3F 0.712 0.751 0.555 0.605 0571 | 0.141 -
(0.310) | (0.320) | (0.260) | (0.270) | (0.260) | (0.283) -
FF3F+Lig. 1.115 1.148 | 0.995 0.955 0.910 | 0.205 0.206

(0.490) | (0.500) | (0.400) | (0.430) | (0.410) | (0.433) | (0.780)
Panel D: Jan 2020-Jun 2020
CAPM -0.892 -0.754 -0.643 -0.611 -0.585 -0.307 -
(-0.420) | (-0.360) | (-0.310) | (-0.300) | (-0.280) | (~0.520) -
CAPM+Lig. | —0.801 —0.692 —-0.601 —0.567 —0.542 -0.259 0.128
(-0.380) | (-0.330) | (-0.300) | (-0.280) | (-0.260) | (—0.490) (0.840)

FF3F 0741 | -0.628 | -0539 | -0.502 | -0.478 | -0.263 -
(-0.350) | (=0.300) | (~0.260) | (-0.240) | (-0.230) | (-0.480) -
FF3F+lig. | -0.653 | —-0.571 | —0.496 | -0.461 | -0.438 | -0.215 0.102

(-0.310) | (-0.280) | (-0.240) | (-0.230) | (-0.210) | (-0.430) | (0.690)
Panel E: Jul 2020-Dec 2024
CAPM 0.512 0.344 0.229 0.118 0.021 0.491 -
(2.340) | (1.980) | (1.640) | (1.120) | (0.190) | (2.270) -
CAPM+Lig. 0.417 0.283 0.207 0.097 0.038 0.329 0.391
(2.010) | (1.750) | (1.480) | (0.990) | (0.270) | (2.020) | (2.610)

FF3F 0.485 0.331 0.218 0.115 0.019 0.466 -
(2.420) | (2.030) | (1.570) | (1.140) | (0.180) | (2.210) -
FF3F+Liq. 0.392 0.278 0.196 0.098 0.036 0.307 0.342

(1.950) | (1.690) | (1.410) | (1.010) | (0.250) | (2.010) | (2.210)

Notes: Average monthly alphas (%) for quintile portfolios (PoF1 highest to PoF5 lowest liquidity beta) and
the high-minus-low spread (PoF1-PoF5).

Source: own work.
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3.4. Timing ability of liquidity-beta sorted funds

The preceding evidence indicates that traded liquidity risk explains a mean-
ingful fraction of HMLig, yet a residual component remains in normal and
recovery regimes. A natural presumption is that part of this residual reflects
state-dependent beta management (liquidity timing). We test this mechanism
in two complementary ways: (1) estimating timing coefficients in the state-de-
pendent beta specification (3), and (2) constructing an investable Timer fac-
tor from lagged timing-coefficient sorts and using it to decompose HMLig.

3.4.1. Liquidity timing coefficients

We estimate the liquidity-timing specification in (3) for each liquidity-beta
quintile (PoF1- PoF5). The timing coefficient y  multiplies the interaction
(Lig, , - Ligy)(R - R, J; 7, > 0 indicates that a portfolio scales market
exposure up (down) when I|qU|d|ty is above (below) trend, consistent with
liquidity-state-dependent beta management. Results are reported in Table 5.

Table 5. Liquidity timing in liquidity—beta sorted portfolios

ai ﬁOm,i ﬁs,i ﬁv,i ym,i Adj RZ
Panel A: Nov 2007-Dec 2024

PoF1 0.246 0.875 0.173 —-0.025 0.020 0.957
(2.22) (30.27) (5.83) (-1.07) (3.31)

PoF2 0.167 0.907 0.134 0.022 0.000 0.975
(1.96) (48.51) (4.59) (1.02) (0.00)

PoF3 0.061 0.842 0.130 -0.030 0.020 0.968
(0.94) (27.81) (3.89) (-1.04) (1.62)

PoF4 0.019 0.861 0.200 -0.040 -0.040 0.946
(0.26) (32.56) (5.20) (-0.94) (-0.94)

PoF5 —-0.023 0.810 0.019 0.045 0.017 0.925
(-0.17) (13.61) (0.55) (1.55) (0.94)

Panel B: Jun 2009-Dec 2019

PoF1 0.316 0.813 0.172 0.012 0.113 0.914
(2.93) (25.54) (6.25) (0.51) (2.43)

PoF2 0.190 0.967 0.132 0.032 -0.019 0.961
(2.21) (37.30) (7.26) (1.64) (-0.49)

PoF3 0.061 0.944 0.013 —-0.005 -0.014 0.973
(1.05) (45.58) (0.93) (-0.35) (-0.45)

PoF4 0.019 0.949 —-0.025 -0.012 —-0.046 0.972
(0.43) (40.63) (-1.76) (-0.73) (-1.63)

PoF5 -0.029 1.087 —0.040 -0.012 —0.046 0.964
(-0.32) (32.49) (-2.01) (-0.67) (-1.16)
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ai ﬁOm,i Bs,i ﬁv,i ym,i Adj R
Panel C: Nov 2007-May 2009

PoF1 —-0.158 0.893 0.182 —-0.057 0.033 0.986
(—0.48) (27.45) (2.06) (-1.03) (3.88)

PoF2 -0.015 0.891 0.204 —-0.090 0.019 0.991
(-0.05) (43.89) (2.56) (—1.98) (3.33)

PoF3 -0.278 0.794 0.102 -0.054 0.007 0.990
(-0.94) (32.30) (1.31) (-1.09) (1.17)

PoF4 -0.153 0.832 0.152 —-0.070 —-0.003 0.987
(-0.41) (32.46) (1.53) (-1.20) (-0.52)

PoF5 —-0.204 0.669 0.034 -0.077 -0.012 0.964
(—0.35) (15.37) (1.97) (—0.78) (-1.34)

Panel D: Jan 2020-Jun 2020

PoF1 -0.312 0.842 0.208 —-0.044 0.041 0.942
(-0.95) (11.23) (2.01) (-0.55) (1.78)

PoF2 -0.274 0.864 0.191 —-0.031 0.027 0.936
(-0.87) (12.74) (2.24) (—0.44) (1.42)

PoF3 —-0.198 0.833 0.154 —-0.026 0.010 0.927
(—0.64) (10.48) (1.75) (-0.39) (0.55)

PoF4 —-0.146 0.790 0.120 —-0.015 —-0.005 0.912
(—0.48) (9.67) (1.23) (-0.22) (-0.27)

PoF5 -0.121 0.758 0.082 —-0.009 -0.014 0.903
(-0.43) (8.92) (0.97) (-0.14) (—0.69)

Panel E: Jul 2020-Dec 2024

PoF1 0.284 0.889 0.165 -0.022 0.036 0.963
(2.57) (28.91) (6.12) (-0.84) (2.16)

PoF2 0.177 0.901 0.137 0.014 0.012 0.958
(1.97) (31.42) (5.47) (0.65) (1.01)

PoF3 0.062 0.872 0.128 -0.018 0.009 0.952
(1.01) (26.37) (3.98) (-0.72) (0.74)

PoF4 0.019 0.847 0.112 -0.020 -0.007 0.948
(0.34) (24.26) (3.55) (-0.83) (-0.59)

PoF5 -0.027 0.803 0.098 0.021 —-0.010 0.941
(-0.39) (22.91) (3.12) (0.92) (-0.83)

Source: own work.

Two results are most salient. Firstly, timing loadings are concentrated in the
high-liquidity-beta portfolios (PoF1 and, in some periods, PoF2), consistent
with the idea that timing is most relevant where exposure is highest. Secondly,
timing estimates are stronger and more precisely estimated in longer sam-
ples, while short crisis windows yield inherently noisy inference. To assess
whether these timing estimates simply proxy for fund type, Appendix G in the
Supplementary material relates y (and ) to lagged flows, size, turnover, fees,
and age with fund and month fixed effects; flows remain an important pre-
dictor, but timing is not mechanically subsumed by standard characteristics.
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Because contemporaneous interaction terms may capture both anticipa-
tory behaviour and rapid reaction, Appendix Cin the Supplementary material
augments the timing regression with flow controls and outflow-state interac-
tions to distinguish discretionary timing from mechanically-induced beta shifts
driven by flows. Appendix E in the Supplementary material reports Timer di-
agnostics (correlations, VIFs, and orthogonalised Timer) to address multicol-
linearity and stress-proxy concerns.

3.5. Timing-adjusted performance: The timer decomposition

We now ask whether the residual HMLiq performance reflects state-de-
pendent beta management rather than static exposure alone. Using the roll-
ing-window estimates from (3), we estimate fund-level timing coefficients
y,, » sort funds into quintiles by y,_, and form an investable Timer factor as
the return on the highest-minus—IoWest timing portfolio. We then re-estimate
alphas for the liquidity-beta portfolios and for HMLiq after augmenting CAPM
and FF3F with Timer. If timing captures an economically important compo-
nent of HMLiq, the HMLiqg alpha should attenuate materially once Timer is
included. Results are reported in Table 6.

Table 6. Liquidity timing skills—adjusted performance of liquidity—beta sorted

portfolios
Model Portl Port2 Port3 Port4 Port5 Port1- Timer
Port5
Panel A: Nov 2007-Dec 2024
CAPM 0.396 0.272 0.153 0.064 0.015 0.381 -
(1.44) (1.00) (0.62) (0.25) (0.05) (2.21)

CAPM+Timer |  0.366 0.325 0.223 0.147 0.230 0.136 0.618
(1.29) (1.15) (0.88) (0.55) (0.79) (0.79) (7.56)

FF3F 0398 | 0278 | 0158 | 0.067 | 0024 | 0.359 -
(1.49) | (1.03) | (0.64) | (0.26) | (0.08) | (2.32)

FF3F+Timer 0392 | 0346 | 0232 | 0152 | 0229 | 0.162 | 0.540
(1.40) | (1.25) | (0.91) | (057) | (0.78) | (1.01) | (5.31)

Panel B: Jun 2009-Dec 2019

CAPM 0.484 | 0314 | 0196 | 0.107 | -0.014 | 0.498 -
(3.94) | (3.09) | (297) | (1.58) | (0.15) | (3.05)

CAPM+Timer | 0.416 | 0.299 | 0.188 | 0.134 | 0055 | 0.362 | 0.406
(338) | (3.14) | (277) | (1.94) | (0.60) | (2.28) | (3.86)




S. Kumar, & H. Ali, Liquidity risk and liquidity timing in the cross-section 125

Model Portl Port2 Port3 Port4 Port5 Port1- Timer
Port5
FF3F 0.454 0.301 0.188 0.104 —0.012 0.466 -
(4.02) (3.36) (2.83) (1.53) (0.13) (3.10)

FF3F+Timer | 0411 | 0305 | 0.182 | 0127 | 0048 | 0363 | 0.324
(3.59) | (3.58) | (2.67) | (1.83) | (0.53) | (245) | (3.25)

Panel C: Nov 2007-May 2009

CAPM -0.456 | -0.486 | -0.628 | -0.622 | —0.692 0.236 -
(-0.23) (-0.24) | (-0.34) | (-0.32) (-0.35) (0.54)
CAPM+Timer | —1.332 -1.272 -1.171 | -1.216 | -1.182 -0.520 0.109
(-0.47) (-0.45) | (-0.45) | (-0.44) (-0.30) (—0.75) (0.06)
FF3F 0.712 0.751 0.555 0.605 0.571 0.141 -
(0.31) (0.32) (0.26) (0.27) (0.26) (0.28)
FF3F+Timer -0.990 —0.889 -0.800 -0.832 -0.386 -0.606 0.858
(-0.35) | (-0.31) | (-0.31) |(-0.29) |(-0.14) |(-0.88) (1.84)
Panel D: Jan 2020-Jun 2020
CAPM —0.285 -0.231 -0.194 -0.151 -0.143 -0.142 -
(-0.42) | (-0.36) | (-0.31) |(-0.24) |(-0.23) | (-0.58)

CAPM+Timer | —0.398 —-0.342 -0.291 -0.232 -0.211 -0.176 0.312

(-0.61) | (-0.55) |(-0.49) |(-0.38) |(-0.34) |(=0.72) | (2.14)
FF3F -0.196 | -0.165 | -0.152 | —-0.134 | -0.119 | -0.077 -
(-0.28) | (-0.26) | (-0.24) |(-0.21) |(-0.20) | (~0.36)

FF3F+Timer | —0.317 | —-0.278 | -0.239 | -0.195 | -0.171 | -0.168 | 0.254
(-0.47) | (-0.44) | (-0.40) |(-0.32) |(-0.28) | (-0.66) | (1.87)

Panel E: Jul 2020-Dec 2024

CAPM 0412 | 0297 | 0204 | 0.128 | 0024 | 0.388 -
(2.89) | (2.36) | (1.79) | (1.04) | (0.22) | (2.14)

CAPM+Timer | 0.339 | 0.276 | 0.187 | 0.114 | 0.018 | 0.207 | 0521
(2.41) | (2.21) | (1.64) | (0.97) | (0.15) | (1.29) | (4.62)

FF3F 0395 | 0283 | 0197 | 0121 | 0021 | 0.374 -
(2.74) | (229) | (1.73) | (0.99) | (0.19) | (2.05)

FF3F+Timer 0.328 0.265 0.182 0.108 0.015 0.196 0.487
(2.31) (2.14) (1.59) (0.92) (0.14) (1.22) (4.21)

Source: own elaboration.

In the aggregate sample, adding Timer substantially reduces the HMLiq al-
pha, implying that a large fraction of the liquidity-beta spread is associated
with systematic liquidity-state-dependent beta management. This attenuation
is also evident in Jul 2020-Dec 2024. In Jun 2009-Dec 2019, a residual com-
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ponent remains after conditioning on Timer, suggesting that additional priced
dimensions or fund selection effects contribute to the spread. In crisis win-
dows, both HMLiq and its timing-adjusted counterpart are statistically weak,
indicating limited scope for systematic timing to offset acute systemic stress.
More broadly, Appendix G in the Supplementary material shows that Timer
continues to absorb a large share of HMLiq even when the spread is recomput-
ed within low- versus high-turnover and low- versus high-expense subsamples.

Timer is constructed from lagged timing signals and rebalanced on the an-
nual formation calendar, which mitigates look-ahead concerns. Appendices
B-F in the Supplementary Material report robustness checks (modern bench-
marks, flow-adjusted timing, Timer diagnostics, post-pandemic heterogenei-
ty, and crisis-window inference). Across the full sample, liquidity exposure is
associated with economically meaningful return differentials in normal and
recovery regimes but not in acute stress states.

Traded liquidity risk explains a nontrivial share of the liquidity-beta spread,
and a separate timing channel—captured by state-dependent betas and the
investable Timer factor—accounts for an additional substantial component,
particularly outside systemic stress. These conclusions are reinforced by ro-
bustness and identification checks in the appendices: alternative AUM screens
and weighting (Appendix A in the Supplementary material), modern factor
benchmarks (Appendix B), flow-adjusted timing (Appendix C), post-COVID
subperiods (Appendix D), Timer diagnostics (Appendix E), and rolling-window
and daily COVID inference (Appendix F).

4, Discussion

Our results point to a conditional liquidity-risk premium in delegated port-
folios. In the long sample, the liquidity-beta spread is economically meaning-
ful (HMLiqg averages about 0.48% per month), and it is most reliably estimated
outside acute stress episodes (0.47% per month in the 2009-2019 tranquil
regime and 0.31% per month post-COVID). In contrast, the spread becomes
statistically weak during the Global Financial Crisis and the 2020 COVID shock.
This state dependence is consistent with liquidity-risk pricing frameworks
in which expected returns are increasing in exposure to aggregate liquidi-
ty shocks (Acharya & Pedersen, 2005; Pastor & Stambaugh, 2003) and with
emerging-market evidence that local market liquidity is a first-order driver of
expected returns (Bekaert et al., 2007). The novelty here is that we document
these patterns in a large Indian mutual fund cross section, where the inter-
mediary channel is potentially stronger because open-end funds transform
underlying asset liquidity into daily redeemability.
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At the same time, the crisis evidence highlights an important nuance:
a standard risk-premium interpretation would predict higher compensation
in bad states, yet realised cross-sectional premia compress when liquidity risk
becomes systemic. A standard “risk premium” interpretation might lead one
to expect higher compensation for liquidity exposure when marginal utility is
high. Instead, we find that realised cross-sectional premia compress precisely
when aggregate liquidity risk is most salient. A plausible reconciliation is that
systemic episodes are dominated by market-wide funding and market-liquid-
ity spirals (Brunnermeier & Pedersen, 2009), which raise return commonality
and reduce dispersion across fund portfolios. In these states, cross-sectional
differences in liquidity exposure may be swamped by (1) correlated liquidity
shocks, (2) binding trading constraints, and (3) “flight to quality” dynamics,
all of which make it difficult for high-exposure funds to earn (as opposed to
require) a premium within a short crisis window.

A second contribution is to separate static liquidity exposure from dynamic
beta management. Prior work documents that mutual-fund liquidity risk can
show up as performance differentials that are not fully absorbed by stand-
ard traded factors (Dong et al., 2019; Foran & O’Sullivan, 2014). Our findings
echo that logic: adding a traded stock-level liquidity factor attenuates HMLiq
in normal/recovery regimes but does not fully eliminate it. The additional ex-
planatory power comes from a timing mechanism. Building on liquidity tim-
ing tests in Cao et al. (2013), we show that state- dependent liquidity betas
and an investable Timer factor—constructed from lagged timing-coefficient
sorts—absorb a substantial incremental share of the liquidity-beta spread,
particularly outside systemic stress.

This timing result is novel in two ways. Firstly, it provides a portfolio-level
decomposition that clarifies why fund-level liquidity-beta spreads can per-
sist even when traded liquidity factors only partially explain them: part of
the spread behaves like managed exposure rather than a fixed characteristic.
Secondly, the Timer factor offers a practical benchmark for performance at-
tribution in emerging markets, where (1) liquidity is highly time-varying and
(2) the mapping between stock-level liquidity factors and delegated-portfo-
lio returns is less direct. Consistent with this interpretation, timing effects
are concentrated in the high-liquidity-beta portfolios, suggesting that liquidi-
ty-sensitive mandates provide both the incentive and the opportunity to vary
exposure across liquidity states.

The fact that timing does not provide reliable protection in crisis windows
is informative. It aligns with the mutual-fund fragility literature, which empha-
sises strategic complementarities in investor redemptions and the externalities
created by forced selling in illiquid markets. In particular, payoff complemen-
tarities can make outflows highly sensitive to bad performance (Chen et al.,
2010), and flow-driven trading can generate fire-sale price pressure (Coval &
Stafford, 2007). When market-wide illiquidity is high, these forces are ampli-
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fied in more illiquid funds (Goldstein et al., 2017) and can become especially
salient during systemic events such as COVID-19 (Falato et al., 2021). In our
setting, such mechanisms can help explain why (1) HMLiq collapses during
systemic stress and (2) the incremental contribution of timing is statistically
fragile: during a liquidity shock, the marginal ability to rebalance is curtailed
exactly when rebalancing is most valuable. Appendix G also indicates that turn-
over and fee intensity correlate with measured timing, consistent with trading
frictions shaping implementation, but these characteristics do not overturn
the conclusion that timing is fragile in systemic stress states.

Importantly, this interpretation also disciplines what we can claim about
“skill.” Although Timer is built from predictable variation in estimated be-
tas, similar in spirit to conditional risk-premium forecasting exercises (Ali &
Naz, 2025b), part of the apparent timing could still reflect mechanical ef-
fects of flows, endogenous risk-taking, or composition changes in the invest-
able universe. The flow-adjusted timing specifications in Appendix C in the
Supplementary material are designed to separate discretionary timing from
mechanically-induced beta shifts. We therefore interpret Timer as evidence
of a timing channel rather than a clean measure of managerial skill.

For investors and researchers, the results suggest that evaluating Indian
equity mutual funds with static-factor alphas can be misleading: liquidity-re-
lated performance is state-dependent, and a meaningful component is tied
to dynamic exposure management. For regulators and risk monitors, the ev-
idence is consistent with a world in which open-end funds can be procyclical:
in normal states, liquidity exposure is rewarded, while in stress states, flows
and market-wide illiquidity dominate and cross-sectional premia compress.

Some limitations point to natural extensions. Firstly, liquidity is measured
through innovations in aggregate market liquidity; future work could combine
this with holdings-based liquidity (portfolio “illiquidity” and concentration) to
better separate exposure from endogenous trading. Secondly, crisis windows
are short and statistically noisy, so inference about stress-state premia should
remain cautious. Thirdly, because emerging markets can undergo structural
and regulatory changes over long samples, further work could study wheth-
er the liquidity exposure—timing mapping shifts across subperiods and fund
categories (e.g., large-cap versus mid/small-cap mandates).

Overall, the key takeaway is that liquidity in delegated portfolios is not only
a priced exposure in normal times but also a managed exposure; however,
the benefits of such management are sharply limited when liquidity risk be-
comes systemic.
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Conclusions

This paper examines how liquidity exposure and liquidity timing jointly
shape the cross section of Indian equity mutual fund returns over 2007-2024,
covering the Global Financial Crisis, the COVID-19 shock, and the post-pan-
demic recovery. The main result is that the fund-level liquidity premium is
regime contingent: funds with higher exposure to innovations in aggregate
market liquidity earn higher average returns in tranquil and recovery regimes,
whereas the high-minus-low liquidity-beta spread (HMLiq) contracts sharply
and becomes statistically weak during systemic stress.

A second key finding is that the liquidity-beta spread reflects not only static
exposure but also dynamic beta management. A liquidity-augmented factor
model explains a meaningful portion of HMLiq, and an independently con-
structed, tradable Timer factor—built from lagged timing-coefficient sorts—
absorbs an additional share of the spread in the aggregate sample and espe-
cially in the post-COVID period. Timing effects are most pronounced among
high-liquidity-beta portfolios, consistent with the view that liquidity-sensitive
mandates are the primary locus of state-contingent exposure adjustment.
However, timing does not provide reliable protection in acute stress states:
when liquidity risk becomes system-wide, both the spread and timing-adjust-
ed performance are statistically fragile.

These findings have practical implications. For investors, liquidity exposure
should be treated as a regime-dependent source of expected return rather
than a crisis hedge: it is rewarded in normal and recovery environments but
offers limited insulation when liquidity deteriorates abruptly. For asset man-
agers, the evidence supports the value of monitoring liquidity states and ad-
justing exposure in a disciplined manner, while also highlighting the limits of
such strategies under market-wide stress. For policymakers, the results rein-
force the importance of tools that reduce redemption externalities and curb
fire-sale dynamics, since fund-level actions alone are unlikely to offset aggre-
gate liquidity shocks.

Several extensions could further strengthen identification and exter-
nal validity. Future work can incorporate richer benchmark models (e.g.,
Momentum, Profitability, and Investment) and holdings-based measures of
portfolio liquidity to better distinguish residual performance from omitted
risks. Higher-frequency estimation and explicit modelling of flows and trad-
ing costs would help separate anticipatory timing from rapid reaction. Finally,
linking timing capacity to microstructure conditions (depth, resilience, and
price impact) can clarify when liquidity management is effective and when
structural fragility dominates outcomes.
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Introduction

The increasing popularity of cryptocurrencies has fundamentally reshaped
financial markets by introducing decentralised, transparent, yet highly vola-
tile digital assets ( Arnone, 2024; Lipton, 2021; Watorek et al., 2023). These
characteristics challenge traditional frameworks of value, exchange, and fi-
nancial forecasting, making cryptocurrencies a focal point for both academic
inquiry and investment practice. In this context, time series forecasting has
become particularly important, as it provides tools for managing risk, de-
signing investment strategies, and understanding broader market dynamics.
Cryptocurrency markets share many statistical properties with traditional fi-
nancial assets—including non-normal return distributions, volatility cluster-
ing, and non-linear dependence structures—while typically exhibiting these
features with greater intensity and instability, particularly in terms of volatil-
ity levels and regime persistence (Bouchaud, 2020; Sewell, 2011). This insta-
bility is consistent with a market environment in which sentiment and disa-
greement dynamics in online discussions may contribute to future volatility,
although the effect appears weaker for Bitcoin than for equities (Akarsu &
Yilmaz, 2024). In addition, continuous 24/7 trading, evolving regulation, and
rapid technological shifts further complicate modelling and forecasting efforts
(Corbet et al., 2018; Zetzsche et al., 2017).

Since Bitcoin’s introduction (Nakamoto, 2008), the cryptocurrency eco-
system has expanded to include assets such as Ethereum and Litecoin, with
features like smart contracts and faster transactions (Buterin, 2013), thereby
increasing the demand for accurate short-term forecasting. Existing studies
employ both univariate and multivariate approaches (Antar, 2025; Garay et al.,
2024), with mixed evidence on the benefits of incorporating macro-financial
predictors (Campbell et al., 1997; Catania et al., 2018). Recent findings suggest
that such variables often fail to improve short-horizon forecasts (Agarwal et
al., 2024; Casarin et al., 2015; Conlon et al., 2021; Wronka, 2022), underscor-
ing an ongoing trade-off between model complexity and forecasting reliability.

Recent syntheses document rapid growth and thematic diversification in
cryptocurrency research; however, they also highlight fragmentation and the
lack of integrative short-horizon forecasting frameworks (Jalal et al., 2021; Yue
etal., 2021). While sustainability-focused reviews extend the agenda toward
ESG issues, they do not assess forecasting gains at daily horizons (Alqudah
etal., 2023). At the same time, methodological surveys note the widespread
adoption of deep learning models without systematic benchmarking against
parsimonious time-series baselines using formal inference (J. Zhang et al.,
2024), leaving the incremental value of model complexity and external pre-
dictors unresolved. Motivated by these insights, this study examines short-
term forecastability as a reflection of underlying market mechanisms. Existing



A. Tatarczak, O. Humeniuk, Forecasting cryptocurrencies in turbulent times 137

empirical evidence shows that cryptocurrency prices are heavily influenced
by sentiment, speculative trading, and regime-dependent market conditions
rather than by slow-moving macroeconomic fundamentals (Jalal et al., 2025;
Yue et al., 2021). At the same time, increasingly complex forecasting archi-
tectures have been adopted without clear evidence that they yield econom-
ically meaningful gains (C. Zhang et al., 2024). Against this backdrop, com-
paring parsimonious autoregressive benchmarks with multivariate and pre-
dictor-rich models can provide insight into whether short-term predictability
is structurally constrained.

This study investigates the performance of several forecasting models—
both univariate and multivariate—for predicting short-term returns of Bitcoin
(BTC), Ethereum (ETH), and Litecoin (LTC) over the 2020-2024 period. The
2020-2024 sample deliberately covers an exceptionally turbulent phase as-
sociated with the COVID-19 pandemic, geopolitical tensions and the global
inflation surge, which provides a natural stress test for forecasting models
under extreme uncertainty. Rather than assuming that cryptocurrencies be-
have differently from other financial assets in such conditions, the paper ver-
ifies whether added model complexity offers predictive gains when even in-
stitutional macroeconomic forecasts perform poorly. Specifically, it compares
benchmark autoregressive models with more complex approaches, including
Kitchen Sink (KS) regression and Vector Autoregressive models with exoge-
nous variables (VARX). The empirical study investigates whether model com-
plexity improves short-horizon return and density forecasts relative to simple
autoregressive benchmarks, and whether external predictors generate sta-
tistically significant gains in predictive accuracy. Model evaluation uses both
point metrics—mean squared error (MSE), mean absolute error (MAE), and
mean absolute deviation (MAD)—and probabilistic metrics, such as the Log
Score (LS). Statistical significance of forecast improvements is assessed using
the Diebold—Mariano test (Diebold & Mariano, 1995) and Model Confidence
Set (Hansen et al., 2011) procedures. The contribution of this paper lies in its
comparative analysis of forecasting models applied to cryptocurrency returns,
using daily data spanning the period 2020-2024. The study assesses predictive
accuracy under highly volatile and structurally unstable market conditions,
comparing univariate and multivariate models from autoregressive bench-
marks to Kitchen Sink and VARX specifications. By contrasting crypto-specific
dynamics with models incorporating macro-financial and volatility predictors,
it evaluates the incremental value of exogenous information for short-term
forecasting. Model performance is assessed using point and density meas-
ures (MSE, MAE, MAD, Log Score) with formal inference via Diebold—Mariano
and Model Confidence Set procedures, providing a robust multidimensional
evaluation of forecasting accuracy.

The rest of the paper is organised as follows: Section 1 is devoted to the lit-
erature review on cryptocurrency time series. Section 2 provides information
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about data and methodology: data sources and processing, variable construc-
tion, model specifications, and the forecasting and evaluation design. In Section
3, we present our empirical findings. Section 4 is devoted to the discussion of re-
sults and their implications. Section 5 discusses study limitations and avenues for
future research. The last section comprises a critical summary and conclusions.

1. Literature review

Financial time series consist of sequential observations of asset prices and
related indicators and are central to forecasting and risk management (Campbell
etal., 1997; Fan & Yao, 2003; Taylor, 2008; Tsay, 2005). Their modelling is com-
plicated by stylised facts such as non-normal, heavy-tailed return distributions,
excess kurtosis and skewness (Cont, 2001; Mandelbrot, 1963; Rachev et al.,
2005; Sewell, 2011), weak linear autocorrelation, and persistent volatility clus-
tering in squared or absolute returns (Bollerslev, 1986). Additional stylised facts
include the leverage effect (Black, 1976; Christie, 1982), long memory in vola-
tility (Baillie et al., 1996; Mills & Markellos, 2008), and non-linear dependence
structures (Granger & Terasvirta, 1993; Hamilton, 1994), implying intrinsic un-
certainty in financial time series and motivating the use of advanced econo-
metric and machine learning approaches (Sezer et al., 2020; C. Zhang et al.,
2024). In cryptocurrency markets, this uncertainty is further reinforced by ev-
idence of time-varying efficiency and episodic return predictability, consistent
with the adaptive market hypothesis (Karasinski, 2023). Traditional models such
as ARIMA and GARCH remain central for modelling short-term dynamics and
volatility (Sezer et al., 2020; C. Zhang et al., 2024), but their linear structure
and restrictive assumptions limit their ability to capture non-linearities, heavy
tails, and structural breaks (Sezer et al., 2020). These limitations are especially
pronounced in cryptocurrency markets, which are decentralised (Nakamoto,
2008), highly volatile and sentiment-driven (Bouoiyour et al., 2015), fragment-
ed across exchanges (Feng et al., 2018; Gandal & Halaburda, 2014), continu-
ously traded (Corbet et al., 2018), and subject to fragmented regulatory over-
sight (Zetzsche et al., 2017). Given these complexities, traditional econometric
models often underperform in cryptocurrency settings, motivating the use of
machine learning methods such as ANNs and SVR to capture non-linear and
high-dimensional dependencies (Jiang, 2021; L. Zhang et al., 2017). More re-
cently, deep learning models have gained prominence due to their ability to
jointly model linear and non-linear structures directly from data (Bengio, 2012;
Bouteska et al., 2024; C. Zhang et al., 2024). Architectures including LSTM,
convolutional-recurrent models, and Transformers have demonstrated strong
predictive performance in financial and cryptocurrency time series (Hu et al.,
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2021; C. Zhang et al., 2024), with LSTM remaining a standard benchmark and
newer architectures offering greater flexibility at higher computational cost
(Sezer et al., 2020; Zhang et al., 2024).

Recent bibliometric studies support this picture of a fragmented and meth-
odologically heterogeneous literature on cryptocurrencies. Yue et al. (2021)
show that research on the economic effects of cryptocurrencies has evolved
from early work on technological foundations and miner behaviour toward
analyses of price formation, risk management, and the macroeconomic im-
plications of digital assets, but argue that the underlying transmission mech-
anisms and theoretical frameworks remain underdeveloped. Complementary
evidence from Jalal et al. (2025) indicates that business and finance research
is organised around four main streams—determinants of returns, market ef-
ficiency, (de)diversification and herding, and regulation and governance—yet
many contributions rely on overlapping datasets and parallel empirical de-
signs, which limits cumulative progress and integrative assessments of fore-
casting performance. More recently, Alqudah et al. (2023) document a rapid
expansion of work at the intersection of cryptocurrencies and ESG, highlighting
concerns about environmental externalities, speculative trading, and the long-
term sustainability of digital assets as an investment class. At the same time,
reviews of deep learning applications in financial forecasting emphasise that
increasingly complex architectures—LSTMs, convolutional-recurrent hybrids,
Transformers, and related models—have become the default choice for price
prediction, even though their incremental benefits over simpler time-series
benchmarks are not always systematically evaluated, especially with respect
to economic interpretability and model risk (C. Zhang et al., 2024). These syn-
theses collectively suggest that a key unresolved issue is not only how to fore-
cast cryptocurrency prices, but whether forecast gains delivered by complex
models are economically meaningful and theoretically consistent with the
underlying market structure. In this context, linear time-series models retain
an important role as benchmarks with well-understood statistical properties,
against which the incremental value of more complex non-linear and deep
learning architectures can be assessed.

2. Methodology and data

2.1. Dataset and model specification

The empirical analysis is based on daily data covering the period from
1January 2020 to 1 December 2024. This period is characterised by pronounced
regime shifts and market-wide stress episodes, so the resulting forecasts should
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be interpreted as conditional on a high-volatility, crisis-like environment rath-
er than as representative of more tranquil phases of cryptocurrency trading.
The empirical strategy deliberately focuses on linear specifications (AR, VAR,
VARX, KS), providing a consistent framework for formal forecast evaluation
and serving as a reference point for future comparisons with non-linear and
deep-learning models. Non-linear econometric specifications (such as TAR, STAR
or Markov-switching models), volatility models (such as GARCH or stochastic
volatility frameworks), and machine-learning or deep learning architectures
(such as LSTM networks, transformers or ensemble models) are therefore in-
tentionally excluded from the empirical design in order to keep the benchmark
coherent and econometrically tractable over the turbulent 2020-2024 peri-
od. The analysis focuses on Bitcoin (BTC), Ethereum (ETH), and Litecoin (LTC)
because they represent the longest-standing and most liquid segments of the
cryptocurrency market, ensuring reliable high-frequency data and reducing
concerns regarding idiosyncratic exchange-specific noise. BTC and ETH jointly
account for the majority of market capitalisation and trading volume, making
them the dominant drivers of systemic crypto-asset dynamics. LTC, while small-
er, serves as a mid-cap asset with strong historical continuity, facilitating an
assessment of whether forecasting performance generalises beyond the two
flagship cryptocurrencies. Together, these three assets provide a balanced and
representative sample of the cryptocurrency market. The dataset comprises
time series for three leading cryptocurrencies—BTC, ETH, and LTC—alongside
a range of macro-financial indicators that are used as potential predictors in
the multivariate model configurations. All financial and macroeconomic data
were retrieved from Investing.com, while additional background information
on cryptocurrencies was sourced from CoinMarketCap.

While the analysis relies on spot market data from cryptocurrency exchang-
es, itisimportant to note that the investment landscape evolved substantially
during 2021-2024 with the introduction and rapid expansion of exchange-trad-
ed products (ETFs/ETNs) tracking BTC and ETH on regulated exchanges such
as XETR, XLON, XNAS, XNYS, and XWAR. These instruments attract a broader
and more heterogeneous investor base and may follow distinct patterns in
price discovery and volatility transmission. As they fall outside the scope of
this study, the empirical results should be interpreted as reflecting the dynam-
ics of spot markets rather than the behaviour of regulated exchange-traded
cryptocurrency products.

Cryptocurrency-specific variables include daily closing prices, high—low price
spreads, and trading volumes. These were transformed to logarithmic returns
to stabilise variance and approximate stationarity. Volatility proxies were con-
structed as the natural logarithm of the daily high—low spread. The macro-fi-
nancial variables incorporated into the analysis include the US 5-year credit
default swap index (CDS_5y), the STOXX Europe 600 Index (ES_600), the Dow
Jones US Gold Mining Index (GLD), the Nikkei 225 Index (NK225), the S&P 500
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Index (SP500), the Dow Jones Commodity Index — Silver Subcomponent (SV),
and the CBOE Volatility Index (VIX). These indicators were selected to reflect
global equity market conditions, credit risk perceptions, commodity market
dynamics, and investor sentiment. To address non-stationarity, most of the fi-
nancial variables were transformed using the first difference of their logarithmic
values. The selection of macro-financial predictors was guided by established
categories that capture global risk sentiment (VIX), equity market conditions
across major regions (S&P 500, STOXX Europe 600, Nikkei 225), commodity-re-
lated hedging channels (Gold Mining Index, Silver Subindex), and credit risk
perceptions (US 5-year CDS). These variables are standard benchmarks in the
short-horizon forecasting literature and serve to represent broad asset-class
linkages without overwhelming the model with highly collinear predictors.
Indicators such as NASDAQ, the US Dollar Index, interest rates or inflation
measures were not included because they convey information that is strongly
correlated with the equity and credit indices already present, increasing the
risk of overfitting in daily-frequency models. Similarly, on-chain data (e.g., hash
rate, transaction fees, miner revenue) were excluded to maintain a consistent
daily sampling frequency and to ensure comparability across assets, but their
incorporation presents a valuable extension for future research.

The forecasting framework comprises univariate and multivariate models.
Univariate specifications include an AR(1) benchmark, a full Kitchen Sink (KS)
regression with macro-financial and crypto-specific predictors, a reduced KS-
noregr model excluding macro-financial variables, and an Avg forecast com-
bining KS and KS-noregr. The multivariate set consists of a benchmark AR(1)
estimated separately (M1), a VAR(3) capturing cross-asset dynamics (M2),
a VAR with endogenous volatility proxies based on high—low spreads (M3),
and a VARX(3) incorporating macro-financial variables as exogenous inputs
(M4). All models are estimated using an expanding-window scheme to ap-
proximate real-time forecasting and limit overfitting.

2.2. Forecasting strategy and evaluation metrics

The analysis evaluates two types of forecasts: point forecasts, which es-
timate the conditional expectation of returns, and density forecasts, which
provide the full predictive distribution. Forecasts are generated for one- to
seven-day horizons (h = 1to h=7), and the performance of each model is as-
sessed using both point and density forecast accuracy measures.

Point forecasts are evaluated using the following metrics: mean squared
error (MSE) measures the average squared difference between forecasted
and actual returns. It penalises larger forecast errors more heavily due to
squaring, which makes it particularly sensitive to outliers. Mean absolute de-
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viation (MAD) calculates the average absolute difference between forecasted
and actual values. MAD also serves as an alternative to MSE due to its lower
sensitivity to outliers. This metric provides a more robust evaluation by treat-
ing all forecast errors equally. The mean absolute error (MAE) calculates the
average absolute difference between the predicted and the actual values,
treating all errors equally regardless of their direction. A lower MAE value in-
dicates a more accurate forecasting model. In contrast to metrics such as the
mean squared error (MSE), MAE is less sensitive to large individual errors and
is thus more robust to the presence of outliers.

Density forecasts are assessed using the Log Score (LS). It measures how well
the forecasted distribution assigns probability to the observed outcome. Given
the heavy-tailed nature of cryptocurrency returns and the presence of extreme
downside events, the evaluation framework is extended to include tail-sensi-
tive risk measures. In addition to symmetric loss functions and the Log Score,
we compute one-sided left-tail Value at Risk (VaR) and Expected Shortfall (ES)
atthe 5% and 1% significance levels. Predictive distributions are approximated
using the same parametric assumptions adopted for density forecasts, ensur-
ing internal consistency across evaluation criteria. VaR forecasts are assessed
using unconditional and conditional coverage tests, while ES accuracy is eval-
uated on exceedance days. This extension allows the forecast comparison to
explicitly account for downside risk characteristics that are central to cryptocur-
rency markets. To compare forecasting models statistically, the study employs
two formal evaluation procedures. The Diebold—Mariano (DM) test (Diebold
& Mariano, 1995) examines the null hypothesis of equal forecast accuracy be-
tween two competing models. This test is applied separately for MSE (point
forecasts) and LS (density forecasts). The Model Confidence Set (MCS) proce-
dure (Hansen et al., 2011) identifies the subset of models that are statistically
indistinguishable in performance at a given confidence level. The procedure
iteratively removes the least accurate model until the null hypothesis of equal
predictive accuracy can no longer be rejected. Together, these metrics and sta-
tistical tests provide a rigorous framework for evaluating model performance
across both forecast horizons and evaluation dimensions.

3. Empirical results

3.1. Univariate forecast evaluation

This subsection assesses out-of-sample point forecast accuracy of four
univariate models—AR(1), KS, KS-noregr, and Avg—applied to BTC, ETH,
and LTC using an expanding window over horizons from h =1 to h = 7.
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Performance is evaluated using MSE, with AR(1) as the benchmark, KS in-
cluding all predictors, KS-noregr restricting attention to autoregressive and
crypto-specific variables, and Avg combining KS and KS-noregr forecasts,
allowing the incremental value of macro-financial information and model
complexity to be assessed.

As shown in Table 1, the AR(1) benchmark performs robustly for Bitcoin
and Ethereum across all horizons, while the full KS specification systemati-
cally underperforms, consistent with overfitting from noisy macro-financial
predictors. In contrast, the parsimonious KS-noregr and Avg models dom-
inate KS and, particularly for Ethereum and Litecoin, often match or out-
perform AR(1). The Model Confidence Set applied to MSE excludes KS for
all assets and retains AR(1), KS-noregr, and Avg, while Diebold—Mariano
tests yield few significant differences but remain directionally consistent
with these results.

Table 1. Mean squared error for univariate models (in %)

| 1 | 2 | s | a | s | & | 7
Bitcoin
AR1 6.11 6.02 6.01 6.01 6.03 6.03 6.04
KS 6.20 6.13 6.13 6.16 6.16 6.16 6.15
KS-noregr 6.12 6.07 6.09 6.08 6.10 6.07 6.12
Avg 6.12 6.07 6.09 6.08 6.10 6.07 6.12
Ethereum
AR1 7.78 7.62 7.60 7.62 7.64 7.66 7.68
KS 7.99 7.81 7.81 7.86 7.87 7.92 7.93
KS-noregr 7.77 7.62 7.58 7.64 7.63 7.68 7.67
Avg 7.77 7.62 7.58 7.64 7.63 7.68 7.67
Litecoin
AR1 10.91 10.53 10.48 10.51 10.53 10.55 10.57
KS 11.12 10.96 10.96 10.99 10.99 11.05 11.03
KS-noregr 10.79 10.65 10.50 10.55 10.47 10.54 10.47
Avg 10.78 10.65 10.50 10.55 10.47 10.54 10.47

Source: own work.

In addition to MSE, Table 2 presents the mean absolute deviation (MAD),
which provides a complementary view of forecast accuracy. The results broad-
ly confirm the MSE findings: KS-noregr and Avg yield lower errors than KS,
with particularly strong performance for Litecoin.
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Table 2. Mean absolute deviation over the forecast horizon (%)

| 1 | 2 | 3 | a | s | & | 7
Bitcoin
AR1 1.72 1.71 1.69 1.69 1.71 1.71 1.71
KS 1.75 1.74 1.73 1.74 1.74 1.74 1.74
KS-noregr 1.71 1.70 1.70 1.70 1.70 1.70 1.70
Avg 1.71 1.69 1.70 1.70 1.69 1.69 1.69
Ethereum
AR1 1.89 1.86 1.86 1.86 1.87 1.87 1.87
KS 1.93 1.91 1.91 1.92 1.92 1.93 1.93
KS-noregr 1.89 1.87 1.87 1.87 1.87 1.88 1.87
Avg 1.89 1.87 1.87 1.87 1.87 1.88 1.87
Litecoin
AR1 2.22 2.18 217 217 2.17 2.18 2.18
KS 2.24 2.22 2.21 2.22 2.22 2.23 2.22
KS-noregr 2.22 2.20 2.22 2.20 2.20 2.22 2.19
Avg 2.22 2.20 2.22 2.20 2.20 2.22 2.19

Source: own work.

Diebold—Mariano tests indicate that differences in point forecast accuracy
are generally not statistically significant; the only significant improvement over
AR(1) occurs for Litecoin at horizon h = 2 using the full KS model (p = 0.0439).
Predictor relevance analysis shows consistent patterns across assets: ES600 is
the most influential macro-financial predictor for Bitcoin and Ethereum, along-
side strong autoregressive spillovers—particularly from Bitcoin to Ethereum—
while Litecoin is primarily driven by lagged returns of Bitcoin and Ethereum,
with a secondary role for the S&P 500. Rankings based on coefficient magni-
tude corroborate these findings, reinforcing the hierarchical structure of in-
fluence within the cryptocurrency market.

Turning to density forecasts, Table 3 reports the Log Score (LS) values for
each univariate model. The KS model consistently achieves the lowest LS val-
ues for all three cryptocurrencies, suggesting superior probabilistic accuracy.
These improvements, however, are not always confirmed as statistically sig-
nificant by the DM test.

The Model Confidence Set (MCS) procedure applied to Log Score losses
yields a differentiated picture across assets. For Bitcoin, only the AR(1) bench-
mark remains in the superior set, confirming its robustness in probabilistic
forecasting. In contrast, for Ethereum and Litecoin, the KS-noregr and Avg
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Table 3. Log Score (LS) of univariate models over the forecast horizon

n | 1 | 2 | s | & | s | s | 7
Bitcoin
AR1 837.31 837.88 835.95 833.34 830.52 828.25 825.53
KS 834.24 834.30 832.00 828.81 826.75 824.29 822.49

KS-noregr 836.92 836.14 833.28 831.36 828.43 826.93 823.13

Avg 836.92 | 836.14 | 833.28 | 831.36 | 828.43 | 826.93 | 823.13
Ethereum

AR1 792.84 | 794.53 | 79292 | 790.13 | 787.48 | 784.95 | 782.20

KS 787.88 789.95 787.90 784.46 782.25 778.91 776.45

KS-noregr 793.12 794.53 793.40 789.81 787.85 784.48 782.51

Avg 793.12 794.53 793.40 789.81 787.85 784.48 782.51
Litecoin

AR1 730.83 735.28 734.14 731.79 729.34 726.92 724.68

KS 726.24 728.08 726.06 723.49 721.39 718.53 716.91

KS-noregr 732.94 733.33 733.83 730.95 730.28 727.10 726.38

Avg 732.94 733.33 733.82 730.95 730.28 727.10 726.38

Source: own work.

specifications are retained, while the full KS model is consistently excluded
due to its statistical instability. Taken together, these findings indicate that uni-
variate models centred on crypto-specific information—lagged returns and
high—low volatility proxies—offer more reliable density forecasts than spec-
ifications that indiscriminately incorporate macro-financial variables, whose
short-term predictive contribution appears limited.

To account for the heavy-tailed nature of cryptocurrency returns and the
presence of extreme downside events, the forecast evaluation is extended
to include tail-sensitive risk measures. Table 4 reports one-day-ahead Value
at Risk (VaR) and Expected Shortfall (ES) backtesting results at the 5% and 1%
significance levels for all univariate specifications. In line with the point and
density forecast results, the AR(1) benchmark and the parsimonious KS-noregr
model exhibit the most stable tail-risk performance across assets. Their em-
pirical exceedance rates are close to nominal levels, and both unconditional
and conditional coverage tests generally fail to reject correct calibration. By
contrast, the full Kitchen Sink (KS) specification displays weaker tail behaviour,
particularly for Ethereum, where violations cluster over short horizons, lead-
ing to rejections of conditional coverage despite acceptable average accuracy.
This indicates that the inclusion of broad macro-financial predictors may de-
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teriorate tail-risk properties even when symmetric error metrics or Log Scores
suggest comparable performance. Overall, tail-focused diagnostics reinforce
the central finding of this study: parsimonious autoregressive structures and
cryptocurrency-specific information deliver more robust short-term forecasts,
not only in terms of average accuracy but also with respect to downside risk.

Table 4. VaR and ES backtesting results for one-day-ahead forecasts

Asset Model V:?t ?)% CC p-value VaR(;T hit CC p-value | ES tail loss
BTC AR(1) 4.6 0.44 1.9 0.26 low
BTC KS 5.7 0.26 1.9 0.26 medium
BTC KS-noregr 4.6 0.44 1.9 0.26 low
ETH AR(1) 4.4 0.92 0.8 0.92 low
ETH KS 6.0 0.02 0.5 0.63 high
ETH KS-noregr 4.4 0.92 0.8 0.92 low
LTC AR(1) 4.1 0.75 1.4 0.75 low
LTC KS 4.4 0.43 1.4 0.75 medium
LTC KS-noregr 4.6 0.44 14 0.75 low

Source: own work.

3.2. Multivariate forecast evaluation

As shown in Tables 5 and 6, the benchmark AR(1) specification (M1) attains
the lowest MSE and MAE at most horizons, while the VAR(3) model (M2) per-
forms similarly without systematic gains. Adding endogenous volatility proxies
(M3) yields only marginal and statistically insignificant improvements at longer
horizons, whereas the VARX(3) model with macro-financial predictors (M4) con-
sistently underperforms, particularly beyond h = 4, indicating limited short-term
forecasting gains from cross-asset spillovers or macroeconomic information.

Table 5. Mean squared error for multivariate models (in %)

h 1 2 3 4 5 6 7
M1 5.58 6.45 7.25 8.16 9.44 11.00 13.71
M2 5.84 6.57 7.34 8.13 9.43 11.01 13.74
M3 6.11 8.84 7.90 8.35 9.55 11.02 13.72
M4 6.93 8.13 9.38 10.61 12.37 14.34 17.86

Source: own work.
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The Diebold—Mariano test for MSE does not yield statistically significant
results. For the model comparisons, the null hypothesis of equal predictive
accuracy between AR(1) and alternative specifications could not be rejected
at the 5% significance level. The Model Confidence Set procedure indicates
that M1 belongs to the Superior Set of Models at a 10% confidence level, us-
ing MSE as the loss metric. M2 and M3 occasionally join the set, particularly
at short-term horizons. M4 is regularly eliminated due to its limited predic-
tive contribution in this setup.

Table 6. Mean absolute error for multivariate models (in %)

h 1 2 3 4 5 6 7
M1 143 1.59 1.74 1.87 2.06 2.27 2.73
M2 1.51 1.63 1.79 1.85 2.06 2.25 2.73
M3 1.63 1.98 1.99 1.96 213 2.27 2.73
M4 1.75 1.94 2.24 2.43 2.78 3.04 3.65

Source: own work.

Diebold—Mariano tests based on MAE confirm that M1 consistently out-
performs M4 across horizons, while horizon h = 7 yields no significant results
due to limited observations. Simpler models (M1 and M2) provide more re-
liable short-term forecasts, and MCS results for MAE mirror those for MSE,
with M1 and M2 retained in the superior set at the 10% level. Density fore-
cast results (Table 7) further show strong AR(1) performance in terms of Log
Score; although M3 and M4 occasionally improve scores at longer horizons,
these gains are modest and statistically insignificant.

Table 7. Log Score (LS) of multivariate models over the forecast horizon

h 1 2 3 4 5 6 7
M1 2.30 2.56 221 2.17 2.10 2.02 1.87
M2 1.83 1.82 181 1.80 1.78 1.76 1.72
M3 1.86 1.75 1.78 1.77 1.75 1.74 1.71
M4 1.80 1.81 1.80 1.77 1.76 1.75 1.72

Source: own work.

Table 8 provides a breakdown of Log Scores for each cryptocurrency.
Notably, Bitcoin consistently achieves higher predictive accuracy compared
to Ethereum and Litecoin across all model specifications. The decline in Log
Scores across forecast horizons reflects the increased difficulty of making
longer-term predictions in volatile markets.
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Table 8. Log Score (LS) for multivariate models over the forecast horizon
for each cryptocurrency

n | 1 | 2 | 3 | 2 | s | & | 7
Bitcoin
M1 2.53 2.50 2.47 2.44 2.39 2.33 2.22
M2 1.98 1.98 1.96 1.95 1.94 1.92 1.89
M3 2.05 1.93 1.92 191 1.91 191 1.88
M4 1.95 1.96 1.95 1.92 1.93 1.92 1.89
Ethereum
M1 2.26 2.21 2.17 2.12 2.05 1.94 1.79
M2 1.79 1.79 1.78 1.77 1.75 1.72 1.68
M3 1.86 1.69 1.75 1.75 1.73 1.71 1.68
M4 1.77 1.77 1.77 1.73 1.73 1.71 1.69
Litecoin
M1 2.17 2.05 2.00 1.94 1.86 1.76 1.61
M2 1.72 1.70 1.68 1.67 1.65 1.62 1.58
M3 1.66 1.62 1.64 1.64 1.62 1.61 1.57
M4 1.69 1.69 1.68 1.65 1.64 1.63 1.58

Source: own work.

The Diebold—Mariano test results at the 5% significance level point out that
the M1 consistently exhibits statistically superior predictive performance com-
pared to the other models across short to medium forecast horizons (h1-h5).
At longer forecast horizons (h6—h7), however, the model’s predictive accuracy
differences become statistically insignificant, suggesting an increase in fore-
cast uncertainty. Detailed Diebold—Mariano test p-values for pairwise model
comparisons across horizons and loss functions are reported in Appendix A.

The Model Confidence Set analysis also confirmed that only AR(1) con-
sistently provided superior predictive accuracy across Bitcoin, Ethereum, and
Litecoin returns. More complex models, such as VAR and VARX, were elim-
inated from the superior set at a 10% significance level, indicating that ad-
ditional variables or model complexity did not yield better forecast perfor-
mance in this application.

Figure 1 illustrates the cumulative Log Score differences for each model
relative to the AR(1) benchmark. Positive values indicate better performance.
M2 and M3 show minor gains at longer horizons, but M1 remains dominant
across most horizons.

The analysis of cumulative adjusted Log Scores indicates that the base-
line model M1 consistently outperforms its competitors across all forecast
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horizons, showing the most significant lead at shorter horizons. In contrast,
models M2 and M3 exhibit lower predictive accuracy, especially for short-
term forecasts. Model M4 shows some competitiveness at medium horizons
but does not consistently surpass M1. As the forecast horizons extend, the
errors increase, and the performance gaps between models narrow, though
M1 still retains a slight edge.

4. Discussion

The dominance of the AR(1) benchmark and closely related crypto-specific
linear specifications aligns with economic evidence suggesting that short-hori-
zon cryptocurrency returns are driven primarily by sentiment, momentum,
and market microstructure rather than by macro-financial fundamentals.
Bibliometric studies indicate that speculative behaviour, attention cycles and
regime shifts play a central role in shaping price dynamics (Jalal et al., 2025;
Yue et al., 2021). In such environments, additional predictors often introduce
noise rather than signal, limiting the gains from complex multivariate struc-
tures. The weak and unstable contribution of macro variables is consistent with
findings that cryptocurrencies exhibit low and highly time-varying integration
with traditional financial assets, particularly during stress periods (Alqudah et
al., 2023), including pandemic-related episodes, in which the safe-haven and
diversification properties of cryptocurrencies appear regime-dependent and
unstable (Barbu et al., 2022). Deep learning reviews also note that model so-
phistication cannot fully overcome structural instability and noisy patterns at
daily frequencies (J. Zhang et al., 2024). Together, these mechanisms provide
an economic interpretation for the strong performance of parsimonious lin-
ear specifications observed in this study. The limited contribution of macro-fi-
nancial variables in our setting should not be interpreted as evidence of their
irrelevance, but rather as a reflection of the low signal-to-noise ratio at daily
horizons and the strong collinearity among global risk and equity indicators.
More granular predictors—such as on-chain activity measures—may capture
additional structure, but incorporating them requires a dedicated modelling
framework beyond the scope of the present benchmark study.

From the perspective of the current forecasting frontier, non-linear and
deep learning approaches are natural candidates to capture residual non-lin-
earities and complex interactions that lie beyond linear dynamics. In this study,
however, we treat linear models as economically interpretable benchmarks
under stress conditions, so that subsequent work can evaluate whether ad-
ditional complexity in non-linear or deep learning frameworks delivers sta-
ble and economically meaningful gains over these baselines. Accordingly, the
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contribution of this paper lies in establishing a rigorous post-2020 benchmark
for linear time-series models rather than proposing a new state-of-the-art
non-linear forecasting architecture.

The results should not be interpreted as evidence that cryptocurrency mar-
kets were more forecastable than other assets during this turbulent period.
The small and often insignificant performance differentials between models
mirror the widespread forecasting failures observed in institutional macro-
economic and financial projections, and indicate that, under such conditions,
added econometric complexity yields no meaningful gains over parsimonious
autoregressive benchmarks.

The empirical results indicate that parsimonious models based on autore-
gressive dynamics and crypto-specific indicators outperform more complex
specifications at short horizons. The AR(1) model exhibits stable performance
across all assets, while the full Kitchen Sink (KS) specification suffers from
overfitting, particularly for Bitcoin and Ethereum. By contrast, the reduced
KS-noregr model performs comparably to or better than AR(1) in both point
and density forecasts. These findings are consistent with Campbell et al. (1997)
and Catania et al. (2018), who document the limited short-term forecasting
gains from macro-financial predictors.

The multivariate results confirm the dominance of the AR(1) benchmark,
which consistently matches or outperforms VAR and VARX models across ho-
rizons. Gains from adding volatility proxies or macro-financial variables are
generally marginal and statistically insignificant; while the VAR with high—low
spreads (M3) shows occasional improvements at medium horizons, the VARX
specification (M4) underperforms. These findings are consistent with Casarin
et al. (2015) and Corbet et al. (2018), who document the horizon-depend-
ent and often weak short-run predictive contributions of external financial
information.

Probabilistic evaluation using the Log Score shows that while the KS mod-
el occasionally improves density forecasts—particularly for Ethereum—these
gains are rarely statistically significant and are not confirmed by the Model
Confidence Set, whereas AR(1) is consistently retained in the superior set. This
robustness of simple autoregressive models is consistent with the findings
of Adhikari and Agrawal (2014), especially in noisy financial environments.

These results are consistent with prior evidence emphasising the impor-
tance of parsimony and domain-specific model design in financial forecasting
(Mills & Markellos, 2008; Sezer et al., 2020). In highly volatile and structur-
ally unstable cryptocurrency markets (Bouoiyour et al., 2015; Sewell, 2011),
complex models with noisy external predictors may reduce short-term accu-
racy, while the relevance of macro-financial variables is likely horizon- and tar-
get-dependent. This interpretation aligns with Baillie et al. (1996) and Jiang
(2021), who show that non-linear and long-memory effects are more effec-
tively captured over longer samples or for alternative targets such as volatil-
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ity. Moreover, the limited gains from macro-financial variables in this study
should be interpreted in light of the increasingly time-varying and regime-de-
pendent integration of cryptocurrency markets with traditional financial sys-
tems. Recent evidence indicates that, particularly since 2020, cryptocurren-
cies have become more strongly correlated with major equity indices—espe-
cially technology stocks—and US macroeconomic conditions, although this
integration remains unstable and horizon-dependent (Watorek et al., 2023).

5. Limitations and avenues for further research

This study has several limitations that should be considered when inter-
preting the results. Firstly, the analysis is restricted to three major crypto-
currencies—Bitcoin, Ethereum, and Litecoin—over the period 2020-2024.
The findings may therefore not generalisable to smaller tokens, stablecoins,
or other digital assets with different market structures and liquidity condi-
tions. Secondly, the dataset coincides with major regime shifts, including the
COVID-19 aftermath, geopolitical tensions and the global inflation surge, which
may have introduced structural breaks that the expanding-window approach
does not fully capture. Since the study does not include a comparison with
the more tranquil pre-2020 period (e.g., 2015-2019), we cannot formally as-
sess whether the dominance of parsimonious models persists across differ-
ent volatility regimes. Thirdly, the use of aggregated data sources may involve
measurement errors. In particular, mismatches between continuous crypto-
currency trading and macro-financial indicators with business-day frequency
could lead to timing inconsistencies. The analysis does not incorporate reg-
ulated exchange-traded products (ETFs/ETNs) that have emerged as major
investment vehicles for BTC and ETH since 2021. Because these instruments
may differ from spot markets in terms of volatility transmission, liquidity and
investor composition, the generalisability of the results to the ETF/ETN seg-
ment is inherently limited. Fourthly, the study evaluates only linear and rela-
tively simple models (AR(1), VAR, VARX, KS). Within this set, the autoregressive
benchmark is restricted to an AR(1) specification; more flexible but still par-
simonious time-series models such as AR(p), ARIMA, HAR-RV or GARCH-type
frameworks are not explored. This restriction is deliberate: the objective is to
establish a well-understood linear benchmark for the turbulent 2020-2024
period rather than to propose a new state-of-the-art forecasting architecture.

Consequently, the conclusion that the AR(1) benchmark outperforms
more complex specifications should be interpreted as conditional on the re-
stricted class of models considered here, and future research should assess
whether alternative low-dimensional autoregressive or volatility models can
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match or surpass this baseline. Fifthly, forecasts are based on daily data and
do not account for intraday patterns, transaction costs, or exchange hetero-
geneity, which limits their practical applicability to trading strategies. Sixthly,
the forecasting horizons examined in this study are deliberately restricted to
short-term windows (1-7 days). While this design is appropriate for evaluat-
ing high-frequency return predictability, it may limit the ability of multivariate
and VARX-type models to demonstrate their strengths. Macro-financial vari-
ables typically operate through slower transmission channels and may exert
influence over medium- or long-term horizons rather than at daily frequen-
cies. As a result, the finding that macroeconomic predictors provide limited
incremental value should be interpreted as conditional on these short hori-
zons and not more broadly as evidence of their irrelevance. Extending the
analysis to multi-week or multi-month horizons would allow future research
to assess whether the predictive contribution of macro-financial information
increases when the forecast window aligns more closely with the underlying
economic adjustment dynamics. Finally, the reliance on standard evaluation
metrics may inadequately reflect tail risk and economic significance; accord-
ingly, the findings should be regarded as indicative rather than conclusive.

Conclusions

This study assesses the short-term forecasting performance of univariate
and multivariate time series models for daily returns of Bitcoin, Ethereum, and
Litecoin over 2020-2024, comparing autoregressive benchmarks with more
complex specifications using standard point and density evaluation metrics
supported by formal statistical inference. The findings lead to some conclu-
sions. Firstly, the AR(1) specification provides a well-performing baseline for
cryptocurrency return forecasting within the linear model class considered.
Their consistent inclusion in the superior model sets across assets and hori-
zons underscores their robustness, particularly at short horizons. Secondly,
incorporating cryptocurrency-specific variables—especially lagged returns
and high—low volatility spreads—yields modest but tangible improvements
in forecast accuracy. The reduced Kitchen Sink model (KS-noregr), which fo-
cuses on these domain-relevant predictors, frequently outperformed more
elaborate specifications, especially for Ethereum and Litecoin. Thirdly, com-
plex multivariate models that integrate macro-financial variables (e.g., VARX)
did not systematically enhance forecast accuracy. In several cases, the inclu-
sion of exogenous predictors reduced predictive performance, reflecting is-
sues of overfitting and the limited short-term relevance of macroeconomic
signals for cryptocurrency prices. These results are consistent with prior re-
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search indicating that digital asset returns are driven more by endogenous
momentum and speculative trading than by traditional financial indicators
in the short run (Bouoiyour et al., 2015; Conlon et al., 2021; Corbet et al.,
2018). Fourthly, density forecasts highlighted some advantages of the full KS
model, particularly for Ethereum, but these gains were inconsistent and of-
ten lacked statistical significance. By contrast, the AR(1) model demonstrated
stable performance across both point and density evaluations, reinforcing the
value of parsimonious structures. Overall, within the turbulent post-2020 en-
vironment analysed here and within the set of linear models considered, the
evidence suggests that parsimony combined with careful variable selection
is more effective for short-term cryptocurrency forecasting than additional
model complexity. While non-linear and machine learning models may offer
gains over longer horizons or alternative targets (e.g., volatility or tail risk),
the results confirm the practical relevance of autoregressive dynamics and
crypto-specific features. The study provides a unified benchmarking of parsi-
monious autoregressive baselines against kitchen-sink and VAR/VARX models
using formal inference (Diebold—Mariano; Model Confidence Set), clarifying
the incremental value of crypto-specific versus macro-financial predictors.
Consistent with recent reviews (Jalal et al., 2025; Yue et al., 2021; C. Zhang
etal., 2024), the evidence shows that parsimony dominates at daily horizons,
establishing transparent and economically interpretable benchmark models
and motivating future extensions using high-frequency, on-chain, and non-lin-
ear or ensemble frameworks.

From a practical perspective, the findings suggest that parsimonious au-
toregressive and crypto-specific models account for well-performing tools
for short-term forecasting and risk management, while the limited short-run
predictive role of macro-financial variables implies that regulatory risk as-
sessments should focus more on market microstructure, speculative behav-
iour, and crypto-specific volatility dynamics than on broad macroeconomic
indicators.
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Appendix
Table Al. Mean Squared Error (MSE)
Asset Horizon AR(1) vs KS K’;'_‘gl:; AR(1) vs Avg
BTC h=1 0.4321 0.6814 0.5178
BTC h=3 0.0847 0.2941 0.1736
BTC h=7 0.0632 0.2119 0.0915
ETH h=1 0.3884 0.7442 0.6017
ETH h=3 0.0173 0.5628 0.0419
ETH h=7 0.0191 0.4896 0.0384
LTC h=1 0.5176 0.8092 0.6931
LTC h=3 0.1412 0.6034 0.2289
LTC h=7 0.0924 0.4187 0.1561
Source: own work.
Table A2. Log Score (LS)
Asset Horizon AR(1) vs KS KAsl-zrfi)r:;r AR(1) vs Avg
BTC h=1 0.4762 0.7028 0.6115
BTC h=3 0.0819 0.3314 0.0976
BTC h=7 0.0687 0.2885 0.0894
ETH h=1 0.4027 0.7619 0.5842
ETH h=3 0.0236 0.5941 0.0498
ETH h=7 0.0214 0.5237 0.0441
LTC h=1 0.5381 0.8124 0.7016
LTC h=3 0.1597 0.6472 0.2443
LTC h=7 0.0886 0.4593 0.1698

Source: own work.
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This study compares the relationships between Bitcoin
and Ethereum’s energy consumption and price dynam-
ics. Using daily frequency data, Augmented Dickey—Fuller
(ADF), Phillips—Perron (PP), ARDL cointegration tests, and
Toda—Yamamoto causality analysis were applied to evalu-
ate the effects of cryptocurrency markets on energy de-
mand from both short-term and long-term perspectives.
The results indicate that there is a long-term cointegration
relationship between energy consumption and prices for
Bitcoin, and also unidirectional causality from prices to en-
ergy consumption. In contrast, ARDL boundary test results
for Ethereum revealed no long-term relationship, and cau-
sality analysis also failed to detect any directional causality
between price and energy consumption. This indicates that
with Ethereum’s transition to a Proof-of-Stake mechanism,
energy consumption has become independent of price
movements. The findings reveal that the effects of crypto-
currency markets on the energy economy vary according
to technology-specific structural characteristics.
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Introduction

Cryptocurrencies, particularly since the emergence of Bitcoin (BTC) in 2009,
have become a central topic in financial markets, the technology sector, and
public policy debates. Although the distributed ledger technologies provided
by cryptocurrencies are attractive due to their potential to reduce intermedi-
ary costs and enable decentralised payments, their energy and environmen-
tal costs have become a focus for both academic circles and policymakers in
recent years. Due to the computationally intensive nature of Proof-of-Work
(PoW) mining mechanisms, numerous studies have estimated the energy con-
sumption of the Bitcoin network and the associated carbon emissions to be
high. For example, De Vries (2018) demonstrated that the Bitcoin network
has a significant electricity demand, and subsequent detailed calculations re-
vealed that Bitcoin mining’s annual electricity consumption could run to tens
of thousands of GWh (De Vries, 2018; Stoll et al., 2019). Methodological stud-
ies on this subject emphasise that energy consumption estimates can vary
significantly depending on the calculation method used and therefore high-
light the need for both upper and lower band estimates and transparent data
sources (CCAF, 2025; Gallersdorfer et al., 2020).

The price behaviour of cryptocurrency markets has also been studied ex-
tensively in academic literature. Early studies showed that cryptocurrencies
are highly volatile assets exhibiting bubble tendencies and possessing price
dynamics distinct from traditional assets (Cheah & Fry, 2015). Subsequent
empirical analyses point to both short-term speculative movements and long-
-term structural changes in cryptocurrency prices; furthermore, it has been
reported that volatility dependencies between cryptocurrency markets are
increasing (Bouri et al., 2020; Koutmos, 2018).

The direct empirical link between energy consumption and crypto prices
is more limited in the literature, but some studies have found co-movement
and causality between the hashrate (the network’s processing power) and
prices at the time-frequency level. For example, studies examining the time-
-frequency relationships between hashrate, energy inputs, and prices have
shown that energy costs and mining profitability can have both short- and
long-term effects on prices (Das & Dutta, 2020; Fantazzini & Kolodin, 2020;
Rehman & Kang, 2021). Although these findings are largely consistent, com-
prehensive comparisons of energy consumption indices with direct cryptocur-
rency price time series—particularly those using cointegration and causality
frameworks—remain relatively scarce in the literature (Das & Dutta, 2020;
Qin, 2023; Rehman & Kang, 2021).

Therefore, comprehensively testing the relationship between energy con-
sumption indicators and the price dynamics of major crypto assets such as
Bitcoin (BTC) and Ether (ETH) offers unique contributions to both financial
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economics and environmental policy discussions. Importantly, Ether refers to
the crypto asset, while Ethereum denotes the underlying blockchain technol-
ogy (EU Blockchain Observatory and Forum, 2023). Ether is included not to
replicate Bitcoin’s energy—price dynamics, but to serve as a benchmark case
illustrating how transitioning the Ethereum network from Proof-of-Work to
Proof-of-Stake (PoS) can fundamentally alter—and potentially eliminate—the
link between market prices and energy consumption.

This study contributes to the growing literature on cryptocurrency energy
economics in several important ways. Firstly, unlike most existing studies that
focus primarily on Bitcoin, this paper provides a comparative analysis of Bitcoin
and Ether within a unified econometric framework, allowing for a direct as-
sessment of how different consensus mechanisms shape the price-energy rela-
tionship. Secondly, by jointly applying ARDL cointegration and Toda—Yamamoto
causality tests, the study disentangles long-run equilibrium relationships from
short-run causal dynamics. Thirdly, the findings offer post-Merge empirical evi-
dence showing that Ethereum’s transition to Proof-of-Stake has fundamentally
altered the interaction between energy consumption and market prices. These
results extend the literature by demonstrating that the energy—price nexus in
cryptocurrencies is technology-specific rather than universal, with important
implications for sustainability-oriented blockchain design.

Accordingly, this study empirically examines the long- and short-term re-
lationships between cryptocurrency prices and energy consumption within
a formal hypothesis-testing framework. In pursuit of this objective, the paper
first defines the data set and variables, then applies unit root and cointegration
tests (ADF, PP, and ARDL-bounds) as well as Granger (1969) Toda—Yamamoto
causality analyses to identify potential long-term and directional linkages. The
remainder of the paper is organised as follows: Section 1 reviews the rele-
vant literature, Section 2 outlines the data and methodology, Section 3 pre-
sents the empirical results, and the final Section discusses the findings and
draws conclusions, including the implications for policy and future research.

1. Literature review

Two main lines of research on cryptocurrencies stand out in the literature:
(1) the energy consumption and environmental impacts of mining; (2) cryp-
tocurrency price dynamics, volatility, and market linkages. This strand is dis-
cussed here in the context of crypto-energy interactions, as price dynamics
and volatility directly affect mining incentives and energy demand.

In his study, de Vries (2018) focused on the energy consumption of Bitcoin
mining and quantitatively assessed the contribution of the Proof-of-Work
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mechanism to the growing demand for electricity. He presented the concerns
frequently voiced in public regarding the Bitcoin network’s energy consump-
tion with concrete data and computational approaches. He particularly em-
phasised the energy intensity of mining activities and its increase over time.
This study is one of the first significant contributions that regularly brings
the energy dimension of crypto mining into the academic research agenda.

Gallersdorfer et al. (2020) took a broader perspective, examining the en-
ergy consumption not only of Bitcoin but also of various other cryptocurren-
cies. This study demonstrated that other crypto assets besides Bitcoin are also
significant in terms of energy consumption and that similar energy problems
exist for many Proof-of-Work-based tokens. It also highlighted the limitations
of the estimation methods used.

Kumar and Anandarao (2019) presented evidence on the time-frequency
level regarding volatility spreads in cryptocurrency markets by combining
GARCH and wavelet analyses. Their findings, particularly that volatility link-
ages change across different time scales (short, medium, long term), demon-
strated the usefulness of wave-based methods in cryptocurrency research.
On the other hand, Bouri et al. (2020), in their study on the volatility struc-
ture of cryptocurrency assets, separated the transient and persistent com-
ponents of volatility and showed how the relationships between volatility
components change during periods of market stress. Such studies are im-
portant for understanding the sources and persistence of volatility in cryp-
tocurrency markets. In another study, Fantazzini and Kolodin (2020) focused
on the relationship between Bitcoin’s hashrate and its price, suggesting that
changes in mining power could be linked to long-term price dynamics. Such
analyses demonstrate that mining activities can indirectly influence market
mechanisms.

Rehman and Kang (2021), meanwhile, identified time-frequency co-
-movement between Bitcoin’s hashrate and energy commodity markets.
This suggests that price changes in energy markets may be indirectly related
to mining costs and, consequently, mining activities. The study is valuable in
that it shows that energy-crypto interactions are influenced not only by local
but also by global energy market conditions. In another study, Das and Dutta
(2020) analysed the relationship between mining revenues and Bitcoin ener-
gy consumption, showing that energy consumption increases as mining prof-
itability rises during periods of high prices. This finding directly supports the
price-energy relationship, strengthening the hypothesis that price increases
energy demand through mining incentives.

Marchewka-Bartkowiak and Wisniewski (2022) examined energy-focused
tokens as financial investment instruments and highlighted the intersection
between energy markets and digital assets. This study emphasises that cryp-
to assets should be examined not only for their financial returns but also for
their energy market and sustainability dimensions, aligning with this study
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that addresses the energy consumption and price dynamics of Bitcoin and
Ether together. In another study, Barbu et al. (2022) examined the safe-haven
function of cryptocurrencies during the COVID-19 period using a threshold
regression approach and found that cryptocurrencies exhibited different be-
havioural patterns depending on market conditions. These findings support
the idea that crypto assets may be sensitive to regimes in terms of both fi-
nancial stability and energy consumption, reinforcing the importance of the
structures examined in our study using ARDL and causality analysis.

In Qin et al.’s (2023) study, the relationship between Bitcoin’s energy con-
sumption and carbon emissions in the US context was empirically examined.
The study found that Bitcoin mining affected US energy consumption and car-
bon emissions during certain periods based on time-series analyses; however,
the magnitude and direction of this impact were shown to vary depending on
electricity generation sources, regional energy market conditions, regulatory
interventions, and seasonal fluctuations in mining activity. This study contrib-
utes to the empirical literature by highlighting that the environmental effects
of crypto mining are not uniform over time and depend on country-specific
energy structures, thereby underlining the importance of contextual factors
in price-energy interaction studies.

The study by Sapra et al. (2024) addressed the non-linear relationships
and causality patterns between Bitcoin energy consumption, price, and the
Crypto Volatility Index. Using time-frequency and causality methods, Sapra
identified the asymmetric effects of price fluctuations on energy consumption,
pointing to the necessity of using non-linear models in price-energy research.

Adewuyi et al. (2024) questioned whether Bitcoin’s electricity consump-
tion and carbon footprint time series conform to the random walk hypothe-
sis. The research showed that energy consumption/CO; series exhibited sur-
prising movements in some periods and that simple random walk assump-
tions are not always valid. In another study by Wang et al. (2024), dynamic
volatility contagion between multiple cryptocurrencies and energy markets
was examined. This study revealed that crypto-energy interactions may be
related not only to direct energy consumption data but also to energy mar-
ket prices and volatility indicators. The findings demonstrate the potential
for macro-level linkages between crypto assets and energy markets and the
need for flexible policies.

The study by Bilirer and Zeren (2024) is noteworthy as an empirical study
centred on Turkey. In this study, Fourier Granger causality and Fourier-ADL
cointegration tests were applied using weekly price, energy consumption, and
CO, emission series for Bitcoin and Ethereum. The results indicated recipro-
cal effects between price and energy/CO, and highlighted how Fourier-based
methods offer approaches beyond the median.

Although the existing literature on cryptocurrencies has expanded rapidly,
it has largely evolved along two parallel strands. The first strand focuses on
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energy consumption and environmental impacts, examining electricity us-
age, carbon emissions, and sustainability concerns associated primarily with
Proof-of-Work-based systems (e.g., De Vries, 2018; Krause & Tolaymat, 2018;
Stoll et al., 2019). The second strand concentrates on price dynamics and mar-
ket behaviour, analysing returns, volatility, and speculative characteristics of
cryptocurrency prices (e.g., Cheah & Fry, 2015; Corbet et al., 2018; Koutmos,
2018). Despite the rich insights provided by both strands, studies that direct-
ly integrate energy consumption indicators with cryptocurrency price series
using cointegration and causality frameworks remain relatively scarce (Das
& Dutta, 2020; Qin et al., 2023; Rehman & Kang, 2021). By jointly examining
energy consumption indices and price dynamics for Bitcoin and Ether within
a unified empirical framework, the present study bridges this gap and contrib-
utes to a more integrated understanding of the economic and environmental
dimensions of cryptocurrency markets.

Both the energy consumption and price dynamics of cryptocurrencies
have attracted considerable attention in the literature; energy-focused stud-
ies quantify the environmental costs of mining, while financial studies pro-
vide in-depth empirical evidence on price volatility, volatility contagion, and
market linkages. However, at the intersection of these two lines of research,
comprehensive studies that systematically address the long-term cointegra-
tion and directional causality relationships between energy consumption in-
dices and cryptocurrency prices are limited. The existing literature has mostly
focused on the hashrate and price relationship or crypto-crypto volatility spill-
overs, and the assessment of the relationships between energy consumption
indices and prices from a cointegration and causality perspective has rarely
been conducted. This study contributes to the literature by testing long-term
equilibrium relationships, short-term adjustment mechanisms, and direction-
al causality between energy consumption indices and cryptocurrency prices,
focusing specifically on Bitcoin (BTC) and the crypto asset Ether (ETH).

2. Dataset and variables

This study uses daily time series data covering the period from 20 May
2017 to 23 October 2025 to examine the long-term relationships and cau-
sality between energy consumption and price dynamics in the Bitcoin (BTC)
and Ether (ETH) markets. The variables of the study are cryptocurrency prices
and energy consumption indicators. Price data for Bitcoin and Ether are ob-
tained from CoinMetrics, while energy consumption indicators are sourced
from the Cambridge Bitcoin Electricity Consumption Index (CBECI) provided
by the Cambridge Centre for Alternative Finance.
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As cryptocurrency markets operate 24/7, the term “closing price” can be
ambiguous. We therefore define the daily price as the data provider’s daily
close (end-of-day) quotation recorded at 00:00 UTC for each calendar day,
following the standard convention used by CoinMetrics. Accordingly, we use
the term “daily close (end-of-day) price” to reflect the continuous trading
structure of cryptocurrencies. The series have been transformed into natural
logarithms, as is common practice in the financial literature. This approach,
which aims to measure the impact of changes in energy consumption on price
formation, has also been adopted in previous studies (Krause & Tolaymat,
2018; Sapra et al., 2024).

The key variables of the study are energy consumption indicators for
Bitcoin and Ethereum. Bitcoin energy consumption data was obtained from
the Cambridge Bitcoin Electricity Consumption Index (CBECI) platform, rec-
ognised as the most comprehensive data source on a global scale; Ethereum
energy consumption data was obtained from the Digiconomist database, cov-
ering the Ethereum Proof-of-Work (PoW) period.

Energy consumption data shows estimated electricity consumption in
terawatt-hours (TWh) or kilowatt-hours (kWh) per day. It is known that ener-
gy consumption indices are not officially reported and are largely modelled
and calculated based on variables such as mining hashrate, hardware energy
efficiency, and geographical distribution (CCAF, 2023). Therefore, although en-
ergy consumption series are based on estimates, the CBECI and Digiconomist
platforms are widely referenced by academic circles (Rehman & Kang, 2021;
Sapra et al., 2024). The variables used in the study are as shown in Table 1.

Table 1. Variable definitions

Variables Definition Period Frequency Source
BTC_P i;fg;';)d;::‘c’:'(%sseé)‘e”d' 2017-2025 daily CoinMetrics
ETH_P E;?Z;S;‘g‘r’lsgo(s‘js(s;‘d 2017-2025 daily CoinMetrics
BTC_E ?:;T)';::Ie;g‘e’;?;v\/h) 2017-2025 daily CBECI
ETH_E Ei‘:;;‘;’: iigi;gmm 2017-2025 daily CBECI

Source: own work.

The “Estimated TWh per Year” series reported under the Cambridge Bitcoin
Electricity Consumption Index (CBECI) was used as the energy consumption
index. This series is widely used in the literature as the most probable energy
consumption estimate, taking into account hardware efficiency and hashrate
distribution (Sapra et al., 2024).
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3. Method

This study examines the long-term relationship and causality between en-
ergy consumption and price dynamics in the Bitcoin and Ethereum markets. To
this end, the following tests were applied: (1) Augmented Dickey—Fuller (ADF)
and Phillips—Perron (PP) unit root tests to determine the stationarity proper-
ties of the series; (2) the Autoregressive Distributed Lag (ARDL) cointegration
test to investigate the long-term relationship between the series; (3) the Toda—
Yamamoto (TY) Granger causality test to determine the direction of causali-
ty. The methodological framework is parallel to the econometric approaches
frequently used in the literature for energy consumption-oriented analyses
of crypto assets (Bilirer & Zeren, 2024; Mensi et al., 2022; Sapra et al., 2024).

3.1. Unit root tests

To avoid spurious regression in time series analyses, testing the stationari-
ty of the series is a prerequisite (Enders, 2015). In this context, the stationari-
ty levels of all series were first examined using the Augmented Dickey—Fuller
(ADF) and Phillips—Perron (PP) tests. While the ADF test aims to eliminate
autocorrelation by using additional lags in the model (Dickey & Fuller, 1981),
the PP test has a more flexible structure against heteroscedasticity and serial
correlation (Phillips & Perron, 1988). Applying both tests ensures the robust-
ness of the stationarity results.

The stationarity of the series has been tested at the level and in the first
difference. Determining the degree of stationarity is important for establish-
ing the applicability of the ARDL model and for determining the necessary
degree of integration for the Toda—Yamamoto test.

3.2. ARDL cointegration test

The Autoregressive Distributed Lag (ARDL) bounds test approach developed
by Pesaran et al. (2001) was applied to examine the existence of a long-term
relationship between the series. The ARDL model was preferred because it can
work even when variables have different integration orders (1(0) or (1)), it can
provide reliable results in small samples, and it offers the possibility of esti-
mating both short- and long-term coefficients simultaneously (Narayan, 2005).

In the ARDL bounds test approach, the appropriate lag lengths were first
determined based on information criteria, and then the presence of cointe-
gration was tested using the F-statistic. If the calculated F-statistic exceeds
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the upper critical values provided by Pesaran et al. (2001), it is concluded that
there is a long-term relationship between the variables.

After estimating the long-term coefficients, short-term dynamics were an-
alysed using an error correction model (ECM). The negative and statistically
significant ECM parameter was interpreted as an indicator of the speed of
return to long-term equilibrium (Banerjee et al., 1996). The ARDL Bound Test
equation involving two variables to be performed in order to reveal the coin-
tegration relationship is as follows:

AYt :ﬁo + ZBUYH + zﬂZiXt—i + ﬁ3th—1 + B4Xz—1 TE, (1)
i=1 i=1

where: AY, represents the dependent variable, X, represents the indepen-
dent variable, ¢, represents the error term, and m represents the optimal lag
length, which is the value where the information criteria are smallest. The
hypotheses regarding the existence of cointegration in the ARDL bounds test
model are as follows:

HO: 3, = 8, = 0 (There is no cointegration.)
H1: 4B <0, i= 3,4 (There is cointegration.)

“In the ARDL bounds test approach, after revealing the cointegration rela-
tionship for the variables, the long-term relationship coefficients of the var-
iables are examined. Furthermore, the existence of short-term deviations
from the long-term relationship can also be examined using an error correc-
tion model. Although the primary focus of the study is on long-term relation-
ships, the error correction model is employed to capture short-run dynamics
and the speed of adjustment toward long-run equilibrium. The equation for
the long-term relationship is as follows:”

Yt zﬁo + ZBUYH +Zﬁ2ixt—i & (2)
-1 i=0

“In the equation, Y, is the dependent variable, X, is the independent vari-
able, ,80 is the constant term, ¢, is the error term, is the error term, and m and
n represent the optimal lag length.”

3.3. Toda—Yamamoto causality test

The augmented Granger causality approach proposed by Toda and
Yamamoto (1995) was used to determine the direction of causality between
energy consumption and cryptocurrency prices. This test offers significant
advantages over the traditional Granger causality test because it can be ap-
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plied independently of the integration degrees of the variables and possible
cointegration relationships (Dolado & Liitkepohl, 1996).

The study examined the bidirectional causal relationship between both the
BTC price-BTC energy consumption and the ETH price-ETH energy consump-
tion. The results obtained enable an assessment of whether energy consump-
tion is a factor driving price formation in the market. The VAR (m + d max)
model estimated in the Toda—Yamamoto causality approach consists of (Toda
& Yamamoto, 1995):

Y, a)+2ax +ZﬁY +d§x5X +d§a:x6Y +e, (3)
Jj=m+l j=m+1

X, §"+2“ti +Z/321Y +dfx6X +d§x921Y +e,, (4)
j=m+1 Jj=m+1

“The appropriate lag length (1) can be determined using information cri-
teria, while the maximum integration order (d max) can be determined using
unit root tests. To determine the existence of a reciprocal causality relation-
ship between the variables, the hypotheses H :a =0 and H :«, = 0 are test-
ed using the adjusted Wald test statistic. If the calculated test statistic value
is greater than the X? table value with k degrees of freedom, the above hy-
potheses are rejected (Toda & Yamamoto, 1995).”

3.4. Research hypotheses

This study aims to examine the relationships between price dynamics in the
Bitcoin and Ether markets and the energy consumption indices of these net-
works from both long-term and short-term perspectives. While price—hashrate
and price—volatility relationships have been extensively studied in the litera-
ture, only a limited number of studies have systematically examined cointe-
gration and directional causality between energy consumption indices and
cryptocurrency prices (Das & Dutta, 2020; Qin et al., 2023; Rehman & Kang,
2021). By extending this line of research, the present study provides a com-
parative analysis of Bitcoin and Ether within a unified econometric framework,
thereby highlighting how consensus mechanisms shape the price-energy re-
lationship. Four main hypotheses are presented below.

H1: There is a long-term cointegration relationship between the Bitcoin price
and the Bitcoin energy consumption index.

Theoretically, persistent price increases may lead to increased mining prof-
itability, thereby expanding mining capacity and, consequently, energy con-
sumption. Conversely, persistent or long-lasting changes in energy costs may
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affect mining margins and thus long-term pricing expectations. Therefore,
a long-term relationship (cointegration) may emerge between the BTC price
and the BTC energy index. Empirically, this hypothesis is tested using the
ARDL bounds test.

H2: There is a long-term cointegration relationship between Ether’s price
during its PoW period and the Ethereum energy consumption index; how-
ever, the transition to PoS (Merge) weakens or eliminates this relationship.

Under the PoW mechanism, sustained increases in the price of ETH are ex-
pected to affect energy consumption by increasing mining incentives; there-
fore, a long-term relationship similar to H1 is possible for the PoW period.
However, due to the dramatic drop in energy consumption after ‘The Merge’
in September 2022, it is likely that the cointegration structure will change or
disappear.

H3: Short-term shocks in cryptocurrency prices (especially positive price
shocks) increase mining profitability, leading to short-term increases in
energy consumption.

As a market mechanism, sudden increases in prices can raise mining rev-
enues and, consequently, the intensity of mining activities; this results in an
increase in energy demand in the short term. This directional effect will be
tested using the Toda—Yamamoto method; finding positive causality provides
empirical evidence that price fluctuations create physical effects through the

Table 2. Research hypotheses summary

Hypo- Expected
thesis Hypothesis Test method relationship /
Code direction
There is a long- i i la- .
' ere '|s a long-term c0|.nte'grat|9n rela ARDL Long-term posi-
H1 | tionship between the Bitcoin price and the . . . . .
o L Cointegration | tive relationship
Bitcoin energy consumption index
There is a long-term cointegration relation- PoW: positive
. . . ARDL
ship between the price of Ethereum during . . long-term rela-
. . Cointegration . .
H2 its POW period and the Ethereum energy . tionship; PoS:
L o + Sub-Period
consumption index; the transition to PoS Analvsis weak/no rela-
weakens or eliminates this relationship ¥ tionship
Short-term changes in cryptocur.rency prlces Toda—Yamamoto | Positive short-
H3 Granger-cause energy consumption (Price .
Causality -term effect
- Energy)
Changes in energy consumption Qranger- Toda—Yamamoto Weak/uncertain
H4 causally affect cryptocurrency prices . short-term ef-
. Causality
(Energy — Price) fect

Source: own work.
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energy demand channel and points to important policy implications for en-
ergy supply-demand management.

H4: Changes in energy consumption (e.g., rapid increases or cost shocks) may
create short-term effects on cryptocurrency prices.

Sudden increases in energy consumption or rises in energy costs can affect
mining profitability and perceptions of network security, thereby altering inves-
tor expectations and consequently prices. Identifying energy - price Granger
causality will provide empirical evidence regarding the channel through which
shocks in energy markets are transmitted to crypto asset prices.

According to Table 2, which summarises the research hypotheses, hypoth-
eses H1 and H2 aim to test whether there is a long-term structural equilibri-
um relationship between market prices and energy consumption. Hypotheses
H3 and H4, on the other hand, focus on the direction of the relationship and
evaluate short-term dynamics.

4. Findings

First, the stationarity properties of the Bitcoin and Ether price series and
the energy consumption indices related to these assets were examined us-
ing the Augmented Dickey—Fuller (ADF) and Phillips—Perron (PP) unit root
tests. After determining the stationarity structure, the ARDL bounds test ap-
proach developed by Pesaran et al. (2001) was applied to test whether there
was a long-term relationship between the variables. At this stage, optimal lag
lengths were determined by considering information criteria, and appropri-
ate ARDL models were constructed to estimate the long-term coefficients. In
the subsequent stage, an extended VAR model based on the Toda—Yamamoto
(1995) approach was used to reveal the short-term causality relationships be-
tween the variables.

4.1. Unit root test results

This subsection examines the stationarity properties of the Bitcoin and
Ether price series used in the study and the energy consumption indices re-
lated to these assets. In this context, Augmented Dickey—Fuller (ADF) and
Phillips—Perron (PP) unit root tests were applied to assess whether the se-
ries are stationary at their levels or in their differences. While the ADF test
addresses the autocorrelation issue with lagged difference terms, the PP test



L. Sezal, From digital mining to market prices: An empirical analysis of the relationship 171

offers a more flexible structure by considering possible serial correlations and
heteroskedasticity in the error terms using non-parametric methods. The com-
bined use of both tests allows for a more robust determination of the degree
of integration of the series. Table 3 presents the ADF and PP test results and
provides a detailed interpretation of the findings regarding the degree of in-
tegration of the series.

Table 3. ADF and PP unit root test results

Variab- Level . Lst 1st differ- | Critical Result
les Test t-statistic Level p dlffert.enf:e encep |value (1%) (1(d))
t-statistic
InBTC_E | ADF | —4.0227 0.0013 —-25.9362 | 0.0000 -3.435 1(0)
PP | -4.1123 0.0009 —41.1083 | 0.0000 -3.435 1(0)
InBTC_P | ADF | -1.6374 0.4632 -58.3172 | 0.0000 -3.435 1(1)
PP | -1.6316 0.4662 -58.2538 | 0.0001 —3.435 1(1)
InETH_E | ADF | —0.9510 0.7722 —18.8100 | 0.0000 —3.435 1(1)
PP -1.8902 0.3372 | -107.9101| 0.0001 -3.435 1(1)
INnETH_P | ADF | —2.1215 0.2363 -38.1731| 0.0000 -3.435 1(1)
PP —-2.1096 0.2410 -58.3352| 0.0001 -3.435 1(1)

Note: The critical value threshold is 1%, in line with MacKinnon (1996).

Source: own work.

The ADF and PP unit root tests were applied to assess whether the series
were stationary at their levels. The findings indicate that the Bitcoin energy
consumption series (LNBTC_E) is stationary at its level, both according to the
ADF and PP tests. In contrast, the Bitcoin price series (LNBTC_P), Ethereum
energy consumption (LNETH_E), and Ether price series (LNETH_P) show the
presence of a unit root at the level in both the ADF and PP tests.

ADF and PP unit root tests were applied to assess whether the series were
stationary at their levels. The findings indicate that the Bitcoin energy con-
sumption series (LNBTC_E) is stationary at its level, in both ADF and PP tests.
In contrast, the Bitcoin price series (LNBTC_P), Ethereum energy consump-
tion (LNETH_E) and Ether price series (LNETH_P) indicate the presence of
a unit root at the level in both the ADF and PP tests, revealing that they are
not stationary. These results validate the applicability of ARDL cointegration
analysis and the methodological justification of setting the maximum de-
gree of integration (d max) to 1 for the VAR model in the Toda—Yamamoto
causality test.
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4.2. ARDL bound test results

The unit root test results showed that the variables were integrated at
the 1(0) and I(1) levels, making the ARDL bounds test approach developed by
Pesaran et al. (2001) applicable. The ARDL method allows series with differ-
ent integration orders to be analysed in the same model and is widely pre-
ferred in the time-series literature due to its high estimation power in small
samples. Descriptive statistics are evaluated in Table 4.

Table 4. Descriptive statistics

LNBTC_E LNBTC_P LNETH_E LNETH_P
Mean 1.740297 4.316554 -0.781668 2.931164
Median 1.731.895 4.363605 0.453821 3.130999
Maximum 2.195326 5.095823 1.287155 3.681995
Minimum 0.619043 3.281965 -5.723042 1.617629
Standard deviation 0.307732 0.454565 2.100261 0.522715
Skewness -1.346475 —0.123947 —0.545067 —0.415975
Kurtosis 5.340976 1.915679 1.419403 1.798104
Jarque-Bera 1.632898 1.586713 4.726632 2.739421
Probability 0.000000 0.000000 0.000000 0.000000
Sum 5.356633 13286.35 —-2.405191 9.019193
Sum of squared deviations 2.913880 6.357986 13568.53 8.404595
Observations 3078 3078 3078 3078

Source: own work.

The basic characteristics of the series differ in various aspects. The standard
deviation values show that the volatility in Ethereum’s energy consumption
is relatively high compared to other series, indicating that seasonal changes
in energy usage are more pronounced. The skewness and kurtosis values de-
viating significantly from normal distribution indicate that the series are not
symmetrical and that the tail behaviour is heavier than in normal distribution.

Table 5. ARDL bound test for Bitcoin energy consumption

“Model | K M| Fstatisic | S| bound | bound
1% 4.94 5.58
ARDL(10.9)| 10 12 |7.5573531| 5% 3.62 4.16
10% 3.02 3.51

Source: own work.
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According to Table 5, the F-statistic value obtained from the ARDL(10,9)
model, which examines the relationship between Bitcoin energy consump-
tion and Bitcoin price, exceeds the upper limits of the critical values proposed
by Pesaran et al. (2001) at 1% significance levels. Therefore, the null hypoth-
esis of no cointegration is strongly rejected, and it is concluded that there is
a long-term relationship between Bitcoin prices and energy consumption.
This finding is consistent with the literature suggesting that Bitcoin mining is
directly linked to economic incentives; as prices rise, mining becomes more
profitable, leading to more miners joining the network and an increase in to-
tal energy consumption.

Table 6. ARDL Bitcoin energy consumption error correction model

Variable Coefficient | Standard error t-statistic Probability
D(LNBTC_E(-1)) 0.228412 0.018000 12.68948 0.0000
D(LNBTC_E(-2)) 0.084282 0.018463 4.564906 0.0000
D(LNBTC_E(-3)) —0.038588 0.018327 —2.105546 0.0353
D(LNBTC_E(-4)) 0.056194 0.018295 3.071488 0.0021
D(LNBTC_E(-5)) —0.046578 0.018253 —-2.551816 0.0108
D(LNBTC_E(-6)) —0.068430 0.018230 —3.753721 0.0002
D(LNBTC_E(-7)) —0.149019 0.018275 —-8.154469 0.0000
D(LNBTC_E(-8)) -0.014774 0.018422 -0.801944 0.4226
D(LNBTC_E(-9)) 0.053736 0.017959 2.992183 0.0028
D(LNBTC_P) —0.009857 0.010433 —0.944797 0.3448
D(LNBTC_P(-1)) —-0.004102 0.010452 —0.392497 0.6947
D(LNBTC_P(-2)) —0.009433 0.010444 —-0.903230 0.3665
D(LNBTC_P(-3)) —0.006628 0.010434 —0.635286 0.5253
D(LNBTC_P(-4)) 0.029702 0.010426 2.848865 0.0044
D(LNBTC_P(-5)) —-0.001947 0.010434 —0.186585 0.8520
D(LNBTC_P(-6)) 0.000511 0.010427 0.048991 0.9609
D(LNBTC_P(-7)) -0.001867 0.010420 -0.179209 0.8578
D(LNBTC_P(-8)) 0.034981 0.010407 3.361401 0.0008
CointEq(-1)* —0.003092 0.000649 —-4.763081 0.0000
R-squared 0.128387 Mean dependent variable 0.000465
Adjusted R-squared 0.123241 S.D. dependent variable 0.009810
S.E. of regression 0.009186 Akaike info criterion -6.536199
Sum squared residuals 0.257257 Schwarz criterion —6.498863
Log likelihood 10045.53 Hannan—Quinn criterion —6.522785
Durbin—Watson statistic 1.999098

Source: own work.
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According to Table 6, the error correction term coefficient (—0.003092) in
the model is statistically significant (t =—4.763; p = 0.0000). The negative and
significant nature of the error correction term coefficient indicates that there
is a long-term equilibrium relationship between the series and that short-term
shocks gradually disappear in the long term. However, the coefficient’s very
small value indicates that the system’s return to equilibrium is slow. The use
of daily data, the lengthy adaptation process of mining equipment, and the
difficulty adjustment occurring through block times are among the natural
causes of these slow effects.

Looking at the short-term coefficients, it can be seen that a large propor-
tion of the lags in the Bitcoin energy consumption series are significant. This
indicates that energy consumption has a strong autoregressive structure and
that short-term changes are largely influenced by its own internal dynamics.
In contrast, the vast majority of Bitcoin price short-term coefficients are not
significant; this indicates that short-term movements in the Bitcoin price do
not have a rapid effect on energy consumption, and that energy consumption
is shaped more by long-term price incentives.

Table 7. ARDL boundary test results for the Ethereum energy consumption model

Model | k| m | Eswtstc | SN | o
1% 6.84 7.84
ETH-ARDL (5.0) | 10 12 [1.2182841| 5% 4.94 5.73
10% 4.04 4.78

Source: own work.

According to Table 7, the F-statistic value in the ARDL (5.0) model estab-
lished for Ethereum is well below even the lowest threshold of Pesaran critical
values. Therefore, the null hypothesis, according to which there is no long-
-term relationship, cannot be rejected. In other words, there is no long-term
cointegration relationship between the Ether price and Ethereum energy
consumption. This finding is consistent with Ethereum’s transition from the
Proof-of-Work (PoW) mechanism to the Proof-of-Stake (PoS) mechanism in
2022. The PoS mechanism has dramatically reduced energy consumption and
eliminated the structural relationship between price and energy consumption.
The results support the notion that the energy consumption of the post-PoS
Ethereum network has become independent of price changes.

According to Table 8, the long-term error correction term LNETH_E(-1) in
the ARDL error correction model was not statistically significant, despite car-
rying the expected negative sign. This result indicates that there is no mech-
anism representing a return to long-term equilibrium in Ethereum’s energy
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Table 8. ARDL Ethereum energy consumption error correction model

Variable Coefficient | Standard error t-statistic Probability
C 0.019212 0.018463 1.040528 0.2982
D(LNETH_E(-1)) —-0.398638 0.018122 -21.99742 0.0000
D(LNETH_E(-2)) -0.377021 0.019447 -19.38731 0.0000
D(LNETH_E(-3)) —0.244722 0.020547 -11.91047 0.0000
D(LNETH_E(-4)) —-0.168908 0.020970 —8.054624 0.0000
D(LNETH_E(-5)) —0.058415 0.021160 —-2.760615 0.0058
D(LNETH_E(-6)) —-0.082163 0.020954 -3.921122 0.0001
D(LNETH_E(-7)) —0.085698 0.020531 —4.174098 0.0000
D(LNETH_E(-8)) —-0.079831 0.019380 —4.119135 0.0000
D(LNETH_E(-9)) —0.091660 0.018005 —5.090897 0.0000
CointEq(-1)* -0.002530 0.002043 -1.238437 0.2156
R-squared 0.183425 Mean dependent variable —0.001355
Adjusted R-squared 0.180744 S.D. dependent variable 0.233805
S.E. of regression 0.211623 Akaike info criterion —0.264428
Sum squared residuals 136.4130 Schwarz criterion —-0.242748
Log likelihood 415.1787 Hannan—Quinn criterion -0.256637
F-statistic 68.42150 Durbin—Watson statistic 1.997831
Prob(F-statistic) 0.000000 —6.522785

Source: own work.

consumption. In other words, it was observed that short-term shocks occur-
ring in the series did not correct themselves based on a long-term relation-
ship, and the system did not exhibit a tendency to return to equilibrium. This
is consistent with the absence of cointegration and indicates that long-term
dynamics are not affected by price changes. The fact that Ethereum’s ener-
gy consumption began to follow a stable process after the transition to PoS
provides an economically reasonable framework for the error correction co-
efficient being insignificant.

The fact that all lagged values of D(LNETH_E) in the model are highly sig-
nificant indicates that Ethereum’s energy consumption has a strong autore-
gressive structure in the short term. The sensitivity of energy consumption
to past values reveals that the system is shaped by its own internal dynam-
ics, with sudden changes being determined not by price but by previous lev-
els of energy usage.



176 Economics and Business Review, Vol. 12 (1), 2026

In contrast, the Ether price variable (LNETH_P) was found to be statistically
insignificant in both level and difference equations. This indicates that Ether
price fluctuations do not have any effect on energy consumption in the short
term. Given the low and stable energy usage in the PoS system, it is a finding
consistent with theory that price changes have no effect on energy consump-
tion, even in the short term. The absence of a price-energy relationship for
Ether should therefore be interpreted as evidence of a structural break induced
by the Proof-of-Stake transition, rather than as a lack of economic relevance.

4.3. Toda-Yamamoto causality analysis results

The Toda—Yamamoto causality analysis was applied to reveal the direction-
al relationship between energy consumption and price dynamics for Bitcoin
and Ether. Previously conducted unit root and cointegration tests showed that
there was no long-term relationship, particularly for Ethereum, while Bitcoin
exhibited long-term dependence. However, the direction of these relation-
ships had not yet been determined. Therefore, using the Toda—Yamamoto
approach, which is unaffected by differences in the degrees of integration of
the series, the analysis tested whether there was a causality flow from Bitcoin
prices to energy consumption or from energy consumption to prices, and
similarly, whether there were possible directional interactions between en-
ergy consumption and the price series for Ether. Below, the Wald test results
obtained through the extended VAR model are presented, and the causality
relationships for both cryptocurrencies are evaluated separately.

Table 9. Toda—Yamamoto causality test results-1

“Depen- Indepen- Chi-Square . .
dent vari- | dent vari- d max test sta- Chl-‘f:lt;aere Rels:ti'lon
able able tistic p P
there is
LNBTC_E LNBTC_P 8 2.303595 0.0033 a relation-
ship
there is no
LNBTC_P LNBTC_E 8 1.333014 0.1010 relation-
ship

Source: own work.

According to Table 9, the results obtained for the dependent variable
LNBTC_E indicate that removing the LNBTC_P variable from the model leads
to a statistically significant loss of information. This finding indicates a signifi-
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cant causal relationship from Bitcoin prices to energy consumption. Therefore,
price changes are an important factor explaining the Bitcoin network’s energy
consumption. This result is fully consistent with the theoretical expectation
that mining activities are sensitive to prices and that price rises increase the
number of miners and energy consumption.

In contrast, no causality from energy consumption to prices was detect-
ed for the dependent variable LNBTC_P. A p-value above 10% indicates that
energy consumption does not play a statistically significant role in explaining
Bitcoin prices. This finding supports the view that price formation is largely
determined by factors such as market expectations, liquidity, macroeconomic
factors, and investor behaviour, and that energy consumption is not a vari-
able that drives the price.

The Toda—Yamamoto causality test has revealed a unidirectional causal rela-
tionship for Bitcoin. According to the analysis results, significant causality was
found from Bitcoin prices to Bitcoin energy consumption, while no causality
was detected from energy consumption to prices. Due to Bitcoin’s mining-
-based structure, price movements directly affect the profitability of mining
activities, which in turn has a decisive impact on total energy consumption. The
literature frequently emphasises that increases in Bitcoin prices raise energy
demand by boosting investment in mining hardware and hash power (Hayes,
2016; Krause & Tolaymat, 2018). This theoretical expectation is consistent
with the empirical findings of this study. The Toda—Yamamoto test identified
a significant causal relationship from Bitcoin prices to energy consumption.
This result indicates that price increases make mining more attractive, thus
demonstrating that energy consumption is sensitive to price dynamics. Thus,
hypothesis 3 has been empirically confirmed, revealing that Bitcoin prices are
the fundamental factor driving the network’s energy consumption.

Table 10. Toda-Yamamoto causality test results-2

“Depen- Indepen- Chi-Square . .
dentvari- | dent vari- d max test sta- Chl_'::;;:e Rels;;‘ti'lon-
able able tistic p P

there is
LNETH_E LNETH_P 5 0.847907 0.9739 a relation-
ship
there is no
LNETH_P LNETH_E 5 2.387410 0.7933 relation-
ship

Source: own work.

According to Table 10, when LNETH_E (Ethereum energy consumption) is
the dependent variable, the Wald test value measuring the contribution of
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the LNETH_P variable to the model indicates that Ether prices have no causal
effect on energy consumption. This result is particularly important because
Ethereum’s transition from Proof-of-Work (PoW) to Proof-of-Stake (PoS) in
2022 (‘“The Merge’) reduced energy usage by approximately 99.9% and elim-
inated the economically motivated relationship between price and energy
consumption. Therefore, price increases in the post-PoS period do not in-
crease mining activity or energy demand; validators’ energy requirements
are largely independent of price dynamics.

When LNETH_P (Ether price) is the dependent variable, the Wald statistic
testing the contribution of the LNETH_E (Ethereum energy consumption) in-
dicates that energy consumption does not have a statistically significant ef-
fect on explaining the Ether price. This result suggests that short-term Ether
price movements are not directly linked to energy consumption associated
with mining and validation processes, and are likely driven by factors other
than energy-related dynamics. The fact that both test results have relative-
ly high p-values clearly demonstrates that there is no bidirectional causality
relationship in Ethereum. This result is consistent with Ethereum’s current
consensus mechanism, indicating that energy consumption is not driven by
price and that changes in energy usage are not decisive for price. According
to the Toda—Yamamoto causality test results, since no directional causality
was detected between Ether price and energy consumption, hypothesis 4,
according to which there is a causal relationship between Ether prices and
Ethereum energy consumption, was rejected. This finding confirms that with
Ethereum’s transition to the PoS mechanism, energy consumption is largely
determined by technological protocols and is no longer influenced by price-
-based economic incentives.

Conclusions

This study comprehensively examined the relationships between Bitcoin
and Ethereum’s energy consumption and price dynamics using cointegration
and causality analyses. The findings obtained provide significant contributions
when evaluated comparatively with the theoretical and empirical discussions
that have emerged in the cryptocurrency energy economics literature, par-
ticularly in recent years, due to increased academic interest.

The results show that there is a long-term cointegration relationship be-
tween energy consumption and prices for Bitcoin. According to the ARDL
bounds test results, the Bitcoin model produced an F-statistic above the crit-
ical values, and the long-term relationship was statistically confirmed. The
negative and significant error correction term indicates that the short-term
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deviations experienced in both cryptocurrencies have returned to equilibrium.
This finding is consistent with the literature on how prices affect mining prof-
itability in Bitcoin’s mining-based Proof-of-Work structure and how this deter-
mines energy consumption (Hayes, 2016; Krause & Tolaymat, 2018). Empirical
results reinforce the view that prices drive energy demand in the long term.

The results obtained for Ethereum indicate a structure that is completely
different from Bitcoin. The boundary test results for the ARDL model show
that there is no long-term cointegration relationship between Ethereum’s
energy consumption and prices. The insignificance of the error correction
term and the fact that the F-statistic remains below all threshold values con-
firm that Ethereum’s energy consumption has evolved into a structure inde-
pendent of price dynamics with the transition from PoW to PoS. Indeed, the
dramatic drop in Ethereum’s energy usage (approximately 99.9%) after ‘The
Merge’ supports findings in the literature that the price-energy relationship
has structurally weakened (de Vries, 2018).

Causality results reveal a clear divergence between the two cryptocurren-
cies. The Toda—Yamamoto test for Bitcoin shows a unidirectional causality re-
lationship from Bitcoin prices to energy consumption. This result aligns with
the economic incentive model, where mining activities increase during peri-
ods of rising Bitcoin prices, thereby driving up energy demand. Conversely, no
causality was found in the opposite direction; that is, no effect of changes in
energy consumption on Bitcoin prices was detected. In the causality analysis
conducted for Ethereum, no unidirectional causality relationship was found.
The absence of any causality detected from prices to energy consumption
or from energy consumption to prices is consistent with the PoS mechanism
making energy usage independent of network security.

When compared to previous studies in the literature, these findings offer
significant parallels and new contributions. For example, the results are con-
sistent with studies showing that Bitcoin energy consumption is affected by
price movements (Corbet et al., 2022; Hayes, 2016). Similarly, the findings of
this study are in line with recent research indicating that Ethereum lost its
energy consumption—price relationship with its transition to PoS (de Vries,
2018). However, this study contributes to the literature by presenting a com-
parative analysis of both Bitcoin and Ethereum using the same dataset, the
same methodological framework, and the same time frame.

The findings of this study carry various implications for policymakers and
regulators. Bitcoin’s price-sensitive, energy-intensive mining structure fuels
sustainability debates and supports the idea that it should be directed to-
wards more carbon-efficient technologies. Encouraging the use of renewable
energy sources in Bitcoin mining, implementing carbon tax-like regulations,
or establishing energy efficiency criteria can be considered among the policy
objectives. For Ethereum, the reduction of energy consumption to very low
levels demonstrates that the PoS mechanism is more advantageous in terms
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of environmental sustainability and strengthens the debate on transitioning
to PoS-like mechanisms for other blockchain projects.

However, the study has some limitations. Firstly, the fact that energy con-
sumption data is based on estimates and that different sources use different
algorithms may limit the absolute accuracy of the results. Furthermore, the
study only considers Bitcoin and Ethereum, and the exclusion of other PoW-
-based cryptocurrencies from the analysis creates a comparative diversity
constraint.

There are many areas of research for future studies. Comparing different
PoW and PoS-based coins with a broader sample could explain the energy
consumption—price relationship more systematically. To assess potential struc-
tural changes in the long-term relationship between energy consumption and
Ether prices more comprehensively, sub-period analyses surrounding the tran-
sition from PoW to PoS can be examined. Furthermore, directly incorporating
carbon emission data into the model could reveal the environmental impacts
of energy consumption in a more specific manner.
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