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Preface

The financial landscape has undergone a dramatic transformation over the past few 
decades, as evidenced by periods of intense volatility, systemic failures, and subsequent 
recoveries. From the collapse of major financial institutions to sovereign debt crises 
and unprecedented central bank interventions, these events have tested the resilience 
of economic models and the effectiveness of public policy approaches.

This book emerges from the recognition that financial crises are not merely the out-
comes of isolated shocks, but rather complex phenomena driven by deep structural 
forces, behavioral responses, and institutional frameworks. Econometrics provides 
the foundation, enabling researchers and practitioners to distinguish between signal 
and noise and evaluate the effectiveness of policy interventions.

Applied and Theoretical Econometrics and Financial Crises bridges the gap between 
abstract modeling and real-world application. It comprehensively explores economet-
ric tools and techniques, including machine learning methods and regime-switching 
models. These techniques, paired with case studies and empirical investigations of past 
crises, could be used to examine events such as the 2008 global financial meltdown, 
the Eurozone debt crisis, and the economic disruptions caused by the COVID-19 
pandemic.

This book is intended for graduate economics and finance students, academic 
researchers, and policy analysts in nonprofit and government organizations. The 
latter would benefit from this book as they seek to deepen their understanding of 
how these methods can be applied and develop ideas for future research.

The editors hope that this book contributes to a more robust understanding of financial 
crises and supports the development of more resilient economic systems, utilizing 
sound methods.

Brian William Sloboda
University of Maryland,

Global Campus, Baltimore, Maryland, USA

Chee-Heong Quah
Faculty of Business and Economics,

University of Malaya,
Kuala Lumpur, Malaysia
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Chapter 1

Introductory Chapter: Boom-Bust 
Cycles, the Chronic Disease that 
Plagues World Economy
Chee-Heong Quah and Brian William Sloboda

1. Introduction

There is a consensus in the mainstream that a strong role for the government is 
necessary to tame the business cycle, because the free market, being unrestrained, 
will persistently veer into either unemployment or inflation [1]. In stark contrast, the 
Austrian School of Economics believes that meddling of the government in the credit 
market is ironically the true cause to the ups and downs in the market economy [2, 3].

According to the Austrian theory of business cycle (see, e.g., [4]), an economic 
boom begins with excessive investments in physical capital that need long-term 
financing. Capital, in this sense, refers to real capital such as machinery, technology, 
factories, premises, land, and plants. Facilitated by fractional reserve banking that 
the central bank backs, this long-term financing is made possible by credit expan-
sion by commercial banks and the resulting low interest rates. Nonetheless, until a 
certain point in the expansion, when the backing of bank reserves over bank liabilities 
depletes, interest rates must be raised, and credit must be tightened or contracted.

The unnaturally low interest rate created by the banking system sends wrong 
signals to businesses, indicating that the factor, the intermediate, the upstream, and 
the downstream markets are ready to accommodate their expansions with adequate 
and affordable supplies of needed resources to complete their investment projects [5]. 
In reality, however, the supplies of land, capital, labor, and other inputs of production 
have not increased or been liberated by real savings.

Despite that, more businesses would start competing for the same amount of 
physical capital, labor, and other inputs. Sooner or later, the market of these inputs 
will inevitably tighten until it becomes unbearably costly to employ these input goods 
and labor. As a result, real investments that earlier appeared lucrative will now turn 
out to be unprofitable or loss-making. Whether by tightening bank credit or not, 
eventually, uncompleted investment projects must be called off.

Besides the primary- and intermediate-good sectors, the price of labor and other 
resources for the consumer-goods sector will also increase [6]. This is because con-
sumers have not traded off present consumption for future consumption. There is no 
increase in real savings nor increase or liberation in the resources for the production 
of consumption goods. Not only prices of inputs, when newly created bank money 
gets into the hands of consumers, but also prices of consumer goods will rise as 
consumption increases without corresponding to offsetting savings.

In other words, the public preference for present consumption has not changed.
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Hence, the demand for factors in this consumption-good sector will not change 
either. Despite the absence of an increased preference for future consumption, newly 
created credits and low interest rates by fractional-reserve banks will induce firms 
at different stages of production to embark on investments intended to increase the 
production of consumption goods in the future.

Ironically, these capital investments would not have been promising and hence 
undertaken, had it not been for the created credit. Recall that consumers have not 
refrained from present consumption, or decided to save more for the future, and 
hence have not saved as much for the future in the first place.

Since there has been no increased demand for future consumption, firms in phases 
of production further from present consumption will soon learn of the lack of pros-
pects or demand for their malinvestments. And, at the same time, these firms have to 
confront the rising costs of inputs and resources as competition in those markets rises.

Ultimately, the investment projects must be terminated or paralyzed due to a lack 
of demand and rising investment costs. Crisis unveils when economic agents find out 
that the actual value of the loan assets held by the banks since the boom period is in 
fact very much smaller. Since the value of liabilities and other payables of the banks 
has virtually not reduced, the fractional-reserve banks are essentially bankrupt when 
the market realizes the diminished value of the loan assets of the banks.

2.  Allocative effects of money creation

Monetary expansion directly affects business cycles by altering income distribu-
tion within the population and the corresponding pattern of spending [7]. When 
credit expansion is generated by central banks and commercial banks, those who 
receive the newly created money first will obtain greater purchasing power than those 
who receive the money later. These groups of people can include cronies of govern-
ment officials who enjoy special privileges from banks that depend on the officials, 
as well as any individual or businessperson with legitimate reasons and collateral to 
borrow money from the banks. Since those who get the money first will spend on 
items according to their preferences, the pattern of prices in the economy will change. 
The spending of the new money on certain groups of products will bid up their prices.

If newly created money is spent on materials and equipment for the construction 
of real estate, those prices will be bid up, and resources and labor will be shifted to the 
activities related to construction. In other words, resources, including manpower in 
the economy, are reallocated to the real estate sector than otherwise would have been 
without the monetary expansion by the banking system.

Misallocation of resources and labor created by government intervention can be 
temporary or permanent, depending on whether the intervention is temporary or 
permanent. Permanent government subsidies in certain sectors, such as agriculture, 
fishing, healthcare, and energy, persistently incentivize the movement of resources 
into those sectors. Similarly, protectionist barriers against foreign competition, such 
as antidumping laws and tariffs in the steel and automobile industries, retain the 
capital and labor in those sectors that otherwise would have been utilized more effi-
ciently and effectively in other activities. On the other hand, since monetary stimulus 
is always temporary, the reallocation of resources into stimulated sectors and the 
subsequent price increases in these sectors by the injection of money are temporary. 
As prices of other sectors are eventually bid up, the movement of resources into the 
initially stimulated sectors will slow down, stop, or even reverse.
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This assertion of Austrian business cycle theory, however, receives many objections. 
According to critics such as the New Classicists, since market players anticipate the 
subsequent stoppage or reversal in the movement of resources, the initial reallocation 
of resources into the stimulated sectors would not take place. In other words, the self-
reversing process of movement of resources becomes a self-preventing process. Hence, 
a business cycle can be prevented because the public possesses rational expectations.

This rebuttal against the Austrian business cycle theory that the public are rational 
and hence will not start the business cycle by investing or bidding up prices in certain 
groups of goods or assets is weak. Firstly, even if those who receive the newly created 
money first know exactly that prices will reverse later, there is every incentive for 
them to invest or speculate in those markets because the money that they receive from 
the banks in the first rounds of credit expansion has much larger spending power than 
received later by the rest of the population. If the public is indeed rational and knows 
that prices will soon rise and, hence, the purchasing power of their money will soon 
fall, they will invest and hedge against the fall in purchasing power by buying assets 
whose prices will rise faster than the general price. These assets include gold, silver, 
real estate, and foreign currencies and assets. Even if the early receivers of credit from 
banks do not know that they are early receivers of any particular monetary stimulus 
by the central bank, given the general tendency of rising prices and declining pur-
chasing power of fiat money, these individuals will anyway invest in assets or any 
productive activities that are expected to yield returns significantly greater than their 
costs of borrowing and the rate of price inflation.

Secondly, speculative individuals will move into the market and move out in time, 
reaping lucrative profits before the bubble expansion reverses even if they know that 
the price bubble of that particular asset will burst one day and that the price will 
plunge. While long-term-oriented individuals may not be tempted by the possible 
short-term gains, there are always short-term-oriented individuals who are incentiv-
ized by highly risky short-term gains. Individuals who obtain the credit from banks 
can play the market, for instance, in housing and securities, buying low and selling 
high before the price increase reverses.

In conclusion, it is now clear to readers that monetary stimulus by the central 
bank, accompanied by fractional reserve banking, is the real cause of the boom-bust 
economic cycle. Other so-called explanations for business cycle, such as those that 
depend on the overproduction and underconsumption theories, psychology shocks, 
and irregular supply and demand shocks, are descriptions, not explanations, of the 
business cycle phenomenon. These supposed explanations do not explain why busi-
ness cycles occur repeatedly. They merely describe the symptoms of the disease. They 
fail to address the root cause of the problem.

3.  The role of econometric analysis

From an applied econometrics perspective, understanding and analyzing boom-
bust cycles is essential for policymakers and financial institutions. Techniques such as 
time series analysis, regression models, machine learning methods, and vector autore-
gression (VAR) are commonly applied to study boom-bust dynamics. These methods 
help economists identify the key variables influencing the cycles, for example, inter-
est rates, credit availability, consumer spending, and firm investment. Econometric 
models can also estimate the effects of policy interventions, like monetary stimulus or 
fiscal expansion, to reduce the adverse effects of these cycles.
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Using econometric analysis to study boom-bust cycles also extends to identify-
ing early warning signs of impending recessions or bubbles. By analyzing historical 
data and establishing patterns, econometric models can provide forecasts that help 
policymakers anticipate the onset of downturns or asset price corrections. The latter 
is important because early intervention can potentially reduce the severity of a bust 
or even avoid a full-blown economic recession or crisis. However, a challenge often 
encountered is that the precise timing of these cycles is difficult to predict. Also, 
external shocks, for example, geopolitical events, global pandemics, or sudden shifts 
in investor sentiment, often come as a surprise and are not predictable. These lat-
ter events can disrupt even the well-calibrated econometric models. Moreover, the 
complexity of international financial systems, where interconnected markets can 
amplify shocks, makes disentangling the causes of boom-bust phenomena chal-
lenging. Despite these challenges, econometrics remains vital in understanding the 
boom-bust cycles by providing valuable insights that can help stabilize economies in 
these tumultuous times.

© 2025 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 2

The Credit Boom as a Predictor of 
Financial Crisis
Jón Jónsson, Kjartan Sigurðsson and Helga Kristjánsdóttir

Abstract

A developed nation’s rate of economic growth relies on sustaining a modern and sta-
ble financial market to facilitate consistent capital investment over the long run. Starting 
from the last half of the twentieth century, sustained growth in total credit availability 
across developed nations has been linked to increased financial market volatility and 
subsequent interruptions in economic growth. This study examines empirical research 
aimed at determining the viability of using credit availability metrics to predict financial 
market volatility and economic recessions. Empirical research used a macro-prudential 
perspective to develop a model that examines whether metrics reflecting credit booms, 
like the credit gap, can be reliably used to predict increased future financial market 
variability and reductions in economic growth. The empirical research analysis employs 
a receiver operating characteristic methodology that reveals how metrics of credit 
leveraging have become useful predictive tools as total credit has increased over time.

Keywords: economic growth, credit boom, financial market bubble, fiscal and 
monetary policy, financial crisis

1.  Introduction

The quantity of a nation’s credit, as measured in the form of commercial bank loans, 
plays a paramount role in any central bank’s economic stimulus strategy. A nation’s 
central bank achieves optimal monetary policy by maintaining investor confidence, 
which requires promoting clear strategic direction in the long run, which is necessary 
for promoting effective policy design. Maintaining such goals can help mitigate exces-
sive procyclical behavior and promote consistent economic growth over the long run 
[1]. In contrast, poorly designed monetary policy can produce financial market bubbles 
that exacerbate macroeconomic conditions of high leverage, deteriorating lending 
standards, and weak macroeconomic policies [2]. Such undesirable macro-financial 
conditions include maintaining artificially low interest rates relative to competitive 
financial market signals or lax rules on the securitization of loans, allowing for the bun-
dling of high-risk loans with low-risk loans that effectively mask a true assessment of 
relative risk. This often results in a credit boom that creates a financial market bubble, 
endangering the sustainability of long-run growth or even promoting a recession [3].

Furthermore, the complex relationship between fiscal and monetary policy compli-
cates a central bank’s attempt at designing an optimal policy. Typically, this occurs when 
credit expansion outpaces economic growth, leading to unsustainable levels of debt [4]. 
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Further, aggressive government fiscal policy that pursues too much deficit spending 
relative to the state of the economy will increase government borrowing costs, and place 
upward pressure on financial market interest rates. This in turn creates pressure on the 
central bank to lower market interest rates to maintain private sector lending and capital 
investment to sustain economic growth [5]. Even government tax breaks and direct 
mortgage subsidies for new homeowners can achieve the same result, creating a finan-
cial market bubble that endangers long-run economic growth [6].

This raises the following questions: Can the emergence of credit booms during the 
last half of the twentieth century produce sufficient evidence of future financial market 
volatility and resulting economic downturns? Could a leading indicator be developed 
from this information, perhaps leading to a metric that can reveal a link between the size 
of the credit markets and future financial market instability, along with the concomitant 
declines in a nation’s economic performance? This paper explores this relationship, 
starting with insights gained from the empirical analysis that has been performed by 
Schularick and Taylor [4]. The goal is to apply theoretical focus supported by empirical 
support to attain applicable knowledge that can answer these intriguing questions.

2. Literature review

2.1 Competing credit boom paradigms in the finance literature

Various theoretical paradigms in the finance literature have been developed 
to explain the relationship between financial market performance, credit booms, 
and the economic growth of a nation’s economy. Some paradigms, such as Austrian 
Business Cycle (ABC) Theory or Institutional theory models, identify the imposi-
tion of external factors that disrupt the efficient operations of finance markets and 
exacerbate business cycles. Other paradigms, such as Minsky’s Instability theory and 
Behavioral Finance theory, posit that financial business cycles result from extreme, or 
even irrational, investor behavior in the face of actual or perceived market shocks.

ABC theory posits that credit booms are exogenous market-distorting interventions 
caused by the interest rate manipulations of a nation’s central banks [7]. Indeed Hayek 
[8] and von Mises [9] first developed the broader ABC theory, which in part explained 
how such market distortions lead to malinvestment decisions and distorted capital allo-
cations. When studying the 2008 financial crisis, Salerno [10] found much empirical 
support for the ABC perspective in explaining the onset of this global financial crisis.

Further, Institutional theory focuses on the quality of legal institutions that 
govern financial markets to explain financial booms and busts. La Porta et al. [11] 
find empirical evidence that higher-quality legal systems promote the development 
of sound financial markets and enhance investment efficiency. Acemoglu et al. [12] 
find evidence that specific political and economic institutions shape the perfor-
mance of a nation’s financial markets and facilitate higher rates of economic growth. 
Interestingly, Boettke and Coyne [13] incorporate ABC theory and institutional 
finance theory to show that each paradigm contains reinforcing influences for the 
other’s perspective. They find that integrating the two paradigms provides a more 
robust explanation of global financial crises.

Minsky [14] argues that financial markets are inherently unstable due to the 
irrationally cyclical behavior of investors. He posits that such investors historically 
transition from rational hedge financing to more speculative financial behaviors, and 
finally succumb to Ponzi scheme financial commitments that create unsustainable 
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leverage positions. Kindleberger [15] finds much empirical evidence to support this 
paradigm. Behavioral Finance theory suggests that psychological biases and false heu-
ristics cause investors to persistently fail to make efficient decisions in the financial 
markets. Barberis and Thaler [16] and Shiller [17] both illustrate how overconfidence, 
excessive loss aversion, and herding behavior among investors lead investors to make 
persistent, irrational financial decisions.

Regardless of which paradigm appears to best explain the observed financial booms 
and busts of a nation’s economy, a growing number of empirical studies have appeared 
in the literature that reveal how periods of loosened credit tend to foretell unsustainable 
credit booms that eventually result in economic busts [18]. For example, Laeven and 
Valencia [19] finds that rapid credit growth increases the likelihood of an economy expe-
riencing a banking crisis and subsequent declines in economic growth. Taylor [20] exam-
ines the impact of credit booms and the resulting increase in leveraging on the financial 
stability and economic growth of a nation. Rajan and Zingales [21] show that, while 
economies with better-developed financial systems enjoy higher rates of higher growth, 
they are relatively more vulnerable to financial crises caused by credit booms. These and 
other studies have focused on using empirical information gained from examining the 
relationship that is revealed between the financial markets and the nation’s economy. 
However, they each find separate, unique applications of this information to produce 
indicators with reliable predictive capacity to foresee changes in financial markets and 
rates of economic growth. This paper seeks to determine if these unique applications can 
potentially be collated to support the development of an innovative metric that yields 
meaningful insights into creating more effective macroprudential policy characteristics.

Additionally, Borio [22] has shown that more extensive periods of intense financial 
cycles have often resulted in the onset of subsequent business cycles that had a signifi-
cant impact on financial market efficiency and national economic growth. Specifically, 
he focused on the existence of a credit gap, defined as an increase in the credit-to-GDP 
ratio from its long-term trend. This perspective viewed a large credit gap as a sign of 
potential financial turmoil that increases the risk of experiencing a banking system 
crisis, resulting in increased volatility in the growth path of a nation’s economy [23].

This perspective motivates policymakers to carefully monitor the magnitude of 
the credit gap over time, acting as an early warning indicator of an upcoming eco-
nomic recession. Indeed, empirical studies by Schularick and Taylor [4] and Borio 
[22] revealed that most banking crises happen near the financial cycle’s peak after 
a rapid expansion of credit. Both studies indicate that credit variables alone could 
provide useful information about the plausibility of a future financial crisis leading to 
instability in long-run economic growth.

Further, studies such as Kaminsky and Reinhart [23] document the intercon-
nected influence of financial institutions, illustrating how such relationships must be 
addressed to better understand the causal factors and mitigation needs for avoiding 
future financial crises. Gourinchas and Obstfeld [24] examine key historical events, 
including the Great Depression, the adoption of the Bretton Woods system, and the 
rise of financial globalization. They illustrate how such interconnected economic 
and political forces have impacted global financial stability. The authors highlight 
the importance of international financial cooperation and the role of institutions like 
the International Monetary Fund (IMF) in managing global economic stability. They 
discuss how the global economy’s increasing interconnectedness has heightened the 
risks of financial contagion, making it imperative for countries to adopt coordinated 
policy responses. This perspective realizes the potential financial epidemic that a 
single financial institution can exert over the entire financial market.
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Consequently, studies such as these illuminate the capacity for evidence from 
credit booms in a nation’s economy to provide relevant information for assessing the 
impact of financial risks on finance market efficiency and national economic growth. 
This larger effort has led to two separate paradigms of analysis. On the one hand, the 
micro-prudential approaches assume that the primary drivers of financial market 
instability are those market risks that are generated by individual creditors in the 
various financial markets. On the other hand, the macro-risk precautionary approach 
considers financial risks as endogenous to the characteristics of the market structure, 
rather than to the individual financial institutions. Understanding the potential for 
each perspective to provide useful insights is considered in the following analysis.

On the one hand, effective micro-prudential policy design can facilitate stability in 
the financial markets by creating optimal capital and liquidity requirements that are 
placed on individual firms in the market. Empirical analysis to support this perspec-
tive requires collecting data on market and operational risks of the individual finan-
cial institutions, rather than over the entire financial markets. For example, Bernanke 
et al. [25] attempts to integrate the micro-prudential perspective into inform macro-
economic models to reflect how the financial health of individual financial institu-
tions can impact the economic cycles of a nation’s economy. The authors use a nation’s 
balance sheet information to show how credit booms can lead to financial instability 
and economic downturns when institutions face financial distress. Likewise, analysis 
by Adrian and Shin [26] reveals that banks often increase both their leverage and their 
risk-taking during stable economic times, negatively affecting their ability to with-
stand even minor shocks. They find that the interconnectedness of financial institu-
tions and the spread of financial risks require greater banking oversights and controls.

On the other hand, the macro-risk precautionary approach can be employed to inform 
effective macroprudential policy. This perspective considers financial risks as endogenous 
to the characteristics of the market structure, rather than to the individual financial 
institutions. Systemic risks to the financial markets can be identified that are caused by 
the interconnectedness of the many individual financial firms. This approach relies on 
market-wide risk indicators, such as the credit gap, to indicate potential financial market 
bubbles and subsequent financial market volatility [2]. Generalized policy changes, such 
as changing the capital requirements or loan-to-value rations of all financial institutions, 
can all be used to influence the behavior of all firms across the entire market [27]. The 
following empirical analysis will focus on a study that employs a macro-prudential model 
developed by Schularick and Taylor [4] to examine whether measures of credit trends in 
the financial markets can be used to predict a nation’s future economic performance.

Regardless of the competing perspectives of how financial risk is experienced by 
firms, and how market risks can be effectively controlled by regulators, the key elements 
of an artificially created credit boom are the same. Financial markets experience sharply 
increasing leverage ratios, growing domestic credit, and rising real exchange rates. The 
concern is that a sharp expansion of credit is an unsustainable boom in a nation’s eco-
nomic activity, creating an overly optimistic expectation about the true value of financial 
assets and their prices. This can lead to ever higher levels of unjustified financial lever-
age, exacerbating financial market risk. This scenario often results in a credit market 
bubble, endangering a sustained rate of national economic growth in the long run.

2.2  A macro-prudential perspective on credit gap analysis

There are many models combining the effects of a credit gap with those of an asset 
price gap to analyze the impact of financial market volatility on national economic growth.  
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These studies effectively increased the power of financial models to predict short-run 
financial market instability and long-run rates of economic growth. Such models 
often examine the years of financial market and economic growth rates spanning a 
financial crisis or a period when credit payments had effectively peaked. Many of 
these empirical analyses have been conducted by examining various levels of inflation 
behaviors across various nations. Such studies indicate that the formation of financial 
crises can occur even during periods of prevailing low inflation. This implies that a 
timely response from the monetary policymaker is always important, particularly in 
the face of large financial disturbances and imbalances (as opposed to natural peri-
odic financial disturbances).

For example, Schularick and Taylor [4] uses a macro-prudential model to exam-
ine the annual data from 14 developed countries from Europe and North America 
spanning the period 1970–2008. They find evidence that leverage in the financial 
sector increased substantially during this period, and they attribute this result to the 
decoupling of money and credit aggregates within their respective national monetary 
policies. Using indicators of both credit growth while controlling for the credit-to-
production ratio, their research demonstrates that credit growth can be a powerful 
predictor of financial crises, with these measures often peaking prior to the onset of 
financial instability.

Figure 1 below reveals the growth rate and leverage ratio of money and credit 
using the [4] database. The graph reveals how the money and credit curves have 
followed each other rather closely during the pre-WWII period. The only exception 
corresponded to the Great Depression, in which both the monetary system and credit 
collapsed in each country. Afterward, credit growth surpassed its previous levels, 
resulting in a rapid rate of growth that ultimately led to the great credit boom of 2009. 
The graphic shows the exponentially increasing leverage of postwar credit and the 
subsequent onset of financial instability that ensued. Clearly, the average ratio of bank 
loans to GDP doubled after 1970, while the bank asset ratio to GDP increased fourfold. 
This empirical evidence implies that bank asset leverage levels, along with increasing 
credit growth, could be used as harbingers of coming financial sector instability.

Figure 1. 
Money versus credit comparison in the long run. Source: [4].
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Schularick and Taylor [4] also focused on the failure of aggregate money and credit 
accumulated from the start of the financial crisis until 5 years after it. Their analysis 
revealed examples of distinct responses to a financial crisis during the two major eras 
considered in the study. The levels of macroeconomic factors (namely bank loans, 
bank assets, and broad money) before and after WWII are illustrated in Figure 2.

The analysis focuses on those years following various financial crises. Normal 
stands for the 2-year average values during normal periods that occurred before each 
financial crisis. Zero is the year of the actual financial crisis, followed by the subse-
quent 1, 2, 3, 4, and 5 years.

The left side of the graph depicts the prewar period. The data reveal that a 
financial crisis often leads to a “deleveraging” of the economy. Financial institutions 
generally reduced their levels of debt by paying off liabilities, creating a well-known 
V-shaped recovery, as depicted on the graph. The right side of the graph depicts the 
postwar era and reveals that there is no distinguishable pattern in the decline of the 
growth rates in both monetary and credit aggregates. This difference in response 
across the time periods may be attributable to the differences in the central banks’ 
responses to monetary policy. The postwar period reflects the more common mon-
etary policy response of monetary policy accommodation that prevented a broad 
money collapse in the economy. Such changes in policy focus create a higher level of 
bank lending activity and generate a more rapid growth of available credit.

Schularick and Taylor [4] model uses an ordinary least squares (OLS) method-
ology with a logit specification structure. It regresses financial ratio variables on 
primary macroeconomic economic variables to better understand their relation-
ships. This allows the model to quantify the relative power of the credit ratio in 
predicting economic downturns, particularly in forecasting a severe economic crisis. 
These binary variables have been used for constructing the model-dependent vari-
able called “financial crisis predictor.” The main OLS results, coupled with another 
model wherein the macroeconomic variables were modified, confirm each variable’s 

Figure 2. 
Aggregate reaction to the financial crisis. Source: [4].
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statistical significance. These results create evidence in support of using the credit 
gap, which is measured as the number of bank loans made during the postwar finan-
cial crisis, as a reliable predictor of change in a nation’s economic growth.

To that end, Figure 3 below reveals how the authors plot a curve that examines 
the prediction probability of their credit and monetary metrics with respect to the 
financial crises occurring in the baseline model. The behavioral patterns of these met-
rics, which are used for predicting the behavior of the financial sector, are separated 
into the periods before and after the war. Their model shows that the credit metric 
performed better than the monetary metric during the postwar period. The results of 
their research have helped to create a credit gap metric for predicting a future finan-
cial crisis using the observed increases in banking system credit levels.

To achieve these empirical results, Schularick and Taylor [4] use the receiver 
operating characteristic (ROC) methodology, which is appropriate for studying the 
behavior of a binary dependent variable. The results are plotted as the valid predictor 

Figure 3. 
ROC comparisons for credit and money. Source: [4].
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versus some false one. The area under the receiver operating characteristic curve 
(AUROC), which represents the area under the curve of the ROC, is a measure that 
could be helpful in predicting the potential for a future financial crisis. An AUROC 
of 0.5 is equal to the probability of the reference line or “coin toss.” This value would 
indicate that the model is effectively useless in its predictive capacity. An AUROC of 1, 
however, indicates the presence of a perfect predictor.

Accordingly, the AUROC must exceed 0.5 to reject the null hypothesis that the 
metric is useless as a predictor. In most credit estimation studies used to predict a cri-
sis, an AUROC value around 0.7 indicates a relatively good level of predictive power. 
Figure 3 above reveals the AUROC values created by Schularick and Taylor [4]. The 
AUROC value for the credit metric during the prewar period is 0.77, while the value 
for the money metric during this same period is 0.74. Further, the graphic reveals how 
the two metrics were highly correlated during the prewar period.

In contrast, the credit score AUROC value over the postwar period fell to 0.72, 
while the monetary metric AUROC value fell to 0.66. Further, the graphic reveals how 
the two metrics are less correlated after the war than they were before the war. This 
indicates that, while the two metrics were very comparable during the prewar era, 
the credit metric exhibited superior predictive power for forecasting future financial 
instability during the postwar era.

The empirical results of this study were obtained even after controlling for other 
crucial macroeconomic variables, such as real GDP growth, inflation, the nominal 
interest rate, the real interest rate, and the investment/GDP ratio. The resulting 
AUROC statistics did not vary significantly from that set by the AUROC factors. This 
increases the robustness of the claim that the credit gap metric reflects the heightened 
risk of the economy experiencing a financial drought.

2.3  Implications of the Schularick and Taylor study

The empirical research by Schularick and Taylor [4] was the first study to identify 
how the relationship between money, credit, and GDP was relatively more stable 
during the pre-WWII period but became less so afterward. Their research revealed 
that the predictive powers of money and credit growth metrics diverged after WWII, 
likely a result of ever-increasing levels of credit borrowing and bank liabilities in the 
postwar era.

The potential for using this relationship for developing credit-based metrics for 
predicting is supported in subsequent literature. Using data from a similar list of 
developed countries in Europe and North America, Jordà et al. [28] explored the rela-
tionship between credit growth, leverage, and financial crises using over a century 
of data. Their empirical analysis reveals how periods of excessive credit growth often 
preceded financial crises across these nations. They found that high levels of leverage 
amplify the business cycle of a nation’s economy, making countries more susceptible 
to severe economic downturns whenever credit bubbles burst. Further, the resulting 
economic instability became increasingly severe and persistent over time, leading 
to sustained economic weakness. Ultimately, the authors conclude that economies 
exhibiting higher degrees of financial leverage tend to consistently experience deeper 
subsequent recessions and slower economic recoveries. Their conclusions support the 
theory that such a relationship could be employed to create a metric to help predict 
future financial crises and resulting economic recessions.

Another key contribution of the Schularick and Taylor study was that evidence 
of increasingly vulnerable financial systems facilitated greater real-economy risks 
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associated with high levels of growth in the size of a nation’s financial system. 
The robustness of their overall results supported the hypothesis that the resulting 
significant changes in credit gaps became a significant stimulator of the subsequent 
financial crises in the postwar period. They find empirical evidence that augmenting 
the role of the nonmonetary financial system after World War II created endogenous 
credit bubbles that culminated in the global financial downturn. Specifically, the 
increased prevalence of private credit around the globe was a strong influence on the 
variation in the credit metric, implying that this sector may contain valuable informa-
tion about the probability of future financial crises.

Previously, Adrian and Shin [29] examined the role of leverage in exacerbating 
financial instability by analyzing the structural changes in financial intermediation 
leading up to the 2008 global financial crisis. They find that, over time, financial 
institutions increasingly relied on short-term wholesale funding and securitization, 
noting that this trend amplified systemic global financial risks. As financial institu-
tions increased borrowing during economic booms and deleveraged during economic 
downturns, their reliance on short-term funding made the global system susceptible 
to liquidity dry-ups, which in turn triggered widespread distress when asset prices 
fell, and funding evaporated.

However, Schularick and Taylor suggest that, historically, some credit booms 
across the nations studied were not followed by a financial crisis. They found that 
when changes in the level of technology spurred increased financial leverage, or 
when changes in financial market efficiencies occurred, the resulting volatility in 
the credit markets resulted in greater levels of capital investment in the short run, 
and subsequent economic prosperity in the long run. Their research emphasizes the 
need to achieve a better understanding of any substantial financial market changes in 
creating productive versus destructive credit booms. They suggest that this necessar-
ily requires a more holistic overview.

Further, the authors warn that the correlation between relatively accurate 
indicators and resulting outcomes does not necessarily imply theoretical causality. 
Further knowledge of how a significant change in financial markets might accu-
rately predict a nation’s coming economic vulnerability is needed before adopting 
the indicator as a meaningful influence over optimal public policy design and 
implementation. Indeed, financial stability can be a consequence of ineffective 
or harmful financial regulation. In such a case, changes in postwar credit growth 
trends might not be the best predictor of the financial crisis, but such accuracy 
could merely be cointegrated with poor governmental monetary, fiscal, or regula-
tory policy decisions.

For example, Dell’Ariccia et al. [2] examines the relationship between credit 
booms and financial stability across different countries. The authors find that rapid 
credit growth driven by financial innovation and deregulation has led to increased 
risks within a country’s financial system, ultimately resulting in financial crises. They 
find that high degrees of financial leverage, and unregulated and deteriorating lend-
ing standards can result from poor regulatory frameworks, leading to broad levels of 
excessive risk-taking and increased financial instability.

2.4  Implications for optimal public policy

Ultimately, the optimal type of financial regulation and the desired structure 
of the financial markets require careful application of the insights gained from 
the research conducted by Schularick and Taylor. Their results have implications 
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for using a credit-based metric as a forecasting tool for informing the design and 
implementation of a nation’s financial and economic policy. Such metrics would 
need to be properly designed, as any significant differences in the trends between 
public versus private credit activity may impact the investment behavior of the 
private sector.

Consider the research by Dell’Ariccia et al. [30] who compare the credit booms 
across many different sectors of a nation’s economy. They found that the construction 
sector exhibits a unique behavior relative to the other sectors in responding to credit 
booms. In such a case, this difference would be lost in a singular measure of a credit 
metric. In other words, the probability of a financial crisis occurring, and the capacity 
of a credit gap metric predicting it, could be influenced by the type of credit that is 
changing over time.

Gourinchas and Obstfeld [24] discuss how the global economy’s increasing 
interconnectedness has heightened the risks of financial contagion. They highlight 
the importance of international financial cooperation in managing global economic 
stability. They state how it is imperative for countries to adopt coordinated policy 
responses. This implies that the capacity of a credit gap metric would be influenced by 
the degree of international connections between global financial institutions.

Kaminsky and Reinhart [23] examine the interplay between the “twin curses” of 
banking crises and currency crises. They find that misguided monetary policy can 
lead to false currency valuations and capital flow volatility, resulting in excessive risk-
taking by financial institutions that create asset bubbles. This implies that the capac-
ity of a credit gap metric would be influenced by the quality of a nation’s monetary 
policy.

This begs the question: What areas of regulatory policy can be informed by an 
optimally designed credit metric? Adrian and Shin [26] advocate for macroprudential 
policies that limit excessive leverage and ensure that financial institutions maintain 
adequate liquidity buffers to mitigate volatile procyclical behavior. They suggest limits 
on leverage ratios to prevent excessive borrowing by financial institutions, minimum 
liquidity requirements for financial institutions, and countercyclical buffers that 
increase during economic booms and decrease during downturns.

Dell’Ariccia et al. [2] suggest several macroprudential policies to manage 
credit growth and maintain financial stability. This includes countercyclical 
capital buffers to absorb potential future losses, placing limits on loan-to-value 
and debt-to-income ratios to prevent excessive borrowing, and stress testing to 
detect vulnerabilities to systemic risks. Gourinchas and Obstfeld [24] highlight the 
importance of accounting for the global economy’s increasing interconnectedness 
across financial markets, necessitating nations adopt coordinated policy responses 
to localized financial crises. They suggest strengthening international financial 
cooperation, implementing internationally coordinated oversight policies, and 
adopting countercyclical financial policies that alter capital requirements based on 
prevailing market conditions.

An optimally designed credit-based metric can only be useful as a forecasting 
tool if it can meaningfully inform the design and implementation of such financial 
regulations and public policies. The above literature makes it clear that any such 
metric must be calculated while controlling for variation across financial sectors, the 
degree of international financial interdependence, and the prevailing quality of a 
nation’s monetary policy. Further, it must be understood how the metric can itself be 
influenced by prevailing liquidity requirements, countercyclical capital buffers, and 
regulatory limitations, such as debt-to-income ratios.
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3.  Conclusion

Empirical analysis by Schularick and Taylor [4] has demonstrated how the early 
warning signs of a pending financial crisis can be predicted by using a well-designed 
credit gap metric that reveals the fast growth rate of credit relative to a nation’s GDP. 
Using the credit gap perspective in conjunction with asset prices to design measures 
of aggregate credit growth can be used as an important and reliable indicator to 
predict a pending financial crisis [28]. Schularick and Taylor have shown that when 
a nation’s credit availability (per dollar of GDP) grew faster than a nation’s monetary 
base during the post-WWII era was revealed to create a more volatile response in 
postwar bank assets and contributed to greater financial instability. Capturing this 
credit-based trend in a metric could provide meaningful insights for designing and 
implementing optimal financial market policies.

The empirical findings from the Schularick and Taylor research suggest that 
the amplitude, length, and disruptive power of the business cycle are all related to 
significant changes prior to governmental financial and monetary regimes. Those 
policies that appear to increase the volatility of credit markets also tend to increase 
financial market fragility during times of relative economic prosperity. Such periods 
often result in economic downturns that reduce a nation’s long-run rate of economic 
growth. Fast credit lending by banks may generate a boom in the short run. However, 
such a boom can also augment a banking system’s vulnerability by exposing its 
balance sheet to greater risks. This, in turn, can lead to the inability to handle even 
modest financial shocks, resulting in lower economic growth.
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Chapter 3

Predicting Financial Crises: The
Role of Shocks to Real Interest
Rates and Credit on Aggregate
Economic Activity, Lessons
from the Austrian Business Cycle
Theory
Yahuza Abdul Rahman

Abstract

This study investigates postulates of the ABCT in selected advanced and emerging
economies. Specifically, using quarterly data from 1980q1 to 2023q1, it estimates a
Structural Vector Autoregressive Model with exogenous variables (SVARX) based on
the Stochastic KeynesianModel for 20 selected countries. Outcomes of the study suggest
mixed results. First, credit expansion and contraction are indeed induced by deviations
of real interest rates from the trend. However, whilst this causal relationship is positive
in the West and Latin America, it is negative in East Asia, Africa, and Middle East.
Second, in 11 out of the 20 countries, credit expansion leads to substantial positive
gaps of real GDP per capita around its potential level. It, however, leads to negative
gaps in the remaining nine countries. Third, private consumption actually falls below
the trend level in response to a positive shock to credit. Finally, values of imports
tend to respond positively to impulses to credit. It concludes that financial crises
are due to deviations of real interest rate from the equilibrium rate, which cause
the output to deviate from its trend level leading to crises. Therefore, substantial
deviations of real interest rates from the equilibrium rates give signals of pending
financial crisis.

Keywords: financial crisis, structural shocks, vector autoregression, advanced
economies, emerging economies, The Austrian Business Cycle Theory, Stochastic
Keynesian Model

1. Introduction

Analyses of historical financial time series suggest that financial crises have
become regular events within the global financial markets. Recent financial crises
have had a profound impact on the global economy, leading to widespread job
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losses, home foreclosures, and significant declines in economic growth [1–5].
From the strand of the theoretical literature, three broad forms of financial crises have
been identified, and they are banking crises and panics [6, 7], credit frictions and
market freezes [8–10], and currency crises [11–16]. Despite the devastating impacts
of financial crises, there is little consensus on their causes, predictions, and
mitigating factors.

Many theories have been propounded, and volumes of empirical studies have done
in attempts at determining causes, providing early warning signals and preventing or
mitigating the adverse impacts of financial crises. However, these attempts, though very
informing, have not yielded the desired outcome. These attempts resulted into different
theories of financial crises [17] and volumes of empirical studies [18–22] but with little
consensus on how financial crises occur and how they could be tracked and mitigated.

One of these theories is the ABCT [23, 24]. It submits that the market is capable of
allocating resources in conformity with intertemporal preferences on the basis of a
market-determined natural rate of interest and that any extra-market forces which
substantially influenced the prevailing interest rate to deviate from the natural rate
leads to credit expansion and contraction, resulting in intertemporal misallocation of
resources away from the potential level of output. Misallocations are then followed by
self-correcting reallocations of resources which eventually correct the market back to
equilibrium [25–27]. According to this theory, financial crises are results of excessive
external interventions in the markets and the subsequent self-correction of the mar-
kets to restore equilibrium.

The postulates of ABCT have not been adequately investigated in empirical
literature. Most of the recent empirical studies [28–37] have focused attention on other
financial theories with little emphases on the ABCT. They have explored a myriad of
variables and tested their significance in terms of impacts and magnitudes in inducing
occurrences of financial crises. However, there still remain challenging issues in identi-
fying the underlying economic forces that give rise to financial crises. Also, connecting
individual variables to specific channels and mechanisms as identified by various theo-
ries such as the ABCT is lacking. Moreover, reconciling the estimated economic magni-
tudes across studies and determining the resilience of financial markets to exogenous
shocks still remain a challenge. This study is aimed at investigating the postulates of the
ABCT of financial crises by examining the underlying responses of aggregate macro-
economic activity to short run exogenous shocks to real interest rates and private credit
in selected advanced and emerging economies.

Specifically, it estimates a Structural Vector Autoregressive Model with exogenous
variables (SVAR-X) and isolates the underlying structural impulse-responses of real
interest rate, private credit, real GDP per capita, private consumption, tax revenues,
and import values in 20 selected advanced and emerging economies. The countries are
grouped into five categories of four countries each. The categories are the West, Latin
America, Africa, Middle East, and East Asia. Countries in each category are selected
based on their income levels and availability of data. The groups are the United States,
the United Kingdom, Canada, and Sweden from the West; Bolivia, Chile, Mexico,
and Peru from Latin America; Botswana, Egypt, Mauritius, and South Africa from
Africa; Bahrain, Iran, Jordan and Lebanon from Middle East; and China, Malaysia,
Philippines, and Singapore.

Guided by the Stochastic Keynesian Macroeconomic Framework, the study iden-
tifies private consumption, private credit, real interest rate, tax revenues, import
values, and real GDP per capita as endogenous variables and broad money supply,
government consumption, export values, and real exchange rate as the exogenous
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variables. With the exception of the real interest rate, each of these variables was
decomposed into trend and cyclical components, where the cyclical parts were used
for the estimations. The study estimates, isolates, and compares the underlying struc-
tural impulse-responses of these macroeconomic variables from these countries.

For identification restrictions on the structural parameters, Cholesky decomposi-
tion method on AB-Model was used, where the variables are arranged in order of
consumption, credit, tax revenues, real interest rate, imports, and real GDP per capita.
Outcomes of the study lend strong support to the ABCT. The study makes contribu-
tions to knowledge by testing the ABCT and how it can be used for signaling and
predicting financial crises. It also suggests a theoretical framework for operatio-
nalizing the postulates of the ABCT.

The rest of the study is organized as follows: Section 2 provides a review of the
literature on theoretical and empirical studies, highlighting key theories of financial
crises and some recent empirical studies. It also identifies literature gaps for further
studies. Section 3 presents the methodology of the study, by highlighting the theoretical
model specifications and elaborating on the empirical model specifications. It finally
explains the sources of data and measurement of variables. Section 4 outlines and
explains the results, and Section 5 sums it up with conclusions and recommendations.

2. Literature review

Financial systems are subject to periodic disturbances, leading to market crashes,
panics, and recessions. Various theories attempt at explaining causes and mechanisms
of financial crises. These theories help in understanding the complex factors contrib-
uting to financial crises, enabling policymakers and researchers to develop strategies
for mitigating and prevention. This section presents a review of the financial litera-
ture, which, admittedly, cannot cover the entire literature due to volume and space.
What it presents here is a review of three relevant theories of financial crises: the
Banking Crises and Panic Model, the Moral Hazard and Adverse Selection Model, and
the Austrian Business Cycle Theory. Finally, it also reviews some most recent empir-
ical studies and identifies the study gaps.

2.1 The banking cries and panic model

This is a formal description of the Goldstein and Pauzner’s [7] version of the Dia-
mond and Dybvig’s [6] model of banking crises and panics. It describes agents’ con-
sumption and saving behavior which may lead to financial crisis in an economy. This
model is built on assumption that there are three periods (0, 1, and 2), one good, and a
continuum [0, 1] of agents. Each agent is born in period 0 with an endowment of one
unit. Consumption occurs only in period 1 or 2 c1 and c2. Each agent can be one of the
two types: (1) impatient with a probability of λ and (2) patient with a probability of 1-λ.
There is no aggregate uncertainty, and agents’ types are independent and identically
distributed. Agents learn their type at the beginning of period 1. Impatient agents can
consume only in period 1 and obtain a utility of u c1ð Þ. Patient agents can consume in
both periods 1 and 2 with utility of u c1 þ c2ð Þ. u :ð Þ is twice continuously differentiable,
increasing, and for any c≥ 1 has a relative risk-aversion coefficient: � cu00 cð Þ

u0 cð Þ > 1. Agents
have access to a productive technology that yields a higher expected return in the long
run. Each unit of input invested in period 0 generates 1 unit of output if liquidated in
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period 1 and R units of output with probability p θð Þ or 0 units with probability 1� p θð Þ
if liquidated in period 2, where θ is the state of the economy with a uniform distribution
of [0,1]. p θð Þ is strictly increasing in θ satisfies: Eθ p θð Þ½ �u Rð Þ> u 1ð Þ.

In autarky, impatient agents consume one unit in period 1, and the patient agents
consume R units in period 2 with a probability of p θð Þ. A social planner who can verify
agent’s type once revealed would set the period 1 consumption level c1 of the impatient
agents so as to maximize the agent’s ex ante expected welfare:

λu c1ð ) + (1 – λ) u ( 1�λc1
1�λ RÞ Eθ p θð Þ½ �:

The first order conditions are

u0 c1FB
� � ¼ Ru0

1� λc1FB

1� λ
R

� �
Eθ p θð Þ½ �:

That is, the marginal benefit of the impatient agents equal to the marginal cost of
the patient agents. Thus, there is risk sharing at the optimum.

The bank: Because the agent’s type is assumed to be observable, the bank can
enable risk sharing by offering a demand-deposit contract such that each agent
deposits his endowment in period 0. If he demands withdrawal in period 1, he gets a
fixed payment of r1 > 1, but if he waits until period 2, he gets a stochastic payoff of ~r2 ¼
1�nr1ð Þ
1�n Rwith a probability of p θð Þ and 0 with probability of 1� p θð Þð Þ. If the bank sets

r1 at c1FB and only the impatient agents demand early withdrawal, the expected utility
of the patient agents is Eθ p θð Þ½ �:u 1�λr1

1�λ R
� �

: As long as this value exceeds u r1ð Þ, there is
an equilibrium in which only the impatient agents make early withdrawal. This equi-
librium is optimal if the number of the impatient agents nð Þ demanding early with-
drawal is less than 1

r1
. However, if > 1

r1
, there will be another sub-optimal equilibrium

where all agents demand early withdrawal, where period 1 payment will be r1 with
probability 1

nr1
or 0 with probability of 1� 1

nr1
and the period 2 payoff is zero.

Thus, the optimum equilibrium of this model is contingent on four key variables:

i. λ, the probability of the impatient type agents

ii. n, the number of the impatient agents

iii. r1, the period 1 payoff

iv. R, returns on the remaining assets carried over to period 2.

The question is what factors influence dynamics of these variables? λ and n will be
influenced by income levels of agents and the extent of income inequality in the
country. R is dependent on the state of the economy, and r1 may depend on R. Thus,
the state of the economy is at the core of bank runs.

2.2 The moral hazard and adverse selection model

In the above model, high probability of the impatient agents and their number may
result in low level of assets with the banks for advancing long-term credits. This may
result in low level of credits, hence credit rationing. To avoid credit rationing and
freeze, the policy should aim at reducing the number of impatient agents to the barest
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minimum. This presumes that the agents’ type is known as assumed in the above
model. In reality, however, agents’ type is not known. Also, return on investment is
likely to be influenced by effort of the agents. These introduced the problems of
adverse selection and moral hazards in the system.

Holmstrom and Tirole [9] developed a model to account for these issues. This
model assumes that there is a continuum of entrepreneurs, with access to the same
investment technology and different amounts of capital A, with a distribution func-
tion G Að Þ. The required investment is I, and entrepreneurs need to raise I –A from
outside investors. Gross return on investment is either R or 0, and the probability of
getting R instead of 0 depends on the type of the project the entrepreneur undertakes.
There are three possible project types: (1) good with R returns, with PH probability of
success (2) bad with low private benefit b, with PL probability of success, and (3) bad
with high private benefits B, with PL probability of success, PH >PL and B> b. All
entrepreneurs seek to choose a good project. However, an entrepreneur may choose a
bad project if it provides him with non-pecuniary benefit. Therefore, if unconstrained
the entrepreneur may always choose a bad project with high private benefit. The rate
of return demanded by outside investors is given by γ, which can either be fixed or
realized from an upward slopping function S γð Þ. It is assumed that only good project is
viable, that is,PHR� γI>0>PLR� γI þ B, ensuring that investing in a bad project
generates a negative total surplus. This implies that entrepreneurs with large assets A
would have easy access to external financing. Therefore, every entrepreneur needs to
own A and access I –A from the bank to be able to undertake viable investment.

The question is how would the entrepreneur divide the returns R from a good
investment with the bank? Let us assume that the entrepreneur would take Rf and the
bank gets Ru such that Rf þ Ru ¼ R. A necessary condition for the entrepreneur to
participate in a good project is

PHRf ≥PLRf þ B

Rf ≥B=ΔP, where ΔP ¼ PH � PL:

This is the incentive compatibility constraint, which ensures that the entrepreneur
benefits more from a good project than a bad project. The maximum expected income
to the bank is PH R� B

ΔP

� �
, and the participating constraint of the bank is

γ I � Að Þ≤PH R� B
ΔP

� �
. This puts an endogenous financing constraint on the entre-

preneur, which depends on how much internal capital A he has. Let the threshold
amount that an entrepreneur should have to access external financing be A γð Þ such
that A γð Þ ¼ I � PH R� B

ΔPð Þ
γ . Thus, only entrepreneurs with capital above this threshold

can raise external funds for investment. This outcome is the classic credit rationing
result [8]. Therefore, only entrepreneurs with a minimum amount of capital equal to
the threshold can raise external financing.

However, if the bank can put in their own capital of Km to monitor the entrepre-
neur to prevent him from choosing a bad project with a high private benefit, the
threshold amount can be relaxed to A

_
γ, βð Þ so that entrepreneurs with a level of capital

lower than the threshold A γð Þ will be able to get financing by the bank, where β is the
return required by the bank for monitoring. It follows that

A
_
γ, βð Þ ¼ I � Im βð Þð Þ � PH R�bþc

ΔPð Þ
γ , where Im βð Þ is the amount of capital provided by

the bank, which is decreasing in the return β demanded by the bank for monitoring.
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Hence, the entrepreneur only needs to raise I � Im βð Þð Þ directly from the bank. The
entrepreneur in that case can only promise the bank with expected payment of
PH � bþc

ΔP

� �
, so that both maintain incentives to choose a good project and monitor.

Implications of this model:

i. In the presence of moral hazards, credit rationing prevails with only
entrepreneurs with own internal capital above a threshold that can raise
external financing.

ii. However, if the bank can invest its own capital in monitoring the
entrepreneur to choose a good project and receive a return on monitoring,
many entrepreneurs with capital below the threshold can participate in
external financing.

This underscores the vulnerability of the financing system. Per the model, only
entrepreneurs within the top income group can raise external capital. However, by
assuming monitoring role, the bank opens itself to bad entrepreneurs who might
choose bad project with high probability. If the proportion of this category is higher
than the initial entrepreneurs, then the stability of the system will strictly depend on
the monitoring technology of the bank. Any shortfall in the monitoring responsibility
of the bank increases the probability of bad projects and any adverse shock to the
fundamentals of the economy will increase the probability of a credit crunch.

2.3 The Austrian business cycle theory

Stability in the above twomodels depends to some extent on the fundamentals of the
real economy. This brings the Austrian theory of business cycle to the fore, necessitating
us to understand the real cases of changes in the aggregate economic activity.

This theory is due to Hayek [23, 24, 38, 39]. This review is based on the rendition of
Snowdon and Vane [26]. According to this theory, the market is capable of allocating
resources in conformity with intertemporal preferences on the basis of a market-
determined natural rate of interest and that any extra-market forces which substantially
influenced the prevailing interest rate to deviate from the natural rate lead to credit
expansion and contraction, resulting in intertemporal misallocation of resources away
from the potential level of output. Misallocations are then followed by self-correction
reallocations of resources which eventually correct the market back to equilibrium. The
external interventions in the market and the subsequent self-correction of the market
are the causes of the cyclical movements of actual output around the economy’s poten-
tial level, hence financial crisis. The model makes a distinction between saving-induced
credit expansion and capital injection-induced credit expansion.

In the nut shell, according to this theory, padding the supply of loanable funds
with newly created money drives a wedge between saving and investment. The
immediate effects are as follows:

i. No credit shortage occurs

ii. Periods of economic expansions in which an inherent problem of mismatch
between saving and investment is concealed festers.

iii. A bust which is the eventual but inevitable resolution to the problem occurs.
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Any of the above theories provides some insights on sources of financial crises.
However, taking them in isolations, they fall short of giving adequate explanations to
sources of financial crises. A critical look at these models indicates that they are related
in some key variables, albeit with varying degrees of emphasis. Model 1 is linked with
model 3 through the payoff (natural interest rate) which determines the level of
saving. According to both models, any distortion in the market which fixes the inter-
est rate below or above the equilibrium level affects the availability of loanable funds.
In the words of model 1, the number of the impatient agents will increase and in the
words of model 3 saving will fall. Return on assets in model 1 and output fluctuations
in model 3 are also related. Artificial boom causes bubbles in return on assets and
market self-correction leads to bust in output and asset returns. Implicit in the model
is the price level which gives signals to the real factors.

Moreover, model 2 is related to both models 1 and 3 through credit expansion.
While it takes the level of credit as given and looks at the behavior of agents and their
types, model 1 also takes it as given and looks at the number of agents, but model 3
examines the sources of the credit expansion, as to whether it is saving-induced
expansion or money-induced expansion. Therefore, if taking any of these models in
isolation fails to offer adequate explanations on the sources of financial crises, taking
them together may offer some important insights on financial crises. This is what this
study attempts to achieve.

Empirical literature in this regard highlights the standing level of understanding on
sources of financial crises. From the perspective of the fundamentals, historical time
series analysis has shown that financial crises are often preceded by a combination of
factors, including excessive borrowing and debt [38], asset price bubbles [39], finan-
cial innovation and deregulation [40], and global imbalances [41]. Some studies
observed rising income inequality of the top 10% category of households and low
productivity growth as robust predictors of financial crisis [28, 29]. A rapid build-up
of debt, whether public or private, is also observed to increase the likelihood of a
financial crisis, as did a larger share of short-term external debt, higher debt service
cover, and lower reserves cover [30].

Moreover, some studies [30] observed that countries that experienced financial
crises frequently employed combinations of unsustainable fiscal, monetary, and
financial sector policies. There is also evidence of critical slowing down of fundamen-
tals [31], weak macroeconomic environment, particularly low output and high infla-
tion [42] and high financial leverage [43]. Also, high interest rates are identified to be
associated with systemic banking sector problems as well as vulnerability of balance of
payments [21]. Joao Tovar Jalles [44] examined determinants of banking crises and
observed that recent baking crises are mainly related to the asset side of bank’s balance
sheets and [33] summarized and analyzed the main economic and political factors of
financial crises.

Other studies [34] were attempts at predicting the timing and measuring magni-
tudes of the impacts of financial crises. They explored how crises are measured,
whether they are predictable, and why they are associated with economic contractions
and concluded that crises are predictable with growth in credit and elevated asset
prices playing an especially important role. It is observed that financial crises are not
simply random but typically a prolonged build-up of macro-financial imbalances [28],
and Greenwood et al. [35] estimated the predictability of financial crises as a function
of past credit and asset price growth.

Furthermore, other studies [2] examined the post crises effects of financial crises
and observed that financial crises have significant consequences, including output
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losses, unemployment [3], home foreclosures [4], and increased income inequality
[5]. For example, Brauning and Viacheslav [19] examined the macroeconomic effects
of a likely credit contraction triggered by the recent banking turmoil. They
documented a sizeable and persistent decline in output and rising unemployment
following non-systemic financial distress. Hardy and Sever [20] studied how financial
crises affect innovative activities. They provided a link between banking crises and
observed the pattern of lower long-term output growth. Frydman and Xu [18] sur-
veyed the recent empirical literature on historical banking crises. They highlighted
three overarching threats: (1) leverage in the financial system is a systematic precur-
sor to crises, (2) crises have sizeable negative effects on the real economy, and (3)
government interventions can ameliorate these effects. Romer and Romer [21] also
attempted at identifying the effects of recent crises on financial performance and
organizational resilience. Lower investment during financial crises is the key factor
leading to permanent loss of output and total factor productivity in the wake of a
crisis [22].

Policy responses to financial crises have included monetary policy [45], fiscal
policy [46], financial regulation [47], and international cooperation [48]. Therefore,
there is no scanty of studies with regard to determinants of financial crises. However,
there still remain challenges in identifying the underlying economic forces that give
rise to the relationships evidenced in theories and in historical data. Also, connecting
these individual factors to specific channels and mechanisms emphasized by theory,
and reconciling the estimated economic magnitudes, are currently challenging to
contrast across studies. This study therefore seeks to attempt at contributing to filling
some of these gaps.

3. Methodology

3.1 Introduction

This section presents the method and approach used for the analysis. It exploits
features of a version of the Keynesian Stochastic Macroeconomic Model (KSMM) in a
structural VARX setting. The section comprises the theoretical model specification,
empirical model specification, and the data source.

3.2 Theoretical model specification

Empirical analysis of the dynamics of financial Markets requires strong theoretical
foundation for explanations. Unfortunately, none of the above reviewed models of
financial crises gives a definite structural macroeconomic framework of an economy
to guide the analysis. In order to avoid spiral exercise without theory, this study is
premised on a version of the Keynesian Stochastic Macroeconomic Model (KSMM).
The model is an economic framework that combines elements of Keynesian econom-
ics with stochastic variables to analyze economic behavior under uncertainty. This
model is suitable for studying various economic phenomena such as business cycle,
monetary policy, fiscal policy, and financial markets and provides a more realistic
representation of economic behavior under uncertainty, allowing for a deeper under-
standing of complex economic phenomena. Following the derivations of [49, 50], the
structural features of the model are given by the following six structural equations:
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Ct ¼ c0 þ c1 Yt�1 � Tt�1ð Þ þ c2Xt þ εc ðconsumptionÞ (1)

It ¼ b0 � b1Rt þ b2Yt�1 þ εI ðinvestmentÞ (2)

Rt ¼ r0 � r1Zt þ r2Yt þ εR ðmoney market equilibriumÞ (3)

Tt ¼ t0 þ t1Yt þ t2Mt þ εT ðtax revenueÞ (4)

Mt ¼ m0 þm1Yt þm2Rt þm3Tt þm4Et þ εM ðimportsÞ (5)

Yt ¼ Ct þ It þ Gt þ Xt �Mt ¼ Ct þ Tt þ St ðmacro� balanceÞ (6)

Here, the endogenous variables are as follows:
Ct is consumption, It is investment, Tt is tax revenue, Mt is imports, Yt is national

income, and Rt is nominal interest rate. The exogenous variables are Xt is export, Et is
nominal exchange rate, Gt is government spending, and Zt is real money balance. ci,
bi, ti, mi, and ri for i ¼ 1, 2, 3… are parameters. The shocks εc, εI, εT, εM, and εR are
normally distributed with zero means and constant variance. This model can be
estimated using the SVARX approach [51, 52].

The SVAR model has become one of the major approaches for extracting informa-
tion about the macro economy. It is suitable for quantifying impulse responses to
macroeconomic shocks and enables for measuring the degree of uncertainty about
impulses and for deciding on contributions of different shocks to business cycles as
well as forecast errors through variance decompositions. However, the use of SVAR
has its intricacies [53]. The major task in estimating SVAR model is how to recover the
structural parameters from the reduced form of VAR.

In practice, different methods of identification restrictions have been used. They
are (1) the Cowles Commission approach which assumes that the structural shocks are
correlated and solves the identification problem by excluding variables from the
structural equations. (2) The recursive approach assumes the structural shocks to be
uncorrelated with one another such that the endogenous variables are ordered in a
manner that they contemporaneously depend on others further down the system but
not on those above. Thus, the system is presented in a triangular structure. (3) The
long run restrictions method. (4) Parametric impulse restrictions [54]. (5) The sign
restrictions method which requires the use of either the Givens transformation matrix
or Householder transformation matrix [55, 56]. Each of these methods of identifica-
tion has its strength and weakness, and no evidence exists to suggest preference of one
approach over the other. However, the use of any of these identification restrictions
must be grounded in theory and be guided by institutional knowledge.

3.3 Empirical model specification

Given the six variables of the KSMM, consumption Ct, investment It, interest rate
Rt, tax revenues Tt, imports Mt, and real GDP per capita Yt, let Zt ¼
Ct, It,Rt,Tt,Mt,Ytð Þ0 be a vector of the endogenous variables and ut ¼
u1, u2, u3, u4, u5ð Þ0 be a vector of the structural innovations. The dynamic behavior of
Zt is captured in a structural VAR-AB model as follows:

AZt ¼ a0 þ A lð ÞZt�1 þ But (7)

where E utut0ð Þ ¼Pu and E utus0ð Þ ¼ 0 for t 6¼ s. The reduced form equation is
given as follows:
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Zt ¼ A�1a0 þ A�1A lð ÞZt�1 þ A�1But

Zt ¼ b0 þ G lð ÞZt�1 þ et (8)

Here, et = A�1But
The functional structural form of eq. (8) including the exogenous variables is

represented as follows:
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And, restrictions on the parameters of et = A�1But are in the following form
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The impulse – response functions are then derived as follows:

εc ¼ uc (11)

εI ¼ a21uc þ uI

εR ¼ a31uc þ a32uI þ uR

εT ¼ a41uc þ a42uI þ a43uR þ uT

εM ¼ a51uc þ a52uI þ a53uR þ a54uT þ uM

εY ¼ a61uc þ a62uI þ a63uR þ a64uT þ a65uM þ uY
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3.4 Data sources and measurement of variables

The data were obtained from theWorld Development Indicators (WDI). It comprises
10 annual time series variables spanning 1980 to 2023. In order to exploit variations in the
data, the frequencies of the variables were increased by converting them from annual to
quarterly using Chow-Linmethod.With the exception of the real interest rate, each of the
series was decomposed into trend and cyclical components using the Hedrick-Prescott
(HP) filter. The cyclical components were used for the estimation. This was done to
enable the assessment of deviations of the variables from the trends.

The endogenous variables are as follows:

1.Private consumption gap

2.Real GDP per capita (for output gap)

3.Import values gap

4.Credit gap (used as a proxy for investment)

5.Real interest rates

6.Tax revenues gap

The exogenous variables are proxied by

1.Government consumption gap

2.Export values gap

3.Exchange rates gap

4.Broad money supply gap

4. Estimation results and major findings

4.1 Descriptive statistics

Here, a sample descriptive statistics for three countries from each of the five
groups are presented. This enables us to ascertain and exploit the variability of the raw
data across the countries. Table 1 reveals that, in the US, average real GDP per capita
is $47,561 over the period under consideration, with a maximum of $65,020 and a
minimum of $30,696. Private consumption avereaged around 81% of GDP. This is
gauged by broad money supply which averaged around 78% of GDP. One significant
thing to note is the rate of credit expansion to the private sector by financial institu-
tions. The average credit supply is about 155% of GDP with a maximum of more than
twice the GDP of the country. Also, average real interest rate is positive around 4%,
and government consumption alone is about 5% higher than its generated tax reve-
nues. In contrast to the UK, the avergae real GDP per capita is $37,369 with a maxi-
mum of $47,343 and a minimum of $23,331. Credit supply to the private sector is over
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100% of GDP, and average real interest rate is positive and around 2%. However,
whilst in the US, government consumption alone exceeds its tax revenues by 5%, and
in the UK, tax revenue is rather above government consumption by 5% as shown in
Tables 2 and 3.

This pattern is also observed in Canada with high average real income, credit
supply far more above GDP, positive real interest rate, and government consumption
being above its tax revenues. Thus, in the advanced countries, credit supply to the
private sector is very high. In contrast to countries in Africa, average real GDP per
capita is very low hovering around $4760, $2649, and $5342, for Botswana, Egypt, and
South Africa, respectively. Whist in Botswana, tax revenue is below government
consumption by about 2%, and it is above in Egypt and South Africa by about 4% and
5%, respectively. More noticeable is the level of credit supply to the private sector
which is way below 50% of their GDP (Tables 4–15).

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 80.89 1.995 76.114 85.126

Private Credit 173 155.996 38.309 89.238 221.129

Tax Revenues 173 10.765 1.013 7.904 13.063

Imports 173 13.157 2.54 9.043 17.442

Real Interest Rate 173 4.235 2.262 �1.189 8.595

Real GDP Per Capita 173 47,561 9651 30,696 65,020

Broad Money 173 78.485 12.789 59.659 115.406

Exports 173 10.42 1.755 6.988 13.644

Govt. Consumption 173 15.166 .874 13.467 16.808

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 1.
Descriptive statistics—United States.

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 84.453 1.817 80.644 88.371

Private Credit 173 115.785 41.017 26.216 192.438

Tax Revenues 173 24.911 1.042 22.762 28.214

Imports 173 27.679 3.085 22.712 36.097

Real Interest Rate 173 2.02 2.745 �4.301 6.72

Real GDP Per Capita 173 37,369 7601 23,331 47,343

Broad Money 173 102.727 43.539 30.764 165.625

Exports 173 26.863 2.771 22.163 33.43

Govt. Consumption 173 19.491 1.654 16.04 22.602

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 2.
Descriptive statistics—United Kingdom.
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4.2 Test for unit roots

Tests for stationarity of the variables revealed that the cyclical components are
integrated to degree zero; thus, they are stationary at levels. Also, tests for model lags
selection found models with two lags as most appropriate for the analysis. After that
the estimated models were subjected to stability tests, where all the roots of the
equations lied within the unit circle, indicating that they were stable. Finally, normal-
ity of the error terms were confirmed. Thus, the models were adequately specified as
they meet all specification criteria.

4.3 Impulse response functions

Starting the analysis with Figures 1–5, each of the graphs represents a 1% positive
impulse to real interest rate for all the 20 selected countries under consideration.

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 76.858 2.053 73.382 82.147

Private Credit 173 114.634 47.031 56.417 207.363

Tax Revenue 173 13.263 .819 11.623 14.858

Imports 173 30.884 4.406 21.423 38.556

Real Interest Rate 173 3.788 2.506 �.238 10.363

Real GDP Per Capita 173 37,113.97 5933.325 26,999.08 45,227.14

Broad Money 173 129.125 62.121 60.399 250.218

Exports 173 31.935 5.152 24.353 44.209

Govt. Consumption 173 21.119 1.313 19.076 24.445

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 3.
Descriptive statistics—Canada.

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 66.779 7.799 49.823 84.686

Private Credit 173 20.408 9.938 6.64 39.728

Tax Revenues 173 25.416 3.103 14.937 28.037

Imports 173 48.169 9.123 34.832 71.53

Real Interest Rate 173 3.185 5.362 �12.114 19.782

Real GDP Per Capita 173 4761 1333 2001 6708

Broad Money 173 35.87 10.99 19.795 53.548

Exports 173 51.825 8.872 31.29 75.13

Govt. Consumption 173 27.238 3.551 19.401 36.143

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 4.
Descriptive statistics—Botswana.
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Figure 1 presents the group for the advanced countries in the West. Figure 2 presents
the Latin American countries, Figure 3 is for East Asia, Figure 4 represents African
countries, and Figure 5 presents the countries in the Middle East. It should be
observed that all the curves in the graphs slope downward from left to right touching
the zero line by the end of the sixth quarter. This implies that the impacts of a
temporal-induced shock to the real interest rate fizzle out completely within the
horizon. With this temporal positive deviation of real interest rate from its natural rate
assumed in these selected countries, we are set to examine the responses of credit by
financial institutions to the private sector to these impulses.

First, Figures 6–10 are impulse response functions for the groups. They show the
responses of private credit growth to positive impulses to real inerest rates. In partic-
ular, Figure 6 shows that, in the advanced countries, a positive shock to real interest
rate leads to credit expansion. However, in terms of magnitude, the credit expansion

Variable Obs. Mean Std. Dev. Min. Max.

Private Consumption 173 86.43 4.228 78.912 95.659

Private Credit 173 33.664 10.78 13.936 54.931

Tax Revenues 173 15.025 3.89 8.56 30.793

Imports 173 27.936 5.732 19.296 43.498

Real Interest Rate 173 3.445 3.648 �8.758 17.585

Real GDP Per Capita 173 2649.469 750.642 1438.006 4177.614

Broad Money 173 83.656 7.036 66.423 98.136

Exports 173 20.375 5.879 10.345 33.043

Govt. Consumption 173 11.67 2.391 6.789 17.339

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 5.
Descriptive statistics—Egypt.

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 80.173 3.556 66.307 84.437

Private Credit 173 101.162 25.175 50.085 142.422

Tax Revenues 173 22.025 2.326 17.063 26.761

Imports 173 23.495 4.585 15.366 33.72

Real Interest Rate 173 4.172 3.278 �11.009 12.691

Real GDP Per Capita 173 5342.987 678.553 4269.7 6263.104

Broad Money 173 56.638 10.349 41.517 73.97

Exports 173 25.469 3.508 18.955 33.538

Govt. Consumption 173 17.416 1.578 12.771 20.575

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 6.
Descriptive statistics—South Africa.
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in the US is most substantial to about 2% above its trend. In the remaining countries
the UK, Canada, and Sweden, the credit response is less than 1% above the trend.
Canada shows the least response among the four countries.

Also, in the Latin America, a positive deviation of real interest rate from its natural
rate leads to credit expansion in all the four selected countries—Bolivia, Chile, Mex-
ico, and Peru—as shown in Figure 7. Specifically, in Bolivia, after the initial rise in the
first quarter, credit seems to fall below its inintial level before the shock. These
findings are consistent with the postulate of the Austrian Real Business Cycle Theory,
which states that a deviation of real interest rate from its natural rate leads to credit
expansion. However, in Canada and the UK, there seems to be some initial drop
in credit in the first quarter before picking up to a peak by the second qurter.
However, in the East Asia, Africa, and the Middle East, a positive 1% deviation of

Variable Obs. Mean Std. Dev. Min. Max.

Private Consumption 173 56.898 7.729 39.58 72.946

Private Credit 173 50.336 16.424 26.245 73.718

Tax Revenues 173 3.178 1.512 .825 4.982

Imports 173 70.561 12.151 49.498 105.544

Real Interest Rate 173 7.378 6.585 �14.146 31.899

Real GDP Per Capita 173 20,848 2187.329 16,136 24,734

Broad Money 173 67.43 12.948 28.419 85.812

Exports 173 82.93 11.648 56.817 115.324

Govt. Consumption 173 16.964 2.825 11.293 23.939

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 7.
Descriptive statistics—Bahrain.

Variable Obs. Mean Std. Dev. Min. Max.

Private Consumption 173 66.393 10.689 50.902 90.109

Private Credit 173 34.047 13.961 15.177 60.297

Tax Revenues 173 5.789 1.278 3.694 10.158

Imports 173 20.786 4.786 8.727 30.37

Real Interest Rate 173 �3.51 5.335 �18.845 13.985

Real GDP Per Capita 173 4389.004 786.291 2986.998 5739.944

Broad Money 173 54.473 15.79 35.237 91.461

Exports 173 20.008 6.604 3.732 31.116

Govt. Consumption 173 13.553 2.456 9.477 21.451

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 8.
Descriptive statistics—Iran.
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real interest rate from its natural rates rather leads to credit contraction as depicted
in Figures 8–10.

With these mixed results of the impact of a 1% positive shock to real interest rates
on private credit growth, I moved on to investigate the effects of credit expansion on
output growth. I induced a 1% positive shock on credit to determine its impacts on
real GDP per capita, private consumption, imports, and tax revenues in the selected
countries. Refer to Figures A1 to A5 in Appendix A for the graphs of impulses to credit
growth. Figures 11–15 present impulse response functions of the impacts of a 1%
positive shock to private credit on real GDP per capita.

As shown in Figure 11, a 1% positive shock to credit leads to initial fall in real GDP
per capita in all the four countries in the West, except in the United States, where an
impulse to private credit leads to an increase in per capita GDP above its trend. In
terms of magnitudes of the responses, the fall in real GDP per capita below its trend in

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 99.405 6.627 85.191 115.543

Private Credit 173 69.564 10.157 46.497 91.769

Tax Revenue 173 18.422 2.694 14.608 24.69

Imports 173 70.472 13.658 42.05 98.543

Real Interest Rate 173 5.159 4.184 �11.808 12.747

Real GDP Per Capita 173 4089.31 504.745 3214.38 4981.998

Broad Money 173 112.496 14.33 81.709 138.877

Exports 173 44.095 7.825 24.227 59.835

Govt. Consumption 173 22.031 3.92 15.841 31.506

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 9.
Descriptive statistics—Jordan.

Variable Obs. Mean Std. Dev. Min. Max.

Private Consumption 173 85.242 5.423 72.943 92.742

Private Credit 173 42.563 18.305 12.826 80.168

Tax Revenues 173 12.971 3.865 7.095 16.965

Imports 173 29.626 4.737 22.285 41.971

Real Interest Rate 173 17.766 13.17 �3.217 44.408

Real GDP Per Capita 173 2246.107 523.681 1603.297 3242.949

Broad Money 173 56.282 28.714 10.736 121.501

Exports 173 27.605 8.627 16.881 47.166

Govt. Consumption 173 14.402 2.503 9.028 19.739

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 10.
Descriptive statistics—Bolivia.
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the United Kingdom is very substantial, falling to about 30%, and the fall in Sweden is
over 20%. The fall in Canada is below 10%. However, in terms of resistance, GDP
recovers fully by the end of the second quarter to its initial level before the shock.

Also, in Latin Amrica, a 1% positive shock to credit leads to initial fall in real GDP
per capita in three out of all the countries—in Bolivia, Chile, and Peru. However, like
the United States, a 1% positive shock to credit leads to increases in real GDP per
capita arount the trend in Mexico. In magnitudes, just like the countries in the West,
the falls in real GDP in response to the shock to credit are substantial, and they also
recover fully by the end of the second quarter. These results are shown in Figure 12.

The fall in real GDP per capita due to a 1% shock to credit expansion is corrobo-
rated by the findings from Malaysia and China in the East Asisa, from Botswana in
Africa, and from Jordan and Lebanon in the Middle East. However, findings from the

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 74.673 5.314 63.794 90.949

Private Credit 173 99.491 16.24 73.082 124.876

Tax Revenues 173 17.293 1.925 13.307 23.215

Imports 173 29.059 3.497 21.252 39.514

Real Interest Rate 173 5.924 4.935 �3.872 21.555

Real GDP Per Capita 173 9165.917 3498.994 4047.017 14247.71

Broad Money 173 60.543 22.116 26.942 93.679

Exports 173 30.822 6.032 15.543 45.13

Govt. Consumption 173 12.368 1.758 9.666 16.026

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 11.
Descriptive statistics—Chile.

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 77.815 4.017 66.412 82.562

Private Credit 173 13.822 18.406 �31.63 77.546

Tax Revenues 173 10.66 1.814 7.703 13.9

Imports 173 25.355 9.807 8.981 45.687

Real Interest Rate 173 3.482 3.878 �17.249 14.857

Real GDP Per Capita 173 9137.363 796.882 7735.722 10343.35

Broad Money 173 28.412 6.634 11.13 43.51

Exports 173 24.968 8.607 9.862 42.761

Govt. Consumption 173 9.885 1.297 7.665 12.199

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 12.
Descriptive statistics—Mexico.
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Philippines and Singapore in East Asia, from Egypt, Mauritius, and South Africa in
Africa, and from Bahrain and Iran in the Middle East suggest that a 1% positive shock
to private sector credit leads to an increase in real GDP per capita around its long run
trajectory. Thus, findings on the impact of credit expansion on income produce mixed
results. In 11 out of the 20 cuntries, whilst credit expansion leads to an initial fall in
real GDP per capita arount its long run trend, only recovering by the second quarter, it
leads to an increase in real GDP per capita in the remaining nine countries.

The fall in the real GDP in respose to the shock to credit may be due to the self-
correctcing process in the market according to the postulates of the ABCT. This fact
may well be explained by the Moral Hazard and adverse select model, where devia-
tions from the equilibrium real interest rate affects the optimal level of credit ration-
ing by opening avenues for the moral hazards and adverse selections. This fact is also

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 58.087 5.334 48.913 67.451

Private Credit 173 111.184 36.459 52.627 194.674

Tax Revenues 173 10.655 1.501 7.291 13.147

Imports 173 17.672 5.301 8.403 28.444

Real Interest Rate 173 2.052 2.747 �7.99 7.356

Real GDP Per Capita 173 4026.822 3561.89 430.855 12,174

Broad Money 173 132.508 56.58 36.427 227.945

Exports 173 19.819 7.044 8.337 36.035

Govt. Consumption 173 14.893 1.197 12.498 17.13

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 13.
Descriptive statistics—China.

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 62.997 5.708 51.33 73.974

Private Credit 173 109.02 23.939 49.909 158.505

Tax Revenues 173 16.084 2.721 10.885 20.199

Imports 173 72.997 15.348 49.025 100.597

Real Interest Rate 173 4.444 3.707 �3.903 22.957

Real GDP Per Capita 173 6828.185 2534.283 3159.743 11691.36

Broad Money 173 120.63 16.873 64.377 140.762

Exports 173 81.966 20.663 50.873 121.311

Govt. Consumption 173 13.075 1.835 9.769 18.321

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 14.
Descriptive statistics—Malaysia.
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reinforced by the extent of credit expansion evidenced in the data for advanced
countries, which is more than double of the level of GDP in the countries.

The next move was to examine the nexus between credit and savings through the
responses of consumption to a 1% shock to credit expanion. If consumtion actually
falls in response to a positive shock to credit, it could be concluded that credit
expasion is savings-induced. Figure 16 presents impulse-response graphs for credit
and consumption for the selected countries in the West. It shows that consumption
indeed falls in response to a positive impulse to credit in the West. This result is

Variable Obs. Mean Std. Dev. Min Max

Private Consumption 173 50.573 5.256 37.709 60.148

Private Credit 173 98.885 17.76 68.907 133.342

Tax Revenues 173 14.251 1.852 11.577 18.916

Imports 173 165.14 16.995 136.94 208.931

Real Interest Rate 173 4.486 1.938 �3.249 9.726

Real GDP Per Capita 173 38013.305 16121.483 13953.89 67948.89

Broad Money 173 104.114 24.315 62.1 149.279

Exports 173 183.551 18.592 148.731 228.994

Govt. Consumption 173 10.072 1.041 8.171 13.394

Note: Data from the World Development Indicators, quarterly series from 1980q1 to 2023q1.

Table 15.
Descriptive statistics—Singapore.

Figure 1.
IRFs of real interest rate to real interest rate—The West. From the top left is for the US followed by the UK and
from the bottom left is for Canada and then Sweden. The graphs show behavior of a 1% shock to Real Interest Rate.
Observe that all the lines begin from a positive spike at the zero point and fall out completely along the horizontal
line by the sixth quarter.
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confirmed in almost all the countries in under consideration, except in Africa where
results fromMauritius and South Africa exhibit increasing consumption in response to
credit expansion throughout the horizon. These results are shown by the graphs in
Figures 17-20, respectively, for Latin America, East Asia, Africa, and the Middle East.

Figure 2.
IRFs of real interest rate to real interest rate—Latin America. From the top left is for Bolivia followed by
Mexico and from the bottom left is for Chile and then Peru. The graphs show behavior of a 1% shock to Real
Interest Rate. Observe that all the lines begin from a positive spike at the zero point and fall out completely
along the horizontal line by the sixth quarter.

Figure 3.
IRFs of real interest rate to real interest rate—East Asia. From the top left is for Malaysia followed by China and
from the bottom left is for Philippines and then Singapore. The graphs show behavior of a 1% shock to Real Interest
Rate. Observe that all the lines begin from a positive spike at the zero point and fall out completely along the
horizontal line by the sixth quarter.
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Consumption, however, recovers fully from the sluck by the second quarter
suggesting that consumer thriftness in resoponse to credit expansion is a temporal
phenomenon.

Figure 4.
IRFs of real interest rate to real interest rate—Africa. From top left is for Botswana followed by Egypt and from
the bottom left is for Mauritius and then South Africa. The graphs show behavior of a 1% shock to Real Interest
Rate. Observe that all the lines begin from a positive spike at the zero point and fall out completely along the
horizontal line by the sixth quarter.

Figure 5.
IRFs of real interest rate to real interest rate—Middle East. From top left is for Bahrain followed by Iran and from
the bottom left is for Jordan and then Lebanon. The graphs show behavior of a 1% shock to Real Interest Rate.
Observe that all the lines begin from a positive spike at the zero point and fall out completely along the horizontal
line by the sixth quarter.
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Finally, the study also examined the responses of import values to credit
exapansion with the view to ascertaining the extent to which private credit expansion
is used in support for imports in these countries. Figure 21 presents impulse respnse

Figure 6.
IRFs of real interest rate to private credit—The West. From top left is for the US followed by the UK and from
the bottom left is for Canada and then Sweden. The graphs show responses of credit cycles to a 1% shock to Real
Interest Rate. All begin from the zero line. The US and Sweden continue with a positive course to a peak before
fizzling out. The UK followed a negative course to the first quarter before it rises to a peak and fizzle out.
Canada starts with a delayed positive response.

Figure 7.
IRFs of real interest rate to private credit—Latin America. From top left is for Bolivia followed by Mexico and
from the bottom left is for Chile and then Peru. The graphs show responses of credit cycles to a 1% shock to Real
Interest Rate. All begin from the zero line and follow a positive course along the horizontal axis to a peak before
fizzling out. Bolivia and Mexico attain their peaks in the first quarter but Chile and Peru had a persistent rise up
to 3rd quarters.
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Figure 8.
IRFs of real interest rate to private credit—East Asia. From top left is for Malaysia followed by China and
from the bottom left is for Philippines and then Singapore. The graphs show responses of credit cycles to a 1%
shock to Real Interest Rate. All begin from the zero line and follow a negative trajectory to a minimum before
recovering back to the zero line by the 3rd quarters.

Figure 9.
IRFs of real interest rate to private credit—Africa. From top left is for Botswana followed by Egypt and from the
bottom left is for Mauritius and then South Africa. The graphs show responses of credit cycles to a 1% shock to
Real Interest Rate. All begin from the zero line with a mixed course. Egypt and South Africa continue with a
negative course to a minimum by the end of the 1st quarter before recovering. Botswana had a delayed response
with mild positive course but Mauritius barely traces the zero line.
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Figure 10.
IRFs of real interest rate to private credit—Middle East. From top left is for Bahrain followed by Iran and from the
bottom left is for Jordan and then Lebanon. The graphs show responses of credit cycles to a 1% shock to Real Interest
Rate. All begin from the zero line. However, whilst Bahrain, Iran and Lebanon followed a negative trajectory
before recovering after the 1st quarter, Jordan barely traces the zero line.

Figure 11.
IRFs of private credit to real GDP per capita—The West. From top left is for the US followed by the UK and from
the bottom left is for Canada and then Sweden. The graphs show responses of cycles of Real GDP to a 1% shock to
private credit. Observe that apart from the US which starts with a positive spike above the zero line on the vertical
axis, all the rest start with a substantial negative spike rising to recover fully to the zero line along the horizontal
axis by the 2nd quarters.

44

Applied and Theoretical Econometrics and Financial Crises



Figure 12.
IRFs of private credit to real GDP per capita—Latin America. From top left is for Bolivia followed by Mexico and
from the bottom left is for Chile and then Peru. The graphs show responses of cycles of Real GDP to a 1% shock to
private credit. Observe that apart from Mexico which starts with a positive spike above the zero line on the vertical
axis, all the rest start with a substantial negative spike rising to recover fully to the zero line along the horizontal
axis.

Figure 13.
IRFs of private credit to real GDP per capita—East Asia. From top left is for Malaysia followed by China and
from the bottom left is for Philippines and then Singapore. The graphs show responses of cycles of Real GDP to a 1%
shock to private credit. Observe that whilst Malaysia and China start with a negative spike, Philippines and
Singapore start from zero rising to a peak before falling back to zero by the 5th quarters.
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Figure 14.
IRFs of private credit to real GDP per capita—Africa. From top left is for Botswana followed by Egypt and from
the bottom left is for Mauritius and then South Africa. The graphs show responses of cycles of Real GDP to a 1%
shock to private credit. Observe that apart from Botswana which starts a little below the zero line in a positive
direction, Egypt and Mauritius start almost on the zero line in the positive direction but South Africa starts with a
spike above the zero line.

Figure 15.
IRFs of private credit to real GDP per capita—Middle East. From top left is for Bahrain followed by Iran and
from the bottom left is for Jordan and then Lebanon. The graphs show responses of cycles of Real GDP to a 1% shock
to private credit. Observe that Bahrain starts from zero in the positive direction; Iran starts with a positive spike
substantial above the zero line, Jordan starts with a mild negative spike in the positive direction, and Lebanon
starts with a substantial negative spike only to recover to the zero line by the 4th quarters.
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graphs for responses of imports to a 1% positive impulse to private sector credit from
the countries in the West. The graphs show that except for the United States, import
values increase to a maximum of about 2% in response to a positive shock to credit.
This outcome is corroborated by the results in Latin America, in Africa, and some

Figure 16.
IRFs of private credit to private consumption—The West. From top left is for the US followed by the UK and
from the bottom left is for Canada and then Sweden. The graphs show responses of private consumptions cycles to
a 1% shock to private credit. Observe that all start from the zero line in the negative direction to a minimum after
the 1st quarter before recovering but Sweden almost traces the zero line.

Figure 17.
IRFs of private credit to private consumption—Latin America. From top left is for Bolivia followed by Mexico and
from the bottom left is for Chile and then Peru. The graphs show responses of private consumptions cycles to a 1%
shock to private credit. Observe that they all start from zero, but Bolivia, Chile and Peru take to the negative
direction before recovering, Mexico moves in the positive direction with a delay.
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Figure 18.
IRFs of private credit to private consumption—East Asia. From top left is for Malaysia followed by China and
from the bottom left is for Philippines and then Singapore. The graphs show responses of private consumptions
cycles to a 1% shock to private credit. Observe that they all start from zero moving in the negative to a minimum
before recovering back to zero by the 4th quarters.

Figure 19.
IRFs of RFs of private credit to private consumption—Africa. From top left is for Botswana followed by Egypt and
from the bottom left is for Mauritius and then South Africa. The graphs show responses of private consumptions
cycles to a 1% shock to private credit. Observe that apart from Botswana which moves in the negative direction
from zero, the rest move in the positive directions from zero.
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countries in the East Asia. However, in the United States, values of imports initially
fall by more than 1% in response to a credit expansion before recovering to a peak of
about 1.5% by the second quarter (Figure 22).

Figure 20.
IRFs of private credit to private consumption—Middle East. From top left is for Bahrain followed by Iran and
from the bottom left is for Jordan and then Lebanon. The graphs show responses of private consumptions cycles to a
1% shock to private credit. Observe that they all start from zero, moving in the negative direction before recovering
in varying degrees to zero.

Figure 21.
IRFs of private credit to imports—The West. From top left is for the US followed by the UK and from the bottom
left is for Canada and then Sweden. The graphs show responses of import cycles to a 1% shock to private credit.
Observe that they all move in the positive directions however, the US and Canada start with a negative spikes in
varying magnitudes.
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The result for the United States is corroborated by the results from the Middle East
countries, in Figure 23, where import values fall in response to credit expansion. The
only exception from the region is Iran which exhibits postive import values from the
onset of the shock to credit. Also, Malaysia and Singapore in the East Asia in Figure 24
and South Africa in Figure 25 show negative import values at the onset of the credit
shock before recovering to positive trajectory by the second quarter.

Figure 22.
IRFs of private credit to imports—LatinAmerica. From top left is for Bolivia followed by Mexico and from the
bottom left is for Chile and then Peru. The graphs show responses of import cycles to a 1% shock to private credit.
Observe that they all start with a positive spike from zero except Mexico that starts below the zero line.

Figure 23.
IRFs of private credit to imports—Middle East. From top left is for Bahrain followed by Iran and from the bottom
left is for Jordan and then Lebanon. The graphs show responses of import cycles to a 1% shock to private credit.
Except Iran that starts with a positive spike, all start with a negative spike.
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4.4 Limitations of the study

There are problems of empirical analysis with the postulates of the ABCT. The
ABCT puts emphasis on the microeconomic structure of production over time, so it is
susceptible to aggregation problem [57]. It envisions different equilibra for a given

Figure 24.
IRFs of private credit to imports—East Asia. From top left is for Malaysia followed by China and from the bottom
left is for Philippines and then Singapore. The graphs show responses of import cycles to a 1% shock to private
credit. Malaysia and Singapore starts with a negative spike and China and Philippines start with a positive spike.

Figure 25.
IRFs of private credit to imports—Africa. From top left is for Botswana followed by Egypt and from the bottom left
is for Mauritius and then South Africa. The graphs show responses of import cycles to a 1% shock to private credit.
All of them start with a positive trajectory except South Africa which starts with a negative spike.
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variable in different markets, with the implication that empirical analysis of the ABCT
should explore less aggregated macroeconomic data. Thus, when observing empiri-
cally, the ABCT is aware of many exogenous variables that may confound the theo-
rized relationship because the empirical field is not a contrived setting. For example,
the natural interest rate is the equilibrium rate for demand for loanable funds which
may exist in different markets for different parties in a given economy. The bank’s
rate may diverge from the natural rate as a result of credit expantion.

Therefore, first, there is a problem in defining the natural rate of interest for
empirical purposes. This study uses the real interest rate, so the outcome that “credit
expansion and contraction are indeed induced by deviations of real interest rate fron
trends” should be analyzed within this limitation. Also, the finding that “whilst this
causal relationship (between real intererst rate and credit) is positive in the West and
Latin America, it is negative in East Asia, Africa, and Middle East could be as a result
of exogenous confounding factors that are not included in this model.

Second, the finding of this study “in 11 out of the 20 cuntries, whilst credit
expansion leads to an initial fall in real GDP per capita arount its long run trend, only
recovering by the second quarter, it leads to increase in real GDP per capita in the the
remaining 9 countries” does not confirm nor negate the ABCT. This may be again be
due to confounding exogenous factors not captured in this model because the empir-
ical setting is not a contrived field.

Third, the finding that “private consumption actually falls below the trend level in
response to a positive shoc to credit, suggesting that credit expansion may be savings –
induced” does not confirm nor negate the ABCT and may be attributed to the same
empirical challenges aluded to above. Therefore, findings of this study should be
analyzed within the above limitations.

5. Concluding remarks

In the nutshell, this study examined the postulates of the Austrian theory of
business cycle in some selected advanced and emerging economies. Using quarterly
data from 1980q1 to 2023q1, it estimated the SVAR-X model based on the Stochastic
Keynesian Open Macroeconomic framework for 20 selected countries and found a
mixed result in support of the ATBC. Outcomes of the study indicate that, first, credit
expansion is indeed induced by deviations of real interest rates from the trend.
However, whilst this causal relationship is positive in the West and the Latin America,
it is negative in East Asia, Africa, and the Middle East. In particular, a 1% positive
shock to real interest rate leads to private credit expansion in the West and Latin
America. It however leads to credit contractions in the East Asia, Africa, and the
Middle East. The real causes of this mixed responnse in terms of direction are yet to be
ascertained, but it could be attributable to regional characteristics.

Second, findings on the impact of credit expansion on real GDP per capita pro-
duced a mixed results. In 11 out of the 20 cuntries, whilst credit expansion leads to an
initial fall in real GDP per capita arount its long run trend, only recovering by the
second quarter, it leads to an increase in real GDP per capita in the the remaining nine
countries. Also, on the dynamics of private consumption, the results indicate that
private consumption falls in response to a positive shock to credit. This suggests that
savings rises in the course of credit expansion; thus, credit expansion may be savings-
induced. A further research into the sources of credit expansion, either interest
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rate-induced or savings-induced, would be interesting and might explain why real
GDP per capita responds differently to credit expansion in different regions.

Third, the results further indicate that, in most of the countries under study, values
of imports tend to increase in response to credit expansion. The only exception comes
from the United States and the Middle East, where values of imports tend to decrease
in response to credit expansion. Thus, credit expansion goes to support imports in
most of the countries in the world. Finally, the study sought to determine the impact
of credit expansion on tax revenues. It indicates that, generally, credit expansion leads
to increases in tax revenues in most of the countries under study. However, for want
of space, these results are not displayed here.
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Chapter 4

Perspective Chapter: An Overview 
of Time Series Decomposition and 
Its Applications
Pankaj Das and Samir Barman

Abstract

Time series (TS) data is ubiquitous in various fields such as finance, economics, 
meteorology, and engineering. The analysis of TS data aims to understand the 
underlying patterns, make predictions, and inform decision-making. One of the 
fundamental techniques in TS analysis is decomposition, which breaks down a TS into 
its constituent components: trend, seasonality, and residuals. This chapter provides a 
comprehensive overview of TS decomposition, breaking down data into trend, sea-
sonality, and residuals. It covers classical methods, such as additive and multiplicative 
models, advanced techniques like X-12-ARIMA and Seasonal-Trend decomposition 
using LOESS (STL), and recent approaches, including machine learning (ML) based 
decompositions. Practical applications in agriculture, meteorology, and economics, 
along with challenges like non-stationarity and nonlinear behavior, are discussed. The 
chapter offers guidelines for selecting appropriate methods and includes case studies 
for real-world insights. It is a valuable resource for researchers, data scientists, and 
professionals analyzing complex TS data.

Keywords: decomposition methods, residuals, seasonality, statistical analysis,  
time series analysis, trend analysis

1.  Introduction

TS analysis is a fundamental tool in understanding and predicting temporal data, 
where observations are collected sequentially over time. One of the most critical 
techniques within this domain is TS decomposition. TS decomposition involves 
breaking down a complex TS into its underlying components: trend, seasonality, and 
residuals (or noise). This process provides a clearer understanding of the patterns 
within the data, enabling more accurate forecasting and analysis [1]. Decomposition 
is essential for several applications. It enhances the accuracy of predictive models 
by isolating and understanding each component separately. Additionally, it aids in 
anomaly detection, where deviations from expected patterns are more easily identi-
fied [2]. In various industries, from finance to healthcare, TS decomposition helps 
identify and interpret trends, optimize resource allocation, and improve decision-
making processes. Decomposition techniques help analysts and researchers to gain 
deeper insights into their data, leading to more informed and effective strategies.
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2.  What is time series decomposition?

Decomposition is a technique that breaks down complex structures or processes 
into simpler subcomponents. In the realm of data analysis, it specifically involves 
separating various factors that influence the behavior of a dataset. TS decomposition 
is a particular application of this technique, concentrating on TS data. It involves 
breaking down a TS into several key components to better understand its underlying 
patterns and behaviors in the data and enhance forecasting accuracy. The primary 
objective of TS decomposition is to isolate the different factors influencing the data, 
allowing for more effective modeling and interpretation of the TS.

A TS can be divided into four key components: the trend, seasonal component, 
cyclic component, and the residual or irregular component.

The trend (T) is a fundamental aspect of TS data, indicating the long-term 
movement or direction of the data over a specific period. It illustrates whether the 
data is increasing, decreasing, or remaining stable. Trends can be discerned through 
graphical representations, line graphs, or statistical techniques like moving averages 
or regression analysis. There are three trends: upward trend, characterized by an 
increase over time; downward trend, characterized by a decrease over time; horizon-
tal trend, indicating little to no change, reflecting stability.

The seasonal component (S) highlights regular patterns over fixed intervals (e.g., 
monthly or quarterly). These patterns manifest consistently due to periodic occur-
rences such as holidays, climate variations, or business cycles. For instance, retail jacket 
sales typically rise during the winter season annually, showcasing this cyclical nature 
of seasonality. Techniques such as seasonal decomposition of TS, seasonal indices, or 
statistical methods like Fourier analysis and periodograms can help identify seasonal 
components.

The cyclic component (C) reflects long-term oscillations in the data, often 
influenced by economic, business, or environmental factors. Unlike seasonality, 
these cycles vary significantly in duration and do not adhere to fixed periods. 
They may extend over multiple years and are frequently associated with economic 
trends. An example would be the fluctuations in business performance dur-
ing recession or boom periods. Advanced statistical tools, such as regression or 
spectral analysis, are employed to find these long-term variations and differentiate 
them from trends and seasonal effects. In many decompositions, the cyclic com-
ponent is grouped with the trend or considered part of the residuals, depending 
on the method.

Finally, the residual or noise (R) component represents random fluctuations in 
the data stemming from unpredictable events, which cannot be accounted for by 
the trend, seasonality, or cyclic components. These short-term variations may arise 
from sudden market shifts, natural disasters, or random errors during data collec-
tion. The random component is derived by isolating the other components (trend, 
seasonal, and cyclic) from the data, enabling analysts to pinpoint the remaining 
random variations.

3.  Types of time series decompositions

TS decomposition can be approached using different methods, depending on the 
data’s nature and the analysis’s specific objectives. The primary types of TS decom-
position are [1, 3].
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3.1 Additive decomposition

In additive decomposition, a TS is assumed to be the sum of its components:

 ( ) ( ) ( ) ( )= + +Y t T t S t R t  (1)

Trend (T(t)): indicates the long-term progression or data direction.
Seasonality (S(t)): captures regular, repeating patterns within specific intervals, 

viz. daily, weekly, or annual cycles.
Residual (R(t)): accounts for random noise or irregular variations not explained by 

trend or seasonality.
Additive decomposition is particularly useful for TS, where the seasonal and 

irregular fluctuations are consistent over time. This method is often applied in 
scenarios where the data does not exhibit exponential growth or where the impact of 
seasonal variations is independent of the overall series level.

3.2 Multiplicative decomposition

In multiplicative decomposition, the TS is assumed to be the product of its 
components:

 ( ) ( ) ( ) ( )= × ×Y t T t S t R t  (2)

Trend (T(t)): as in additive decomposition, this reflects the underlying direction 
or pattern.

Seasonality (S(t)): here, seasonal variations are proportional to the level of the 
trend, meaning they increase or decrease in magnitude as the trend changes.

Residual (R(t)): represents the random or irregular fluctuations in the data.
Multiplicative decomposition is used when the magnitude of seasonal and irregu-

lar variations is related to the trend level. This method is well-suited for TS, where 
fluctuations increase or decrease proportionally to the trend. For instance, a multi-
plicative model is more appropriate in economic data such as GDP, where higher GDP 
levels might coincide with larger seasonal effects.

3.3 Log transformation and decomposition

Sometimes, TS data are neither purely additive nor purely multiplicative. In such 
cases, a log transformation can be applied to convert a multiplicative model into an 
additive one:

 ( )( ) ( )( ) ( )( ) ( )( )= + +log log log logY t T t S t R t  (3)

In cases where a TS does not fit neatly into either an additive or multiplicative 
model, a log transformation can be employed. Applying a logarithm to the data 
transforms a multiplicative series into an additive one, making it easier to decompose 
and analyze. This approach is instrumental in financial data, such as stock prices or 
sales figures, where the data might exhibit additive and multiplicative effects. After 
decomposition on the log-transformed data, the components can be exponentiated to 
revert to the original scale.
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3.4 STL decomposition (seasonal and trend decomposition using loess)

STL is a robust and versatile method of decomposing TS into trend, seasonality, 
and residual components. It is beneficial for handling complex TS with multiple 
seasonal cycles or irregular patterns.

Seasonal: extracted using LOESS (Locally Estimated Scatterplot Smoothing), 
which can adapt to changing seasonal patterns.

Trend: also smoothed using LOESS, providing a flexible approach to capturing the 
long-term movement.

Residual: the remaining component after removing the seasonal and trend effects.
STL decomposition offers a flexible and robust way to break down TS data, 

particularly when dealing with complex or irregular seasonal patterns. Unlike 
classical methods, STL does not assume that seasonality and trend are constant 
over time, making it adaptable to changes in the underlying data structure. STL 
is particularly effective for analyzing TS with multiple seasonal components, 
such as daily and yearly cycles in climate data, or for data with nonlinear trends. 
Customizing the smoothing parameters allows analysts to capture subtle varia-
tions in the data, making STL decomposition a powerful tool for both exploratory 
data analysis and forecasting.

3.5 Classical decomposition

Classical decomposition methods are based on simple moving averages to estimate 
trends and seasonality.

Trend: estimated by smoothing the series using a moving average filter, removing 
short-term fluctuations.

Seasonality: determined by subtracting the trend from the original series and 
isolating the seasonal pattern.

Residual: represents the difference between the original series and the combined 
trend and seasonality components.

Classical decomposition methods are based on moving averages and are among 
the earliest techniques developed for TS analysis. While simple, they are effective for 
TS with clear and stable seasonal patterns. In classical decomposition, the trend is 
typically extracted using a centered moving average, which smooths out short-term 
fluctuations.

The seasonal pattern is identified by calculating the average of the detrended 
data for each season. The remaining part, the difference between the original data 
and the combined trend and seasonal components, is considered the residual. This 
method is useful for its simplicity and ease of interpretation, making it a good start-
ing point for TS analysis.

3.6 X-11 and X-13-ARIMA-SEATS decomposition

These are advanced statistical techniques used mainly for economic and financial 
TS. They provide detailed seasonal adjustments and are widely used by government 
agencies for official statistics.

X-11: an earlier method that adjusts for seasonal effects and trading days.
X-13-ARIMA-SEATS: a more advanced approach that integrates ARIMA modeling 

with the decomposition process to improve forecasting accuracy.
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These methods are particularly valuable when dealing with the data’s complex sea-
sonal patterns and irregularities. These methods are particularly valuable in official 
statistics, where accurate seasonal adjustment is crucial for making informed policy 
decisions and economic analyses.

4.  Importance of time series decomposition

TS decomposition is a critical technique in TS analysis that plays a fundamental 
role in understanding, interpreting, and forecasting temporal data. Here are the key 
reasons why TS decomposition is important [1:3].

4.1 Enhanced understanding of data

TS decomposition breaks down a complex TS into its basic components—trend, 
seasonality, and residuals. This separation provides a clearer picture of the underlying 
hidden patterns in the data. By differentiating these individual components, analysts 
can better understand the long-term trend, cyclical patterns, and random variations 
within the series. This understanding is essential for making informed decisions 
based on the data.

4.2 Improved forecasting accuracy

One of the primary applications of TS decomposition is forecasting. A breakdown 
of the TS allows for the analysis and forecasting of each component separately. 
Combining these predictions allows forecasting models to generate more precise and 
trustworthy forecasts. For instance, understanding seasonal patterns allows for more 
precise predictions during peak periods, while trend analysis can provide insight into 
long-term growth or decline.

4.3 Facilitating seasonal adjustment

Eliminating seasonal effects from TS data reveals the underlying trend in many 
fields, especially in economics and finance. This process is known as seasonal 
adjustment. It plays an important role in accurate analysis and decision-making. For 
example, unemployment rates often vary seasonally, and decomposing the series 
helps analysts remove these fluctuations to focus on the true trend.

4.4 Detection of anomalies or outliers

Decomposing a TS makes detecting anomalies or outliers in the data easier. 
Analysts can identify unusual deviations from expected patterns by isolating the 
residual component, which represents the noise or unexplained variation. This is 
particularly valuable in fields like finance, where detecting anomalies can signal fraud 
or errors, or in manufacturing, where it can indicate quality control issues.

4.5 Better model selection and validation

Understanding a TS’s components helps select the appropriate models for analy-
sis and forecasting. For instance, knowing whether a series has a strong seasonal 
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component might suggest using models like seasonal ARIMA (SARIMA) or exponen-
tial smoothing methods. Additionally, decomposition allows for better validation of 
models by comparing how well they capture each component, leading to more robust 
and reliable models.

4.6 Simplifying complex data

Real-world TS data can be complex, with multiple overlapping patterns. 
Decomposition simplifies this complexity by breaking the series into manageable 
components. This simplification not only aids in analysis but also in communicating 
insights to stakeholders who may not be familiar with advanced statistical methods. 
Analysts can convey key insights more effectively by presenting the data in terms of 
trend, seasonality, and residuals.

4.7 Guiding business strategy

Understanding the components of a TS can inform strategic decisions for busi-
nesses. For example, identifying a strong upward trend might lead to increased 
investment in capacity, while understanding seasonal patterns can guide marketing 
and inventory decisions. By decomposing TS data, businesses can align their strate-
gies with the underlying dynamics of their market.

4.8 Noise reduction

Decomposition helps in filtering out noise from the TS data. The residual compo-
nent, which represents the noise, can be isolated and analyzed separately. This noise 
reduction is particularly important in sensitive applications, such as control systems 
or real-time monitoring, where noise can obscure important signals.

4.9 Supporting multivariate analysis

In cases where multiple TS are being analyzed simultaneously, decomposition can 
compare trends and seasonal patterns across different series. This is particularly useful 
in economic analysis, where different indicators may need to be compared, or in market-
ing, where sales data across different regions or products might be analyzed in parallel.

5.  Recent developments in time series decompositions

TS decomposition has evolved significantly in recent years with the advancements 
in computational methods, the availability of big data, and the growing complexity 
of real-world applications. These developments have introduced new techniques and 
improved existing methods, making TS decomposition more powerful, flexible, and 
applicable to a broader range of problems [4]. Here are some of the key recent devel-
opments in TS decomposition.

5.1 Advanced machine learning techniques

Recent innovations in ML have led to the development of novel decomposi-
tion methods that leverage deep learning architectures and advanced algorithms. 
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For instance, techniques like long short-term memory (LSTM) networks and 
Convolutional Neural Networks (CNNs) have been adapted to TS decomposition. 
These can read complex, nonlinear patterns and interactions in TS data that tradi-
tional methods might miss. For an example:

Seasonal-Trend decomposition using LSTM (STL-LSTM): This approach com-
bines the power of LSTM networks with traditional STL decomposition, allowing for 
the modeling of nonlinear trends and seasonality. The LSTM component captures 
long-term dependencies and nonlinearities, while the STL part handles the decompo-
sition of the TS into TS components, viz. trend, seasonal, and residual.

5.2 Bayesian time series decomposition

Bayesian methods have been increasingly applied to TS decomposition. These 
methods allow for the incorporation of prior knowledge and estimating uncertainty 
in the decomposition process. For example, Bayesian Structural Time Series (BSTS): 
This framework uses Bayesian inference to decompose TS into components such as 
trend, seasonality, and regression effects while also accounting for the uncertainty 
in each component. BSTS is particularly useful for scenarios where data is sparse or 
noisy, providing more robust and interpretable decompositions.

5.3 State-space models and Kalman filtering

State-space models have seen renewed interest in TS decomposition, particularly 
with the integration of Kalman filters. These models provide a dynamic and flexible 
way to model TS data, allowing for real-time decomposition as new data becomes 
available. For an example:

Dynamic linear models (DLMs): A specific type of state-space model, DLMs 
allow for the dynamic updating of trend and seasonal components over time. 
Kalman filtering estimates these components in real time, making this approach 
particularly useful for applications like financial forecasting, where data arrives 
continuously.

5.4 Empirical mode decomposition (EMD) and variants

Empirical mode decomposition (EMD) has been increasingly used in TS analysis, 
especially in applications where the data is nonlinear and nonstationary. EMD decom-
poses a TS into intrinsic mode functions (IMFs) without assuming a specific model 
structure. For an example:

Ensemble Empirical Mode Decomposition (EEMD): EEMD, an improved version 
of EMD, solves the issue of mode mixing by adding random noise to the data before 
breaking it down into its components. This approach is particularly useful in biomedi-
cal signal processing and climate science, where data can be highly irregular and 
complex.

5.5 Robust decomposition methods

Robust decomposition methods have gained popularity due to the growing need to 
handle outliers and noise in TS data. These methods are designed to be less sensitive 
to anomalies, ensuring that the decomposition process remains stable and reliable 
despite irregularities. Example:



Applied and Theoretical Econometrics and Financial Crises

66

RobustSTL: An extension of the classical STL (seasonal-trend decomposition 
using LOESS), RobustSTL is designed to handle outliers and noise more effectively. 
It achieves this by incorporating robust statistical techniques into the decomposition 
process, making it suitable for TS with significant noise or irregular fluctuations.

5.6 Frequency domain decomposition

Recent developments have also focused on frequency domain approaches to TS 
decomposition, which involve analyzing the spectral properties of the data. These 
methods are particularly useful for identifying underlying periodic patterns and 
separating components in the frequency domain. Example:

Wavelet decomposition: This method decomposes a TS into components at 
different scales, allowing for the analysis of both high-frequency (short-term) 
and low-frequency (long-term) patterns. Wavelet decomposition is widely used in 
fields like finance and engineering, where understanding multi-scale phenomena 
is crucial.

5.7 Tensor decomposition for multivariate time series

Tensor decomposition methods have emerged as powerful tools for scenarios 
where multiple TS are analyzed simultaneously. Tensor decomposition originates 
from multilinear algebra (a generalization of matrix decomposition). Tensors, or 
multidimensional arrays, extend matrices to higher dimensions and can capture 
complex relationships across multiple factors or modes (e.g., time, space, and vari-
ables). Tensor decomposition is a mostly used technique when we collect time series 
data across multiple variables or dimensions (e.g., time, location, and variable type). 
Tensor decomposition helps find out important components from high-dimensional 
data. Tensor decomposition is suitable for capturing patterns, identifying underlying 
factors, or reducing dimensionality.

These methods extend traditional decomposition techniques to handle multidi-
mensional data, capturing complex relationships across multiple TS. An example 
is canonical polyadic (CP) decomposition: applied to TS data organized in a tensor 
format, CP decomposition separates the data into components that capture trends, 
seasonality, and interactions across different dimensions. This approach is increas-
ingly used in recommendation systems and social network analysis, where multivari-
ate TS data is common. Tensor decompositions can enhance model interpretability, 
make high-dimensional data more manageable, and improve predictive performance 
by focusing on the most significant patterns in the data. Tensor decomposition in 
multivariate time series is widely used in fields such as finance, neuroscience, and 
sensor networks, where understanding time-dependent relationships across multiple 
variables is critical.

5.8 Seasonal hybrid extreme decomposition (SHED)

Seasonal hybrid extreme decomposition (SHED) is a technique that analyzes 
complex seasonal patterns and trends in time series data. SHED is a recent approach 
combining decomposition techniques to handle complex TS data. It is also known as 
the ensemble hybrid decomposition technique. In short, SHED combines traditional 
decomposition methods with advanced hybrid approaches to effectively separate a 
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time series into different components: seasonal, trend, and extreme events. The pri-
mary goal of SHED is to enhance forecasting accuracy, especially for data that exhib-
its seasonal variations and sudden, extreme fluctuations (e.g., spikes or dips). The 
critical components of SHED are seasonal (daily, weekly, or yearly patterns), trend 
(the long-term progression or general direction of the data), and extreme compo-
nents (sharp peaks, anomalies, or outliers that do not fit into regular seasonal or trend 
patterns). The approach integrates wavelet transform, EMD, and other methods to 
separate a TS into more granular components, enhancing the accuracy of subsequent 
analysis and forecasting. SHED is applicable in fields requiring both regular pattern 
recognition and robustness to anomalies, ultimately enhancing forecasting and 
decision-making in dynamic environments like energy demand forecasting, financial 
market analysis, etc.

6.  Application of time series decompositions in agriculture

In agriculture, it has several applications. Agricultural commodity prices are 
highly volatile, mostly nonlinear and nonstationary, due to several factors like uncer-
tainty in production, demand-supply imbalances, government policy interventions, 
and others. These make the forecasting of agricultural commodity prices more chal-
lenging to the investigators. Among the different methods available in the literature, 
decomposition-based methods are more important and popular due to their “divide 
and conquer” principle. The evolutions and uses of decomposition methods mainly 
depend on several data properties, like seasonal patterns, heterogeneity, linearity, and 
the stationarity of data.

The STL, a versatile and robust decomposition-based method, is popularly used 
for agricultural price forecasting [4–7] and for forecasting the commodity prices. 
First, deseasonalized the series by extracting the seasonal component calculated by 
STL decomposition. Second, point forecasting of price values is done by construct-
ing statistical models, like ARIMA, ETS, and others, on a seasonally adjusted series. 
Finally, the integration of seasonal components to get the final forecast value [6]. 
However, the main challenges for forecasting through simple STL decomposition are 
mainly due to assumptions of linear trend, additive seasonality, choice of the seasonal 
cycle length and smoothing parameters, and proper choice of model for forecasting 
different components.

Several hybrid methods combining STL with ML techniques have been developed 
and used for forecasting to deal with such problems. For instance, recent develop-
ments in STL with ELM (extreme learning machines) are used for seasonal agricul-
tural commodities, particularly for vegetable market price forecasting [5]. Complete 
detail can be found in a study by Jaiswal et al. [7], where the seasonal TS has been 
first decomposed into a trend, seasonal, and remainder components. Secondly, each 
component has been individually forecasted using ELM. Finally, the forecasts of 
individual components (trend, seasonal, and reminder) were added to produce the 
final estimates for the original series. A schematic diagram is presented in Figure 1. 
The outputs of the empirical results are best compared to traditional methods for 
forecasting.

High-frequency TS data often exhibit nonlinear and nonstationary behavior with 
fluctuations. Methods based on EMD and its variants (hybrid models) are widely used 
to address these characteristics in agricultural data [8–12]. Analytical R packages for 
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EMD variants, such as EMD-ANN and EMD-SVR, are available in the literature. In a 
study by Das et al. [10], they applied EMD-ANN and EMD-SVR to forecast the monthly 
price index of vegetables. Initially, the EMD technique decomposes the original nonlin-
ear and nonstationary data into a limited number of independent sub-series, including 
k intrinsic mode functions (IMFs) and a residual. These IMFs and the residual are then 
modeled and predicted using ANN or SVR. The forecasted values of the IMFs and the 
residual are summed to produce an ensemble forecast for the original series. When 
comparing the performance of EMD-based hybrid models with standard models like 
ANN and SVR, the results indicated that while ANN and SVR are commonly used for 
nonlinear data, they struggled with the nonstationary nature of the dataset. In contrast, 
the hybrid models EMD-ANN and EMD-SVR performed better due to their ability to 
capture both nonlinear and nonstationary patterns, making them a viable alternative 
for forecasting volatile agricultural price series (Figure 2).

Recently, variational modal decomposition (VMD) and its variants have been 
widely used to address the challenges of highly volatile, nonlinear, and nonstation-
ary agricultural commodity price data [13]. Zhang et al. [14] applied VMD variants 
to forecast volatile agricultural commodities such as lean hog prices, soybean meal 
prices, and soybean oil prices in China. They achieved promising results. Figure 3 

Figure 2. 
Hybrid model EMD-SVR/EMD-ANN for agricultural price forecasting.

Figure 3. 
Hybrid model VMD-ARIMA-LSTM for lean hog prices, soybean meal prices, and soybean oil prices in China.

Figure 1. 
STL-ELM method for agricultural commodity price forecasting.
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provides a schematic representation of this hybrid forecasting approach. This study 
compares a hybrid model’s effectiveness (VMD-ARIMA-LSTM) to seven other 
forecasting models. These include single models (RF, LSTM, BP), models using EMD 
decomposition (EMD-ARIMA-SVM, EMD-BP), and models using VMD decomposi-
tion (VMD-LSTM, VMD-ARIMA-BP). The results showed that VMD-based models, 
particularly VMD-ARIMA-LSTM, significantly outperform EMD-based models due 
to VMD’s ability to resolve modal confusion and end effects, enhancing decomposi-
tion performance. In forecasting experiments on three datasets, VMD-ARIMA-LSTM 
showed improvements in RMSE by 5.46%, 14.68%, and 10.28% for 1-step, 3-step, 
and 6-step ahead predictions, respectively, and similarly improved MAPE results. It 
has been concluded that decomposing and reconstructing the original sequence and 
selecting an appropriate forecasting model based on sequence complexity leads to 
better predictions for highly volatile agricultural commodities. This highlights the 
advantages of the decomposition-integration strategy. A Diebold-Mariano (DM) test 
further confirmed the superiority of VMD-ARIMA-LSTM. However, due to its lower 
complexity, no significant improvement has been observed for lean hog price data in 
certain steps. Overall, the decomposition-based models are practical and applicable to 
agricultural price forecasting.

7.  Applications of time series decompositions in other sectors

The TS decomposition methods are widely applied in various fields beyond 
agriculture, like Environmental Science, Meteorology, and Climate Science 
[3, 15–18], Economics and Finance [1, 19], Marketing and Sales, Engineering, and 
Manufacturing [20–22], Healthcare and Epidemiology [23, 24], and many other 
fields, to understand forecast, and control time-dependent data.

The uses of TS decomposition in environmental science are to forecast key vari-
ables like temperature, rainfall, pollution levels, or other meteorological parameters. 
These parameters are the key indicators of climate change, and the TS decomposi-
tions are used for accurate forecasting. In recent times, hybrid methods have been 
more popularly used, rather than the traditional TS decomposition methods, like the 
DL-MEMD model for hourly global horizontal irradiance forecasting [25], Hybrid 
DL-MVMD model for estimating daily solar radiation [26], Hybrid gray-STL with 
Gaussian process for CO2 emissions forecasting [18]. Decomposition techniques like 
STL and its variants are commonly used to forecast temporal features of meteoro-
logical data. A study by Liu and Zhang [27] used a decomposition-based prediction 
model combining STL and gated recurrent units (STL-GRU) for forecasting the 
surface temperature of various regions in China. This method analyzed these regions’ 
patterns and long-term trends in temperature data.

The decomposition techniques are also popularly used for precipitation forecast-
ing, especially when the chances of erroneously mixing future information into the 
training data occur. Jiao and He [28] effectively employed the VMD-BiLSTM-based 
stepwise decomposed ensemble method to overcome the mixing problem for practi-
cal forecasting of reciprocation. A study by Parviz and Ghorbanpour [29] improved 
hybrid models by integrating linear and nonlinear approaches focusing on signal 
decomposition for complex nonlinear components. It evaluates the effectiveness 
of combining SARIMA with EMD and maximal overlap discrete wavelet transform 
(MODWT) utilizing monthly rainfall data from Iran. The process involved using 
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SARIMA to model the data, decomposing its error series into IMFs with EMD, and 
then forecasting these IMFs using support vector regression.

TS decomposition is widely used to forecast economic indicators such as infla-
tion, GDP, and unemployment rates. Analysts can make more precise predictions 
about future economic conditions by separating the trend (long-term growth), 
seasonal effects (like holiday impacts), and random variations. For instance, tools 
like ARIMA and seasonal decomposition of time series (STL) filter out the sea-
sonal component and capture core economic trends. In stock market forecasting, 
decomposition methods help identify the underlying price trend, seasonal behav-
ior (such as quarterly earnings reports), and residual noise. For example, EMD has 
been used in currency exchange forecasting to identify local trends and reduce the 
noise before applying predictive models like least squares support vector regres-
sion [30]. A study by Sohrabbeig et al. [31] extended beyond single-seasonal pat-
terns, incorporating methods like Multiple Seasonal-Trend Decomposition using 
Loess (MSTL). MSTL can handle complex datasets with multiple seasonal cycles, 
such as daily and weekly patterns in financial TS. This is particularly useful for 
high-frequency trading, where market behavior follows distinct patterns over dif-
ferent time horizons. The multiresolution analysis through wavelets is increasingly 
popular for nonstationary TS, as is stock prices and volatility [30, 32]. By decom-
posing the series into different frequency components, this method helps capture 
both short-term fluctuations and long-term trends, enabling robust modeling of 
dynamic financial systems.

TS decomposition is a versatile technique with applications across multiple fields. 
Breaking down complex data into components provides insights into long-term 
trends, cyclical variations, and irregularities, supporting better decision-making and 
planning in various industries.

8.  Packages/software of TS decomposition

R/RStudio, Python, and MATLAB are software that is primarily used for TS 
decomposition. There are packages in the software for applying a specific TS decom-
position technique (Table 1).

Method R package

VMD VMDecomp

EMD EMD

EEMD EMD

Wavelet wavelets

Fourier decomposition swdft

Tensor decomposition rTensor

Seasonal and Trend decomposition stl

Kalman filter Rcpp

Bayesian time series decomposition Rbeast

Table 1. 
Some decomposition techniques and required R packages for their application.
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9.  Conclusions

In conclusion, TS decomposition is a critical technique for understanding and 
analyzing complex data across various fields, including finance, economics, meteorol-
ogy, and engineering. This chapter has outlined both classical and advanced decom-
position methods, such as additive, multiplicative, STL, and newer ML approaches, 
highlighting their practical applications in diverse domains like agriculture and 
economics. Additionally, the chapter addresses key challenges, such as non-station-
arity and nonlinearities, offering a thorough guide for selecting appropriate methods 
and understanding real-world TS data through case studies. In the end, this chapter 
provides a complete overview of TS decomposition and its practical applications for 
forecasting to inform data-driven decision-making.
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Chapter 5

A Decade of Machine Learning 
Applied to Management and 
Economics: Learning through a 
Case Study of Corporate Resilience
Jacques Bughin

Abstract

Econometrics has traditionally focused on statistical regression-type methods for 
analysing economic data, but is increasingly integrating techniques from data sci-
ence, using sophisticated machine learning (ML) models, both to improve predictive 
accuracy and to develop non-parametric inference, for example with new feature 
importance techniques such as Shapley values. While development has been rapid and 
exciting, significant efforts are still required to achieve full convergence between tra-
ditional and new data methods. This research examines a decade of progress in ML, 
focusing on its application to predicting and explaining the drivers of business resil-
ience during crises, such as the COVID-19 pandemic. It is shown that ML uncovers 
significant non-linearities in the way capabilities, such as innovation, ecosystem play 
or agility, have been able to stimulate resilience. Empirical results show that gradient 
boosting and random forests outperform traditional econometric models in predictive 
accuracy by margins of over 10%, while maintaining interpretability through feature 
importance metrics. This study highlights the strengths and trade-offs of ML methods 
and provides practical insights into their computational underpinnings. By compar-
ing traditional econometric methods with ML techniques, we illustrate the promise 
and challenges of convergence between these fields.

Keywords: econometrics, machine learning, Shapley values, permutation, accuracy, 
resilience

1.  Introduction

Big data, with their unique ability to discover subtle population patterns and 
heterogeneities not possible with small-scale data, have been powering many business 
domains for several years—enabling Moderna’s discovery of an RNA-based vaccine 
for COVID-19 in weeks [1], improving Netflix personalisation for two thirds of video 
consumption [2], or supporting responses to user queries for OpenAI’s ChatGPT 
model trained on billions of tokens [3, 4].
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In parallel, big data and their associated classification methods, such as 
machine learning (ML) and deep learning (DL), have also gained traction in 
many scientific fields, including more recently in economics. These methods are 
particularly recognised for their enhanced ability to model complex, non-linear 
systems and to make more accurate predictions than traditional econometric tech-
niques. In addition, although still emerging, inference tools from ML are refining 
traditional econometrics and addressing the need for better model explainability 
and interpretability [5–7].

The current study provides a summary of the development of supervised machine 
learning methods as applied to the field of economics. It starts with a chronology of 
their developments, then discusses the types of methods, together with examples of 
applications and related findings. While ML models have been designed to excel in 
predictive accuracy in the context of complex data generation processes, a corollary 
of these classification methods is that they tend to be less interpretable than linear 
models, while it is often crucial to uncover the mechanisms that these models capture, 
especially when it comes to fairness, welfare or policy validation.

We then discuss so-called “explainable” machine learning methods, such as 
permutations, attribution importance, or Shapley values, and comment on how the 
need for such methods has evolved, including a new literature on (causal) inference, 
both in terms of model specifications (“feature importance”) and how those features 
marginally affect model output.

Adding to an emerging literature [8, 9], we finally illustrate the relevance of ML 
methods in the context of predicting firm resilience. We pick this topic for the reason 
that corporate resilience—that is, the ability to endure and survive—is still poorly 
understood, and is likely affected by multiple attributes, and in a non-linear fashion. 
However, most studies related to firm resilience tend to produce linear analyses one 
feature at a time [10, 11]. Using the shock of the 2019 pandemic, we demonstrate the 
added value of ML techniques in these circumstances, while a final section concludes 
and highlights new avenues of research.

2.  Data science methods

2.1 Evolution of machine learning into economics

Applied economics has long been dominated by econometrics, which relies on 
statistical techniques, such as regression, time series models and hypothesis testing. 
These techniques assume strong parametric relationships, making them suitable for 
small and structured datasets, but they are limited in flexibility and fragile if they 
deviate from their parametric assumptions.

Machine learning was introduced in 1959 by Arthur Samuel, an IBM employee, to 
define the pattern recognition tasks that provided the “learning” component of early 
artificial intelligence (AI) expert systems [12]. However, machine learning techniques 
did not gain attention in economics until the early twenty-first century, when their 
application became possible without major computational constraints and large 
datasets became more available.

According to Gogas and Papadimitriou [12], the most obvious case of the use of 
ML in economics is in finance and its abundance of available data, with the aim of 
predicting financial health or prices made possible by it. The pioneering use of ML in 
economics is a study by Wang et al., which demonstrated its usefulness in the context 
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of credit scoring, while White’s paper used ML with the aim of better predicting IBM’s 
daily stock returns [13, 14].

Hal Varian, formerly of Berkeley and by then the chief economist at Google, 
also published a research entitled “Big Data: New Tricks for Econometrics”, which 
highlighted the potential of ML to revolutionise empirical research in economics [15]. 
Varian emphasised early on that the main strength of supervised machine learning is 
its focus on predictive accuracy. Econometrics has traditionally focused on estimating 
causal effects and testing economic theories, while machine learning excels at finding 
patterns in data that lead to better predictions.

Varian’s research caught the ear of many fellow economists, as many researchers 
in applied economics began to incorporate machine learning techniques into their 
toolkits. According to Nosratabadi et al. [16], the number of ML applications in 
economics started to skyrocket around 2016–2017. This is also confirmed by a biblio-
metric analysis of the published literature from Web of Science (WoS) and Scopus on 
machine learning in economics and econometrics, where the total number of studies 
in machine learning and economics was in the low twenties in 2010 to reach almost 
1000 research papers 10 years later, or a 50-fold increase [17].

2.2 Supervised ML techniques

From White’s paper on stock returns, supervised machine learning models have 
expanded into areas, such as commerce [18], consumer behaviour and social media 
[19, 20], macroeconomics and health economics [21, 22], agricultural and develop-
ment economics [23, 24]; labour economics [25]; organisation science [26]; or even 
energy economics and industrial economics [27, 28].

These studies have also used different classification algorithms, of which the most 
common and popular methods are support vector machines (SVMs), decision trees 
(DTs), neural networks (NNs), random forests (RFs) and gradient boosting (GBM). 
Appendix 1 describes the process of running those algorithms, but what needs to 
be kept in mind is the trade-off between simplicity and accuracy of results, with 
ensemble models being more effective than others. Among others;

1. Decision tree (DT) (or classification tree) is a classification method that con-
structs decision rules organised in tree-like structures, where at each node the 
dataset is partitioned to maximise the best classification/purity, starting at the 
root node of the tree and then moving down the tree branch corresponding to 
the attribute value. Decision trees have high interpretability, but predictive re-
sults are sensitive to sample selection and tree branch hierarchy.

2. As an alternative to DT, a support vector machine (SVM) constructs a hyper-
plane or a set of hyperplanes. Intuitively, the hyperplane that has the greatest 
distance from the nearest training data points in any class achieves a strong sepa-
ration, since in general, the larger the distance, the lower the generalisation error 
of the classifier. It is effective in high-dimensional spaces and can behave differ-
ently based on different mathematical functions known as the kernel. However, 
when the dataset contains more noise, such as overlapping target classes, SVM 
does not perform well.

3. Neural networks (NNs) mimic the interconnected neurons of the human 
brain. Deep learning (a subset of NN) involves multiple layers that can capture 
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 complex patterns and interactions. “Inspired by biological networks” [28], any 
artificial neural network consists of at least one input layer with feature informa-
tion, one or more hidden layers and an output layer that returns the predicted 
values. Each layer consists of nodes (neurons) connected by edges across layers, 
which are strengthened according to their ability to transmit information. Deep 
learning models also excel at handling highly non-linear and unstructured data. 
However, they require large datasets and are prone to overfitting without careful 
regularisation.

4. Random Forest (RF) is an ensemble classification technique that, instead 
of estimating a single DT, resamples the observations in the training set to 
estimate multiple trees independently. These trees are merged as a combina-
tion of bootstrap aggregation (bagging) and random feature selection. The 
final prediction is then based on averaging the results of all the trees. As an 
ensemble, the multi-decision tree RF learning model is typically more ac-
curate than a single decision tree model. However, due to their complexity 
(hundreds or thousands of trees), it is not easy to understand how individual 
features contribute to a prediction.

5. Gradient boosting (GB), like Random Forest, is an ensemble learning algorithm 
based on a series of decision trees, but unlike RF, it builds trees sequentially, 
with each new tree attempting to correct the errors of the previous trees. The 
gradient is used to minimise the loss function, similar to how neural networks 
use gradient descent to optimise weights. Random forests tend to be faster to 
train because the trees are built independently, while gradient boosting is slower 
due to its sequential nature. Gradient boosting is more prone to overfitting, but 
can achieve higher accuracy than RF due to its built-in correction process, if 
tuned properly.

Table 1 provides a high-level synthesis of the relative strengths of the different 
methods. DT, while simple and easy to interpret, is prone to overfitting. SVM, while 
excellent on high-dimensional data, struggles with scalability and requires careful 
tuning of the kernels. RF is a strong all-round performer, with less risk of overfitting, 
but less interpretable, while, say, NN is highly flexible, powerful for complex data 
types, but computationally expensive and data hungry.

In general, RF and then NN have been the most widely used methods in applied 
economics to date. NNs are known to be the best at dealing with non-linear (hidden) 
effects, but at the expense of interpretability [29]. They tend to outperform other 
models in areas such as asset pricing and climate change impact prediction when large 
datasets are available, but their performance can suffer with small datasets or simpler 
tasks. RFs also tend to perform very well in terms of in-sample accuracy [5] as well as 
(out-of-sample) predictive accuracy, especially when dealing with large datasets and 
high-dimensional data. GB models such as XGBoost (XB) often outperform Random 
Forests in terms of predictive accuracy, especially for financial market predictions 
and high-dimensional datasets. Nevertheless, RF seems to be increasingly preferred 
because of its stability, less sensitivity to overfitting and because the relative contribu-
tion of the tree’s regressors to the prediction can be easily calculated using various 
direct techniques in tree-based models, such as Gini importance or mean decrease 
impurity (MDI) [30].
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3.  Towards explainable AI

The work of Hal Varian also had emphasised that machine learning and economet-
rics are complementary, not substitutes. Economists care deeply about causality—
determining the direction of cause and effect—which machine learning algorithms 
are not primarily designed to uncover. At a technical level, econometrics aims at 
statistical inferential analysis, such as “estimating the coefficient associated with a 
variable and its confidence level with respect to a hypothesis (often the null), while 
machine learning models are mostly nonparametric [31]”.

As many phenomena are driven by complex data processes, linear approximation 
can be a risky shortcut. The rise of big, granular and unstructured data provides an 
opportunity to use ML to study such phenomena, but preferably if there is a way to 
make some causal inference [7]. Importantly, one reason for models to be interpre-
table is the importance of ethical concerns, as opaque models could be misused. These 
concerns require parallel ML guidelines, especially around the ideas of “fairness”, 
“safety”, “trustworthiness” and “transparency’” [32]. The first institutionally based 
publication on ML and AI guidelines was the “Ethics Guidelines for Trustworthy AI” 
by the Independent High-Level Expert Group on Artificial Intelligence, organised by 
the European Union (EU), in 2019. This was the first step towards the first regulatory 
framework announced by 2021 and finally passed by the European Union under the 
European “AI Act”, by March 2023, as a law governing the development and deploy-
ment of AI systems in the European Union [33, 34].

Accordingly, in recent years, economists and data science researchers have 
developed approaches that attempt to bridge the gap between data science and 
econometrics [35]. Indeed, two questions arise for effective models of an empirical 
phenomenon: first, whether the model is well specified and, if so, what is the impact 
of the features specified in the model on the emergence and pattern of the empirical 
phenomenon (see [5], p. 4). The second question is akin to determining the marginal 
effect of features on output in econometrics. The first question is also akin to the issue 
of adequate model specification, since in traditional econometrics missing variables 
can lead to poor marginal inference, and multicollinear variables can lead to large 
inference imprecisions. We address explainability of ML models hereafter, first by 
discussing model features’ relevance, and then, inference.

3.1 Attributes’ importance

Ways to address model specification are variable attribution via the decomposition 
of individual predictions (so called, “local attribution”) and importance scores for the 
model as a whole (“global attribution”) [36]. In general, local attribution techniques 
can be re-aggregated to global attribution.

3.1.1 Global approaches (at model level)

Global methods seek to explain the behaviour of the full model and the global 
importance of features/variables. Methods include

1. The permutation importance of a variable measures the change in model perfor-
mance when the values of that variable are “randomly permuted”. The underlying 
logic is that if the ML model has learned a strong dependency between the model 
outcome and a given variable, permuting the value of the variable will lead to 
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very different model predictions and thus affect performance. A variable is there-
fore defined as important if the test error after permuting a feature is substan-
tially higher than the test error using the original value for that feature. While 
permutation is simple and intuitive, as it directly shows how model performance 
is affected when information from a feature is removed, it is computationally ex-
pensive, as it requires retraining or testing the model multiple times with shuffled 
data, especially for large datasets. In addition, estimates of interaction effects 
may be both unstable and fail to correctly account for interaction effects between 
features, especially when correlated features are shuffled independently.

2. The jackknife method (and its extension, jackknife plus) assesses the importance 
of features by systematically removing (or masking) one feature at a time and 
assessing how the performance of the model changes [37]. In practice, jackknife 
uses the residuals from one (or all) leave-one-out predictions to estimate how 
much deviation we can expect from new predictions. While the method is model 
agnostic and fairly simple and intuitive (removing a feature and observing the 
change in performance give an easy-to-understand measure of importance), it is 
computationally intensive. Like permutation importance, jackknife may under-
estimate the importance of features involved in complex interactions, as remov-
ing a single feature does not fully capture its interaction effects.

3. In tree-based ML models (DT, XB, RF), measures of global importance derived 
directly as a by-product of the learning step include GINI importance; MDI/MDA 
(MDI: mean decrease impurity; Breinman et al. [38] and MDA: mean decrease 
accuracy [39]. Gini is a measure of how much a variable contributes to optimising 
the objective function, while MDI, like Gini, evaluates impurity as the entropy 
of the distributions of the input variables in sample, while MDA does so out of 
sample. As the impurity decreases, the feature is considered more important.

Assuming a sufficiently high level of trees, MDI/A has desirable properties such 
as consistency with the notion of feature relevance, or the ability of a variable 
to convey additional information about the output [40]. As the importance of a 
feature is calculated based on the reduction in some impurity criterion (e.g., Gini 
impurity or entropy) or the increase in information gain when that feature is 
used to partition the data during the model training process, there is no need for 
additional passes through the data. These measures also capture complex inter-
actions between features without requiring explicit feature engineering, but may 
be biased for features measured as continuous variables, while the importance of 
correlated features may be unevenly distributed across correlated features.

4. Another global approach is SAGE (“Shapley Additive Global importance”), a 
model-agnostic method that uses Shapley values to assess the global importance 
of features, based on a set of input data for a scenario that implies a regression 
model output, which is then used to quantify the contribution of the features to 
the global model prediction.

Shapley scores (and their close variants) are a tool borrowed from game theory 
to allocate credit to players in coalitional games; hence, the idea of using Shapley 
scores in a supervised learning method is to treat each feature as a “player” in a 
cooperative game, where the “game” is the model prediction and the payoff is the 
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predicted value. Applied to ML, Shapley scores provide a fair way of allocating 
the overall model performance to different features, treating them as “players” 
in a cooperative game. Appendix 2 provides some extra details on how Shapley 
scores are derived.
SAGE can account for interactions between features because it considers how 
groups of features work together to influence model predictions. This ensures 
that the importance of a feature reflects both its individual contribution and 
its role in interactions with other features. However, as the calculation of the 
Shapley value must take into account all combinations of games/coalitions, 
the process can be computationally expensive—and in most cases prohibi-
tive—requiring the development of approximations. In general, SAGE rigor-
ously handles feature interactions using Shapley values, but it is a cumbersome 
method that often requires approximation in multi-feature models.

Table 2 summarises the different methods, and the trade-off to be made between 
computing resources, interpretability, or still handling of complex non-linear rela-
tionships. For instance, feature importance based on tree-based models is directly 
computable, even  if computation is a struggle in complex non-linear models. The 
SAGE method is robust to non-linearity but is complex to implement and not eas-
ily interpretable. Jackknife methods do not handle non-linearities easily and are 
resource-costly.

In practice, however, the performance of ensemble tree models is increasingly rec-
ognised, leading practitioners to favour methods, such as GB and RF. Furthermore, 
Sutera et al. [40] have recently pointed out that, under some reasonable conditions, 
MDI scores derived from tree-based ML models can match Shapley values, both theo-
retically and empirically. MDI scores are thus a simple built-in alternative to SHAP 
(“SHapley Additive exPlanations”) approximations of Shapley values for assessing 
the global importance of features in ML models.

3.1.2 Local approaches

The main advantage of local methods is that they reveal the functional form of 
the association between a feature and the outcome as learned by the model, which 

Criteria Permutation 
importance

Jackknife MDI (mean 
decrease in 
impurity)

SAGE (shapley additive 
global importance)

Model-agnostic Yes Yes No Yes

Handles 
interactions

Partially (depends 
on correlations)

No No Yes (fully considers 
interactions)

Computational 
efficiency

Moderate 
(re-evaluation per 
feature)

Low (retrain/
evaluate per feature)

Very high 
(computed 
during training)

Very low 
(computationally 
expensive)

Interpretation 
simplicity

High (clear 
performance drop)

Moderate 
(performance 
change upon 
removal)

Moderate Low (complex 
interpretation of 
Shapley values)

Table 2. 
Global importance metrics: Pros and cons.
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global methods cannot do. Approaches that are also agnostic to model type include 
DeepLIFT (for “Deep Learning Important FeaTures”) [41], as well as among the most 
widely used: LIME (for “Local Interpretable Model-Agnostic Explanations” [42];) and 
SHAP (for “SHapley Additive exPlanations” [43]).

1. DeepLIFT is a model-specific method designed primarily for deep learning 
models. It explains a model’s prediction by comparing the activation of each 
neuron in the model to a reference activation, and assigns importance scores to 
each input feature based on how much it contributed to the deviation from the 
reference. For each input, DeepLIFT selects a reference input (e.g., a “neutral” 
baseline input) and calculates the activation of each neuron in the network for 
both the input and the reference. DeepLIFT then propagates these differences 
back through the network to assign attribution scores to the input features, 
showing how much each input contributed to the difference in the final predic-
tion compared to the reference. DeepLIFT is faster than methods such as SHAP 
because it avoids the combinatorial complexity of evaluating multiple subsets of 
input features. Because it uses deep neural networks, DeepLIFT is able to handle 
complex, non-linear relationships in the data. A key weakness is that the choice 
of reference point can affect the attributions, and selecting an appropriate refer-
ence is often not straightforward [44].

2. LIME is based on the construction of a simplified replacement model for the model 
under investigation (the “replacement model”). The surrogate model is based on the 
predictions of the base model computed on variations of the input data randomly 
perturbed, and is thus able to quantify the importance of the different features that 
make up the unperturbed data; on the prediction of the surrogate model.

3. Unlike LIME, SHAP is based on an approximation of the calculation of Shapley 
values [45]. Unlike LIME, and as noted above in relation to SAGE, the Shapley 
value assigns a fair contribution to each feature based on its marginal effect 
across all possible feature combinations, and is also a unique solution to the 
credit allocation problem, as defined by several other desirable properties such as 
symmetry and linearity [46]. SHAP is an approximation to Shapley scores, as the 
exact calculation of the Shapley score is computationally expensive because there 
is a combination of 2n possible coalitions of n feature values, and the ‘absence’ of 
a feature has to be simulated by drawing random instances, which increase the 
variance for the estimate of the Shapley score.

Table 3 is a summary of the local importance methods. LIME is probably the most 
useful method when a quick, interpretable explanation of a prediction from any type 
of model is needed. However, LIME can be unstable and computationally expensive 
for complex models. Designed specifically for deep learning models, DeepLIFT is best 
when dealing with neural networks. It provides efficient and interpretable attribu-
tions, but requires careful selection of a reference point.

Although additional questions remain about how Shapley values truly measure 
feature importance [47, 48], Lundberg and Lee [43] had shown that Shapley values 
provide a unifying framework for many attribution schemes. As for global measures, 
Sutera et al. [40] had pointed out that, under some reasonable conditions, local 
MDI scores derived from tree-based ML models can also match Shapley values, both 
theoretically and empirically.
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In addition to providing local, accurate, linear and consistent attributions, Shapley 
values provide a granular approximation of a possible feature across all observations, 
allowing the functional form learned by the model to be visualised. Based on this, and 
as discussed below, one can also formulate a more comprehensive statistical inference 
framework—the so-called Shapley regression that provides a clear bridge to tradi-
tional econometrics [49].

3.2 Attributes inference

In recent years, a number of breakthroughs have been made for the convergence 
of inference between ML and econometrics, from a variety of studies, such as 
Athey [50], Athey et al. [51, 52], Athey and Imbens [53], Athey and Wager [54]; 
Chernozhukov et al. [55, 56]; Davis, and Heller [57] or Nazemi and Fabozzi [58].

3.2.1 Attribute global significance

Here are some examples of notable advances in statistical inference using ML 
models:

1. Regarding the relevance of attributes for model specification, an important 
avenue, based on bagged trees as in RF, is that the combination of models can 
give an idea of the uncertainty in the estimates of attributes. From this perspec-
tive, Wager et al. (2014) were among the first to construct asymptotic confidence 
intervals for random forests via infinitesimal jackknifes and combinations of 
models [59]. Their basis for this inference is the concept of an honest forest, 
where trees in a random forest are divided into one group used to select splits 
and another group used to make predictions, preventing the same data from be-
ing used for both model training and evaluation. This “honest” structure reduces 

Criteria LIME SHAP DeepLIFT

Model 
compatibility

Model-agnostic Model-agnostic Model-specific 
(primarily with NN)

Theoretical 
foundation

Heuristic-based Grounded in game 
theory (Shapley values)

Difference from 
reference activation

Computational 
efficiency

Moderate to high Low to high 
(approximate methods 
like SHAP)

Very efficient for 
neural networks

Stability of results Can vary between runs 
(random perturbations)

Consistent and stable 
explanations

Stable, depends on 
reference choice

Computational 
complexity

Linear with respect to the 
number of samples

Exponentially complex Relatively low, 
especially for NN

Applicability to 
deep models

Works with deep models 
but only by approximating 
locally

Can handle deep models 
(but may be slow)

Specifically designed 
for deep neural 
networks

Choice of reference 
point

No reference required No reference required Requires a reference 
input

Table 3. 
Local importance metrics: Pros and cons.
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bias in tree predictions and ensures that the predictions are statistically valid for 
inference. Under certain conditions, the predictions made by honest random 
forests follow a normal distribution as the number of trees increases. This in turn 
allows the calculation of confidence intervals for predictions based on the Cen-
tral Limit Theorem (CLT).

2. Mentch and Hooker in 2016 introduced a statistical inference framework for 
machine learning models, specifically focusing on random forests and other 
ensemble methods [60]. The method involves creating multiple subsets of the 
training data (similar to subsampling) and building decision trees on these 
subsets. The key difference from traditional random forests is that the trees are 
grown on different random subsamples rather than full bootstrap samples. The 
authors derived the U-statistic, which is computed for the predictions gener-
ated by individual decision trees built from subsampled data, and for which the 
distribution approaches normality as the number of trees grows large, allowing 
the use of standard confidence intervals and hypothesis tests.

However, the method involves repeated subsampling and fitting of decision trees, 
which can be computationally expensive, especially for large datasets. Finally, if 
the subsamples are too small, the trees may not adequately capture the underlying 
relationships in the data; and if the subsamples are too large, the trees may become 
too similar, reducing the variability needed for inference.

1. A more recent study by Coleman et al. [61] points out that the formal hypoth-
esis testing procedure of Mentch and Hooker for assessing the importance of 
variables is computationally prohibitive. In contrast, their method is based on a 
permutation scheme that avoids the need for explicit covariance estimation and 
thus does not require a larger number of trees for larger datasets. In particular, 
they show that the difference in the mean squared error in out-of-sample predic-
tion accuracy between the intact variable and the same variable permutated in 
tree-based models follows an asymptotically normal distribution with mean zero 
and finite variance.

2. Another route taken by Buckmann et al. [62] is to use the framework of Shapley 
regressions, which can indeed be seen as a natural extension of regression-based 
inference to the general non-linear model. The main difference is that infer-
ence is often only valid locally, i.e. within a region of the input space, due to the 
potential non-linearity of the model plane. A slightly modified null hypothesis 
is introduced to test the statistical significance of variables, where the difference 
between the coefficients of a linear model and the Shapley share coefficients is 
essentially the normalisation of the latter, as non-linear models have no “natural 
scale” to measure variation. In their study, Buckmann et al. (2021), using Shap-
ley regressions to assess attributes to predict changes in US unemployment, show 
that the latter is also significantly predicted by the 3-month Treasury bill, the oil 
price level and the slope of the yield curve; these effects are often not captured 
by traditional linear econometric models—making these linear models misspeci-
fied.

Yamaguchi also refers to Shapley regression as “Shapley values project unknown 
(but learned) functional forms into linear space” ([63], p. 29). Using the SHAP 
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simplification of Shapley value, it is shown that the long-term stock price changes 
of global automakers such as Toyota and electronics companies such as Sony in the 
last decade of the twentieth century were significantly related to firm factors such as 
sales growth and inventory ratio, while these attributes were not obvious attributes in 
linear models.

3.2.2 Attribute marginal significance

Finally, it should be noted that in addition to the general significance, the marginal 
effect of attributes on the output prediction can also be made, with standard errors 
derived from bootstrapping. As discussed by Zhao and Hastie [64], one of the most 
used visualisation tools of ML models is the “partial dependence plot” (PDP) of an 
attribute. Not only is the PDP the same fitting formula as in Pearl [65] to identify the 
causal effect of an attribute on Y from observed data, but the slope of this PDP rela-
tionship is also what traditional multiple regression coefficients capture as a marginal 
effect under a linear model—but now extended to any model [7].

4.  A case study on corporate resilience

4.1 Scope

To illustrate the current convergence between ML models and traditional econo-
metrics, we use an analysis of firm resilience.

While economic theory has often focused on firm’s performance, resilience 
appears to be both a critical and a strategic attribute. Indeed, valuable firms are those 
that survive for a long time as a result of their resilience to a variety of adverse shocks: 
during the last major recessions, studies of listed firms found that only 20% of firms 
were able to return to pre-recession performance 3 years after the onset of the crisis. 
In the most recent global shock we study here (the COVID-19 pandemic), about one 
third of listed firms had not returned to the same level of profitability 2 years after the 
start of the pandemic [66].

In particular, we draw on the large existing literature on strategic resources and 
dynamic capabilities to predict the performance trajectory of firms during COVID-19 
as a function of four firm internal capabilities [67, 68]: agility [69], innovativeness 
[70], digitalisation and ecosystem play [71].

The resilience problem of this research would traditionally be estimated by 
relating the probability of resilience to indicators of these four capabilities, using 
parametric techniques such as logistic regression. However, one can easily hypoth-
esise that strong non-linearities, such as a lack of digitisation, may dramatically 
damage firms fighting the pandemic and its social distancing measures, compared 
to a firm that is already digitised but not fully digitised. Similarly, firms that 
are able to play an important orchestrating role in ecosystems may benefit more 
proportionally from the ecosystem than a firm that is only passive in an ecosys-
tem—especially at the time, during the pandemic, of major supply chain disrup-
tions, for example.

As an alternative to least-squares techniques, one resorts here to more general 
Machine Learning models to predict resilience, as well as the relative importance of 
its antecedents. This analysis is part of recent trends of using ML models to predict 
organisational resilience via bundle of firm inertial capabilities. The novelty is to 
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leverage an array of models, from artificial neural networks (NNs), to SVM, gradient 
boosting (GBM) and random forests (RFs), while we also produce inferences as to the 
significance of attributes as well as their marginal impact (through partial marginal 
effects (PMEs)) on resilience probability.

4.2 Conceptual model: The importance of four capabilities

A large number of studies on corporate resilience are prevalent, with the major-
ity relying on the resource-based view and dynamic capabilities theory [72]. 
Accordingly, we rely on the same theoretical foundations and hypothesise a concep-
tual model, in which corporate resilience is essentially driven by four main capability 
factors: innovation, agility, digitisation and business ecosystem play as key drivers of 
resilience (see Figure 1).

This conceptual model can be validated by integrating several studies of resilience, 
as the vast majority of research has examined the resilience effect of a single capabil-
ity, with a relatively limited number of studies examining a bundle of capabilities 
as a vector of resilience. Regarding the latter, Battisti and Deakins highlight the 
critical aspect of both agility and ecosystem play to leverage resilience [73]. More 
recently, Dyduch et al. found that firm resilience during the COVID-19 pandemic was 
enhanced by innovation capability, agility, as well as digitalisation [74].

Further following the dynamic capability literature, each capability reflects three 
general types (sensing, exploiting and transforming capabilities [75]). Following this 
classification, we measure each dynamic capability as follows. First, following the 
innovation literature, Research and Development (R&D) intensity and its change is a 
proxy for sensing and exploiting capabilities, while innovation-transforming capa-
bilities are reflected by the part of R&D that goes beyond mere incremental innova-
tion [76]. Regarding agility, we follow Mohammad [77] who emphasises a culture of 
agility that is able to sense the need/opportunities for adaptation; while we measure 

Figure 1. 
Conceptual model of capabilities-driven resilience.
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the exploitation of agility through three technical elements: speed, flexibility and risk 
taking in resource reallocation [78]. Transformative capability is measured by the 
degree of change in those technical elements at the time of the pandemic. In terms of 
ecosystem play, the literature emphasises the dominant ecosystem’s contribution, as 
a measure of the firm’s belief in its importance, and the depth of that contribution, as 
an indicator of the exploitation of ecosystem benefits. The literature also emphasises 
the firm’s role in this ecosystem as a reflection of its transformative nature; in par-
ticular, the firm’s orchestrator role in the ecosystem is important as a transformative 
capability [79]. Finally, with respect to digitisation, the literature has often measured 
the adoption, but especially the full exploitation (as opposed to experimentation) of 
technologies as an indicator of exploitable capabilities [80]. Success in digital trans-
formation capabilities is a clear symptom of transformation capabilities, according to 
Ellström et al. [81].

4.3 Sample procedure and statistics

4.3.1 Data collection

The sample comes from an online executive survey structured by Accenture 
Research to explore how global companies around the world perceive and respond 
to the COVID-19 pandemic in late 2020/early 2021. The survey was designed by an 
external research firm, taking into account the dimensions of resilience capabili-
ties from our conceptual model outlined in Figure 1, in line with the literature. The 
wording and questions were reviewed for consistency and readability by a number of 
external consulting experts.

The full sample was drawn from 14 representative countries. North America 
was represented by the United States and Canada (32 and 5% of the sample, respec-
tively), Europe by the top five countries (5% of the sample each), Asia by Japanese 
and Chinese companies (9% of the sample each) and Singapore. The remaining 
enterprises were located in the Middle East (United Arab Emirates (UAE) and Saudi 
Arabia). The scope covered 18 private NACE 2 (Statistical Classification of Economic 
Activities in the European Community) industries, each represented by the same 
sample size.

Respondents were selected from the market research database of the C-suite, 
mostly Chief Executive Officers (CEOs), Chief Strategy Officers (CSOs) or Chief 
Information Officers (CIOs). The sample response rate was approximately 15% 
for a total sample of 4300 companies. To minimise general response bias and noisy 
responses, confidentiality of responses and the option not to answer questions were 
guaranteed [82]. Tests for possible response bias were carried out. As the study 
collected informants’ days, early and late responses were tested for significant dif-
ferences in responses after 2–4 weeks. No real difference between respondents was 
found, while Harman’s main principal factor also accounted for 22% of the variance, 
well below the 50% threshold where the variance is mostly driven by respondent 
style.

4.3.2 Data statistics

We use profit recovery as a reflexive measure of resilience and consider a 
window of 18 months after the pandemic to test recovery, based on classifying a 
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firm according to whether or not its profit has returned to pre-pandemic levels 
by September 2021. The 18-month window is consistent with the typical duration 
of crisis absorption [83]. Sixty-eight per cent of the firms in the sample did not 
recover their pre-pandemic revenue level by September 2021. Average revenue 
calculated for the full sample fell by 30% relative to 2019 at the peak of the 
pandemic, and “recovered” by 15% on average in the second period, but remained 
below 15% of their original pre-pandemic revenue by 2019. This gap is consistent 
with those of other studies [84].

Table 4 provides a company perspective throughout the (peak) pandemic. While 
two thirds of companies pride themselves on having an agile culture, speed/flexibility 
and risk-taking practices are only average, although companies accelerated their 
investment in these practices somewhat during the pandemic. In terms of the ecosys-
tem, 6 out of 10 companies have more than 5% of revenue coming from the ecosys-
tem, and the same proportion sees this revenue increasing over the years—however, 
only 14% play an orchestrating role. Innovation intensity is typically below 5%, and 
one third of companies reduced R&D during the pandemic—while digital maturity 
was 50% of the frontier of full digitalisation, with barely 4 out of 10 companies 
recognising the success of their digital transformation.

Nevertheless, we observe a larger deviation from the average firm. Using a simple 
K-means clustering technique, we find about five clusters of firms, as in the silhou-
ette/elbow techniques. At one extreme of the least resilient firms, we find the largest 
cluster, consisting of 37% of firms that are hardly innovative, reduce their expendi-
ture during the pandemic, and are considered culturally and technically not agile. 
At the other extreme, we find a cluster of 11% of companies that are quite agile and 
digitally mature, while orchestrating an increasingly large ecosystem and increasing 
their R&D intensity during the pandemic. Another segment of 22% of companies, 
which also showed better than average resilience, is characterised by accelerated par-
ticipation in ecosystems and strong non-incremental innovation capabilities during 
the pandemic—in contrast to the majority of companies that froze investments as a 
result of the pandemic risk. Two other segments (each with around 15% of firms) are 
closer to the average firm, but stand out for their success in digital transformation and 
technical (change) agility.

These different clusters clearly show non-linearity in how firms use capabilities 
and how this can affect recovery; they still do not say anything about how capabilities 
themselves can affect resilience across their full range of use. We therefore use more 
general machine learning techniques to capture this diversity of impact on resilience 
in the next subsection.

4.4 Results

4.4.1 Predictive method selection

Table 5 presents predictive accuracy, via the area under the curve (AUC) with all 
industries pooled. One notices that the logistic regression method is systematically 
dominated by at least one advanced ML technique. Based on the AUC and the versatil-
ity of the technique, random forests (RFs), then GB are the most powerful methods, 
but all ML models provide better predictive performance than the logistic model. 
Given the better performance of RF, we select RF as the ML method in the rest of this 
research.
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4.4.2 Global importance

We assess the global contribution of each capability dimension to recovery predic-
tion through the Mean Decrease Impurity (MDI) and SAGE procedures, which are 
based on Shapley values. As discussed earlier, MDI is a global importance approach, 
essentially the average across all trees of the capability feature’s ability to reduce noise 
at each node, while SAGE is a global measure as an aggregate to local fair measure 
of how a particular capability feature contributes to resilience. Shapley scores are 
calculated from RF, which is considered to be the best fitting model.

Importantly, it is reminded that MDI values derived from randomised trees are 
asymptotic Shapley values. Note that a classic drawback of the MDI method, that 
it can overweight cardinal values relative to others, is not relevant in our case, as all 
variables are categorical as derived from the survey.

4.4.2.1 RF performance versus linear model performance

Table 6 provides the results per capability dimensions for both metrics of MDI 
and Shapley, including the importance based on the logistic model forecasts.

The first observation is that all dimensions are statistically significant with the 
RF model, whether the metric is used in MDI or through simple values, but this is 
not the case with the logistic model—in particular, the latter is unable to capture any 
significant relevance for digitisation and for R&D intensity. This reflects the fact that 
RF can exploit non-linear relationships that the linear regression cannot account for. 
The second observation is also that the linear model overweights the importance of 
variables such as changes in technical agility and non-incremental R&D or full com-
mercial exploitation of digital technologies compared to other MDI/SAGE metrics. 
This clearly reinforces the validity of using more flexible models than linear models 
for the case of resilience.

4.4.2.2 RF-based attribute importance rank and significance

Focusing on the RF model, it is clear that MDI and SAGE also provide roughly the 
same ranking of capabilities (r = 0.89).

Based on Figure 2, which visualises both metrics by ranking the dimensions from 
highest to lowest global importance, SAGE underweights importance over MDI in 
the specific case of the impact of investment on technical agility, while SAGE over-
weights importance over MDI in the case of R&D intensity and digital transformation 
success. Notably, both metrics agree on the importance of both cultural and technical 

AUC

Methods In-sample Out-sample

Logistic regression 0,78 0,71

Random forests 0,92 0,87

GB 0,86 0,77

ANN 0,78 0,74

Table 5. 
ML model fitness.
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agility, non-incremental innovation, ecosystem play and digital transformation suc-
cess as strong attributes affecting resilience. These nuances regarding capabilities are 
relatively new findings in the literature.

Table 7 shows the contribution of the four capabilities after aggregating the 
importance of each dimension. Not only do the p values demonstrate that each 
capability significantly affects resilience, but that there is also a clear ranking, with 

RForest ML model

Capability Dimensions MDI SAGE

Agility Cultural agility 22%*** 24%***

Technical agility 21%*** 15%**

Technical agility change 12%** 6%*

Innovation R&D intensity 4%* 7%*

R&D intensity change 3%** 5%**

% of non-incremental R&D investment 14%*** 14%**

Ecosystem Ecosystem revenues 5%*** 4%***

Ecosystem revenue change 3%** 3%

Ecosystem play 6%** 7%***

Digitalisation Digital adoption 1%* 0%

Full digital commercialisation 4%** 5%**

Digital transformation success 5%** 10%***

Note: *; **; ***: p < 0,01, p < 0,05; p: 0,1-tests produced as per the main text.

Table 6. 
Attributes impact on resilience: Global importance.

Figure 2. 
Global importance ranking.
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agility contributing up to half the importance of predicting resilience, innovation half 
the effect of agility, and ecosystem and digitisation contributing 25–30% of the total, 
depending on the method of importance used.

Compared to the existing literature on resilience, a number of studies related to finan-
cial crises or major economic disruptions had already emphasised the importance of firm 
agility to “roar out” of the crisis but the importance of technical elements, such as speed/
flexibility/risk taking in influencing resilience, had not been discussed [85].

Second, innovation has long been seen as critical to resilience, but the details here 
suggest that innovation orientation also affects resilience. Third, the pandemic has 
provided a clear use case for digitisation. The linear approach to linking digitalisation 
to resilience turned out to be insignificant, but not in the case of a more non-linear 
approach. In this latter case, investment in technology is also not seen as a strong 
contributor to differentiating resilient from non-resilient firms, as the key is how 
digital technologies are used for business transformation. This is in line with findings 
from the digital transformation literature, which emphasises that digital performance 
depends on transformational rather than technological change [86].

Finally, in relation to the emerging literature on ecosystems [87], the orchestrator 
is often described as playing a key role as the actor responsible for designing the align-
ment structure, as well as the main decision maker within an ecosystem [88]. In times 
of crisis, the orchestrator can be an important catalyst for ecosystem adaptation and is 
often the first beneficiary of change.

4.4.3 Marginal (local) importance

So far, we have presented the relative importance of the capability dimensions 
on resilience, but we still do not know the magnitude and direction of the impact on 
resilience. For this, we rely on the PME estimates based on the RF model.

Table 8 shows the direction of the effects—in line with the idea that capabilities 
should support resilience, all dimensions exert a positive push on resilience, except 
for two variables for which higher intensity leads to lower resilience: non-incremental 
innovation and investment in technical agility.

The latter, while perhaps puzzling, may reflect the fact that companies that invest 
in agility at the time of the pandemic are just trying to catch up, but this may be 
too late, given the magnitude of the shock. Indeed, we find that firms with strong 
technical agility do not invest more in technical agility at the time of the pandemic 
(r = 0.58), while the ability to be technically agile before the pandemic has a strong 

Relative importance

Capabilities MDI SAGE

importance p-value Importance p-value

Agility 55% 0,1% 45% 0,5%

Innovation 21% 1,2% 26% 0,2%

Ecosystem 14% 3,0% 14% 1,7%

Digitisation 10% 2,5% 15% 2,3%

Note: Random forest as underlying ML.

Table 7. 
Capabilities depicting global importance significance.
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positive effect on resilience in our marginal impact assessment. Regarding innovation, 
the fact that more disruptive R&D is negatively associated with resilience should be 
seen with two nuances. First, the marginal effect is rather small, i.e. the effect on the 
probability of resilience decreases by only 2 points for a firm moving from no disrup-
tive R&D to fully disruptive R&D. Finally, it should be remembered that resilience is 
measured here as recovery in 18 months (our cut-off for resilience)—disruptive R&D 
often takes longer to show results [89].

Finally, Table 9 presents the PME profiles for some of the key variables for the 
RF model, in addition to a visualisation of the evolution of the marginal effect 
through the deciles of the range of each attribute (Figure 3). One can see the 
high non-linearity of the marginal effect, as well as a non-significant sweet spot 
area where attributes do not affect resilience at the margin; this sweet spot often 
appears around the second to fourth decile of the distribution, or around Q1-Q2 

Agility Sign Innovation Sign Ecosystem 
play

Sign Digitisation Sign

Agile 
method-
technical

positive R&D 
intensity

positive Ecosystem 
revenue >5%

positive Technology 
adoption

positive

Investing 
further in 
tech agile 
methods

negative Change 
in R&D 
intensity

positive Ecosystem 
revenue 
increase

positive Technology 
scaling

positive

Agile 
culture

positive Share outside 
incremental 
innovation

negative Role in 
ecosystem:

positive Digital 
transformation 
success

positive

Note: Sign derived from plotting the minimal detectable effect (MDE) of each dimension on resilience probability, from 
low to high value range of each dimension. We observe same directional effects from the probit model.

Table 8. 
Direction of effects on resilience, derived from Shapley values.

Technical agility Change in technical agility Ecosystem play

Prob resilience Prob resilience Prob resilience

Decile Cumulative Marginal Cumulative Marginal Cumulative Marginal

0 −3,0% 46,0% −2,0%

1 −6,0% −3,0% 51,0% 5,0% 4,0% 6,0%

2 −1,5% 4,5% 52,6% 1,6% 8,9% 4,9%

3 −0,8% 0,7% 52,1% −0,5% 8,3% −0,6%

4 1,2% 2,0% 51,0% −1,1% 7,8% −0,5%

5 2,3% 1,1% 45,0% −6,0% 17,0% 9,2%

6 14,8% 12,5% 40,0% −5,0% 21,4% 4,4%

7 30,8% 16,0% 31,7% −8,3% 23,2% 1,8%

8 52,2% 21,4% 21,8% −9,9% 40,7% 17,5%

9 72,4% 20,2% 19,6% −2,2% 45,8% 5,1%

10 84,8% 12,4% 18,9% −0,7% 53,9% 8,1%
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of the attributes. In this zone, firms are not resilient—and any marginal effect will 
not make them better off. The largest marginal effect occurs at the late stage of 
the distribution, confirming that resilience depends on a strong accumulation of 
capabilities.

Technical agility Change in technical agility Ecosystem play

Prob resilience Prob resilience Prob resilience

Decile Cumulative Marginal Cumulative Marginal Cumulative Marginal

Digital adoption at scale Innovation

Prob resilience Prob resilience

Decile Cumulative Marginal Cumulative Marginal

0 −8,5% −5,1%

1 −4,1% 4,4% −4,5% 0,6%

2 2,2% 6,3% −4,0% 0,5%

3 5,8% 3,6% −2,4% 1,6%

4 8,9% 3,1% −0,6% 1,8%

5 15,6% 6,7% 3,7% 4,3%

6 24,9% 9,3% 8,9% 5,2%

7 37,2% 12,3% 16,6% 7,7%

8 46,8% 9,6% 27,8% 11,2%

9 45,9% −0,9% 45,8% 18,0%

10 42,7% −3,2% 66,8% 21,0%
In bold: non-significant using bootstrapped standard errors for RF.

Table 9. 
Marginal effect dynamics and significance based on RF.

Figure 3. 
Marginal effect evolution of capabilities on resilience. Note: Agility: technical agility embeddedness before 
COVID-19 only; ecosystem: role only.
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5.  Conclusion

There is great potential to expand data science approaches, both to exploit a 
growing amount of very diverse and complex data, and to better capture the non-
linear dynamics of how attributes affect economic phenomena. In this paper, we 
have shown how data science has made tremendous progress—with a wealth of new 
machine learning methods, as well as inference techniques based (or not) on these 
models—and how this has led to an important convergence between data science and 
traditional parametric econometrics in recent years.

We have illustrated this convergence with an empirical analysis of firm resilience 
associated with firm capabilities at the time of the recent pandemic crisis. The results 
suggest that machine learning techniques, such as Random Forest, can provide more 
robust yet transparent results to explain economic phenomena. It illustrates the richness 
of non-linearities and how these linearities can be crucial to more accurately predict 
resilience. Techniques such as Shapley values not only show that capabilities are posi-
tively associated with resilience, as one can capture with linear models, but also that the 
association is volatile and not always true—while it may even become stronger and more 
impactful for firms with a significant portfolio of capabilities prior to the pandemic.

There is still a lot of controversy about how ML works and how to use metrics to 
make inferences non-parametrically from data alone. But the path is promising—and 
we definitely agree with Atley’s statement ([50], p. 507) that “machine learning [could] 
have a dramatic impact on the field of economics within a short period of time”.

Appendix

Computational methods of machine learning models
This appendix provides a detailed overview of the machine learning models 

methods (Table A1).

A.1 Decision trees

Decision trees are constructed by recursively partitioning the dataset into subsets 
based on feature purity. At each node, the algorithm selects the feature and thresh-
old that maximises a partitioning criterion, such as Gini impurity or information 
gain. Their strengths are simplicity and interpretability. Decision trees provide a 

Method Methodology and core hypothesis

Decision trees Recursive partitioning based on feature purity. Assumes splits maximise predictive power.

Random forests Bagging of decision trees; assumes averaging reduces variance.

Gradient boosting Sequential correction of prediction errors through gradient optimisation. Assumes 
additive error correction and improves performance.

Neural networks Layered transformation of input data; assumes data relationships are hierarchical and 
non-linear.

Support vector 
machines (SVMs)

Maximises margin between data classes; assumes kernel transformations map data to 
separable spaces.

Table A1.
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clear visual representation of decision rules; however, they are prone to overfitting, 
especially in deep trees.

How it works:

• Start with the entire dataset at the root.

• For each feature, evaluate the potential split using the chosen criterion.

• Select the best split and create child nodes.

• Repeat until a stop condition is met (e.g., maximum depth, minimum samples 
per sheet)

A.2 Random forests

Random forests combine multiple decision trees through a process called bagging. 
Each tree is trained on a bootstrapped sample of the data, and predictions are aggre-
gated by averaging (regression) or majority voting (classification). Their strengths 
are stability, reduced overfitting and robustness to noise, but this comes at the cost of 
reduced interpretability due to the ensemble nature.

How it works:

• Generate several bootstrapped samples from the original dataset.

• Train a decision tree on each sample, using a random subset of features at each split.

• Aggregate the predictions from all the trees.

A.3 Gradient boosting

Gradient boosting builds an ensemble of weak learners (e.g., shallow decision 
trees) sequentially. Each new learner attempts to correct the errors of the previous 
ones by optimising a loss function. If gradient boosting provides high predictive 
accuracy and flexibility, the method is computationally expensive, with a clear risk of 
overfitting without proper tuning.

How it works:

• Initialise the model with a simple prediction (e.g., the mean of the target variable).

• Calculate residuals based on the current model predictions.

• Fit a new learner to the residuals.

• Update the model by adding the predictions of the new learner, scaled by a 
learning rate.

• Repeat for a fixed number of iterations or until convergence.
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A.4 Support vector machines (SVMs)

SVM finds a hyperplane that separates data points into classes with the maximum 
margin. Non-linear relationships are captured using kernel functions. The method is 
effective for high-dimensional spaces and non-linear boundaries, but relies on careful 
kernel selection and parameter tuning.

How it works:

• Transform the input features using a kernel function (e.g., linear, polynomial, 
radial basis function (RBF)).

• Solve a quadratic optimisation problem to maximise the distance between 
classes.

• Use support vectors (data points closest to the hyperplane) to define the decision 
boundary.

A.5 Neural networks

Neural networks (NNs) consist of layers of interconnected nodes (neurons) that 
transform input features through weighted connections and activation functions. 
While capable of capturing complex, non-linear relationships, NNs operate on large 
datasets and therefore require large computational resources; NNs are also prone to 
overfitting.

How it works:

• Randomly initialise weights and biases.

• Perform forward propagation to compute predictions.

• Compute loss using a predefined loss function (e.g., mean squared error).

• Use backpropagation to calculate gradients of loss with respect to weights.

• Update the weights using an optimisation algorithm (e.g., stochastic gradient 
descent).

• Repeat until convergence or a predefined number of epochs.B.Appendix 2: 
Shapley value derivation

B.1 Shapley value: Origin and leverage in ML

Shapley values come from cooperative game theory, developed by Lloyd [45]. They 
offer a fair way to distribute the total gain (or cost) generated by a coalition of players 
based on each player’s contribution. In the context of machine learning (ML), and 
the trend towards responsible ML (Bughin, 2024b), Shapley values have been widely 
adapted, which give three important features:
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1. Explainability: Shapley values help make machine learning models more inter-
pretable by showing how individual features affect a model’s prediction. This 
is particularly important for complex models like neural networks or ensemble 
methods (e.g., random forests, gradient boosting), which are often considered 
“black boxes”.

2. Fairness and transparency: Since Shapley values fairly distribute the contribution 
of each feature, they are widely used to address concerns about bias and fair-
ness in AI. This is crucial in sectors like healthcare, finance or law, where model 
decisions must be explained to avoid unfair treatment based on sensitive features 
(e.g., gender, race).

3. Global and local explanations: Shapley values can provide both local (individual 
prediction) and global (overall model behaviour) insights. This allows users to 
explain why a model made a specific decision in one instance and how different 
features generally influence predictions.

In addition, Shapley values have some uniquely desirable properties, such as (1) 
efficiency: The sum of the contributions across all features equals the difference 
between the model’s prediction and a baseline value, (2) symmetry: If two features 
contribute equally, they receive the same Shapley value and (3) additivity: For models 
combining multiple components, the Shapley value for the combined model is the 
sum of the Shapley values for the individual components.

B.2 Shapley value: Definition and computation

Shapley values, ’s, are a solution to how they should share the total profit in a 
cooperative game between acting players, N. By analogy with machine learning, sup-
pose there are 𝑁𝑁 features (instead of players) that cooperate to obtain a better output 
prediction (instead of profit) than one alone.

The given data are characterised by a function g of a prediction by any subset 𝑆𝑆 
of 𝑁𝑁 features; the interpretation of g is that for any subset 𝑆𝑆 of 𝑁𝑁, g(𝑆𝑆) is the extra 
prediction gain that the members of 𝑆𝑆 should share among themselves. The only 
constraint on g is that g(𝑆𝑆 ∪ 𝑇𝑇) ≥ g(𝑆𝑆) + g(𝑇𝑇), which implies that the value of the 
coalition is at least equal to the value of its parts acting separately.

Assuming the three features described above, that is

1. The sum of the Shapley values of all attributes is equal to the value of the total 
attribute coalition, so that all the gain is distributed among the attributes (“ef-
ficiency” axiom).

2. If attributes 𝑖𝑖 and 𝑗𝑗 are equivalent in the sense that g(𝑆𝑆 ∪ {𝑖𝑖}) = g(𝑆𝑆 ∪ {𝑗𝑗}) for any 
subset 𝑆𝑆 of 𝑁𝑁 containing neither 𝑖𝑖 nor 𝑗𝑗, then the values for 𝑖𝑖 and 𝑗𝑗 are equivalent 
𝜙𝜙𝜙𝜙(g) = 𝜙𝜙𝑗𝑗(g) (“symmetry” axiom).

3. For two output functions, g and h, 𝜙𝜙(g) +𝜙𝜙𝜙𝜙(h) = 𝜙𝜙𝑖𝑖(g + h) for all 𝑖𝑖 in 𝑁𝑁, where 
the game [g + h] is defined by [g + h](𝑆𝑆) = g(𝑆𝑆) + h𝑤𝑤(𝑆𝑆) for any coalition 𝑆𝑆 
(“additivity axiom”).
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Then there is a unique solution, called the Shapley value and as shown by Shapley 
[45], the attribute 𝑖𝑖 Shapley value satisfies:

 ⊆
Φ = ∪ −∑ | |! (| |-| |-1)!

| |!{ }
/ .[g( { }) g( )]S N S

i NS N i
S i S

   (1)

As g is not known automatically, (A1) is estimated as:

 ( )⊆ ∪∑ −| |! (| |-| |-1)!
| |!{ } { }( { }/ .[ ) ]S F S
F sF i S i iS f xs fs x   (2)

where the term [𝑓𝑓𝑓𝑓∪{𝑖𝑖}(𝑥𝑥𝑥𝑥∪{𝑖𝑖}) - 𝑓𝑓𝑓𝑓(𝑥𝑥𝑥𝑥)] is the marginal contribution of player 𝑖𝑖 
to coalitions 𝑆𝑆𝑆𝑆 𝑆𝑆 is a set of players and 𝑆𝑆 is a subset of 𝐹𝐹 that does not include the 𝑖𝑖th 
player 𝑆𝑆 ⊂ 𝐹𝐹 ∖{𝑖𝑖}, while|𝐹𝐹|! are the permutations of the number of 𝐹𝐹.

As an example (see Yamaguchi [63]), suppose three features with same equally 
likely probability to be activated in sequence and influence the outcome. Given 
(A2), we first compute the probabilities (|𝑆𝑆|! (|𝐹𝐹|−|𝑆𝑆|−1)!/|𝐹𝐹|!, then the marginal function 
[𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆}(𝑥𝑥𝑥𝑥∪{𝑖𝑖}) - 𝑓𝑓𝑓𝑓(𝑥𝑥𝑆𝑆)].

1. We thus have 𝐹𝐹 =3 = {𝑋𝑋𝑋𝑋𝑋 𝑋𝑋𝑋𝑋𝑋 𝑋𝑋𝑋𝑋 𝑋𝑋𝑋𝑋 𝑖𝑖 𝑖 1 are given,  while the number of permu- 
tations is |𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹  𝑆𝑆 are the f ollowing f our subsets: {{none} , { 𝑋𝑋𝑋} , { 𝑋𝑋𝑋} , { 𝑋𝑋𝑋𝑋𝑋
𝑋𝑋𝑋} } , Cases {none} and {  𝑋𝑋𝑋𝑋𝑋 𝑋𝑋𝑋𝑋𝑋 𝑋𝑋𝑋𝑋𝑋𝑋 𝑋𝑋𝑋𝑋𝑋, and |𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆! = 2/6, 
while the two other cases lead to a probability of 1/6 each.

2. Then, one needs to compute each company characteristic function g using the 
regression mod el (𝑋𝑋𝑋𝑋𝑋 𝑋𝑋𝑋n find ing g, each characteristic value is fixed to find  the
value of  g(𝑥𝑥𝑥.  S one uses the expected value (the average value) of the feature 
instead of the missing feature, that is for the four possibilities:

𝜙𝜙𝜙𝜙 = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1 = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 = 𝑥𝑥𝑥] - 𝜙𝜙0 ; 𝜙𝜙2 = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2 = 𝑥𝑥𝑥] - 𝜙𝜙𝜙𝜙𝜙 𝜙𝜙3 = 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 = 𝑥𝑥𝑥,  𝑋𝑋2 = 𝑥𝑥𝑥,  𝑋𝑋3 = 𝑥𝑥𝑥] -  𝜙𝜙2 and  the SHAP values are obtained by a veraging 
the 𝜙𝜙𝜙𝜙 values over all possible orders.
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Chapter 6

Economic Interdependence and Its 
Role in the Propagation of Financial 
Crises: A Theoretical Synthesis
Raquel Ayestarán Crespo and Ignacio Urrutia Hoyos

Abstract

The intensification of global economic interdependence has accelerated the spread 
of financial crises among nations. Our goal is to identify and categorize the primary 
channels through which economic interdependence drives financial contagion 
between countries. To achieve this, we conducted a theoretical review that integrates 
existing literature on financial and commercial transmission mechanisms. The find-
ings highlight that the most relevant channels are international trade, foreign direct 
investment, integrated financial markets, global supply chains, and coordinated 
economic policies, each with varying impacts depending on the economic context. 
The research highlights that while economic interdependence can foster growth, 
it simultaneously heightens the vulnerability of economies to financial crises. This 
study emphasizes the urgency of formulating stronger global economic policies to 
mitigate these risks and suggests specific areas for future research, such as evaluating 
the effectiveness of policies in different regions.

Keywords: economic interdependence, financial contagion, international financial 
crises, transmission channels, economic impact

1.  Introduction

Global economic interdependence is an essential pillar in the structure of the 
contemporary world economy, enabling the constant and dynamic flow of goods, ser-
vices, capital, and information among nations. Economic interdependence refers to 
the mutual reliance between two or more national economies, driven by the exchange 
of goods, services, capital, and technology across borders. In such a system, economic 
events in one country can significantly impact others, due to strong commercial and 
financial ties. Robert Keohane’s [1] theory of complex interdependence highlights the 
interconnectedness of modern economies, emphasizing that states operate within 
a network of relationships that restricts unilateral actions. This interdependence 
underscores the necessity for cooperation, as nations are bound by shared economic 
interests and vulnerabilities in a globalized world.

Global economic interdependence has been key to driving economic growth, 
fostering technological innovation, and promoting the development of emerging 



Applied and Theoretical Econometrics and Financial Crises

108

markets, integrating economies into a more cohesive and efficient global network. 
Global economic interdependence has increased significantly in recent decades, facili-
tated by globalization and the integration of financial markets. The phenomenon of 
economic interdependence does not have a specific starting point, but it has evolved 
throughout history as national economies have become connected and mutually 
dependent.

However, several historical milestones can be identified that marked the beginning 
and significant development of this interdependence: the commercial revolution, 
the industrial revolution, the era of imperialism and colonialism, the Bretton Woods 
System, Globalization, and Regional Integration.

During the Commercial Revolution (fifteenth and sixteenth centuries), the 
beginning of global economic interdependence can be traced back to when European 
powers began exploring and establishing international trade routes. The discovery of 
new sea routes allowed the exchange of goods, technologies, and resources between 
continents, creating an incipient global trade network.

In the Industrial Revolution (eighteenth and nineteenth centuries), economic 
interdependence intensified as production increased and demand for raw materials 
and markets for manufactured goods grew. Nations began to specialize in different 
economic sectors, fostering international trade and mutual dependence on the supply 
of goods and services.

Throughout the era of Imperialism and Colonialism (nineteenth and early 
twentieth centuries), European powers and other developed nations expanded their 
colonial territories, establishing dependent economic relationships with the colonies. 
The colonial economies were oriented to supply raw materials and resources to the 
metropolises, while the latter exported manufactured goods to the colonies, consoli-
dating an unequal interdependence.

The concept of complex interdependence, proposed by Robert Keohane and 
Joseph Nye [2], provides a broader understanding of global interactions in the eco-
nomic context. This theory argues that relations between states and non-state actors 
are deeply interconnected at multiple levels, reducing the relevance of purely military 
power relations and highlighting the importance of economic, political, and social 
connections. In a world characterized by complex interdependence, financial crises 
spread not only through traditional economic channels such as trade and investment, 
but also through global networks of political and social institutions.

These networks can exacerbate vulnerabilities, as political and economic decisions 
in one country impact others more quickly and deeply. This approach highlights the 
need for internationally coordinated policies, not only to mitigate financial risks, but 
also to strengthen resilience to external shocks.

The theory of complex interdependence proposed by Keohane and Nye [2] con-
tinues to be a fundamental reference for understanding the dynamics of globalized 
economies in the twenty-first century. This theory has been strengthened by recent 
research that highlights how economic, technological, and financial interconnection 
not only increases cooperation between States, but also amplifies the risks of conta-
gion in periods of crisis. Hélène Rey [3], for example, emphasizes that the integrated 
nature of financial markets allows for rapid transmission of shocks between econo-
mies. This reinforces the relevance of international coordination in macroeconomic 
policies to mitigate the risks inherent to said interdependence [3].

Bretton Woods System (1944): After World War II, the Bretton Woods System was 
established, creating institutions such as the International Monetary Fund (IMF) 
and the World Bank. This system promoted international economic cooperation, 
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exchange rate stability, and free trade, thereby strengthening economic interdepen-
dence among participating nations.

Globalization (Late twentieth and twenty-first centuries): Globalization has been 
a key factor in the intensification of economic interdependence. Advances in technol-
ogy, transportation, and communications have facilitated international trade, foreign 
direct investment, and the integration of financial markets. As a result, national 
economies have become highly interconnected, with economic events in one part of 
the world having global repercussions.

Regional Integration (Examples: European Union, NAFTA/USMCA): The forma-
tion of economic blocs and free trade agreements, such as the European Union and 
the United States-Mexico-Canada Agreement (USMCA), has deepened economic 
interdependence among member countries. These agreements eliminate trade bar-
riers, harmonize regulations, and foster economic cooperation, thereby increasing 
mutual dependence for trade and investment.

In This Time is Different: Eight Centuries of Financial Folly, Carmen Reinhart and 
Kenneth Rogoff present a comprehensive comparative analysis of over eight hundred 
years of financial crises, identifying recurring patterns in global economic history.

Using a rigorous empirical approach, the authors challenge the notion that crises 
are exceptional phenomena, demonstrating that they are, in fact, cyclical and share 
common structural characteristics. Financial crises tend to have severe consequences 
for sovereign debt, weaken economic growth, and exacerbate employment problems 
in various regions of the world.

Additionally, Reinhart and Rogoff [4] highlight a psychological and behavioral 
component among economic actors and governments: the propensity to underesti-
mate financial risks during boom periods, operating under the premise that “this time 
is different”, which perpetuates historical mistakes. Their research emphasizes that 
mismanaged policies, excessive debt accumulation, and institutional complacency 
are key factors that foster financial bubbles. When these bubbles burst, they severely 
impact both emerging and developed economies. Reinhart and Rogoff ’s work serves 
as an essential frame of reference for preventive policymaking, providing an in-
depth understanding of how to avoid the recurrence of financial crises through more 
prudent and coordinated economic management.

Charles Kindleberger, in his influential work “Manias, Panics, and Crashes: A 
History of Financial Crises” [5], co-written in later editions with Robert Aliber, 
provides an essential historical framework for understanding the mechanisms that 
trigger financial crises and their transmission. Global. Kindleberger and Aliber 
describe how financial bubbles, fueled by excess speculation and credit, tend to 
collapse in panics that spread rapidly through interconnected markets. This work 
highlights that, in an interdependent world, financial imbalances in one region can be 
amplified and affect other economies through capital flows and investor expectations. 
Their analysis complements the studies of Reinhart and Rogoff [4], reinforcing the 
historical understanding of how crises, far from being isolated phenomena, spread 
with alarming regularity in the global economy.

The fundamental objective of this chapter is to analyze and classify the main 
transmission channels that allow the spread of financial crises between interdepen-
dent economies. The rise of financial globalization and the growing integration of 
international markets have shaped a deeply interconnected global economic system.

This interconnection, while promoting growth and economic efficiency, has 
significantly increased the vulnerability of countries to external shocks and sys-
temic crises. Analysis of these channels—such as international trade, foreign direct 
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investment, integrated financial markets, and global supply chains—is essential to 
understanding the mechanisms through which a financial crisis can escalate and 
affect multiple regions. Simultaneous.

The key channels that have led to the transmission of financial crises are explored 
by Joseph Stiglitz [6], who has been instrumental in understanding how interna-
tional trade and global economic integration shape interdependence among national 
economies. His analysis highlights that while interdependence can foster growth 
and cooperation, it can also generate shared vulnerabilities and inequalities that 
need to be carefully managed through appropriate economic policies. In his work 
Globalization and Its Discontents (2002), Stiglitz critically analyzes how international 
trade policies, promoted mainly by institutions such as the International Monetary 
Fund (IMF) and the World Trade Organization (WTO), can contribute to the occur-
rence of economic crises.

Stiglitz argues that while international trade has the potential to foster growth and 
economic interdependence, imposed policies often fail to consider country-specific 
circumstances and needs. These policies, based on a one-size-fits-all approach, 
frequently call for austerity measures, excessive liberalization, and market opening 
without adequate support to mitigate adverse social and economic impacts. As a 
result, vulnerable economies may face macroeconomic imbalances, loss of control 
over their monetary and fiscal policies, and increased exposure to external shocks. 
Moreover, the lack of adequate protection and regulatory mechanisms can amplify 
the vulnerabilities inherent in economic interdependence, facilitating the rapid 
spread of financial crises globally. In essence, Stiglitz [6] stresses that the design and 
implementation of international trade policies must be more inclusive and adaptive 
to prevent economic interdependence from becoming a destabilizing factor during 
periods of crisis.Thomas Piketty, in his influential work Capital in the Twenty-First 
Century (2014), offers a comprehensive analysis of the dynamics of inequality in the 
global economy, providing a crucial perspective for understanding how economic 
interdependence not only fosters growth and cooperation, but can also exacerbate 
disparities between nations. Piketty argues that the concentration of capital in the 
hands of an elite can intensify in the context of globalization, which can be a trigger 
or amplifier of financial crises. In this sense, their work is relevant to this analysis, as 
it reinforces the idea that financial transmission channels are not only related to trade 
and investments, but also to the unequal distribution of wealth, which can generate 
social tensions. and significant economic benefits in times of crisis [7]. This analysis 
should be included in the discussion of the long-term impacts of economic interde-
pendence on structural disparities between countries, along with references to Stiglitz 
and Obstfeld.

Another channel for the transmission of crises is foreign direct investment (FDI) 
in other countries. According to Barry Eichengreen, foreign investment, by inte-
grating national economies into global financial markets, can increase a country’s 
vulnerability to external and speculative shocks. When FDI flows significantly 
into a country, they can influence exchange rates and macroeconomic stability. If 
these flows become volatile or are abruptly withdrawn, they may trigger financial 
crises by destabilizing the local currency and undermining investor confidence. 
In his book Globalizing Capital: A History of the International Monetary System, 
Eichengreen provides a comprehensive overview of the evolution of global capital 
flows, including FDI, and its impact on international economic stability. He analyzes 
how monetary and fiscal policies, along with capital movements, have contributed 
to both economic growth and financial crises throughout history.
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New studies on FDI, such as those by Van Driel et al. [8], highlight that the flow 
of capital to emerging economies not only promotes growth, but also introduces 
significant risks when there are insufficient controls. These flows, in times of crisis, 
tend to reverse abruptly, creating monetary imbalances and seriously affecting the 
international reserves of the receiving countries. This underlines the importance 
of implementing macroprudential policies that regulate such flows to avoid severe 
financial shocks.

The analysis of global financial integration and the crises that emerge from it 
would not be complete without reference to the research of Maurice Obstfeld. In 
his work Global Capital Markets: Integration, Crisis, and Growth (2004), Obstfeld 
examines how the globalization of financial markets has transformed the eco-
nomic landscape, making macroeconomic policies essential to mitigate external 
shocks. Obstfeld argues that the correct implementation of coordinated monetary 
and fiscal policies can reduce the impact of financial crises, providing countries 
with tools to better manage volatility and risk in an increasingly interdependent 
economic environment [9]. His perspective is essential to complement the theories 
of Hélène Rey and Joseph Stiglitz, since they all emphasize the need for macropru-
dential policies that strengthen global financial stability and avoid the repetition of 
systemic crises.

In addition to FDI, Integrated Financial Markets also play a critical role in the 
transmission of crises. The contributions of Hélène Rey [10], Professor of Economics 
at the London Business School, are particularly noteworthy in this context. Rey 
has made significant contributions to understanding how the integration of global 
financial markets facilitates capital mobility, thereby increasing interdependence 
between national economies. In her influential article “The Dilemma of the Global 
Central Bank: Regulation and Stability in Integrated Financial Markets”, she argues 
that the growing connectedness of financial markets allows for rapid capital flows 
worldwide, heightening the vulnerability of economies to external and speculative 
shocks. Her analysis shows that while financial integration can promote economic 
growth and allocative efficiency, it can also amplify the risks of financial contagion, 
exacerbating mutual dependence among countries. Moreover, Rey stresses the need 
for international coordination in macroprudential policies to mitigate the adverse 
effects of this interdependence, proposing regulatory frameworks that balance the 
benefits of capital mobility with global economic stability. Her work has been instru-
mental in understanding the complex dynamics of integrated financial markets and 
their impact on global economic stability.

In his influential work The Globalization Paradox (2012), Dani Rodrik presents 
a fundamental thesis for understanding how tensions between globalization and 
national policies can trigger financial instability when not properly managed. Rodrik 
argues that, in an environment of global economic interdependence, nations face 
a dilemma between maintaining their autonomy in macroeconomic policies and 
adapting to the rules imposed by international markets. This tension between the 
desire for internal stability and the external pressures inherent to globalization 
can amplify financial crises by weakening national mechanisms for control and 
response to external shocks. Rodrik’s inclusion in this analysis reinforces the need to 
adopt macroprudential policies that recognize the limitations imposed by economic 
interdependence, and poses a challenge to policymakers: balance global integration 
with domestic resilience. In this sense, their work complements previous studies on 
financial regulation, highlighting how the proper management of these tensions is 
key to mitigating systemic risks in a globalized world [11].
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2. Bibliographic analysis

Another factor in economic interdependence is global supply chains, an area 
explored in depth by Gary Gereffi, Professor of Sociology at the University of North 
Carolina at Chapel Hill. Gereffi has pioneered the concept of Global Value Chains 
(GVCs), offering an analytical framework that explains how the fragmentation 
of production across different countries, aimed at exploiting comparative advan-
tages, enhances economic interdependence on a global scale. In his seminal work, 
Global Value Chains and Development: Redefining the Contours of twenty-first Century 
Capitalism, Gereffi argues that the geographic dispersion of production stages enables 
companies to optimize costs and access diverse markets, thereby increasing intercon-
nectedness among national economies.

His analysis reveals that this fragmentation not only promotes efficiency and 
economic growth but also intensifies mutual dependence between countries, as 
disruptions in one part of the chain can have cascading effects at the global level. 
Additionally, Gereffi highlights the importance of public policies and international 
regulations in managing the risks associated with this interdependence, such as vul-
nerability to external shocks and inequalities in the distribution of benefits. His work 
has been instrumental in understanding how global supply chains shape the structure 
of the world economy, emphasizing both the opportunities and challenges presented 
by economic interdependence in the context of contemporary globalization.

In the analysis of Coordinated Economic Policies, Joseph E. Stiglitz, an American 
economist and Nobel Prize laureate in Economics (2001), stands out. He has made 
significant contributions to understanding how cooperation in macroeconomic and 
regulatory policies among countries reflects and affects a high degree of economic 
interdependence. In his work “Globalization and Its Discontents” (2002), Stiglitz 
argues that the lack of effective coordination among the world’s major economies and 
international financial institutions can exacerbate economic vulnerabilities and con-
tribute to the outbreak of financial crises. He contends that unilateral economic poli-
cies, such as structural adjustment recommendations imposed by the International 
Monetary Fund (IMF) on developing countries, often ignore local conditions and 
generate imbalances that have global repercussions due to economic interdependence.

Furthermore, in The Price of Inequality (2012), Stiglitz emphasizes the need for 
greater coordination in fiscal and regulatory policies to mitigate economic inequali-
ties that can destabilize interconnected economies. His analysis highlights that, in 
a highly interdependent world, international cooperation is essential for designing 
policies that promote global economic stability, avoid contagion from financial crises, 
and foster inclusive growth. Stiglitz advocates for the creation of more inclusive and 
democratic global governance frameworks that facilitate economic policy coordina-
tion, thereby reducing the risks associated with interdependence and promoting 
greater resilience to international financial crises. His work has been essential for 
understanding the role of coordinated economic policies in a highly interconnected 
global economy (Table 1).

The 2008 subprime mortgage crisis is a paradigmatic example of how a financial 
crisis can spread globally through various channels of economic interdependence. By 
analyzing this crisis through the perspectives of key authors—Joseph E. Stiglitz, Barry 
Eichengreen, Hélène Rey, and Gary Gereffi [12]—we can gain a deeper understanding 
of the mechanisms that facilitated its global diffusion and the underlying vulnerabili-
ties within the international economic system.
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3.  International trade: Joseph E. Stiglitz

According to Joseph E. Stiglitz in Globalization and Its Discontents, international 
trade policies and the recommendations of institutions such as the International 
Monetary Fund (IMF) can create macroeconomic imbalances that exacerbate eco-
nomic vulnerabilities during times of crisis. During the 2008 crisis, the contraction of 
global trade due to reduced demand and disruptions in supply chains intensified the 
economic recession across multiple countries. Excessive dependence on external mar-
kets made interconnected economies more susceptible to the spread of the financial 
crisis that originated in the United States, where the housing bubble and the collapse 
of subprime mortgages triggered a decline in global demand for goods and services.

3.1 Foreign direct investment (FDI): Barry Eichengreen

According to Barry Eichengreen in Globalizing Capital, Foreign Direct Investments 
(FDI) and other global capital flows increase economic interdependence, which 
can amplify vulnerability to external shocks [13]. In 2008, the abrupt withdrawal of 
capital from emerging markets and the freezing of FDI in response to the financial 
panic in the United States illustrated how highly integrated economies are more prone 
to contagion. A lack of trust in global financial markets led to a reduction in foreign 

Factor Description Key Author Key Work

International 
Trade

The exchange of goods and services 
between countries fosters growth and 
interdependence, but inappropriate trade 
policies can generate macroeconomic 
imbalances and shared vulnerabilities.

Joseph E. 
Stiglitz

Globalization and Its 
Discontents (2002)

Foreign Direct 
Investments 
(FDI)

FDI integrates national economies into 
global financial markets, increasing 
vulnerability to external and speculative 
shocks. Volatility in capital flows can 
destabilize local economies.

Barry 
Eichengreen

Globalizing Capital: 
A History of the 
International Monetary 
System (1996).

Integrated 
Financial 
Markets

The integration of global financial markets 
facilitates capital mobility, increasing 
interdependence and vulnerability to 
financial contagion. The lack of coordinated 
regulation can exacerbate these risks.

Hélène Rey "Dilemma of the 
Global Central Bank: 
Regulation and Stability 
in Integrated Financial 
Markets".

Global Supply 
Chains

Fragmentation of production in different 
countries to exploit comparative advantages 
strengthens economic interdependence. 
Disruptions in one part of the chain can have 
cascading effects worldwide.

Gary Gereffi Global Value Chains and 
Development: Redefining 
the Contours of 21st 
Century Capitalism.

Coordinated 
Economic 
Policies

Cooperation in macroeconomic and 
regulatory policies between countries reflects 
a high degree of interdependence. Lack 
of coordination can exacerbate economic 
vulnerabilities and contribute to the 
outbreak of financial crises.

Joseph E. 
Stiglitz

Globalization and Its 
Discontents (2002) The 
Price of Inequality (2012)

Table 1. 
Price of inequality.
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investments, severely impacting countries that relied on these flows to finance their 
economic growth and maintain financial stability.

3.2 Integrated financial markets: Hélène Rey

Financial globalization has increased the interdependence of markets through 
capital flows and complex financial products, which has generated greater exposure 
to systemic risk. von Luckner et al. [14] argue that the increasing interconnection 
between the banking systems of developed and emerging countries has created an 
ecosystem where a local financial crisis can quickly become a global crisis. This was 
evident in previous crises, where exposure to toxic assets caused a cascade of financial 
bankruptcies in various markets [14].

Hélène Rey, in her article “Dilemma of the Global Central Bank”, highlights how 
the integration of global financial markets facilitates capital mobility, increasing 
interdependence and vulnerability to financial contagions. The 2008 crisis perfectly 
illustrated this dynamic, as the collapse of financial markets in the United States 
quickly spread to other global markets due to the interconnectedness of financial 
institutions and the globalization of credit markets.

 The exposure of banks and financial institutions around the world to toxic 
assets such as subprime mortgages exacerbated the crisis, demonstrating that finan-
cial integration without adequate regulation can amplify systemic risks.

Contemporary theories on global financial risk have evolved significantly, 
especially with the increasing complexity of global financial systems. Ulrich Beck 
[15] developed the theory of the “risk society”, which argues that globalization and 
technological advances not only generate growth, but also new forms of structural 
vulnerability that increase exposure to financial crises. On the other hand, Hélène 
Rey [3] emphasizes that the integration of global financial markets facilitates capital 
mobility, but also amplifies the risks of financial contagion when there is no coor-
dinated regulation. In his recent work, Rey examines how deregulated capital flows 
exacerbate financial crises, as happened during the 2008 global recession. These 
contributions highlight the need for a more robust global regulatory framework that 
can mitigate disruptions and improve the resilience of companies. Interconnected 
Economies forces key points about contemporary theories of financial risk with 
recent high-impact research.

3.3 Global supply chains: Gary Gereffi

In the current context, global supply chains have evolved into even more inter-
dependent and complex systems, making them vulnerable to external crises. Recent 
research, such as that of Baldwin and Freeman [16], has shown that disruptions in 
global value chains can amplify economic downturns by affecting not only supply, 
but also aggregate demand in key sectors such as technology and manufacturing. The 
interconnection of these chains means that crises in one country have global repercus-
sions, which require more robust resilience policies.

Gary Gereffi, in Global Value Chains and Development, explains how the fragmen-
tation of production across different countries strengthens economic interdepen-
dence. During the 2008 crisis, disruptions in global supply chains affected multiple 
industrial sectors. For instance, the decline in demand for automobiles and electronic 
products in developed markets led to a reduction in production and exports in 
countries that were integral to these supply chains. This mutual dependence on global 
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production meant that disruptions in one country quickly translated into negative 
impacts in others, amplifying the depth and duration of the global recession.

4.  Coordinated economic policies: Joseph E. Stiglitz

Finally, Joseph E. Stiglitz [17] emphasizes the importance of coordinated 
economic policies to mitigate the effects of economic interdependence. In 2008, 
the lack of effective coordination among the world’s major economies and interna-
tional financial institutions initially exacerbated the crisis. Uncoordinated policy 
responses, characterized by varying speeds and approaches to economic stimulus, 
generated uncertainty and slowed the global recovery. Stiglitz argues that greater 
international cooperation in macroeconomic and regulatory policymaking could 
have facilitated a faster and more effective response to stabilize markets and restore 
global confidence.

The 2008 subprime mortgage crisis exemplifies how the primary channels of 
economic interdependence—international trade, foreign direct investment (FDI), 
integrated financial markets, global supply chains, and coordinated economic poli-
cies—can interact and propagate a financial crisis worldwide. This understanding 
underscores the need for more inclusive, coordinated, and adaptive economic policies 
to manage economic interdependence and prevent future global financial crises. 
While economic interdependence can stimulate growth, it also increases the vulner-
ability of economies to financial crises.

5.  Conclusion

The central objective of this chapter is to carry out a systematic review of the 
existing literature on economic interdependence and its role in the propagation of 
financial crises, in order to consolidate the main theories and approaches developed 
in this field. Through this review, we seek to offer a comprehensive perspective of 
the mechanisms through which interconnected economies facilitate the contagion of 
crises and to critically evaluate the impact of these interactions in diverse economic 
contexts. This approach allows us not only to organize existing academic knowledge, 
but also to identify gaps in research that can be addressed in future studies. The 
relevance of this work lies in its ability to synthesize the most influential theoretical 
contributions, providing a solid basis for the development of global economic policies 
that can mitigate the risks associated with financial interdependence. In this way, the 
article represents a key contribution to the field of international economics, being an 
essential piece in the evolution of economic theory toward a deeper and more sophis-
ticated understanding of global dynamics.

This study powerfully underlines the imperative of formulating more robust 
global economic policies to mitigate the risks inherent in economic interdepen-
dence. Through a detailed analysis of the various transmission channels—inter-
national trade, foreign direct investment, integrated financial markets, global 
supply chains, and coordinated economic policies—it has become clear how the 
close interconnectedness of national economies not only promotes growth and 
cooperation but also significantly increases vulnerability to financial crises. Lessons 
learned from events such as the 2008 subprime mortgage crisis demonstrate that, 
without adequate regulation and effective coordination among the world’s major 
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economies, the risks of financial contagion are amplified, affecting both emerging 
and developed countries.

In addition, this study identifies crucial areas for future research, emphasizing 
the need to evaluate the effectiveness of economic policies implemented in vari-
ous regions of the world. Understanding regional specificities and how different 
economic contexts respond to coordinated policies will allow for more adaptive and 
resilient strategies against potential crises. It is also recommended to explore the 
impact of new forms of economic interdependence, such as emerging technologies 
and innovations in digital finance, on global economic stability.

In short, strengthening international economic governance and promoting greater 
multilateral cooperation are fundamental pillars for building a more secure and 
equitable global economic system, capable of facing the financial challenges of the 
future with greater efficiency and solidarity.

The urgency of formulating stronger global economic policies lies not only in 
preventing future crises but also in creating a framework that fosters inclusive and 
sustainable economic development. By integrating more inclusive and adaptive 
approaches into policymaking, the adverse effects of economic interdependence 
can be effectively mitigated, promoting greater stability and resilience in the global 
financial system. This study, therefore, not only contributes to a deeper understand-
ing of the mechanisms of financial crisis propagation but also establishes a solid basis 
for the implementation of preventive policies that respond to the complexities of the 
contemporary global economy.
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Chapter 7

Modeling the Relation between the
Price of Oil and the Value of the
U.S. Dollar: The Frequency of
Observations Matters
Jaime Marquez and Kelu Ren

Abstract

This paper empirically examines the relationship between movements in the price
of oil and movements in the dollar’s external value. Specifically, to what extent do
financial markets arbitrage price differentials among internationally traded assets,
such as oil, gold, and foreign exchange? To this end, we use daily data observations
from January 1999 to March 2024 to estimate the parameters of vector autoregressive
process with six variables and five lags. As it turns out, using a daily frequency carries
its own practical complications that do not arise when using either quarterly or
monthly observations. One such complication arose on April 20, 2020, when the price
for West Texas Intermediate (WTI) closed at negative $38 per barrel. A market that
can record a negative price cannot be modeled empirically relying on the widely used
logarithmic formulations. We use this event to motivate the development of an alter-
native to the logarithmic formulation. There are several results of interest. First, there
is one cointegration relation among the prices of these international trade assets;
arguably, this finding might be interpreted as suggesting a long-run arbitrage relation.
Second, the implied elasticities of the model are far from constant.

Keywords: price of oil, price of gold, cointegration, exchange rates, log-linear models,
free disposal

1. Introduction

“Few of us take the pains to study the origin of our cherished convictions; indeed, we have a
natural repugnance to so doing. … The resentment aroused when doubt is cast upon any of
our assumptions leads us to seek every manner of excurse for clinging to them. The result is
that most of our so-called reasoning consists in finding arguments for going on believing
what we already do.” [Emphasis added] Joan H. Robinson. Ref. [1]

This paper empirically examines the relationship between movements in the price
of oil and movements in the value of other internationally traded financial assets such
as gold and foreign exchange rates. Interest in this relation originated with the work of
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Krugman and Golub, who sought to explain the correlation between movements in oil
prices and movements in the external value of the dollar. More recently, the increasing
relevance of financial considerations for understanding the functioning of the oil market
has reignited the interest in this relation. Specifically, one question of interest is to what
extent do financial markets arbitrage price differentials among oil, gold, and foreign
exchange? We study this question using daily data from January 1999 to March 2024.

Previous research results revealed that there was no consistent conclusion about
the relationship between the price of oil and the value of the dollar due to different
research methodologies adopted, the sample subjects selected, and the time frames
analyzed. Albulescu and Ajmi’s studies [2] indicated that there was a bidirectional
Granger causal relationship between international oil prices and the real effective
exchange rate of the US dollar, which became more pronounced after the financial
crisis of 2008 [2]. Amano and Norden [3] proposed a unidirectional impact from oil
prices to the exchange rate after the end of the Bretton Woods system and oil prices
became a key factor in explaining US macroeconomic situation [3]. Lizardo and
Mollick [4] demonstrated that there was a negative relation between the price of oil
and the real exchange rate of US dollars, suggesting that the fluctuations of USD value
were influenced by changes in the money supply [4]. Likewise, Chen et al. [5] con-
firmed this negative association between the oil price and the dollar value but pro-
posed that the changes in dollar value were driven by demand factors rather than
supply [5]. Conversely, Coudert and Mignon [6] observed a negative relationship
between oil prices and the dollar exchange rate across most periods but noted a shift to
a positive relation when the dollar value reached extremely high levels [6]. Marquez
[7] suggested that the relationship between real price of oil and REER depends on
different deflators for oil price and the types of exchange rates (effective & bilateral)
[7]. Nandi et al. [8] found that oil price changes have a persistent change on exchange
rate volatility, and an increase in oil price will have a larger impact than a decrease in
oil price [8]. As far as we know, only the paper by Fratzscher, Schneider and Van
Robays deals with daily data.

Indeed, Fratzscher, Schneider, and Van Robays estimate the parameters of their model
using daily data from January 2001 until October 2012. Their sample, however, stops
before Covid-19, and thus it does not include the negative oil price shown in Figure 1.

A negative price of oil, even for 1 day, invites us to re-examine one of the most
“cherished” assumptions used in this literature—namely, that one can empirically
model movements in the price of oil using logarithmic formulations.1 However, that
formulation cannot be consistent with the workings of an oil market yielding a nega-
tive clearing price because, simply put, the logarithm of a negative number does not
exist. From a theoretical standpoint, assuming a logarithmic formulation amounts to
assuming “free disposal” in the oil market: suppliers can dispose of their excess
supplies and avoid paying a price to have someone else hold the excess of production.2

1

The following references employ a logarithmic formulation and will be marked with an asterisk (*) in the

reference list: [9–45].
2

Specifically, “On April 20, the price of front-month oil futures contracts for West Texas Intermediate
(WTI) closed at negative $38 per barrel. These WTI futures contracts are settled by physical delivery; as worries
about the lack of available storage space intensified, prices spiraled downward. Few contracts were actually

traded at these negative prices, and prices recovered in the following days.” [Emphasis added] Monetary

Policy Report June 2020 of the Federal Reserve System. https://www.federalreserve.gov/monetarypolicy/

files/20200612_mprfullreport.pdf
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Effectively, the recorded negative price of oil invalidates the applicability of this
assumption and raises the question of what alternative formulations are available to
the logarithmic formulation.

One might dismiss the relevancy of a negative oil price for empirical work by
arguing that it was just a one-day event and that, by replacing the recorded negative
price with a non-negative number while including in the regression a one-off control
variable for April 20, 2020, one would restore the feasibility of using logarithmic
formulations. An alternative to this patch involves using monthly data, measured as
the average of the daily observations. However, as Figure 1 shows, this alternative
induces a loss of information. Specifically, Figure 1 shows that monthly prices
increase just as the daily price declines to become negative.

The analysis begins in Section 2 by developing an empirical alternative to the
widely used logarithmic formulation. The strategy is to begin with the established log-
linear model and then, through algebraic manipulations and recognition of the limita-
tions of daily data, obtain a linear formulation. Section 3 reports the time-series
properties of the daily data used here, followed by the statistical assessment of a
vector autoregressive formulation, including its out-of-sample properties. Section 4
examines whether there is a long-run relation among asset prices. Section 5 evaluates
one of our most “cherished convictions”: that elasticities are constant; Section 6 out-
lines ideas for expanding and improving this work.

2. Empirical modeling

Greatly simplified, the established formulation for characterizing the relation
between movements in the real price of oil and movements in the real value of the
dollar is

ln
Po
Pus

� �

t
¼ αþ β∙ ln REERt þ vt, (1)

where Po is the nominal price of oil; Pus is the U.S. CPI; REER is the real effective
value of the dollar (FX/$), and vt is a random variable with mean zero and constant
variance. The appeal of Eq. (1) is that the elasticity of the price of oil to changes in

Figure 1.
Daily and monthly prices of West Texas intermediate. The blue line corresponds to the daily price; the red line
corresponds to the monthly average of daily prices.
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REER, β, is constant. This constancy is especially valuable in evaluating the effects on
Po
Pus

� �
t of alternative values for REERt because the answer is always β, regardless of the

level of the price of oil or the historical period or the magnitude of the change in the
exchange rate.

Apart from the oil price taking a negative value, Eq. (1) has several limitations that
undermine its applicability to modeling oil prices. First, Eq. (1) uses the U.S. CPI to
express the price of oil in real terms. This deflator choice assumes that the consump-
tion basket for the United States is the same for every country. Effectively, this choice
of deflator limits the relevancy of Eq. (1) to residents of the United States. To address
this limitation, we replace the U.S. CPI with the international price of gold, Pg,t, which
is available on a daily frequency.

Second, empirical analyses rely on measures for REER assembled by multilateral
organizations and central banks. Specifically, REER is generally measured as a geo-
metric weighted average of price-adjusted bilateral exchange rates:

ln REERt ¼
Xn
i¼1

ωit∙ln EFXi
$ ,t∙

Pus,t

P ∗
i,t

 !

t

" #
, (2)

where ωit is a time-varying trade weight; EFXi
$ ,t is the nominal price of a dollar in

terms of the ith currency; P ∗
i,t is the ith-country’s CPI; and

Pn
i¼1

ωit ¼ 1. Substituting

Eq. (2) into (1) yields

ln
Po,t

Pus,t

� �
¼ αþ β∙

Xn
i¼1

ωit∙ln EFXi
$ ,t∙

Pus,t

P ∗
i,t

 !" #

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
ln REERt

þ vt, (3)

which can be rewritten as

ln Po,t ¼ αþ 1þ βð Þ∙ ln Pus,t þ β∙
Xn
i¼1

ωit∙ ln EFXi
$ ,t � β∙

Xn
i¼1

ωit∙ ln P ∗
i,t: (4)

Eq. (4) replaces the measure of the dollar’s external value from a synthetic con-
struct with market prices of foreign exchange rates.

Third, the assumed constancy of β requires that all the bilateral exchange rates
change in the same proportion and simultaneously. If, instead, only one bilateral
currency changes, then the associated exchange-rate elasticity is

∂ ln Po,t

∂ ln EFXi
$ ,t

¼ β∙ωit, (5)

which is time varying.
Fourth, analysts have to exponentiate the prediction for the logarithm to obtain a

prediction for the level of the price of oil. But this exponentiation does not yield the
expected value of the level of the oil price because expectations are linear operators. In
other words, E (Po,tÞ 6¼ eE ln Po,tð Þ½ �: Neglecting this observation means that forecasts based
on logarithmic formulations generate biased forecasts for the level of the price of oil.
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Fourth, there is no official daily data for P ∗
i,t: Thus, we assume that these prices

grow over time—that is, ln P ∗
i,t ¼ γ∙t where t stands for the time trend. With these

assumptions we get Eq. (5):

ln Po,t ¼ αþ ln Pg,t∙ 1þ β½ � þ β∙
Xn
i¼1

ωit∙ ln EFXi
$ ,t � β∙γ∙t

Xn
i¼1

ωit

|fflfflffl{zfflfflffl}
¼1

þ vt: (6)

Fifth, there is no official daily data on international trade, which means that there
is no daily data on ωit. To avoid this complication, we use a formulation in which each
bilateral exchange rate has its own, separate coefficient.

With these considerations in mind, the alternative formulation considered here is

Po,t ¼ αþ γ∙Pg,t þ
Xn
i¼1

μi∙EFXi
$ ,t þ δ∙tþ ut, (7)

where ut is a randomdisturbancewith a zeromean and a constant variance. Eq. (7) has
the same variables as Eq. (5), so it rests on the same narratives that support Eq. (5). Eq. (7),
however, allows parameter estimation with a negative oil price. Note that both Eqs. (5)
and (7) assume that the functioning of foreign exchangemarkets is akin to the functioning
of other markets—that is, one uses a fiat medium of exchange to obtain either a service or
a product. Exchange rates are, however, the price of one fiat currency for another fiat
currency, and as Karaken andWallace [46] notes, they could be undetermined. Further,
the force ofWallace’s critique is independent of the negative price of oil, the reliance on
logarithmic formulations, and the choice of frequency of observation.

3. Empirical work

3.1 Data

We use six variables with daily observations from January 4, 1999, to March 1,
2024 (Figure 2).

• Po,t Oil price (US$/barrel),

• Ermb
$ ,t Chinese RMB to US dollar exchange rate,

• Eyen
$ ,t

Japanese yen to US dollar exchange rate,

• Pg,t Gold price US$/Troy ounce,

• Eeuro
$ ,t Euro to US dollar exchange rate,

• Epound
$ ,t British pounds to US dollar exchange rate.

We selected these exchange rates because the IMF uses them in its Special Drawing
Right.
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To characterize the time-series properties of these variables, we begin by dividing the
sample for each variable into three sub-samples of equal length and compute the trend for
each sub-sample. We find that only the price of gold shows a positive trend across sub-
samples; for the other variables, the sign of the trend changes across sub-samples.

Figure 3 shows the autocorrelation function for each of these variables using 1200
lags (about 4 years). The results reveal that all of these series exhibit a substantial
degree of persistence over an extended period.

In addition, the test results from using the Augmented Dickey Fuller (not shown)
indicate that the hypothesis that these series are integrated of order one cannot be
rejected.3 These results suggest that our data are integrated of order 1, which is a
necessary condition for the reliability of using (below) Johansen’s cointegration
method.

Finally, Figure 4 shows scatterplots between the price of oil (horizontal axis) and
the other five variables. The spot price of oil has an unconditional positive correlation
with the price of gold and negative (unconditional) correlations with each bilateral
exchange rate.

Figure 2.
International market prices for oil, gold, and four foreign currencies: January 4, 1999, to March 1, 2024. The
segments in each panel represent the trend associated with the relevant sample.

3
The specification of these tests include 28 lags, a constant, and a time trend. As noted by the referee, one

could also test for stationarity using Perron’s test, which allows testing stationarity while allowing for

structural breaks. We choose to use the ADF because of its symmetry with vector error-correction model

(Eq. (10)) below); the latter allows testing for the stationarity of the series jointly and not just variable by

variable. See Ref. [47].
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3.2 Estimation results

Our empirical work rests on a vector autoregression formulation for all six vari-
ables using five lags for each one of them:

Figure 3.
Results from autocorrelation function using 1200 days as lags. The horizontal green line is the critical value for
rejecting the null hypotheses that the autocorrelation coefficient is zero.

Figure 4.
Scatter plots between the price of oil and gold and foreign exchange rates. The blue line for each frame shows the
projection of the bivariate regression line.
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Xt|{z}
6�1

¼ ℵ|{z}
6�1

þ
X5
i¼1

Ai|{z}
6�6

∗Xt�i þ δ|{z}∙tþ
6�1

ut|{z}
6�1

(8)

where Xt
0 ¼ Po,t Pg,t Eeuro

$ ,t Eyen
$ ,t

Ermb
$ ,t Epound

$ ,t

� �
and ut is a vector of disturbances with

mean zero and a constant variance-covariance matrix; the equations include (not
shown) a zero-one control for April 20, 2020. We choose to use a VAR formulation for
several reasons. First, it allows all the variables to be endogenous. Second, it is an
integral component of the vector error-correction model, now noted explicitly as
Eq. (10) along with Johansen method of assessing the extent to which the series are
cointegrated. This method begins with a VAR, shown as Eq. (8), and it is one of the
reasons we use a VAR. For the derivation details, see Ref. [47]. Another reason is that
it enables the derivation of the results to be generated from as impartial a viewpoint as
possible: we do not bring our prior beliefs into the generation of results.

For parameter estimation, we use OLS with daily data from January 4, 1999, to
March 1, 2024. Table 1 shows the model’s fit for each variable. Column (3) shows the
specifications’ gain in explanatory power relative to using that variable’s sample mean
as the sole explanatory variable.

Figure 5 shows the distributions of the normalized residuals from the model and
compares them to a standard normal distribution. We find that the model’s estimation
residuals are not consistent with the normality assumption, which undermines the
strength of the conclusions reached in this paper.

Finally, to assess whether the model is dynamically stable, Figure 6 reports the
model’s impulse responses from a one-day unit shock to each of the residuals. The
results show that a transitory shock induces transitory responses, and we interpret this
result as suggesting that the model is dynamically stable.

3.3 Out-of-sample accuracy

To examine the model’s out-of-sample predictive performance, we begin by
reestimating the parameters after excluding the last 1100 observations from the esti-
mation sample. Then, given the new parameter estimates, we implement 1-step fore-
casts for all the variables over the 1100 observations excluded from estimation.

Variable Units Gain (%)* Std. dev SER Mean R2

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

Po,t US$/barrel 40.76 26.64 1.57 61.49 0.997

Ermb
$ ,t RMB/US$ 10.82 0.79 0.01 7.18 1.000

Eyen
$ ,t

Yen/US$ 13.00 14.93 0.68 109.62 0.998

Pg,t US$/Ounce 51.48 556.75 12.18 1057.90 1.000

Eeuro
$ ,t Euro/US$ 13.19 0.12 0.01 0.86 0.998

Epound
$ ,t Pound/US$ 13.33 0.09 0.00 0.66 0.998

*Note: Col (3) = (Col (4) - Col (5))*100 / Col (6).

Table 1.
Single equation statistics—January 4, 1999: March 1, 2024.
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Figure 5.
Empirical distribution of normalized residuals. Each panel in the figure shows the histogram and density of the
equations’ normalized residuals (i.e., residual / standard error of the regression); the green line shows the density of
the standard normal. We also tested for serial correlations of the residuals using their autocorrelation function with
12 lags. The results, not shown, cannot reject serial independence.

Figure 6.
Impulse response from unit shocks to Eq. (8). Each frame shows the evolution of the response of the variable listed
on the top to a unit shoch to a residual to the variable that is listed in on the left:
∂variable on top=∂variable on left .
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Arguably, 1-step-ahead forecasts are consistent with professional traders who use
historical values as the initial conditions of their extrapolations.

Figure 7 shows the 95 percent confidence bands for these forecasts. As shown, the
model predicts a negative price for oil on April 20, 2020, but not as negative as the
price turned out to be on that date. This predictive failure does not affect the model’s
accuracy for subsequent dates because forecasts’ initial conditions are always reset to
historical values.

Arguably, a relevant question is what do we gain in terms of forecast accuracy for
the price of oil by recognizing its interdependencies with other asset prices. To address
this question, we use an autoregressive formulation for the price of oil while excluding
the role of gold and foreign exchange. Specifically, we use an autoregressive distrib-
uted lag (ADL) model with five lags.

Po,t ¼ αþ γ Lð Þ∙Po,t�1 þ δ∙tþ ut (9)

where γ Lð Þ is a polynomial of order 5 in the lag operator L and ut is a random term
with a zero mean and constant variance. For parameter estimation, we exclude the last
1100 observations from the estimation sample and then implement 1-step ahead fore-
casts over these observations; Figure 8 shows the forecasts associated with the ADL
(5) model.

Using the Mean Absolute Percent Error (MAPE) as a summary measure of forecast
performance, we find that the MAPE for the VAR formulation is virtually identical to
that of the AR(5): 2.9 percent. This result should not be surprising given that the daily
price of oil is highly persistent (see Figure 3). We view this result as suggesting that if
the sole purpose of the model is to deliver daily forecasts of oil prices, then reliance on
an AR(5) is just as accurate as the VAR(5). If, however, the goal is to study arbitrage

Figure 7.
95 percent confidence bands for 1-step-ahead ex-post forecasts of Eq. (8). The width of these bands recognize two
sources of uncertainty: model specification (i.e., residuals) and parameter estimates.
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opportunities among these assets, then using the VAR involves no loss of accuracy and
provides access to a much larger range of interesting questions.

4. Cointegration

Central to this investigation is whether the international financial markets (oil,
gold, foreign exchange) exhibit a self-correcting equilibrium relationship. To that end,
we rewrite Eq. (8) as

ΔXt|{z}
6�1

¼ ℵ|{z}
6�1

þ
X5
i¼1

Γi|{z}
6�6

∗ΔXt�i þ δ∙tþ Π|{z} ∗Xt�1

6�6

þ ut|{z}
6�1

: (10)

The question of interest is whether these variables are cointegrated. If they are,
then a linear relation among them can be interpreted as their equilibrium relation. The
existence and number of cointegration relations among these variables is given by the
rank of Π: We determine the rank of Π using two tests: the Maximum Eigenvalue test
and the Trace test for the sum of the eigenvalues. The results of Table 2 reject the
hypothesis that the rank of Π is 0 and do not reject the hypothesis that the rank is one.
In other words, there is just one cointegrating (equilibrium) relationship.

In this case, Π̂ ¼ α̂∙β̂ where α̂ is a 6� 1ð ) vector of estimated speeds of adjustment;
β̂ is a 1� 6ð Þ vector of estimated coefficients associated with the long-run relationship
given by β̂∙Xt�1. Figure 9 shows that deviations from the long run are stationary,
which is what allows us to interpret β̂∙Xt�1 as the arbitrage condition at t-1 for these
three assets.

Figure 8.
Out-of-sample 1-step-ahead forecasts of an ADL(5) for the price of oil. The width of the confidence bands
recognize two sources of uncertainty: model specification (i.e., residuals) and parameter estimates.
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As an alternative to Figure 9, we use out-of-sample dynamic simulations of
Eq. (8). By design, dynamic forecasts do not reset the initial conditions to historical
values but, instead, use the model’s own predictions for the values of those lags. And
in doing so, these forecasts incorporate the interdependencies among all the six prices
considered here in generating the forecasts for the price of oil. Dynamic forecasts are,
in effect, depicting the evolution of these asset prices under ceteris paribus—that is,
excluding unforeseen shocks. Figure 10 shows the 95 percent confidence bands for
the dynamic forecasts for the price of oil based on parameter estimates that exclude
the last 1100 observations. The blue line in the figure shows that the forecasts for the
price of oil steadily rise to about 75$/barrel by April 2024; the red line shows that the
actual price of oil fluctuates around the forecast, showing that deviations between
forecast and actual prices are transitory.

Rank Trace
test

[Prob] Max
test

[Prob] Trace test adj.
df

[Prob] Max test adj.
df

[Prob]

0 121.84 [0.003]
**

55.67 [0.001]
**

121.28 [0.004]
**

55.42 [0.001]
**

1 66.16 [0.326] 28.29 [0.372] 65.86 [0.336] 28.16 [0.380]

2 37.87 [0.630] 16.62 [0.805] 37.7 [0.639] 16.54 [0.809]

3 21.26 [0.628] 12.64 [0.717] 21.16 [0.634] 12.58 [0.722]

4 8.62 [0.625] 7.88 [0.622] 8.58 [0.629] 7.84 [0.626]

5 0.74 [0.390] 0.74 [0.390] 0.74 [0.391] 0.74 [0.391]
**significant at the 1% significant level.

Table 2.
Johansen Cointegration Test of the rank of Π.

Figure 9.
Daily deviations from equilibrium in asset prices measured in US$/barrel. The estimated daily deviations from
equilibrium, in US$ per barrel, are estimated as β̂∙Xt�1.
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Table 3 shows the estimates of β along with their standard errors. The estimates
indicate that a ceteris paribus increase in the price of gold is directly related to an
increase in the price of oil. Further, and with the exception of the RMB/US$ exchange
rate, an appreciation of the dollar lowers the price of oil.

Note that several of the exchange-rate coefficients are insignificant when consid-
ered individually. To see if they are insignificant when considered jointly, we set them
to zero, re-estimate the remaining parameters, and then use a likelihood ratio test to
determine whether there is a significant decline in the value of the likelihood function.

Figure 10.
95 percent confidence bands for S-step ahead oil-price forecast using Eq. (8). The width of the confidence bands
recognize two sources of uncertainty: model specification (i.e., residuals) and parameter estimates.

Coefficient Coefficient

Variable Unrestricted S.E. Restricted S.E.

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

βrmb
$
RMB/US$ 11.036 7.4692 0.000 —

βyen
$
Yen/US$ �0.007231 0.3302 0.000 —

βg Price of gold 0.07266 0.0155 0.055 0.0133

βeuro
$
Euro/US$ �101.4 55.5110 �153.660 24.5470

βpound
$

Pound/US$ �159.33 81.8410 0.000 —

Constant 126.67 50.1340 177.070 23.3910

Trend �0.007648 0.0063 �0.012 0.0038

log-likelihood ratio test 6.0257

P-level [Chi2(3)] [0.1104]

Table 3.
Cointegration vector—Johansen maximum likelihood.
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The value of the log-likelihood ratio test (last row of Table 3) indicates that one
cannot reject the null hypothesis that these coefficient estimates are jointly equal to
zero. Given this finding, we now examine one of the most cherished assumptions
associated with the logarithmic formulation: the constancy of elasticities.

5. Oil-price elasticities

Given that the model is linear in the variables, the estimated oil-price elasticities
are computed as

^εg,tday ¼ β̂g ∙
Pg,t

Po,t

� �
(11)

^εeuro,tday ¼ ^βeuro
$
∙

Eeuro
$ ,t

Po,t

� �
, (12)

where β̂g and ^βeuro
$
are the estimated cointegration coefficients (column 4 of

Table 2), and the terms in parentheses are the relative prices of gold and of the euro
relative to the price of oil. These relative prices change daily, which means that the
elasticities are constant only if the recorded movements in relative prices are offset
exactly by the (unexplained) movements in the model’s parameters, a condition
lacking an economic motivation. Figure 11 shows movements in the estimated elas-
ticities of the oil price with respect to the price of gold (top row) and the euro-dollar
exchange rate (bottom row). The elasticities shown in the right column are computed
by replacing the daily relative price with its 28-day moving average.

Figure 11.
Estimated elasticities of the price of oil with respect to the price of gold and the euro-dollar exchange rate. Panels on
the left use the daily relative price; panels on the right use the ratio of the moving averages of the prices.
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The calculations show that the daily elasticity for the price of gold, ^εg,tday, ranges

from �2.5 to 10.4 with a mean of 0.97 and a median of 0.85, which indicates a
significant degree of skewness. Replacing the daily price ratio with the ratio of moving
prices yields, as one might expect, a narrower dispersion in the estimated elasticity
(from 0.4 to 5.3) with a mean of 0.97 and a median of 0.85, also with a significant
degree of skewness. For the euro/US$ exchange rate, the daily elasticity ranges from
�15.9 to �2.1 with a median of �2.1, which is comparable to the median of ^εeuro,tmva.

One clear result is that both the volatility and the asymmetry of movements in
these elasticities suggest that reliance on constant-elasticity models is accompanied by
a potential loss of information.

6. Conclusion

The negative price of oil recorded on April 20, 2020, undermines the usefulness of
the widely used logarithmic formulation to characterize the relation between the price
of oil and the external value of the dollar: the logarithm of a negative number does not
exist. Though this difficulty can be avoided by using monthly observations, such an
approach carries a loss of information and, effectively, makes the researcher work for
the model instead of the model working for the researcher.

The approach used here involves using an econometric formulation that allows
negative values. To examine the feasibility of this approach, we use daily data from
January 4, 1999, to March 1, 2024, to estimate the parameters of a linear VAR of order
5 for the six asset prices: the price of oil and the prices of both gold and four foreign-
exchange rates. The examination involves assessing the properties of the residuals, the
stability of the dynamic response of the model, the existence of a cointegration rela-
tion for these six prices, and then the accuracy of 1-step-ahead forecasts of this model.

We find that if the goal is to forecast daily oil prices as such, and nothing else,
using an ADL(5) of these prices is just as accurate as using the VAR. But if the purpose
is to figure out whether there is arbitrage among these six prices, then the VAR offers
what we argue is a solid starting point for further work. Specifically, we find a single
equilibrium relation among these financial prices.

No doubt, these results have an undeniable tentative nature. Additional testing of
other functional forms (i.e., semi-log) and estimation methods (i.e., GARCH) are
likely to alter the empirical results reached here. But in doing so, they will reinforce
the belief that empirical work assuming constant elasticities is based more on
cherished convictions than on empirical evidence. Indeed, a one-day event (the
recording of a negative price of oil) led to an alternative formulation showing that one
of our most cherished assumptions, constant elasticities, is not consistent with the
data that it seeks to explain.

(Entries with a * denote a paper using a logarithmic formulation).
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Chapter 8

Flexible Error Specification
in CAPM
Hector O. Zapata and Damilola S. Adebayo

Abstract

A four-parameter Generalized Lambda Distribution (GLD) quantile regression is
applied to a standard capital asset pricing model (CAPM) error specification to jointly
estimate moments of the residuals using the daily prices of two farmland Real Estate
Investment Trusts (REITs), Nasdaq: LAND and NYSE: FPI as a function of the U.S.
S&P 500 from April 2014 to August 2024. The GLD regression also captures the effect
of outliers found in the OLS CAPM model, resulting in a closer fit to the theoretical
distribution of the GLD residuals. Simulation results revealed symmetrically distrib-
uted CAPM coefficients of farmland REITs. The findings suggest that LAND and FPI
do not offer portfolio diversification beyond that provided by a market index such as
the S&P 500. While the numerical magnitude of the estimated coefficients from the
GLD regression is identical to those of least squares, the GLD estimates are more
accurate and robust to outliers and more consistent with the distributional properties
of daily returns. Future research with this relatively new regression method is briefly
discussed.

Keywords: capital asset pricing model, least squares, generalized lambda distribution
regression, quantile regression, maximum likelihood, farmland REITs

1. Introduction

The standard Capital Asset Pricing Model (CAPM), attributed to [1–3] established
that the variation in the rate of return of a security is a function of the rate of return on
a portfolio of all publicly traded stocks (the market portfolio), adjusted for the oppor-
tunity cost of money (the return on a risk-free asset); investors are rewarded with a
positive difference (risk premium), or not compensated for taking risks when the risk
premium is negative. In time-series applications, this model is a simple linear regres-
sion with returns on an asset (the dependent variable), for example, a farmland
derivative stock, and returns on a market index (the independent variable), say the U.
S. S&P 500.

In the standard CAPM1, the relationship between risk and return is positive and
linear [5]. Its early estimation was based on least squares under the classical

1

A detailed coverage of CAPM and its various forms is found in [4]. The CAPM notation used in this

Chapter closely follows CLM.
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assumptions that the errors are independent and normally distributed with constant
mean and variance. The model’s simplicity in representing mean-variance investor
behavior under uncertainty may have contributed to its popularity in empirical
finance. The penurious record of the simple CAPM in predicting asset returns is
highlighted in [6] and efforts to improve its specification and forecasting performance
using modern financial econometrics have been extensively documented.

One of the most influential papers, questioning the Gaussian assumption in price
changes is [7]; Mandelbrot built on earlier work that challenged this assumption and
proposed the stable Paretian model to capture the consistently observed departures
from normality. Fama [8] summarizes that before Mandelbrot, the Gaussian hypoth-
esis, that the distribution of price changes is approximately Gaussian or normal, was
the prevailing view, and further examined the theoretical and empirical content of
Mandelbrot’s new model of non-Gaussian distributions with infinite variance. In his
conclusions, Fama stressed the need to develop more adequate statistical tools for this
new model. The empirical literature on the subject grew exponentially after that, and
even to this day, efforts to better approximate the distribution of price changes
continue. Frequent reports about skewness, kurtosis, and fat-tails in the distribution
of financial returns abound in the literature, an empirical regularity with implications
for systematic risk estimation and hypothesis testing in the CAPM model (see [4]).

The Estimation of the CAPM model requires using proxies for expected returns,
obtained by averaging realized returns and proxying market returns by an index; this
averaging further introduces estimation error and affects empirical tests’ power [9],
effects which can be present in the model residuals. The sources of specification errors
and estimation methods in asset pricing have been a long endeavor in applied financial
econometrics. These efforts continue as new statistical tools have introduced more
flexible functional forms for the distribution of returns and errors in asset pricing
models, and new estimation and hypothesis testing methods [10–14]. A hypothesis
can be entertained that the estimation results of the standard CAPM, under least
squares and classical econometric assumptions, are not significantly different from
those of alternative models that allow for more flexible formation forms on the
residuals.

The main purpose of this chapter is to specify a flexible distribution for the error
term of the standard CAPMmodel using parametric regression models based on the
generalized lambda distribution (GLD). Section 2 reviews the CAPM, presents the GLD,
and provides selected literature of empirical interest. Section 3 contains empirical results
for the standard CAPM and compares them to the estimates from a Generalized Lambda
Regression Model; this section also describes the data used in the empirical example.
Section 4 provides a summary and implications for future research.

2. The CAPM

The econometric analysis of the time-series representation of the standard CAPM
requires assumptions about the time-series stochastic properties of returns and the
residuals of the estimated regression. The classical assumptions are that errors are
independent and normally distributed over time.

The econometric specification is given by

rit � RFt ¼ αi þ βi Rmt � RFtð Þ þ εit, t ¼ 1, 2, 3, … ,T: (1)
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where i denotes the asset and t the period (daily, monthly, annual) of the time
series of returns, rit is the individual security returns, Rmt denotes the returns of the
market portfolio (in practice usually measured by the S&P 500 in the U.S.), RFt is a
risk-free rate of return represented by a Treasury Bill rate, and εit is an error term
which is assumed iid, mean zero, constant variance (σ2), and normally distributed for
inference purposes (See [4]). The intercept αi is expected to be zero by financial
theory but may deviate from it when estimated with empirical returns data. The βi
coefficient, called the beta value, is a linear measure of the response in excess returns
of a security to changes in the whole market (also named systematic risk), and
investors interpret it as follows. When beta is greater than 1, the security (stock) is
called an “aggressive stock” relative to the market portfolio; when beta is less than
one, the stock is named “defensive.” An investor is practically indifferent to the stock
when beta equals 1, a neutral stock.

Note that when expressed as a simple linear regression model, the standard CAPM
in (Eq. (1)), can be written as

yt ¼ αþ βXt þ εt, (2)

or in compact matrix form as

y ¼ Xβþ ε: (3)

In the compact matrix form, y, X, ε, and β have dimensions T� 1, T� 2, T� 1, and
2 � 1, respectively; note that in this notation β contains α and β. The errors are
assumed to be independent, and identically distributed following a normal distribu-
tion with ε � N(0,σ2IT), and IT is an identity matrix of order T.

Over half a century after the introduction of the CAPM in the 1960s, the model is
still widely used in applications related to risk assessments of capital projects and
financial management. Fama and French [6] point out that the empirical record of the
model is poor, and they identify factors that may have contributed to the poor
performance, including theoretical failings driven by simplifying assumptions, and
difficulties in implementing valid tests of the model. One strand of literature that
emerged even before the introduction of the CAPM to the financial literature started
with Mandelbrot’s observation that extreme tails of empirical distributions of price
changes contained higher probability than suggested by the normal distribution and
that these departures warranted a new approach to the theory, which Mandelbrot
introduced as the L-stable hypothesis [7, 8]. Essentially, the hypothesis proposed that
variances of empirical distributions of price changes behaved as if they were infinite
and conformed better to non-Gaussian members of this new family of distributions. A
rich literature emerged from this hypothesis and one implication of relevance to the
purposes of this chapter is that if variances are infinite then estimation methods such
as least squares regression, the standard CAPM with the assumption of a constant and
finite variance (Eq. (1)) may give very misleading answers. The literature on how to
improve the estimation of parameters and moments of the distribution of prices
beyond that of a Gaussian (normal) distribution grew exponentially and continues to
be of research interest today. For readers interested in the progression of the thinking
about tail behavior, modeling, estimation, and testing (see [13]). A salient theme
arising from some of these works, and briefly mentioned in [6], is the need for better
statistical tools to estimate empirical distribution functions and regression models that
add flexibility to the specification of the residual distribution beyond the Gaussian
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distribution and over the past two decades these new methods permit the estimation
of higher moments of empirical distributions and have been generalized to allow joint
estimation of higher moments. One such distribution is the Generalized Lambda
Distribution (GLD), which represents a family of distributions (see [10, 11, 15, 16].

2.1 The generalized lambda distribution regression analysis

The Generalized Lambda Distribution (GLD) is a family of distributions with
parameters λ1, λ2, λ3, λ4, represented as GLD(λ1, λ2, λ3, λ4); it has been used as a flexible
representation of the behavior of security returns with extreme (fat) tails [17]. The
GLD is commonly given as [12].

F�1 u; λ1, λ2, λ3, λ4ð Þ ¼ λ1 þ uλ3 � 1� uð Þλ4
λ2

(4)

where the variable u represents probabilities and thus falls in the range 0≤ u≤ 1: A
good way to think about this is by reviewing the concepts of distribution function (d.
f.), probability density function (p.d.f.), and percentile function (p.f.) which is also
called the inverse distribution function. The p.f. is the function used to generate the
GLD. A good review of these concepts applicable to the GLD is found in [12]. Eq. (4)
is the RS parameterization of the GLD [18]2. The GLD (λ1, λ2, λ3, λ4) specifies a valid
distribution if and only if [12],

λ2

λ3uλ3�1 þ λ4 1� uð Þλ4�1 ≥0 for all u∊ 0, 1½ �: (5)

The first thing to note is that Eq. (5) does not involve λ1 making it an unrestricted
parameter (a location parameter). If one forces this distribution to have zero location,
that is GLD (0, λ2, λ3, λ4), then the random variable X + λ1 is distributed as GLD
(λ2, λ3, λ4). The proof of this result is given in [12]. It can also be shown that under
special conditions, the GLD (λ1, λ2, λ3, λ4) can be written as a function of the shape
parameters (λ3, λ4).

A second form to represent the GLD is the FKML GLD due to [19] which intro-
duced a parameterization to relax the constraints in the RS specification. The FKML
GLD is given by

F�1 u; λ1; λ2; λ3; λ4ð Þ ¼ λ1 þ 1
λ2

uλ3 � 1Þ
λ3

� 1� uð Þλ4 � 1Þ
λ4

 
(6)

where 0≤ u≤ 1; λ1 is the location parameter, λ2 is the scale parameter, and λ3 and λ4
are related to skewness and kurtosis, respectively; the only constraint added by this
distribution is that λ2 must be positive.

The two forms to represent the GLD function; RS and FKML (also known as
FMKL) are used in applications and the only difference is the restrictions imposed on
the parameters of the GLD. The FMKL representation is preferred due to its simplic-
ity. It is well-defined for all parameter values, with the only requirement being that

2

A primer on the specification and estimation of GLDs using discretized and maximum likelihood methods

is [11].
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λ2 >0 and for a finite kth moment, the condition min λ3, λ4ð Þ> � 1=k must be satis-
fied3. Both representations, RS and FMKL, are used in applied work, and the FMKL
GLD will be used in the empirical application below. Depending on the range of values
for the parameters, the FMKL GLD can be classified into five categories [13]. There
are several estimation methods for the GLD [17], and the maximum likelihood
method (MLE) of the GLDEX package in R [11] is used in this Chapter. A recent
application supporting the superior performance of MLE when compared to Moment
Matching (MM) in high-frequency data is [20]4.

The Kolmogorov-Smirnov (KS) and Anderson-Darling (AD) goodness-of-fit tests
are often used to test for differences between the estimated GLD and a theoretical
distribution. Corlu et al. [13] conducted a comprehensive numerical analysis compar-
ing the overall suitability of five alternative distributions to evaluate the behavior of
daily equity index returns of twenty countries over the period 1979–2014, concluding
that, using KS and AD, the GLD had superior performance relative to the skewed
Student-t, the Johnson system, the normal inverse Gaussian, and the g-and-h distri-
butions, with normality rejected for all sub-periods and markets5. The KS test will be
used in the empirical example below.

Empirical literature in financial econometric models often reports the existence
of non-normality, skewness, and kurtosis. Higher moments are found at all levels
of aggregation, and non-normality is often reported in daily data (e.g., [4, 7, 8, 13]).
The assumption that stock price changes follow a normal, or more generally,
stable distribution, was standard practice in asset and option pricing models. More
recently this assumption has been the subject of much theoretical and empirical
research. The assumption is critical in several applied contexts. For example, accurate
estimates of Value-at-Risk (VaR) depend entirely on fitting the best statistical distri-
bution to stock price changes and VaR estimates that are sub-optimal lead to sub-
optimal investment decisions. As a result, the quest for fitting the best empirical
statistical distribution is pervasive and continual. For financial data, [13] reviews the
vast literature on this quest and addresses the question of best fit for daily equity
index returns data using several popular distributions. The dominant conclusion from
a VaR assessment is that the GLD performed best in all markets and periods

3

Karian et al. [12] provide illustrations of the basic shapes of the GLD (unimodal, U-shape, monotone, and

S-shape), and support regions for the RS and FKML parameters. It must be noted that Eq. (4) is not always a

well-defined distribution. A condition is needed so it integrates to 1; thus, restrictions must be imposed on

the parameters and u must be in the range [0,1].
4
There is growing literature on using the GLD to model financial returns for univariate and multivariate

distributions. A discussion with extensive graphical illustrations for the simplest case of a multivariate

distribution, the bivariate GLD, is found in [12]. Alternative estimation methods for finding optimal

parameter values for the GLD include moment-matching, percentile methods, maximum likelihood, and

many others. The shapes of the FKML GLD distributions and regions of valid parameter spaces have led to

various categories referred to as Class I, Class II, Class III, Class IV, and Class V to represent, unimodal, U-

shaped, J-shaped, and monotone probability density functions, which can be symmetric or asymmetric.

Also, within these classes, regions of finite or infinite support can exist. An application of the GLD to
nonstandard regression models such as the proportional hazard model is [16].
5
A history of the progress on the application of the GLD to the U.S. and other international market returns

is available in [13] they give details on distribution performance, as well as a summary table of papers on the

subject with differing and conflicting results; additionally, they have a nice description of the above

distributions in Section 3).
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considered in their analysis. In CAPM, stock returns are the dependent variable, given
that the GLD distribution is reported to be a good fit for empirical returns, it seems
natural to model the CAPM residuals using the GLD, rather than the standard
assumptions of normality.

2.2 The GLD regression model

The standard linear regression can be re-specified using a GLD distribution for
the errors [21]. This specification produces a GLD regression line that is less
influenced by (more robust to) outliers. The statistical model is formulated with
a robust, zero mean, residual reference line, from which a quantile regression is
estimated. A rich set of statistical models can be generated with restrictions on the
model parameters, and these models can be fit parametrically and nonparametrically.
As indicated earlier, the MLE method is used in this chapter to estimate the parametric
model in (Eq. (4)). This flexible parametric model is estimated with the GLDreg
package in R [22].

Consider the regression model given in Eq. (3) above. We want to estimate the two
coefficients in β, α and β, under the assumption that the errors follow a GLD distri-
bution, that is ε � GLD (λ1, λ2, λ3, λ4), with ε having a zero mean. The zero mean
condition shifts the GLDs to have zero mean by calculating the first coefficient after
the other three parameters have been calculated. This can be done by modeling the
residuals with MLE or some other method such as L-moment matching. The algorithm
for estimating the regression model and the final quantile function is based on the
following steps [22].

1.Estimate β in (Eq. (3)) by least squares to obtain β̂ and ε̂;

2.Estimate the distribution of the residuals ε̂ using FKML GLD (or RS GLD); the
goal in this step is to obtain initial values for the optimization.

3.Estimate the log-likelihood of the model for FKML GLD (or RS GLD);

4.Use an optimization algorithm to find the maximum value of the log-likelihood
(the Nelder-Mead algorithm is used by default);6

5.Adjust the intercept in step 4 so that the residuals in the final regression sum to
zero;

6.Use simulation to obtain the distribution properties of the regression coefficients,
say in 1000 replications, and generate consistent estimates between the
simulation and the expected model.

6
To fit the GLD regression model, The Nelder-Mead simplex algorithm is used to find the maximum value

of the log-likelihood function conditional on previous estimates of the GLD conditional on zero first

moments and zero mean residuals for both, the RS GLD and FKML GLD. Currently, this algorithm is

considered the most general and stable method for optimization and estimation under GLD [22].
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2.2.1 Empirical example

U.S. Farmland is a main input in food production and has attracted investment
interest from the non-farm sector. Berkshire Hathaway, for example, has included
farmland investments in Berkshire’s diverse portfolio for years. Historically, stories
abound of how technological advances and farmland economics have made it a suc-
cessful investment. One important reason behind the interest in farmland as an
investment is the everlasting need to feed a growing world population. One of the first
applications of financial econometrics to pricing farmland is found in Ref. [23], who
framed the research question as the level of risk an investor can expect to incur given
the rate of return in farmland investments in a well-diversified market portfolio, sort
of how Berkshire thought about portfolio diversification. A recent survey examining
farmland and prices is [24]. In financial markets, farmland is considered an illiquid
asset that fits long-term investors’ view of the markets. But for investors who feel
attracted by returns farmland offers, alternatives have been developed, these are
called farmland derivative stocks, a type of Real Estate Investment Trust (REITs).
Examples of REITs include Gladstone Land (Nasdaq ticker symbol: LAND) and
Farmland Partners (NYSE ticker symbol: FPI) which are used in this chapter to
illustrate the econometric methodology.

The CAPM models regress LAND and FPI returns on a market portfolio of stocks,
such as the U.S. S&P 500. Plots of the S&P 500, LAND, and FPI prices and returns are
shown in Figures 1–3; the top panel of each graph shows prices, and the bottom panel

shows the log returns (i.e., rt ¼ ln pt
pt�1

� �
∗ 100). Daily and monthly prices for the three

series were downloaded from Yahoo Finance (finance.yahoo.com) from April 11,
2014, to August 31, 2024. The daily S&P 500 prices in Figure 1 experienced a steady
uptrend with high-price fluctuations around COVID-19 (early 2020s) and 2022; this

Figure 1.
U.S. S&P 500 daily prices and returns, April 2014 to August 2024.
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Figure 2.
Gladstone land REIT (LAND) daily prices and returns, April 2014 to August 2024.

Figure 3.
Farmland partners REIT (FPI) daily prices and returns, April 2014 to August 2024.
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clearly shows up in the bottom panel where extreme daily fluctuations in returns were
observed. Based on the values in Table 1, the mean daily return for the S&P 500 was
0.0443%, a standard deviation of 1.1106%, with fluctuations ranging from�12.76% to
8.97%; also note that skewness was close to �1% and high kurtosis (29.0415). Overall,
price changes in the S&P 500 seem not to follow a normal distribution, and this is
confirmed by the Jarque-Bera test of normality with very high values, and p-values
much lower than a critical level of 0.01. Statistics for monthly prices and returns are
shown in Panel B of Table 1; the conclusion is that a normal distribution of monthly
returns is rejected. Table 1 shows descriptive statistics for other market indexes for
comparison purposes only.

Concerning farmland REITs (Figures 2 and 3), LAND experienced exponential
price growth until the middle of 2022, and prices have been declining ever since; the
price pattern in FPI shows an uptrend to the middle of 2022 but has declined since.
LAND has generated higher average daily returns (0.41%) than FPI (0.04%), with
very similar standard deviations (8.66 vs. 8.43%), and minimum and maximum
values. The normality of returns in LAND and FPI is strongly rejected by the Jarque-
Bera test at any significance level.

In the remainder of this chapter, the analysis will proceed with daily returns, using
LAND, FPI, and the S&P 500, consistent with findings in existing literature (see [4])
that normality is often found in daily data. In this empirical application, Eq. (1) for
LAND and FPI becomes

rLANDt � TBILLt ¼ αFPI þ βLAND rSPt � TBILLtð Þ þ εLANDt, (7)

rFPIt � TBILLt ¼ αFPI þ βFPI rSPt � TBILLtð Þ þ εFPI: (8)

Security Mean S.D. Skew. Kurt. Min. Max.

Panel A: Daily Returns

S&P 500 0.044 1.111 �0.955 29.042 �12.765 8.9683

DOW 30 0.038 1.093 �1.127 37.390 �13.149 10.7643

NASDAQ 0.057 1.325 �1.199 34.789 �13.149 8.9347

Russel 2 K 0.026 1.431 �2.471 60.350 �15.399 8.9763

LAND 0.016 1.888 �2.612 111.842 �15.2375 12.1686

FPI 0.006 2.321 �47.577 2535.158 �49.3633 16.7054

Panel B: Monthly Returns

S&P 500 0.886 4.352 5.428 1242.590 �13.3668 11.9421

DOW 30 0.741 4.319 12.837 1429.847 �14.7848 13.0597

NASDAQ 1.177 5.163 33.850 2281.684 �14.2270 14.3640

Russ. 2 K 0.546 5.917 �66.026 5778.753 �24.7170 16.7940

LAND 0.407 8.662 �32.971 24393.60 �30.2808 25.6566

FPI 0.043 8.427 �16.479 22884.66 �30.0621 22.6849

The summary statistics for daily and monthly returns are in percent. Skew. and Kurt, represent skewness and kurtosis,
respectively. The Jarque/Bera (JB) strongly rejected normality in all series at any significance level, except for monthly
NASDAQ, with JB (4.8493, 0.10) Chi-square and p values, respectively.

Table 1.
Financial market and farmland derivatives returns, 2014–2024.
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where t = 1,2,3,… ,T, r represents returns as before, and TBILL is the daily 3-
month U.S. Treasury Bill rate.

Least Squares estimates of (Eq. (7) and Eq. (8)) produced the following results

^LAND ¼ 0:0002þ 1:0003 ∗X
0:0005ð Þ 0:0002ð Þ (9)

R2 ¼ 0:9999, SSE ¼ 0:0174

^FPI ¼ �0:00005þ 1:0000 ∗X
0:0006ð Þ 0:0002ð Þ (10)

R2 ¼ 0:9998, SSE ¼ 0:0223,

where ^LAND and ^FPI represent the predicted excess returns for LAND and FPI,
and X is the excess returns to the market portfolio (see (Eq. (1) and Eq. (3)). The
intercept in both equations is negative but insignificant; the beta coefficient is positive
and significant. The residuals have outliers in both LAND and FPI, and both histo-
grams appear symmetrical but with longer tails in FPI (Figure 4). However, the
Jarque-Bera tests and p-values for LAND and FPI regression results were
(2128.6,0.0000) and (899,020,0.0000), respectively, resoundingly rejecting the nor-
mality of residuals for both least squares regressions. These results are consistent with
previous empirical findings in the cited literature and lead us to estimate the CAPM
under alternative flexible error specifications, the GLD discussed earlier.

Figure 4.
Time plots (top panel) and histograms of daily residuals from least squares of the CAPM linear regression for
LAND and FPI, April 2014–August 2024.
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Specifying a GLD error structure of the CAPM, the model was estimated under the
FKML using maximum likelihood with the GLDreg package in R [22]; the Nelder-
Mead algorithm converged and produced the following results

^LAND ¼ �0:0004þ 1:0002 ∗X
GLD �0:0002, 131:6135,�0:1122,�0:1307ð Þ (11)

KS p� value ¼ 0:6548; R� KS Test>0:05 ¼ 89:1%:

The KS p-value = 0.65 is much larger than 0.05 and the Resample KS test =90.6%
gives a range of 0.65 to 0.09 for the p-value, suggesting that the GLD specification is a
good fit to the data. The QQ plot of the residuals is shown in Figure 5. The CAPM
GLD residuals closely follow the theoretical GLD distribution for the estimated values
in (Eq. (90)) and (Eq. (10')). Estimates of the CAPM for FPI using the GLD specifica-
tion of the residuals under the FKML form and maximum likelihood generated the
following results at convergence

100ð Þ ^FPI ¼ �0:00004þ 1:0000 ∗X
GLD �0:0002, 132� 0:1122,�0:0131ð Þ (12)

Figure 5.
Residual histograms for LAND and FPI regressions, least squares (left column), and GLD regression (right
column), April 2014–August 2024.
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KS p� values ¼ 0:6585; R� KS Test>0:05 ¼ 89:9%:

These results were generated by simulating the GLD regression 1000 times using
the GLD.lm.full function in R. While not reported here, the QQplots of the residuals
were undistinguishable from the theoretical distribution, indicating a very good and
robust fit to the CAPM. The parameter estimates for the α and β showed a symmetric
distribution; however, the asymptotic distribution of these coefficients is yet
unavailable. The 95% confidence intervals for these coefficients were narrow
(�0.0008, 0.0009) for alpha and 1,1 for beta, also suggesting reliable estimates of the
parameters of the CAPM between LAND excess returns and the excess returns in the
market portfolio.

A comparison of the LAND and FPI residual plots from least squares (LS) and GLD
regressions is given in Figure 5.7 While the general impression given by these graphs
is one of symmetry and normal, as previously noted, the Jarque-Bera test strongly
rejected normality in the residuals of both LSU equations. Given the skewness and
kurtosis in the LS residuals, the GLD regression in the right column of Figure 5
generated more robust (less susceptible to outliers) regression results. While the
estimated coefficients of the GLD CAPM model were symmetrical in the histograms
from the simulation analysis at 1000 replications, statistical tests of such coefficients
are not currently possible.

3. Conclusions

This chapter presents a flexible model specification for the capital asset pricing
model using GLD quantile regression that specifies the error structure as a four-
parameter GLD function. The analysis used prices of farmland REITs, namely Glad-
stone Land (LAND) and Farmland Partners (FPI), and the U.S. S&P 500 index to
represent the market portfolio. A statistical analysis of returns revealed the presence
of extreme values, skewness, and kurtosis. The Jarque-Bera test for normality was
highly significant for all daily returns from April 2014 to August 2024. The CAPM
model was estimated using least squares and this analysis further confirmed the
presence of higher moments in the residuals. Therefore, the analysis re-specified the
errors of the regression CAPM using a more flexible GLD distribution. The flexibility
of shapes offered with the GLD and since outliers were present in the residual plots
from least squares, a more robust GLD regression was estimated. The results
suggested that LAND and FPI do not offer portfolio diversification beyond that
provided by a market index such as the U.S. S&P 500. While the numerical magnitude
of the estimated coefficients is identical to the least squares results, the GLD estimates
are more accurate and robust to outliers and more consistent with the distributional
properties of returns. Nonetheless, further theoretical developments on the distribu-
tion of the estimated coefficients of the GLD regression are needed for inference with

7
Residual diagnostics for the GLD CAPM model were based on the analysis of the sample autocorrelation

function (SACF) of the residuals, the Ljung-Box test of residual correlations, the Breusch-Pagan test for

heteroskedasticity, and, as reported above, the QQ-plots of the residuals. The Ljung-Box and the BP tests

show autocorrelation and GARCH effects in the GLD regression residuals, which requires further

exploration as done in robust GARCH models [25].
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the time series CAPM. Also, additional testing is required using a broader set of assets
and portfolios as in [6] and the works cited there.8

The literature recognizes that GLD is a highly flexible statistical distribution that
allows a wide range of shapes and approximates a wide range of distributions (normal,
exponential, logistic, Weibull, etc.). This distribution is often called a “family of
distributions” due to the multiple distributions it can encompass. This flexibility is
appealing in applied work since it permits the errors of a parametric model to be
specified in a manner consistent with empirical regularities. If the researcher feels it is
best to define a flexible error structure rather than arbitrarily assume normality, then
GLD regressions offer a modeling option. There is a caveat, however, because the
probability theory of linear models under this type of flexible specification is a work in
progress, whereas assuming error normality, the standard practice, has a well-
established asymptotic theory. The ongoing progress consists of deriving parameter
distributions using Bootstrap methods and some of these results are included here.
Also, classical models can be compared to more robust alternatives [15]. The regres-
sion results reported here, however, have important properties, including the estima-
tion of a reference line with robustness to outliers, a quantile regression model from
the reference line with smooth regression coefficients across quantiles, and goodness-
of-fit tests (QQ plots and Kolmogorov–Smirnov test), providing a more complete
picture of the model structure for the problem at hand when compared to an average
regression line.
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8
Future research may also explore Generalized Autoregressive Conditional Heteroskedasticity (GARM)

type models. A reviewer suggested to explore this further. We use the Ljung-Box statistic for serial

dependence in the squared residuals and the Breusch-Pagan test for GARCH effects. Both tests were

significant at the 1% level suggesting that this may be an additional area of further exploration.
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Chapter 9

Does Local Media Convey a
Different Impression in Stock
Markets?
Linda Pettersson and Taylan Mavruk

Abstract

We examine how local media influences trading activity in local stocks by sepa-
rating the effects of national news from local news and local printed press news from
local web page news. Our results show that information provided by local web pages
induces investors to become net buyers. The results are particularly strong in rural
districts known as relatively poor information environments. Local media garners
more attention from local investors than national media. These results have implica-
tions for information efficiency in the stock markets. As local information induces
investors to become net buyers, it decreases investors’ information search costs that
tend to be greater for stock purchases than stock sales. Thus, information asymmetry
between local and remote investors may decrease by paying more attention to local
news. Finally, local journalists influence investor beliefs, indicating that their actions
and incentives directly affect prices and allocations.

Keywords: individual investors, buy-sell imbalance, local news, national news, urban
areas, rural areas

1. Introduction

This study examines the local and national media news about firms and how it
affects individual investors’ trading. Likely, the news in local media is also published
in national media. However, there is a possibility of a media slant [1, 2]. In other
words, although the stories about local firms are based on the same underlying event,
the journalists’ choice of words in local media may convey a different impression of
the event than what is presented by national media.

Local media may present the news differently because local media may serve as
watchdogs [3–5]. This is because local media is more likely to obtain information from
employees and local suppliers and may publish news that a firm has not yet disclosed.
Thus, local media may utilize its proximity to the local firms and any potential asym-
metric disclosure provided by the insiders [6]. This advantage may not only cause local
media to publish stories before national newspapers but also allow them to interpret and
publish the news differently from the national newspapers. The proximity to the local
firms may also allow local media to act as cheerleaders, referred to as hype [2].
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Hype in local media may influence the choice of language, quotes, and the framing
of events by journalists, whose text forms and reshapes cultural memories, thereby
influencing our perspectives on the past, present, and future [7]. The choice of words
by local journalists may also be influenced by historical events that enter journalists’
memory agendas, which can be long and varied. The size of the past events, their
perceived cultural and geographical proximity, and the distance in time between an
event and its memory are all important determinants of journalists’ memory agendas.
Studies examining the heterogeneity in the writing styles of journalists suggest that
sentence structure, complexity, article length, and even pessimism or optimism about
market conditions influence market outcomes and investor behavior [8, 9].

Overall, if local media convey different information about the same underlying
event than national media, it could affect trading activity in local and remote trades
differently. We test this hypothesis by examining individual investors’ trading activity
measured as buy-sell imbalance [10, 11], which indicates the change in individuals’
trade position. In efficient markets, stock prices should incorporate all available value-
relevant information instantaneously. However, we know from earlier studies [12]
that investors only follow and process a subset of information on some firms. We add
to this knowledge in the previous studies by providing evidence on the differences in
the local vs. national news published in the urban vs. local areas and their effects on
individual trading activity.

Using the news dataset from Retriever through the University of Gothenburg’s
library, we obtained the number of news articles covered in the national, local, and
foreign printed press and web pages about the listed firms between 2006 and 2014. To
measure individual investors’ buy-sell imbalances, we use investor data from
Euroclear Sweden that covers quarterly holdings of all the investments in firms listed
on Swedish stock markets between 2006 and 2014. This provides us with 36 waves of
panel data, covering about 1.8 million individual investors and their 30 million trades
of which 16.29% are local trades and 83.71% remote trades.

We show that local news found on web pages serves as a proxy for local investor
sentiment and trading. One additional local (national) news article increases individ-
ual investors’ buy-sell imbalances by 4.1 percentage points (5.4 pp.) from the mean.
Our results show that most local news effects can be attributed to the web page news
from local media sources. This effect is significantly stronger for local trades and more
pronounced in rural areas. Interestingly, the local newspapers (printed press news) do
not appear to significantly impact local investor trading. This is consistent with the
previous evidence examining only the information contained in earnings announce-
ments or in printed national newspapers [13, 14]. One reason for this result could be
that individuals have already read the same or similar news online. Our study has
some implications on whether the local news induces, amplifies, or reflects investors’
attention to the local stock performance.

2. Literature review

This study examines whether investors buy stocks based on their familiarity to the
firms [12]. More specifically, the study tests the hypothesis that investors buy
attention-grabbing stocks on the news [10]. In theory, there should be no difference in
the signals that informed investors observe when buying and selling stocks. This
means informed investors are equally likely to buy stocks with positive news than sell
stocks with negative news. Uninformed investors, on the other hand, are equally
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likely to make random buys and sells. While, in theory, the decision to buy or sell
should not differ, the previous research [10] documented that real-life investors trade
differently. Particularly, individual investors did not buy all the stocks that garnered
their attention and were more likely to buy attention-grabbing stocks than to sell
them. The suggested reason was that investors cannot process all available informa-
tion, meaning their choice set is limited. For example, in Ref. [15] investors limited
their choice to those stocks that recently garnered attention. Investors’ risk prefer-
ences determined which attention-grabbing stocks they bought.

While many studies have examined these theories, empirical evidence is consistent
with the pattern of investor behavior that individual investors hold a few stocks in
their portfolios and they do not sell short, meaning that they only sell the stocks they
already own. The evidence shows that momentum investors chase past winners, but
contrarian investors buy stocks based on attention. Rational investors tend to sell their
past losers, delaying tax payments, while investors who trade based on behavioral
reasons sell past winners, postponing the feeling of regret concerning potential losses
[16]. Recent empirical studies have showed an ambiguous effect of local trading
activity and asset prices.1

We add to this literature by examining the differences in local and national news,
which could improve the earlier evidence on the effects of news on trading activity
and hence enhance informational efficiency in local markets. Some remote investors
may not be aware that local investors have already obtained information from local
media and traded on that news. This may induce remote investors to behave differ-
ently, perhaps showing some biases such as overreaction [31] when the news becomes
more widespread.

Although media slant may substantially influence asset prices [2, 32], previous
results were mixed. Some studies showed no relationship between earnings
announcements and stock prices [13, 14]. The post-earnings announcement drift does
not seem to relate to individual investor trades. In contrast, other studies have shown
a strong relationship between news coverage and asset prices. Evidence of a signifi-
cant relationship exists between individual trading in local markets and local newspa-
per coverage of earnings announcements [33]. Trading volume and return volatility
increased with communication activity measured by messages in internet chat rooms
[34]. Although unrelated to the returns, the ambient noise level in a futures pit seems
to move trading volume, volatility, and depth [35].

Our contribution to this more general evidence on trade behavior is our analysis of
a more extensive database of local news to examine the differences in the media
appearance of local firms. Unlike previous studies, which mostly covered local news-
papers, our media data contain a richer information set as it covers local newspapers
and web pages (even social media) provided by local media sources. This distinction
might be important as web page news and social media have become significant
information channels with the development of the internet. Examining the news on
the web page covered by local media will enrich our understanding of the attention
hypothesis.

Our results may contribute to the literature by allowing us to infer information
asymmetry between local and remote investors. The local news appears to affect
liquidity in local markets. More importantly, local news induces individual investors

1

See Refs. [17–25] for evidence from institutional investors and see Refs. [11, 26–30] for evidence from

individual investors.
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to become net buyers. This means that local news could reduce investors’ information
search costs, which tends to be greater for purchases than sales. Thus, local news can
help reduce the information asymmetry between local and remote investors.

In sum, investors’ decision to buy or sell differs. Individual investors tend to focus
on future returns of the purchased stocks but consider the past returns of the stocks
they sell. Institutional investors, on the other hand, show a different pattern. They
have a search problem when they sell as they own more stocks than individual
investors. Institutional investors tend to sell short, devote more time to their trades,
manage larger amounts of capital, and may have more information about the stocks
[10].

3. Data and method

3.1 Data

We collected news articles about firms from Retriever (“Mediaarkivet”) through
the University of Gothenburg’s library. Our media data cover news articles about
firms that appeared in all media sources between January 1, 2006, and December 31,
2014. News sources include Swedish or foreign printed press (newspapers) and
Swedish and foreign web pages. In Retriever, we were able to separate these sources
further to determine whether news appeared in national media sources (e.g., national
newspapers) or local media sources.

To collect the news articles, we followed three steps. First, we limited our search to
a maximum of 10,000 news articles because of downloading restrictions in Retriever.2

Second, Retriever also allowed us to analyze the news articles in their database to
separate them between national news and local news. More importantly, Retriever
presents news articles coming from media firms headquartered in each district. Thus,
we could locate local news (both printed press and web pages) from local media
sources headquartered in each district. Finally, we could identify media outlets
headquartered in urban and local areas.

Our investor data comes from Euroclear Sweden, which covers the quarterly
holdings of all the shareholders of firms listed in Sweden’s stock markets and spans
over 36 periods between March 2006 and December 2014. The firms in the data are
listed mainly on the OMX (large, mid, and small cap) exchange, but some firms are
listed on the alternative minor stock markets. Following Barber et al. [10], we
removed all the passive positions of investors as we are interested in examining the
active trades, not the holdings.3 Thus, the sample includes only buy-and-sell trans-
actions. We also removed the trades of individuals older than 85 and younger than 18
as it is unlikely that these individuals make active trading decisions themselves.

2

For instance, our search word is Volvo to begin with. If Volvo has more than 10,000 articles, then we first
restrict our search word to Volvo AB (AB stands for public company). If word Volvo AB still hits more than

10,000 news articles in printed press or web pages, we mark this firm for the next step.
3

Including the holdings (passive positions), the observations will exceed 240 million in the data. We,

therefore, use several subgroups to examine the differences between the role of local media and these

benchmarks in investor trading.
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4. Method

One important challenge with examining the attention hypothesis in local bias
studies has been to separate whether the observed results are based on superior
information or familiarity with the firms. Familiarity has several definitions, such as
interpretation advantage of the given public information [12], feeling connection to
the local firms, optimism, or overconfidence toward the local firms [36], and indis-
putable preferences toward local firms [28]. We attempted to tackle this challenge by
following three approaches in our setting.

First, to examine whether local information affects local trading activity, we created
two groups of trades. In our first (treatment) group, the local trades of individual inves-
tors are assumed to be informed by local media sources. In our second (control) group,
the remote trades of individual investors are assumed to be either uninformed or
informed by remote media sources.4 This setting allowed us to estimate the effects of
attention on local trades relative to a control group of remote trades of individual inves-
tors. If local information induces the local investors to become net buyers of the local
stocks, our attention hypothesis about local media and trades would hold. If, on the other
hand, local information induces local investors to become net sellers, it is unlikely that the
attention hypothesis can explain the results. Local investors’stock purchases are more
likely motivated by attention to local information. In contrast, their sales may be driven
by multiple motivations, for example, diversification and personal liquidity shocks.

Second, we examined the effects of local printed press news and local web page news
separately, as some investors may have read the same or similar news on local web pages
or other local media channels before the printed press published it. This could be one
reason why investors do not pay attention to printed news [13, 14]. Third, we examined
and compared the effects of local and national news on individual trading activity in
urban and rural areas separately. Previous research suggests that firms headquartered in
rural areas are characterized as illiquid firms, firms with high idiosyncratic volatility,
and informationally opaque [37]. Thus, rural areas are expected to be relatively poor
information areas. If the attention hypothesis holds, the effects of local information on
local trades could be more pronounced in rural areas than in urban areas.

4.1 Model specification

Our first analysis is more descriptive, aiming to show differences in media appear-
ance in local vs. national outlets in urban vs. rural areas. We presented our data over
time and provided mean difference tests. We then examined how national and local
news influence investors’ trading activity measured as investors’ buy-sell imbalances
on stock j at time t [10]. Eq. (1) presents our firm-level measure of buy-sell imbal-
ances. We used both the number of shares bought/sold and the value of the bought/
sold shares, but we present the version that used the number of shares in the equation.
For the value regression, we replaced the number of shares with the value of the
shares in Eq. 1.

4
The remote investments can be seen either as investments by local investors or investments in local firms

made by remote investors. As our unit of analysis is the trades or investments, the interpretation of the

results in either way should be interesting. Henceforth, if the individual makes a local trade, we will name

her/him a local investor, and if she/he makes a remote trade, we will name her/him a remote investor.
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BSIj,t ¼
Pn

j¼iNBj,t �
Pn

j¼iNSj,tPn
j¼iNBj,t þ

Pn
j¼iNSj,t

, (1)

where BSIj,t is the firm-level buy-sell imbalance, the number of bought NBj,t, and
the sold shares NSj,t are aggregated to the firm level. The denominator shows the
aggregated level of both bought and sold trades on the firm stock.

In the regression analysis, the independent variables are the news variables and the
number of articles that appeared in the media, which measure the attention effect.
The news variables are separated as national news and local news. A media type is 1
for printed news and 0 for web news, which is dropped from the model due to
collinearity, but the interaction effects remain. Firm urban dummy is assigned 1
if the firm is headquartered in either the Stockholm, Gothenburg or Malmo area,
else it is 0. We also controlled for the overall news sentiment in the market,
represented by the dummy variable that equals 1 if the number of media appearances
is greater than the median number of media appearances in the dataset. Locally biased
(LB) investor is the intensity of locally biased investors in the firm, measured as the
capital invested in the firm coming from local owners normalized by the firm’s
market value.

Various interaction effects are included. Eq. 2 presents our main model more
formally:

BSIj,t ¼ μt þ βNewsj,t þ ρTypej,t þ ∂Newsj,t ∗Typej,t þ γXit þ εit, (2)

where the dependent variable is the buy-sell imbalance BSIj,t in stock j based on
either the value of the trades or the number of shares traded at time t. Newsj,t is the
number of published articles, either local or national, about the firm. Typej,t is a
dummy variable taking the value of 1 if the news is a printed press, else it is a web
page news. More specifically, we examined the frequency distribution of the printed
news vs. web page news about the firm. If the printed news appears more than 50%
for the firm, then Typej,t is assigned as 1, else 0. Newsj,t ∗Typej,t is the interaction term
between the type of media and the number of news, and Xit represents the control
variables that are discussed above.

4.2 Fama-Macbeth approach

Fama-Macbeth [38] regressions are run with Newey-West [39] serial correlation
consistent standard errors. The original Fama-Macbeth [38] model examined the
relationship between risk and return for New York Stock Exchange common stocks.
One reason for choosing the Fama-Macbeth approach in this study was that it con-
siders that the betas change over time. Examining time-varying betas is not possible in
cross-sectional regressions. However, suppose the betas are constant over time. In that
case, the estimates from the Fama-Macbeth regressions will be the same as those
obtained from the cross-sectional regressions. Another reason for choosing the Fama-
Macbeth approach in this study was that we have a large investor dataset and inves-
tors’ decisions, and hence, the errors may be correlated with each other. If the errors
are uncorrelated across investors over time, we could just as well run OLS regressions.
The betas from the OLS estimates would be consistent, but the standard errors would
be incorrect. We could cluster standard errors on some groups and still apply OLS, but
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this approach will not consider time-varying betas. The Fama-Macbeth approach is
one way of correcting standard errors while allowing time-varying betas.

Following the Fama-Macbeth approach, a two-step method, we first ran the fol-
lowing time series regressions to obtain the betas.

BSIt ¼ μj þ βjNewst þ ρjTypet þ ∂jNewst ∗Typet þ γjXt þ et, t ¼ 1, 2, …T for each j:

(3)

In the second step, we performed a cross-sectional regression for each time period:

BSIj,t ¼ b0t þ b1tβ0j þ b2tρ0j þ b3t∂0j þ b4tγ0j þ ej,t, j ¼ 1, 2, …N for each t, (4)

where the estimated coefficients β0j, ρ
0
j, ∂

0
j, and γ0j from Eq. 3 are now used as

independent variables in Eq. 4. As a final step, the Fama-Macbeth coefficients are
computed as the averages across time:

b̂0 ¼ 1
T

XT
t¼1

b0t, b̂1 ¼ 1
T

XT
t¼1

b1t, b̂2 ¼ 1
T

XT
t¼1

b2t, b̂3 ¼ 1
T

XT
t¼1

b3t, b̂4 ¼ 1
T

XT
t¼1

b4t, (5)

In the original regressions, the standard errors are assumed uncorrelated over time
and thus the variance, for example, of b̂4 is computed as:

σ2 b̂4
� �

¼ 1
T
var b4tð Þ ¼ 1

T2

XT
t¼1

b4t � b̂4
� �2

, (6)

and the covariance of the standard errors is given as:

cov êð Þ ¼ 1
T
cov êtð Þ ¼ 1

T2

XT
t¼1

êjt � êj
� �

êit � êið Þ: (7)

However, to adjust for both heteroskedasticity and autocorrelation (HAC) in the
standard errors, the Newey-West variance estimator is used. We chose autocorrela-
tion up to a lag of 4, considering our quarterly data and serial correlation up to 1 year.
Implementing Newey-West standard errors with automatic bandwidth selection did
not alter the results qualitatively. Using the Newey-West estimator, the variance of b̂4
can be written as:

σ2 b̂4
� �

¼ 1
T

σ2e

σ2γ

� �2

2
64

3
75� f T, (8)

where f T is estimated as:

f̂ T ¼ 1þ 2
Xm�1

k¼1

m� k
m

� �
~ρk, (9)
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where m is the truncation parameter and ρ is the autocorrelation coefficient. If ρ is
0 then f̂ T ¼ 1, yielding the conventional OLS standard error formula.

5. Results

5.1 Analysis of media data

Table 1 presents descriptive statistics on the number of media appearances
(regardless of media type) over time. The media data are divided into national, local,
and foreign media.

The table shows that the average number of news articles is 8.20, covering an
average of 466 firms during our study period. News articles increased by about 190%
between 2006 and 2014. Local news articles increased about 54%, national news articles
increased about 82%, and foreign news articles increased about 300%. Thus, most of the
increase in the total number of articles can be attributed to foreign news articles, except
for the increase in the number of local news articles in 2010. This deviation can perhaps
be explained by the post-effects of the financial crisis; the stock market in Sweden
started rising after late 2009. This is also one reason why the average number of local
news articles is about 1% higher than the average number of national news articles.

Table 2 presents descriptive statistics on the number of news articles by media
type in urban vs. rural districts. The number of printed press and web page news
covering 489 firms in urban districts is similar (95,324 vs. 97,486). The number of
web page news covering 110 firms in rural districts is about 95% more than printed
press news in rural firms. The distribution of printed press news and web page news
from local media is similar. The number of printed press articles in urban (rural)
districts is 94,817 (253,559), and the number of web page news in urban (rural)
districts is 95,032 (227,690).

The local media in rural districts is more pronounced. The number of printed press
and web page news in rural districts is about 2.5 times more than in urban districts.
The number of nationally printed press news outlets in urban districts is less than the
number of web page news outlets in urban districts (507 vs. 2454). In rural districts,
national web page news is about 3.4 times more than national printed press news.
Again, the national media sources in rural districts provided more news articles than
those in urban districts in our data. The local media types from urban and rural
districts seem to provide more news articles than national media types (an average of
7.43 vs. 3.6 news articles). The number of printed press and web page news from
foreign sources is higher than that of national media sources.

5.2 Individual trading activity and media

Table 3 shows how national and local media influence individual investors’ buy-
sell imbalances. The effects are clearer when the buy-sell imbalance is measured by
the number of shares traded, unlike the measure based on the value of the trades. The
reason could be that the trade value may change depending on many other factors and
isolating these factors in a regression is more difficult. We interpreted our results
based on the buy-sell imbalance measure, using the number of shares traded.

Table 3 shows that local and national news increases investors’ net trade. One
additional local (national) news article increased buy-sell imbalances by

162

Applied and Theoretical Econometrics and Financial Crises



T
ot
al

L
oc

al
N
at
io
na

l
Fo

re
ig
n

Y
ea
r

N
o.

Fi
rm

s
N

M
ea
n

M
ax

St
d.

N
M
ea
n

M
ax

St
d.

N
M
ea
n

M
ax

St
d.

N
M
ea
n

M
ax

St
d.

20
06

34
0

18
3,
10

0
6.
41

21
79

17
.2
8

36
,4
32

5.
95

43
4

12
.8
8

51
,7
30

7.
38

44
3

17
.8
2

94
,9
38

6.
06

21
79

18
.3
9

20
07

39
3

25
1,
31
4

7.
01

16
39

21
.2
9

38
,6
66

6.
22

44
3

13
.3
9

54
,6
62

6.
18

54
0

15
.7
6

15
7,
98

6
7.
49

16
39

24
.3
0

20
08

40
8

30
1,
28
5

8.
70

49
39

39
.2
4

56
,5
98

9.
19

46
1

14
.0
0

60
,5
43

5.
99

81
3

17
.7
7

18
4,
14

4
9.
44

49
39

48
.5
0

20
09

42
5

35
7,
27
9

10
.4
8

82
84

53
.9
1

83
,5
92

12
.6
5

80
4

15
.9
3

70
,1
82

7.
37

93
2

25
.0
4

20
3,
50

5
10

.6
6

82
84

69
.1
1

20
10

44
8

41
2,
00

7
10

.1
7

15
,4
21

50
.4
3

10
4,
26

4
14

.7
4

77
9

16
.8
9

76
,3
46

6.
16

61
9

16
.0
6

23
1,
39

7
9.
44

15
,4
21

65
.5
7

20
11

47
0

39
5,
74

2
8.
03

76
16

54
.2
5

71
,1
31

7.
45

57
9

12
.9
2

73
,9
77

5.
81

55
6

15
.0
3

25
0,
63

4
8.
85

76
16

67
.3
1

20
12

49
2

46
9,
50

5
8.
13

13
,3
79

83
.7
2

55
,8
67

4.
31

60
6

10
.9
9

73
,9
30

6.
26

67
0

18
.2
2

33
9,
70

8
9.
17

13
,3
79

97
.9
3

20
13

52
5

51
1,
00

1
8.
21

20
,5
19

10
0.
80

55
,0
12

3.
98

61
8

10
.5
9

78
,1
93

6.
24

66
7

19
.2
9

37
7,
79
6

9.
23

20
,5
19

11
6.
82

20
14

56
3

54
0,
58
6

7.
44

19
,6
31

11
0.
99

58
,7
82

4.
16

62
7

10
.9
7

80
,4
62

4.
72

59
6

14
.2
3

40
1,
34

2
8.
47

19
,6
31

12
8.
57

20
15

59
6

53
3,
43

5
7.
40

12
,2
09

90
.7
7

56
,1
56

4.
44

62
1

11
.2
9

94
,3
16

5.
95

21
19

20
.6
8

38
2,
96

3
8.
19

12
,2
09

10
6.
53

A
ve

ra
ge

46
6

39
5,
52
5

8.
20

61
,6
50

7.
31

71
,4
34

6.
21

26
2,
44

1
8.
70

T
he

ta
bl
e
pr
es
en
ts
st
at
ist
ic
so

n
th
e
nu

m
be
r
of

m
ed
ia

ap
pe
ar
an

ce
sf
or

lis
te
d
fir
m
s(

re
ga
rd
le
ss
of

m
ed
ia

ty
pe
)
in

lo
ca
l,
na

tio
na

l,
an

d
fo
re
ig
n
m
ed
ia
.T

he
se
co
nd

co
lu
m
n
re
pr
es
en
ts
th
e
nu

m
be
r
of

fir
m
s

ex
ist

w
ith

m
ed
ia

in
fo
rm

at
io
n
in

ea
ch

ye
ar

in
th
e
da

ta
.T

he
m
ed
ia

da
ta

is
ob
ta
in
ed

fr
om

R
et
ri
ev
er

(“
M
ed
ia
ar
ki
ve
t”
)
th
ro
ug
h
th
e
U
ni
ve
rs
ity

of
G
ot
he
nb

ur
g’
sl
ib
ra
ry
.

T
ab

le
1.

Su
m
m
ar
y
st
at
ist
ic
s
on

th
e
nu

m
be
r
of

m
ed
ia

ap
pe
ar
an

ce
s
ov
er

tim
e.

163

Does Local Media Convey a Different Impression in Stock Markets?
DOI: http://dx.doi.org/10.5772/intechopen.1008880



T
ot
al

L
oc

al
N
at
io
na

l

N
o.

Fi
rm

s
N

M
ea
n

M
ax

St
d.

N
M
ea
n

M
ax

St
d.

N
M
ea
n

M
ax

St
d.

U
rb
an

Pr
in
te
d
Pr
es
s

48
9

95
,3
24

7.
57

80
4

21
.6
6

94
,8
17

7.
60

80
4

21
.7
0

50
7

1.
97

14
7

7.
04

W
eb

b
97
,4
86

5.
32

51
3

16
.1
2

95
,0
32

5.
42

51
3

16
.3
1

24
54

1.
42

62
2.
10

R
ur
al

Pr
in
te
d
Pr
es
s

11
0

43
3,
03

6
8.
70

29
6

11
.6
6

25
3,
55
9

11
.9
9

29
6

12
.5
9

17
9,
47

7
4.
06

21
0

8.
20

W
eb

b
84

4,
49

7
6.
34

21
19

18
.3
7

22
7,
69

0
4.
71

20
3

8.
32

61
6,
80

7
6.
94

21
19

20
.8
6

Fo
re
ig
n

Pr
in
te
d
Pr
es
s

49
8,
79
0

11
.6
2

11
85

30
.4
6

W
eb

b
2,
56
4,
29
7

7.
97

20
,5
19

97
.7
9

A
ve

ra
ge

75
5,
57
2

7.
92

16
7,
77
5

7.
43

19
9,
81
1

3.
60

T
he

ta
bl
e
pr
es
en
ts
st
at
ist
ic
so

n
th
e
nu

m
be
r
of

m
ed
ia

ap
pe
ar
an

ce
sf
or

lis
te
d
fir
m
si
n
lo
ca
l,
na

tio
na

l,
an

d
fo
re
ig
n
m
ed
ia

by
m
ed
ia

ty
pe

an
d
in

ur
ba

n
vs
.r
ur
al

ar
ea
s.
T
he

th
ir
d
co
lu
m
n
re
pr
es
en
ts
th
e

nu
m
be
r
of

fir
m
se
xi
st
w
ith

m
ed
ia

in
fo
rm

at
io
n
in

ur
ba

n
vs
.r
ur
al

di
st
ri
ct
si
n
th
e
da

ta
.T

he
po
st
al

zi
p
co
de

in
fo
rm

at
io
n
on

th
e
fir
m

he
ad

qu
ar
te
rs
is
ob
ta
in
ed

fr
om

O
R
B
IS

th
ro
ug
h
th
e
U
ni
ve
rs
ity

of
G
ot
he
nb

ur
g’
sl
ib
ra
ry
.

T
ab

le
2.

Su
m
m
ar
y
st
at
ist
ic
s
on

th
e
nu

m
be
r
of

m
ed
ia

ap
pe
ar
an

ce
s
by

m
ed
ia

ty
pe

in
ur
ba

n
vs
.r
ur
al

ar
ea
s.

164

Applied and Theoretical Econometrics and Financial Crises



4.1 pp. (5.4 pp.) from the mean. Expectedly, national news had more effect on net
trade than local news, and it is also possible that some of the national news will be
republished in local news. However, these analyses aim to convey that national and
local news affect individual investors’ buy-sell imbalances differently. This was also
evident when we interacted with the news with the type, printed vs. web page news.
Printed (web page news) local news seemed to decrease (increase) net trade, while
there was no difference in the effects of printed national news or web page national
news. Regarding the control variables, firms that were local in urban areas seemed to
have fewer buy-sell imbalances than firms located in rural areas. The attention effect

(1) (2)

Variables No. Imbalance Value Imbalance

Intercept No news 0.489*** 0.029***

(53.17) (3.66)

Local News 0.041*** 0.013

(2.46) (0.78)

National News 0.054*** 0.011

(2.83) (0.50)

Local News*Media Type �0.073*** �0.076***

(�2.82) (�3.17)

National News*Media Type �0.005 �0.030

(�0.10) (�0.55)

Firm Urban �0.017*** �0.003

(�2.50) (�0.41)

No. Media app. = > Median 0.011 0.025***

(1.41) (2.63)

Local News*No. Media app. 0.053*** 0.047

(2.52) (1.54)

National News*No. Media app. 0.073*** 0.046

(3.29) (1.24)

LB Investor 0.035*** 0.158***

(3.21) (18.21)

The t-values are presented right under the coefficients and stars ***, **, * indicate the significant coefficients at the 1%, 5%,
and 10% levels, respectively.
The table shows results from Barber and Odean [10] analyses of buy-sell imbalance, which is the dependent variable. No.
imbalance represents the number of trades made while value imbalance is the value of the trades. The news variables are
separated as national news and local news. Media type is 1 for printed news and 0 for web news, it is dropped from the
model due to collinearity, but the interaction effects remain. Firm urban dummy is assigned 1 if the firm is headquartered
in either Stockholm or Gothenburg or Malmö area, else it is 0. The dummy number of media appearances greater than the
75th percentile in the data represents the overall news sentiment in the market. LB investor is the intensity of locally biased
investors in the firm. The interaction effects are included. Fama-Macbeth regressions are run with Newey-West serial
correlation consistent standard errors. Approximative t-values are presented within the parentheses. The bold mark
coefficients are statistically significant at 5% or lower levels.

Table 3.
Firm-level buy-sell imbalances.
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of local and national media improved when overall news sentiment was high in the
markets. Finally, buy-sell imbalances increased with more locally biased investors in
the firm.

Our results imply that local news induces local investors to become net buyers of
the stock, and local investors in rural districts are more net buyers than any other
group. Hirshleifer et al. [14] documented the result that individual investors are net
buyers. Our analyses add to this knowledge by showing that local individuals are also
net buyers, and this result is particularly pronounced in rural districts. The results are
consistent with those found in Refs. [2, 9, 31, 33, 40] in suggesting that local trading
activity increases with local news.

These results can be interpreted as attention induces local investors to become net
buyers. This interpretation is consistent with Refs. [10, 41], arguing that investors
may consider stocks that first catch their attention. For instance, stocks in the news or
stocks with large price moves greatly influence individual investor decisions. This can
be explained by the fact that investors face information search costs when choosing
stocks to buy [12], and rather than searching systematically, they may buy stocks that
catch their attention. Our results that the investors are more net buyers of these
attention-grabbing stocks are also consistent with the view that selling poses less
information search costs and, therefore, would be less sensitive to the attention-
grabbing stocks.5

6. Conclusions and implications

We examined whether local information influences local trading activity. We
found that local information provided by local web pages increased local trading
activity and, in particular, induced investors to become net buyers. The effects were
stronger in rural districts, which are known as relatively poor information environ-
ments, home to illiquid firms, firms with high idiosyncratic volatility, and informa-
tionally opaque firms [37]. The result suggests that local investors have a higher ability
to process information for local news because of familiarity. Local media garners local
investors’ attention more than national media. When new information arrives about
local firms, local investors process the information quicker and more accurately. In
contrast to results from local web page news, we did not find significant effects of
local printed press news on local trading activity.

Our results have some implications for investors in stock markets. First, to under-
stand any potential local information advantage caused by attention to local media
coverage and its effects on local trading, one needs to examine local information
sources much deeper. Previous literature (with a few exceptions) on local bias seems
to lack this important information channel of local media effects. Second, local infor-
mation sources should be isolated from national information sources separating the
information hypothesis from the familiarity hypothesis. Third, the internet and web
page news have become significant information channels in our daily lives and have
almost replaced printed press news. Even if we would like to hold the book or the
article in a printed version, reading the news on a web page appears more convenient
and cheaper. This makes intuitively the printed news become old news.

5

The news variables are collected using the software Python. All the data management and model

estimations are done in STATA software.
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Fourth, trading liquidity increased by local investors may affect market efficiency.
Our result is that local information induces individual investors to become net buyers,
which has implications for overall information efficiency in the markets. Our inter-
pretation of this result is that individuals face more information search costs when
choosing stocks to buy rather than when choosing stocks to sell. If local web page
news increases local investors’ purchases, it must be that local web page news
decreases information search costs. This result also holds for remote investors, albeit
to a lesser extent. Thus, paying more attention to local information may increase
overall information efficiency as information asymmetry between local and remote
investors decreases.

Finally, our results indicated significant differences between the appearance of
local and national news and how they influenced individual trading behavior. This
implies that journalists should carefully consider their words and how they present
them when writing about firm events. Further research could focus on this channel by
examining how journalists choose their words, the heterogeneity in their presentation,
and their writing style to convey news about firm-specific events.
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Chapter 10

Strategic Flexibility, Firm 
Performance, and Firm Value
Xinyuan Zhang and Chee-Heong Quah

Abstract

This paper introduces ambidextrous innovation into the linkage between strategic 
flexibility and firm performance. It aims to theoretically reveal the strategic flexibility 
mechanism that affects firm performance and expands the theoretical perspective 
of ambidextrous innovation. From the perspective of resource orchestration theory, 
the moderating role of resource orchestration is considered. This study analyzes the 
influence of strategic flexibility, ambidextrous innovation, and resource orchestration 
on firm performance, to supplement and improve the existing research deficiencies. 
This work also explores the scientificity and rationality of firm value as a standard of 
firm performance.

Keywords: strategic flexibility, ambidextrous innovation, resource orchestration, firm 
performance, firm value

1.  Introduction

For the purpose of maintaining competitive advantages and achieving sustainable 
development in a dynamic and complex environment, continuous innovation has 
become a top priority of enterprises. Governments around the world have provided 
great support for innovation, for which scholars and researchers have attached much 
importance to the topic that how enterprises improve their performance through 
innovation [1].

Enterprises regard innovation as their “food” and “lifeline”, and their performance 
on innovation directly affects a country’s ability to support structural reform, high-
quality development, and scientific and technological power, which is related to the 
overall development of the country’s scientific and technological innovation in the 
field. However, relevant research is scarce on a number of key questions, such as what 
is the innovation performance of enterprises, what are the main factors affecting the 
innovation performance of enterprises and what are the influencing mechanisms? 
Why are these questions worth further exploring?

Enterprises have different resource strengths at different stages of development, 
facing various internal and external factors, which have a significant impact on the 
process of enterprise innovation and the choice of innovation mode, thus affecting 
the enterprises’ performance [2]. An enterprise that has been operating in a certain 
mode for a long time, tends to develop certain organizational inertia and will face 
more pressure and resistance in innovation [3]. Moreover, due to the existence of 
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resource rigidity, enterprises may “excessively” focus on the existing business with 
only the development activities of the existing products, ignoring the exploratory 
innovation, in addition to which, the operational rigidity leads the enterprise to fall 
into a repetitive response mode, which makes the organization fail to develop new 
capabilities.

The solution to these problems requires the introduction of strategic flexibility. 
It is urgent for enterprises to improve their adaptability to the changing environ-
ment and enhance their creativity to guarantee their capability of coping with the 
uncertainty and complexity of the environment to realize a healthy and sustainable 
development of enterprises. Two professional concepts of strategic flexibility and 
innovation are used by scholars to describe the solution, which means that enterprises 
can combine strategic flexibility with enterprise innovation to address their problems 
in enterprise performance. From the perspective of strategic flexibility, enterprises 
can transform their performance through innovation, improve their value, and 
achieve healthy and sustainable development [4].

The two dimensions of ambidextrous innovation are explorative innovation and 
exploitative innovation. Both of these two kinds of innovation represent the develop-
ment direction of the enterprise, but they will plunder the scarce resources of the 
enterprise and follow completely different operation modes. The two dimensions of 
strategic flexibility, namely resource flexibility and coordination flexibility, can well 
coordinate the contradiction between the two kinds of innovation in ambidextrous 
innovation.

In short, strategic flexibility influences firm performance through influencing 
ambidextrous innovation. At the same time, ambidextrous innovation can better play 
the role of strategic flexibility, so as to affect the performance of enterprises.

Therefore, this study will explore the relationship between strategic flexibility, 
ambidextrous innovation, and firm performance, in an attempt to theoretically reveal 
the mechanism by which strategic flexibility affects firm performance.

For enterprises with similar resources in the industry, their performance also var-
ies. This refers to the heterogeneity of dynamic management ability of different enter-
prises’ resources, that is, the heterogeneity of resource arrangement ability, which is 
the source of the competitive advantage of enterprises and explains how the strategic 
flexibility of enterprises changes with the change of resource arrangement ability.

This study believes that the transformation process of strategic flexibility to 
innovation behavior depends on the level of resource orchestration of enterprises 
because the practice of enterprises has proved that only strategic flexibility cannot be 
completely transformed into innovative activities, which is still insufficient for the 
decision-making and implementation of innovation strategy. Enterprises must also 
have a strong strategic flexible transformation and utilization of resources orches-
tration level [5]. Enterprise resource orchestration level is the enterprise’s strategic 
flexibility potential is the key to the development and utilization, is the enterprise 
strategy flexibility to the transformation of innovation activities, is an enterprise 
integrating strategic flexible classification management of core competence, and 
enterprises to transform strategic flexibility for innovation activities to carry out an 
important factor of the resources needed to.

Therefore, this study explores the moderating role of different resource orchestra-
tion in the impact of strategic flexibility on ambidextrous innovation, enriches the 
research contents of resource-based theory and firm capability theory, and provides 
the theoretical basis for the sustainable development of firms from the perspective of 
resources and capabilities.
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In management, the management which aims at enhancing firm value is defined as 
firm value management. From the perspective of financial management, firm value has 
many different forms of expression—book value, market value, appraisal value, liqui-
dation value, auction value and so on. Objectively speaking, each kind of value form 
has its rationality and applicability. In this study, firm value is taken as the scientific 
standard of firm performance evaluation.

2.  Theoretical underpinning

2.1 Resource-based view

This research draws on the resource-based view proposed by Wemerfelt [6] in the 
growth stage of resource-based theory as the theoretical basis, which advocates that 
resources are the competitive strength of enterprises, meaning that for the purpose 
of achieving a high level of performance, enterprises should attach importance to 
the development and utilization of resources, especially the rare, valuable, unique 
resources that are difficult to imitate and replace [6].

Moreover, the framework of “resource—strategic—performance” proposed by 
Ansoff [7], which is one of the core ideas and frameworks of resource-based view 
research, is adopted in this research to analyze the influence of strategic flexibility as 
the enterprise’s internal resource and ability on the enterprise strategic choice, and 
further explore the logic of influence on enterprise performance and competitive 
strength [7].

2.2 Organization ambidexterity theory

The word “Ambidextrous”, derived from “Ambidexter”, refers to the ability to do 
two different things at the same time, which is a concept first proposed by Duncan 
[8]. With its novel content and unique perspective, the ambidextrous theory has 
attracted much attention both in the domestic and international academia and has 
also become one of the mainstream paradigms of future management research [8, 9]. 
In 2006 and 2009, the Academy of Management Journal and Organization Science, 
the top journals in the field of management, launched ambidextrous research columns 
respectively, which show the important role of ambidextrous theory in the study of 
management science.

Therefore, ambidextrous innovation refers to the ability to pursue two kinds of 
innovation at the same time (Figure 1).

In this study, the perspectives of resource-based view and inter-organizational 
relationship (including social networks) were selected to study the application of this 
theory in the field of technological innovation and explore its impact on enterprise 
performance.

2.3 Resource orchestration theory

According to the resource orchestration theory, resource orchestration is the 
result of diversification of resources by enterprises through effective construc-
tion of resource combination, stripping of nonproductive resources to gather and 
combine resources, and improving the efficiency of conversion and utilization of 
existing resources. Resource orchestration means that enterprises construct resource 
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combination, assemble resources, transform and utilize resources, and dynamically 
manage the strategic flexibility of enterprises [10]. The development of enterprises is 
facing a significant strategic opportunity brought by the rise of new paradigms. How 
to construct and adjust the strategic flexibility of enterprises dynamically to enhance 
the ambidextrous innovation and improve the performance of enterprises has become 
the focus of the theoretical and practical circles [11].

2.4 The fusion application of the three theories in this study

Starting from the resource-based view, this study regards strategic flexibility as 
a managerial resource and a heterogeneous strategic resource, exploring the direct 
and indirect effect mechanisms of strategic flexibility on firm performance. With 
regard to the indirect effect mechanism, this study takes the theory of ambidextrous 
organization as the theoretical basis to explore the effect mechanism of ambidextrous 
innovation strategy. Based on the resource-based view, explorative innovation refers 
to the creation of new resource bundles, while exploitative innovation refers to the 
improvement and perfection of the existing resources.

Based on the resource-based theory and dynamic capability theory, Sirmon et al. 
[12] proposed the resource orchestration theory. The resource orchestration theory 
emphasizes the dynamic management of resources, which is actually an expansion of the 
existing resource-based theory. It pays more attention to the full utilization of resources 
by enterprise management and emphasizes the scientific combination of resources and 
capabilities, which is an important source of value creation for enterprises.

3.  Variables and dimensions

3.1 Strategic flexibility

This study summarizes previous literature and redefines strategic flexibility as the 
regulator between environment volatility and enterprise flexibility, the ability of an 
enterprise to respond to the various demands resulting from the dynamic competition 
environment, the ability to seize the development opportunity to gain a competitive 
strength from coping with the change of conditions and environment, as well as a 
kind of valuable strategic resource [13].

Figure 1. 
Organization ambidexterity theory comprehensive model.
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Based on the theory of Sanchez [14], this study divides strategic flexibility into 
two dimensions: resource flexibility and coordination flexibility [14]. Resource flex-
ibility refers to the ability to accumulate flexible resources for a variety of purposes, 
which reflects the efficiency and cost issues of the development, manufacturing, as 
well as selling of different types of products with the internal resources of an enter-
prise. Coordination flexibility refers to the ability to create new resource portfolios 
through internal coordination processes, which emphasizes the flexibility of an 
enterprise to use these resources from the aspects of strategy formulation, strategy 
implementation, operational allocation, etc.

3.2 Ambidextrous innovation

Drawing on previous studies on ambidextrous innovation, this study defines 
ambidextrous innovation as the simultaneous pursuit and integration of explorative 
innovation and exploitative innovation [15].

Based on the research methods of scholars, this study divides ambidextrous 
innovation into two dimensions of explorative innovation and exploitative innova-
tion. Based on the resource-based view, explorative innovation refers to the creation 
of new resource bundles, while exploitative innovation refers to the improvement and 
perfection of existing resources.

3.3 Resource orchestration

Components of the resource management model include structuring the resource 
portfolio, bundling resources to build capabilities, and leveraging capabilities to 
provide value to customers, gain a competitive advantage, and create wealth for 
owners. Structuring the resource portfolio mainly refers to the reconfiguration and 
combination of existing resources or potential resources. Bundling resources refers 
to an enterprise separating nonproductive resources from different departments for 
reconfiguration and combination through the integration of internally dispersed 
resources to give full play to the potential of resources. Leveraging capabilities refers 
to that enterprises coordinate the work of various departments and business units and 
share newly acquired resources through resource reconfiguration to realize the value 
of resource reconfiguration combination [10, 16, 17].

Based on the above analysis, this study believes that the level of enterprise 
resource orchestration can play a moderating role in the influence process of strategic 
flexibility and ambidextrous innovation. The resource orchestration is divided into 
three dimensions, namely structuring the resource portfolio, bundling resources, and 
leveraging capabilities, as the moderating variables in this study.

3.4 Firm value and firm performance

There are many standards for evaluating the performance of a company, but none 
of them are as comprehensive and scientific as the firm value standard.

3.4.1 While other criteria can be short-term, values must be long-term

Earnings per share, profit, and return on investment indexes reflects basically is 
the enterprise has already occurred, if the enterprise managers use these indexes as 
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evaluation standards, often leads to short-term behavior, to make them to focus on the 
management of the income statement, and ignore the actual number of cash flow and 
the timing, to grasp the future potential of the enterprise [18].

3.4.2  Take firm value as the evaluation standard to make the tradeoff process more 
transparent

No matter what kind of system, what kind of social background, enterprises in 
the distribution of benefits should be among the interests of the balance, so as to 
make a more appropriate decision. Taking the firm value as the standard can make 
the request of any interested party be evaluated, make the process of tradeoff more 
transparent, and make all interested parties get the satisfactory result [19].

3.4.3 The firm value standard makes the best use of all kinds of information

In order to judge the value a company is creating, it is necessary to deal with 
all cash flows on the income statement and balance sheet and understand how to 
compare cash flows from period to period on a risk-adjusted basis. You cannot make 
a value judgment without complete information, which is not required for any other 
performance measurement.

When measuring firm performance, this research mainly considers firm value 
standard from the perspective of management research. From multiple dimensions, 
comprehensively consider the enterprise’s profitability (net profit, return on invest-
ment, etc.), growth (revenue growth rate, sales growth rate, etc.) and liquidity (net 
cash flow). At the same time, the subjective and objective performance measurement 
standards are combined. The objective indicators are helpful for the evaluation from 
the absolute perspective, while the subjective indicators (such as the realization of 
corporate goals, performance satisfaction, etc.) can improve the accuracy of the 
objective indicators [20].

4.  Theoretical framework and hypotheses development

4.1 Theoretical framework

The model and hypothesis of this study mainly include the following two parts:
Firstly, based on the resource-based view and organizational ambidexterity 

theory, this paper analyzes the influence of strategic flexibility (resource flexibility 
and coordination flexibility) on firm performance, and then further analyzes 
the mediating role of ambidextrous innovation (explorative innovation and 
exploitative innovation) in the relationship between strategic flexibility and firm 
performance.

Secondly, the resource orchestration theory is used as the auxiliary theory to 
supplement the resource-based view and enrich the theoretical framework. The 
moderating effect of resource orchestration (structuring the resource portfolio, bun-
dling resources and leveraging capabilities) on strategic flexibility and ambidextrous 
innovation strategy is analyzed.

Based on the above analysis, the theoretical model and hypothesis are proposed 
(Figure 2):



177

Strategic Flexibility, Firm Performance, and Firm Value
DOI: http://dx.doi.org/10.5772/intechopen.1008727

4.2 Hypotheses development

4.2.1 Strategic flexibility and firm performance

Previous studies reveal that enterprises with strategic flexibility are often able to 
respond flexibly to changes in the external environment and can reach commanding 
heights in the competitive environment. As strategic flexibility effectively mitigates 
the adverse impacts of organizational inertia and is widely recognized as enhancing 
firm performance.

It is found in the relevant literature that the independent variable (strategic flex-
ibility) and the dependent variable (firm performance) in this study have a relatively 
stable positive relationship [21, 22].

To sum up, the following hypotheses are proposed in this study:
H1: There is a positive relationship between strategic flexibility and firm 

performance.
H1a: There is a positive relationship between resource flexibility and firm performance.
H1b: There is a positive relationship between coordination flexibility and firm 

performance.

4.2.2 Strategic flexibility and ambidextrous innovation strategy

Research results show that resource flexibility is beneficial to the innovation 
process. Meanwhile, enterprises with coordination flexibility can make reasonable 
use of the resources they have to improve the innovation conversion rate, and further 
enhance their performance.

Figure 2. 
The theoretical framework and hypothesis of this study.
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H2: There is a positive relationship between strategic flexibility and explorative 
innovation.

H2a: There is a positive relationship between resource flexibility and explorative 
innovation.

H2b: There is a positive relationship between coordination flexibility and explor-
ative innovation.

H3: There is a positive relationship between strategic flexibility and exploitative 
innovation.

H3a: There is a positive relationship between resource flexibility and exploitative 
innovation.

H3b: There is a positive relationship between coordination flexibility and exploit-
ative innovation.

4.2.3 Ambidextrous innovation and firm performance

The relationship between mediating variable (ambidextrous innovation) and the 
dependent variable (firm performance) shows multiple conclusions, including posi-
tive correlation, negative correlation, and nonlinear relation [23].

H4: There is a positive relationship between ambidextrous innovation strategic 
and firm performance.

H4a: There is a positive relationship between explorative innovation and firm 
performance.

H4b: There is a positive relationship between exploitative innovation and firm 
performance.

4.2.4  role of ambidextrous innovation strategy in strategic flexibility—Firm 
performance relationship

From previous studies and the above review, it can be found the relationship 
between strategic flexibility, ambidextrous innovation, and firm performance all 
showed a relatively-significant correlation.

Abidextrous innovation can better explain how strategic flexibility affects firm 
performance.

H5: Ambidextrous innovation strategy mediates the relationship between strategic 
flexibility and firm performance.

H5a: Explorative innovation mediates the relationship between resource flexibility 
and firm performance.

H5b: Explorative innovation mediates the relationship between coordination flex-
ibility and firm performance.

H5c: Exploitative innovation mediates the relationship between resource flexibility 
and firm performance.

H5d: Exploitative innovation mediates the relationship between resource flexibil-
ity and firm performance.

4.2.5  Moderating effect of resource orchestration on strategic flexibility—Firm 
performance relationship

Compared with resource management, there is little research on resource 
orchestration, and the research on resource orchestration mainly includes the struc-
turing the researches on resource management and asset arrangement. Resource 
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orchestration includes three processes: structuring the resource portfolio, bundling 
resources, and leveraging capabilities.

The transformation process of strategic flexibility to innovation behavior depends 
on the level of resource orchestration of enterprises because the practice of enter-
prises has proved that only strategic flexibility cannot be completely transformed 
into innovative activities, which is still insufficient for the decision-making and 
implementation of innovation strategy. Enterprises must also have a strong strategic 
flexibility transformation and utilization of resources arrangement, the level of 
enterprise resources orchestration is the key to the development and utilization of 
strategic flexibility potential, is an important factor for enterprises to transform 
strategic flexibility into innovative activities, is the core ability of enterprises to clas-
sify and integrate the management of strategic flexibility. At the same time, it is also 
an important factor for enterprises to transform strategic flexibility into the resources 
needed to carry out innovation activities.

H6: Resource orchestration has a positive moderating effect on the relationship 
between strategic flexibility and exploitative innovation.

H6a: Structuring the resource portfolio has a positive moderating effect on the 
relationship between resource flexibility and exploitative innovation.

H6b: Structuring the resource portfolio has a positive moderating effect on the 
relationship between coordination flexibility and exploitative innovation.

H6c: Bundling resources has a positive moderating effect on the relationship 
between resource flexibility and exploitative innovation.

H6d: Bundling resources has a positive moderating effect on the relationship 
between coordination flexibility and exploitative innovation.

H6e: Leveraging capabilities has a positive moderating effect on the relationship 
between resource flexibility and exploitative innovation.

H6f: Leveraging capabilities has a positive moderating effect on the relationship 
between coordination flexibility and exploitative innovation.

H7: Resource orchestration has a positive moderating effect on the relationship 
between strategic flexibility and explorative innovation.

H7a: Structuring the resource portfolio has a positive moderating effect on the 
relationship between resource flexibility and explorative innovation.

H7b: Structuring the resource portfolio has a positive moderating effect on the 
relationship between coordination flexibility and explorative innovation.

H7c: Bundling resources has a positive moderating effect on the relationship 
between resource flexibility and explorative innovation.

H7d: Bundling resources has a positive moderating effect on the relationship 
between coordination flexibility and explorative innovation.

H7e: Leveraging capabilities has a positive moderating effect on the relationship 
between resource flexibility and explorative innovation.

H7f: Leveraging capabilities has a positive moderating effect on the relationship 
between coordination flexibility and explorative innovation.

5.  Research design and methodology

5.1 Research design

In this research, a nonexperimental quantitative research method was used to 
ensure the objectivity, universality, and reliability. And questionnaire survey method 
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was used to collect the data. Questionnaire survey is one of the most commonly used 
methods for quantitative research in the field of management.

(Advantage: Fast, effective, cost saving, less interference by respondents, strong 
operability)

In positivist research, a statement of relationships between the observed phenom-
ena (hypothesis) is first formulated, and a rigorous statistical method is applied to 
analyze quantitative data. Based on the positivist approach, quantitative research was 
conducted according to this process.

The steps of the investigation are as follows:

1. Determine the population, sample framework, and respondents.

2. Design an investigation tool. (the investigation tool in this research is a question-
naire survey).

3. Preliminary research to test the questionnaire.

4. Collect data through questionnaire survey.

5. Data analysis.

6. Hypothesis testing.

5.2 Data collection

This survey mainly selects the regions with high active innovation activities in 
mainland China and selects four regions in China: Beijing, Tianjin, Shenzhen, and 
Shanghai for research.

The selected companies are concentrated in the following eight high-tech fields, 
including electronic information, biology, and new medicine, aviation and aero-
space, new materials, high-tech services, new energy and energy conservation, 
resources, and environment, as well as advanced manufacturing and automation. 
The survey was conducted by managers familiar with the operations of the company, 
such as CEOs or key department heads.

Data for this study were obtained from two sources:
The first channel is to distribute and collect questionnaires through the author’s 

existing social relations. Such as obtaining the assistance of the MBA center and 
EMBA center of several universities in the research area, as well as the help of rel-
evant government departments, such as the National Bureau of Statistics, National 
Development and Reform Commission, and other departments.

The second channel is to issue and collect questionnaires through a professional 
consulting company in Beijing. The consulting company’s business scope includes 
providing business consulting and investigation. Through the consulting company, it 
issues and collects questionnaires in these four regions on a large scale, and carries out 
follow-up and screening to ensure the source and quality of questionnaires.

5.3 The measurement and variables

The variable scale for this research was derived from the scales used in the research 
published in top journals in this field. The content of the foreign scales was modified 
in accordance with the language habits of the interviewed companies in China, while 
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maintaining the original meaning of the foreign scales. These scales have been empiri-
cally tested and recognized by research scholars in the same field, thus these indicator 
scales have relatively high validity and reliability, which is conducive to the smooth 
progress of our empirical test. Likert-5 scale was used for measurement. The scoring 
standards are: (1) means completely inconsistent, (2) means relatively inconsistent, 
(3) means fair, (4) means fairly consistent, and (5) means very consistent.

5.3.1 Independent variables

Based on previous references, the measurement scale for independent variable 
strategic flexibility in this study is as follows (Table 1):

Variable Dimension Numbers and test items

Strategic 
Flexibility

Resource 
Flexibility

A1. Your company’s resources can be transformed into more products and services.
A2. The cost of transforming your company’s resources into corresponding 
products and services is relatively small.
A3. The time required for your company’s resources to be converted into 
corresponding products and services is relatively short.
A4. The production resources your company has are more flexible for competitors

Coordination 
Flexibility

B1. Your company is more adaptable to the environment and can discover and 
identify future opportunities better than the competitors.
B2. Your company can obtain new resources more quickly at a lower cost than 
competitors.
B3. Your company can expand to new markets faster than competitors.
B4. Your company is more advantageous in solving the issue of resource utilization 
efficiency.

Source: Organized by the author [14, 24, 25].

Table 1. 
Measurement scale for strategic flexibility.

Variable Dimension Numbers and test items

Ambidextrous
Innovation 
Strategy

Explorative 
innovation

C1. Your company always accepts demand beyond existing products and 
services
C2. Your company always develops new products and services
C3 Your company often tests new products and services in the market
C4. Your company will commercialize completely novel products and services
C5. Your company often explores new opportunities in new markets
C6. Your company often uses new distribution channels
C7. Your company continues to develop creative channels to meet the needs 
of customers

Exploitative 
innovation

D1. Your company often improves existing products and services
D2. Your company regularly makes small-scale adjustments to existing 
products and services
D3. Your company often introduces improved products and services to the 
market
D4. Your company has improved the efficiency of products and services
D5. Your company has increased the economic scale of the existing market
D6. Your company has expanded the scope of services for existing customers

Source: Organized by the author.

Table 2. 
Measurement scale for ambidextrous innovation.
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5.3.2 Meditating variables

Based on previous references Bachmann et al. [26], the measurement scale for 
meditating variable ambidextrous innovation strategy in this study is as follows 
(Table 2):

5.3.3 Moderating variables

Based on a comprehensive review and analysis of previous literature, the resource 
orchestration scale used as the moderating variable in this study is presented below 
(Table 3).

5.3.4 Dependent variables

See Table 4.

dimension Numbers and test items

Structuring 
the resource 
portfolio

E1 Your company will be through external recruitment and merger and reorganization, reserve 
technical personnel
E2 Your company will complete industrial chain expansion and market layout through joint 
ventures and mergers
E3 Your company will form alliances with upstream and downstream core industry chain members 
to share resources and strengthen their relationship commitment
E4 Your company to establish a technology development center as a channel to promote the 
localization of services
E5 Your company can reasonably allocate the existing resources and construct a diversified and 
flexible resource combination mode according to the requirements to meet the needs of Your 
company

Bundling 
Resources

F1 Your company can dynamically control the size of the organization, promote flat organization 
for product innovation, and quickly adjust the jobs according to the requirements of the work
F2 Your company specially set up a customer service center and product service department to 
provide more resources and technical support
F3 Your company can adopt some temporary and task-oriented team structures to replace some 
fixed and formal organizational structures, which is convenient and flexible
F3 Your company will conduct subdivision management for customers and provide appropriate 
products and service solutions
F4 Your company establishes a learning organization to create a culture and system to promote 
the creation of new knowledge, as well as the collection, transmission and transformation of 
knowledge

Leveraging 
Capabilities

G1 Your company can use technology to quickly turn information into business action, so they can 
always stay one step ahead of competitors
G2 Your company’s products are highly professional, and can use the existing technical advantages, 
to provide customers with more perfect products and services
G3 Your company will organize employees to attend innovation conferences, learn further, 
accumulate market information, and improve the advantages of products and services
G4 Your company can systematically improve products according to customer needs to meet 
market demands and consolidate the market position of products
G5 Your company can rely on the research and development platform, and effectively use the 
advantages of enterprise resources to create product integration solutions

Source: Organized by the author [10, 16, 17].

Table 3. 
Measurement scale for resource orchestration.
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5.3.5 Control variables

Based on the existing research results and the research context, the age of the 
company, the size of the company, and the industry to which the company belongs 
were selected as the control variables.

5.3.5.1 Age of the company

There are three options in the questionnaire: 5–8 years, 8–10 years, and more than 
10 years.

5.3.5.2 Size of the company

In this study, the size of the company is measured by the number of employees. 
There are five options for this item in the questionnaire, namely, 10 people, 11–30 
people, 31–50 people, 51–100 people, and more than 100 people.

5.3.5.3 Industry

There are two options for this item. The respondent directly chooses whether the 
company is a high-tech company or a traditional company.

5.4 Data analysis

This study mainly conducts data analysis through the following steps:
Step 1 Descriptive statistical analysis.
(descriptive statistics of the basic information of the company and questionnaire 

respondents)
Step 2 Sample feature analysis, reliability and validity analysis of each variable.
Step 3 Test the hypothesis in these ways: Partial Least Squares Structural Equation 

Modeling (PLS-SEM).

Variable Numbers and test items

Firm Performance H1. Compared with the main competitors, your company has a higher yield
H2. Compared with the main competitors, your company has a higher rate of return on 
investment
H3. Compared with the main competitors, your company has a higher level of market 
share
H4. Compared with the main competitors, your company has faster growth of market 
share
H5. Compared with the main competitors, your company has faster growth in sales
H6. Compared with the main competitors, your company has faster growth in the 
number of new employees
H7. Compared with the main competitors, your company develops new products or new 
services faster

Source: Organized by the author [23].

Table 4. 
Measurement scale for performance.
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In this study, Partial Least Squares Structural Equation Modeling (PLS-SEM) was 
used in data analysis.

1. Models that include both mediating and moderating variables typically involve 
complex relationships and multiple pathways. When researchers encounter dif-
ficulties like small sample sizes or non-normally distributed data, CB-SEM might 
not be viable. In these instances, PLS-SEM provides a powerful alternative, of-
fering dependable results despite these limitations.

2. PLS-SEM exhibits a strong capability to handle complex interconnections among 
latent variables, allowing each latent construct to be evaluated through several 
observable indicators. In mediating variable models, PLS-SEM enables accurate 
estimation of indirect effects, providing a clearer and more rigorous understand-
ing of the mediating mechanisms. When applied to moderator models, PLS-SEM 
adeptly supports intricate analyses of interaction effects, even in situations 
where both interaction and main effects are present simultaneously [27, 28].

6.  Conclusion

By analyzing the impact of strategic flexibility on firm performance, explorative 
innovation, and exploitative innovation are identified as mediating variables respec-
tively, and resource orchestration is identified as the moderating variable between 
strategic flexibility and ambidextrous innovation, so as to determine the measurement 
of each variable and the relationship between each variable. Building upon this foun-
dation, the study formulates the research hypothesis, constructs a detailed theoretical 
model, and performs an empirical analysis using questionnaire data collected from 
China’s enterprises. Partial Least Squares Structural Equation Modeling (PLS-SEM) is 
employed as the analytical method.

The main theoretical contributions of this study are as follows: First, from the 
perspective of ambidextrous innovation, the black box between strategic flexibility and 
firm performance is opened, and the internal mechanism between strategic flexibility 
and firm performance is explored. Through theoretical and empirical analysis, it is pro-
posed that the impact of strategic flexibility on firm performance is achieved through 
the mediating role of ambidextrous innovation. Secondly, based on the perspective of 
resource orchestration, this study researches the influence of heterogeneity of enter-
prise resource management on performance and its influence on the transformation of 
strategic flexibility into enterprise innovation. Moreover, this study also has practical 
significance and provides guidance for managers to deal with the coordination relation-
ship between strategic flexibility and ambidextrous innovation. It also enables enter-
prise managers to realize the impact of differences in resource management levels on 
innovation and performance, so that enterprises can achieve higher resource manage-
ment levels and innovation efficiency, and then enhance enterprise value.
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Chapter 11

Adam Smith’s Modeling of Agents: 
Roots versus Consequences of 
Action
Vernon L. Smith and Sabiou M. Inoua

Abstract

Adam Smith founded his investigations of economic and social exchanges on the 
roots of human action (sympathy, need, self-interest), unlike the utilitarians (Hume 
and the neoclassical economists), who centered theirs on the consequences of human 
action (pleasure, utility of outcome). This distinction is key to understanding the 
contrast between the two schools of thought, as we emphasize in this chapter.

Keywords: Adam Smith, classical economics, neoclassical economics, value theory, 
humanomics

1.  Introduction

Samuel Alexander, in his book Beauty and Other Forms of Value, revealed, in a brief 
commentary on Adam Smith and David Hume, his own insight into the deep insight 
that Smith brought to the task of understanding human conduct:

“Like the utilitarians who came after him, he [Hume] looked ultimately to the effects 
of action in the way of giving pleasure or pain. Adam Smith, with a surer eye, declared 
the sympathy which determines our approbation or disapprobation, not so much to be 
directed towards the effects of action as to the impulses from which action proceeds. He 
considered our actions in their origin rather than in their outcome.” ([1], p. 249)

Alexander is referring to The Theory of Moral Sentiments, and the roots of human 
sociality, because this is where Adam Smith introduced his key distinction between 
modeling agents in terms of the origins, versus the consequences, of their actions. 
This perspective, however, carries over into Smith’s examination of market price 
formation.

Generally, Alexander is addressing alternative ways of thinking about observa-
tions and the meaning we associate with them—the larger topic of this paper, as it 
relates to social and economic action. He refers to neoclassical analysis in which an 
individual’s utility function represents agent choice and links the individual’s private 
“outcome,” in the form of internal pleasure or pain, to the “external outcome” of 
choice as in a social or economic exchange. Thus, a person has utility U(x), where U 
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is a measure of the individual’s preference for (or pleasure or pain from) x, and x is 
the external “thing” or object of choice. Utility welds the internal consequence for 
the individual with the external outcome. In this manner, individual rationality is 
envisioned as the cause or source of socio-economic rationality rather than interactive 
social and market collectives.

We have identified classical economics with Adam Smith’s way of thinking and 
modeling action that contrasts classical with neoclassical (marginal utilitarian) 
economics, wherein important insights of classical economics were lost in the 1870s 
revolution. We have argued that economics, under the developmental program of 
the marginal revolution, displaced rather than built upon the accomplishments of its 
predecessor [2–6]. Herein, we identify Cournot as defining the key turning point in 
economic thinking and modeling.

We begin with Smith’s treatment of this distinction in his first published book, 
showing how he develops the roots of human action for social exchange. Referring to 
his second book, we explicate his parallel discussion of action by traders in a market. 
Then, we introduce Cournot as the turning point at which neoclassical theory focused 
on modeling the outcomes of agent action.

Here is how the “surer eye” of Adam Smith introduces the study of sentiments 
and human social conduct: “The sentiment or affection of the heart from which any 
action proceeds, and upon which its whole virtue or vice must ultimately depend, 
may be considered under two different aspects, or in two different relations; first, in 
relation to the cause which excites it, or the motive which gives occasion to it; and sec-
ondly, in relation to the end which it proposes, or the effect which it tends to produce” 
([7], 1853, vol. I, p. 93).

2.  Social exchange

Adam Smith’s model of human sociability led to propositions that apply naturally 
to our everyday interactions. Thus, your waste management service emptied your 
trash barrel on schedule, but you neglected to bring your barrel in from the street, 
and your neighbor brought it in for you. This illustrates Smith’s concept of benefi-
cence, one of the two pillars of society, the other being justice. Beneficence governs 
our conduct according to the proposition: “Actions of a beneficent tendency, which 
proceed from proper motives, seem alone to require reward; because such alone are 
the approved objects of gratitude, or excite the sympathetic gratitude of the specta-
tor” ([7], 1853, vol. 1, p. 112).

As Smith explains, this proposition, “proper motives” means intentional. Your 
neighbor deliberately brought in your barrel. She did not have to do it, but chose 
nevertheless to do it, and indeed, you feel a warm sense of gratitude (Any third 
party “spectator”, like another neighbor, would entirely concur and approve of what 
is transpiring between you and this neighbor). So, you thank her, and—somewhat 
compellingly—give her three avocados freshly picked off your tree.

Adam Smith models conduct among strictly self-interested actors that generates 
and predicts such other-regarding actions of good neighborliness that always arise 
from, depend on, and reflect their context-specific circumstances ([8], pp. 81–94). 
Such rule-following conduct is what gives content to our particular forms of sociality 
(norms). It not only springs from among self-interested people, but it also depends on 
common knowledge that all locally prefer more, and disprefer less, of a good thing. 
That is how you knew, without a thought, that your neighbor’s action was personally 
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costly to her. In addition, you know that she benefits from three avocados. She 
knows her action benefited you and that it was costly for you to give up the avocados. 
Without knowledge that we are all self-interested, we cannot implement Smith’s 
beneficence rule, enabling us to live in harmony with our neighbors.

3.  Economic exchange

Smith’s insightful way of thinking about social exchange, however, carries over 
without qualification in principle to his second book on economic exchange, where, 
again, actors are all self-interested, except that their actions, usually, but not neces-
sarily, are directly intended to satisfy that self-interest.

We first note that Smith distinguished value in use from value in exchange:

“The word VALUE, it is to be observed, has two different meanings, and sometimes 
expresses the utility of some particular object, and sometimes the power of purchasing 
other goods which the possession of that object conveys. The one may be called "value 
in use;" the other, "value in exchange." ([9], 1853, vol. I, p. 30)

Value in use corresponds to willingness to pay for a desired quantity of a good or 
service in view of its usefulness—a quantity given mightily by needs and habit [2–4, 6]. 
Value in exchange is the market price, where the “natural” price is a supply price that 
covers all costs, including the profit necessary to bring it to market.

Smith begins his narrative of price formation by describing the experience of 
producer-suppliers who, knowing their cost, bring corresponding quantities to market:

“When the quantity of any commodity which is brought to market falls short of the 
effectual demand, all those who are willing to pay the whole value of the rent, wages 
and profit, which must be paid in order to bring it thither, cannot be supplied with the 
quantity which they want. Rather than want it altogether, some of them will be will-
ing to give more. A competition will immediately begin among them, and the market 
price will rise more or less above the natural price, according as either the greatness of 
the deficiency, or the…eagerness of the competition.” ([9], 1904, vol. 1, p. 58)

From Smith’s careful choice of words, he is describing the interactive experience 
of sellers and buyers, and their responses in their shared context of interaction. 
Sellers know the “whole value” of their goods necessary to recover their costs. Buyers, 
whose wants are not all satisfied at that whole value price, are willing to pay more 
rather than want for it. Competition among the buyers will raise the price depending 
on the extent of the deficiency and their eagerness. Smith’s language describes the 
experiences and actions of the actors in the market, as he observes, thinks about, and 
models them. He describes what a modern economist would say is excess demand, 
reading off the supply curve and the demand curve as the economist visualizes them 
in governing the Walrasian movement of prices in response to excess demand. Smith 
does not use this modern language because it is not part of the knowledge and experi-
ence of the actors. He describes behavior in its origins. For Smith, there are indeed 
external outcome consequences for the people in markets and for society—no less 
than the causes of the wealth of nations!—but none of that is part of people’s experience 
or intentions. Smith’s thought process keeps separate these distinct effects.

Similarly, and contrastingly to the above,
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“When the quantity brought to market exceeds the effectual demand, it cannot be 
all sold to those who are willing to pay the whole value of the rent, wages and profit, 
which must be paid in order to bring it thither. Some part must be sold to those who 
are willing to pay less, and the low price which they give for it must reduce the price 
of the whole. The market price will sink more or less below the natural price, accord-
ing as the greatness of the excess increases more or less the competition of the sellers, or 
according as it happens to be more or less important to them to get immediately rid of 
the commodity.” ([9], 1904, vol. 1, p. 59)

Following the thought pattern in Smith’s first book on social psychology, the words 
describe the experience and response of the economic actors—buyers and sellers—
not the formal model of efficiency-producing outcomes by the modern economist. 
The writings of the classical economists continued in this thought-vein.

4.  Hume versus Smith: A prophetic disagreement

Concerning the distinction between origins and outcomes, Smith reported a 
significant disagreement with his good friend David Hume, a disagreement prophetic 
of neoclassical things to come ([7], 1976, pp. 179–188). Smith discovered the main-
springs of human sociality, systematically modeled them in terms of the “Sentiment 
of Approbation” (or disapprobation), and characterized them as an emergent social 
order of rules. Though founded on self-interested actors, no part of the model was 
utilitarian. People came to other-regarding action via self-command in their adher-
ence to general rules arising voluntarily in a collective process of mutual simultaneous 
discipline. Fellow-feeling was the gravity that shaped and bound.

Hume also recognized that sympathy is the sole ultimate source of our happi-
ness. “We can form no wish, which has not a reference to society…. Every pleasure 
languishes when enjoy’d a-part from company, and every pain becomes crueller 
and more intolerable… Let all the powers and elements of nature conspire to serve 
and obey one man… He will still be miserable, till you give him some one person at 
least, with whom he may share his happiness, and whose esteem and friendship he 
may enjoy.” But for Hume, in all such orderly systems “their beauty is chiefly deriv’d 
from their utility, and from their fitness for that purpose, to which they are destin’d.” 
([10], pp. 363–364).

For Smith, however, it was the other way around; what is wanted, “it seems, 
was not so much this conveniency, as that arrangement of things which promotes 
it… and bestows upon it the whole of its propriety and beauty.” And in this context: 
“These affections, that harmony, this commerce, are felt…to be of more importance 
to happiness than all the little services which could be expected to flow from them.” 
([7], 1853, p. 258, 53). The “little services” were utilitarian, but the larger pattern of 
conduct is what made them possible. In Smith’s view, it is your relationship with your 
neighbor that led to the trash barrel incident.

In a similar vein, Hume elsewhere refers to the emergence of property (justice) as 
having its origin in efficiency:

“Nor is the rule concerning the stability of possession the less deriv’d from human 
conventions, that it arises gradually, and acquires force by a slow progression, and by 
our repeated experience of the inconveniences of transgressing it.” ([10], p. 490)
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Smith identified the origin of property in his proposition on justice, wherein 
actions that are intentionally hurtful to others provoke resentment and a desire to 
punish the action ([7], 1883, pp. 112, 114, 121). Hence, the origin was feelings of 
resentment, leading to the emergence of rules that naturally and rightly were part of 
the civil order of the community, long before their adoption by governments.

Smith doubted not the efficacy and efficiency of these rules, but in contrast with 
Hume, understood that this undoubted external achievement failed to explain why we 
follow them.

“In every part of the universe we observe means adjusted with the nicest artifice to the 
ends which they are intended to produce…But in these, and in all such objects, we still 
distinguish the efficient from the final cause…When by natural principles we are led 
to advance those ends, which a refined and enlightened reason would recommend to 
us, we are very apt to impute to that reason, as to their efficient cause, the sentiments 
and actions by which we advance those ends.” ([7], 1853, pp. 126–127

Hume’s rational reconstruction is an important feature of human inquiry and 
understanding, but it is distinct from the origins of our actions. Utility theory rede-
fined agent action in terms of its outcome, which was assumed to be both the origin 
and purpose of action. Rationality, thus, was a phenomenon that began with the 
individual and ended with the sum across what individuals did.

5.  Conclusion

Unlike the neoclassical economists, who floundered in accounting for market price 
discovery, Adam Smith and the other classical economists sought understanding of 
market processes from the perspective and experience of the actors. Inadvertently, 
experimentalists, educated in the new tradition, were intellectually unprepared for 
the results of the first laboratory experiments wherein naïve subjects, informed only 
of their own private reservation values, easily discovered efficient clearing prices that 
were no part of their intention.
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