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ABSTRACT 

 

This research examines three different but related aspects of the stock market return 

volatility. The first study quantifies the effects of political instability and democracy on 

stock market return volatility. It uses a system-generalized method of moments (sys-

GMM) model and a system of equations model to estimate the relationship between 

political risk and market volatility for a sample of 54 developing and high-income 

countries for the period 1995-2014. The dynamic panel data analysis using the sys-GMM 

model reveals that political instability causes the stock market to be volatile, yet the 

evidence on the effects of democracy on volatility cannot be established. This suggests 

that, though democracy does not affect the volatility directly, there may be some indirect 

effects of democracy on stock volatility. The second set of econometric estimates using 

the system of equations differentiates the direct and indirect impacts of democracy on 

stock market return volatility. This study shows that political stability has a direct impact 

on reducing stock market volatility, while the degree of democracy has an indirect impact 

on volatility, transmitted through the channels of political stability. In addition, 

macroeconomic uncertainty, triggered by high inflation and low economic growth, causes 

uncertainty in the stock market. The institutional reforms that target the reduction of 

uncertainty on policy-formulation in the country will contribute to stabilizing financial 

markets.  

The second study, forecasting stock market return volatility, assesses the forecasting 

performances of a set of statistical models on the daily data for selected Asian emerging 

stock markets, namely India, Malaysia, Pakistan, Singapore, Sri Lanka, and Thailand. 

These forecasting models, including generalized autoregressive conditional 

heteroskedasticity (GARCH), exponential GARCH (EGARCH), and threshold GARCH 

(TGARCH) models, were used to predict the volatility using out-of-sample and in-sample 
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forecasting methods. This study finds that, in terms of the in-sample forecasting method, 

asymmetric GARCH models had better performance than the symmetric GARCH 

models. Conversely, in terms of the out-of-sample forecasting method, the symmetric 

GARCH models perform better than the asymmetric GARCH models.  

The third study investigates another different perspective of stock market return volatility: 

that market volatility plays a crucial role in shaping income inequality and income 

distribution within a country. The study used an instrumental variable (IV)-GMM 

estimation procedure, with the Lewbel (2012) identification approach for heteroskedastic 

error models, on a panel of 47 high-income and developing countries for non-overlapping 

five-year average data. One of the key findings reveals that stock market return volatility 

worsens the income inequality within a country. Stock market return volatility negatively 

affects the average income of the poorest 10 percent (decile 1) of the income distribution. 

Yet, such a significant relationship was not found with the top decile (decile 10). The 

income inequality tends to be reduced with the higher degree of trade openness and higher 

level of per-capita gross domestic product (GDP) of the economy.  

In summary, this research reveals three main findings: first, political instability seems to 

appear as a major cause of stock market return volatility; second, the assessment of the 

predictive ability of different forecasting models reveals that the simple GARCH model 

provides a strong predictive performance; third, widening income inequality can be seen 

to be an emerging consequence of market volatility.  
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CHAPTER ONE 

INTRODUCTION 

 

1.1 Thesis Background 

 

The volatility of stock market returns is a key measure of interest in the study of financial 

markets performance. In recent years, a voluminous literature has emerged that looks at the 

theoretical and empirical features of volatility, as well as its broader macroeconomic and 

financial effects. Understanding these issues is relevant for individual’s and firm’s 

investment decisions, and also for policymakers. This research is set in the context of this 

growing body of research.  

 

The analysis of stock market return volatility dates back to the early 1970s. Officer (1973) 

can perhaps be seen as one of the first to attempt a systematic examination of the drivers of 

stock market volatility, and its relationship with the volatility of other macroeconomic 

variables. Some other early studies (such as Merton, 1980; Pindyck, 1983; Poterba & 

Summers, 1986) relate stock market volatility with the change in expected returns to stocks. 

Schwert (1989) attempts to link stock market return volatility with the macroeconomic 

fundamentals, the measures of corporate profitability, the financial leverage and the stock 

market trading activities. Forecasting stock market return volatility shifted to a new path with 

the introduction of the Autoregressive Conditional Heteroskedasticity (ARCH-q) model by 

Engle (1982) and the generalized version of the ARCH (GARCH-p, q) model by Bollerslev 

(1986).1  

 

                                                      
1 See the full definition of the ARCH and GARCH processes in Chapter 4.2.1 
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In the 1990s, many studies which investigate the causes of stock market return volatility 

started to go beyond the field of finance. The crash of 1987 provided new empirical 

opportunities to understand the causes and consequences of financial volatility. Today, the 

well-documented literature shows that the determinants of stock market volatility are not 

limited to market conditions (such as price formation, market structure,  and transaction cost). 

In fact, many empirical studies argue that macroeconomic conditions (such as, money supply, 

interest rate, exchange rate, economic growth, and oil prices)2, legal environment, corporate 

governance and political conditions also play a vital role. (see, for example, Diamonte, Liew 

& Stevens, 1996; Erb, Harvey &Viskanta, 1996b; Flannery, 2002; Klapper & Love, 2002; 

Boutchkova, Doshi, Durnev & Molchanov,  2011; Asteriou & Sarantidis, 2016). Thus, an 

investigation of the determinants and effects of stock market volatility requires an 

interdisciplinary approach. 

 

 

Against this background, this thesis is structured in three core essays. Each essay looks at 

volatility from a different perspective. In the first essay volatility is an outcome of socio-

economic processes and the analysis focuses on how political instability contributes to 

increasing the extent of that volatility. In the second, attention is on modelling and forecasting 

aspects of the phenomenon. In the third essay, volatility is an input into a long-term 

macroeconomic process, namely income inequality. In a broader context, these essays aim to 

set a bridge between a financial phenomenon and political-economic dynamics. This thesis 

thus provides further insight into how the investigation of financial market behaviour has 

evolved into a ‘multi-disciplinary’ concept since the beginning of the last decade.   

 

                                                      
2 See the next section, Chapter 1.2 for a brief narrative of the literature on this topic. 
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1.2 A Brief Overview of the Relevant Literature 

 

A vast body of literature exists on the performance of stock markets. This research focuses 

on volatility, more than on performance in general. Although the articulation of the thesis in 

separate essays means that relevant surveys of existing work are presented within each core 

chapter,3 it is convenient here to provide a broader review. 

 

(1) Role of Political Instability on Stock Market Return Volatility 

 

The growing literature on the various issues related to financial market performances 

suggests that macroeconomic and political determinants play a fundamental role in 

determining assets value and yield. The stock market is not an exception in this regard. Most 

of the prior studies aim at investigating the empirical link between the non-market 

determinants and the stock index prices, returns, market liquidity or market capitalization. 

For example, Chen, Roll and Ross (1986) conclude that several macroeconomic variables, 

such as expected and unexpected inflation rates, interest rate spread and industrial production, 

significantly affect stock market returns. Garcia and Liu (1999) present empirical evidence 

of the effects of real income, savings rate and stock market liquidity as the important 

determinants of stock market capitalization, so that their role in stock market development is 

crucial. In a similar vein, Humpe and Macmillan (2009) explore whether macroeconomic 

variables can influence stock market movements in the long run with respect to USA and 

Japan. The industrial production, inflation rates and interest rates seem to be influential in 

USA stock market movements, while industrial production and money supply affect the 

Japanese stock markets.  

                                                      
3 A more detailed literature review is given in chapter sections 3.2, 4.2 and 5.2 
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Yartey (2010) finds significant association between a set of institutional and macroeconomic 

variables and the stock market development for a set of 42 emerging countries. Among the 

highlighted results, political risk, law and order, and bureaucratic quality are found to be 

important determinants of stock market development in emerging markets. Recently, 

Lehkonen and Heimonen (2015) and Dimic, Orlov and Piljak (2015), who investigate the 

relationship between stock returns and the political risk factor, conclude that more political 

stability would result in higher stock market returns. This reveals that, as a key institutional 

factor, political stability is good for financial markets. Yet, as an indicator of financial market 

stability, the importance of the stock market return volatility often seems to be neglected in 

this context. Among the few studies on stock market return volatility, Boutchkova et al. 

(2011) find evidence about its relationship with political risk in the industrial level. In-terms 

of coverage, some prior studies are confined to a small group of countries or sub-region for 

a short time period (see for example, Chau, Deesomsak &Wang, 2014 for MENA countries4; 

Asteriou & Sarantidis, 2016 for a sample of OECD countries5).  

 

The impact of the degree of democracy, another important factor related to political 

institutions, is also considered in the study. The inclusion of the degree of democracy in the 

study stems from two main considerations. First, recent studies show that political instability 

is a key channel of transmission of the effects of democracy on economic growth (see, for 

example, Tavares & Wacziarg, 2001). Hence, one can expect that democracy will affect the 

stock market through its effect on political instability. Second, the lack of established 

democratic principles and a weak enforcement of private property rights may hinder stock 

market development. Asongu (2011) notes that the democracy has vital effects on both the 

degree of competition for public offices as well as the quality of public offices that favour 

                                                      
4 Middle East and North Africa (MENA) sub-region. 
5 Organization for Economic Co-operation and Development (OECD) countries. 
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stock market development. For instance, lack of democratic accountability and transparency 

in stock market monitoring and regulatory authorities creates uncertainty among investors, 

which may lead to a drop in stock prices, and an increase in stock market return volatility. 

Therefore, it is expected that democracy, as a crucial factor for a well-functioning stock 

market, affects stock market return volatility. However, as noted earlier, the channels of how 

democracy affects the stock market return volatility are yet to be established in the literature.  

 

 In the first core essay, the research examines the impact of political instability and 

democracy on stock market return volatility, for a panel of 54 emerging and developed stock 

markets in the world, by distinguishing political instability from institutional quality. The 

study uses a single-equation reduced-form approach first, to quantify the direct impact of 

political instability and democracy, and then applies the system of structural equations model 

to examine the interactions between democracy, political stability, and stock market return 

volatility.  

 

(2) The Predictive Ability of Different Forecasting Models 

Forecasting volatility is a difficult task that has attracted the attention of researchers, 

practitioners, and policymakers. It is therefore not surprising to find a large amount of 

literature been written around the construction and use of forecasting models. It is important 

to note that the central feature of a successful forecasting model should be at its ability to 

forecast out-of-sample volatility correctly. The influential review of Poon and Granger 

(2003) provides a comprehensive summary of the research findings on volatility forecasting 

in financial assets.  

According to Poon and Granger (2003), forecasting models can be sub-categorized into two 

different classes: time series volatility and option-based volatility models. The most popular 
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ARCH/GARCH type models, the Random Walk (RW) models and the stochastic volatility 

models, are included in the former class, while the Black-Scholes model (1973) represents 

the latter class. Poon and Granger (2003) provide a brief review and a rough pair-wise 

comparison of models, based on the conclusions derived in each of the investigated research 

studies. One of these ‘option-based volatility models’, the Option Implied Standard Deviation 

(ISD) model6 outperformed the other models. The GARCH family models and the Historical 

Volatility (HISVOL) models7 were found to perform more or less similarly. Poon and 

Granger (2003) point out that the HISVOL models were better than the GARCH models in 

the comparison. The Option ISD models, which usually require a relatively larger set of 

information than the other models, are not easy to use in forecasting and cannot be used in 

all asset types.  

Poon and Granger (2003), who find 17 studies that compare the forecasting ability within 

several GARCH models, report that the asymmetry models, EGARCH and Glosten, 

Jagannathan and Runkle GARCH (GJR-GARCH), clearly outperformed the other models in 

the category. Despite the fact that the Option ISD and HISVOL models show better 

forecasting ability, the most standard forecasting models still belong to the ARCH/GARCH 

class.  

A number of researchers conclude that the GARCH models provide a superior forecasting 

performance (Hansen & Lunde, 2001; Awartani & Corradi, 2005; Guidi, 2008; Conrad, 

Karanasos & Zeng, 2011). Hansen and Lunde (2005) focus on a comparison of different 

volatility models using intraday returns of Exchange rate (D/$) and IBM stocks. All selected 

GARCH models were evaluated against two benchmarks, the ARCH (1) and GARCH (1, 1) 

                                                      
6Models such as the Black-Scholes, the Black model for pricing futures option, the Barone-Adesi and the 

Whaley American option pricing formula. See Poon and Granger (2003) for a detailed description of the models. 
7 Time series models such as moving averages and autoregressive models. 
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models. They found that when the ARCH (1) model was chosen as the benchmark model, it 

was beaten by the rest of the GARCH models. Yet, it is surprising to find that the GARCH 

(1, 1) model – a simple, basic model that cannot capture the asymmetric nature of the 

volatility – as often cited, could not be beaten by the alternatives.  

Awartani and Corradi (2005) investigate the relative out-of-sample forecasting power of 

various GARCH class models using the US S and P-500 Index data. In their pair-wise 

comparison, the bench-mark GARCH (1, 1) model was outperformed by the asymmetric 

GARCH models in the one-step ahead forecast, whereas in the multiple comparisons, 

GARCH (1, 1) was beaten by asymmetric GARCH models, but not so beaten by the 

symmetric GARCH models. Note that, in all cases, the EGARCH model clearly outperforms 

the symmetric GARCH (1, 1) model.  

A recent wave of studies introduces a wide range of new ARCH/GARCH type models.8 A 

new framework for volatility forecasting, introduced by Brandt and Jones (2006), combines 

two factor EGARCH models with data on the range. Their ‘fractionally integrated range-

based EGARCH’ model was reported to be capable of forecasting over long horizons, even 

for one year from the end of the estimation period. The model significantly improves both 

the in-sample and the out-of-sample forecasting abilities, as it incorporates the information 

about volatility contained in the range into the EGARCH model. A recent contribution by 

Baillie and Morana (2009) also proposes a new forecasting model, the adaptive fractionally 

integrated GARCH (A-FIGARCH) model, which considers a long memory process and a 

structural change in the conditional variance.  

A recent study by Conrad et al. (2011) tests the empirical applicability of the fractionally 

integrated asymmetric power ARCH (FIAPARCH) model using daily stock returns for eight 

                                                      
8 Though there have been many sophisticated volatility forecasting models introduced in recent years, most of 

them cannot be tested in the emerging market context, due to the lack of sufficient data. 
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stock markets.9 This modelling approach allows the incorporation into the model of both the 

asymmetric responses and the long-term dependence.  Conrad et al. (2011) find that the 

FIAPARCH model performs better than many other models, in terms of both in-sample and 

out-of-sample forecasting.  

 

Overall, it is clear that volatility is forecastable, and forecasting volatility depends on the 

econometric methods and sample data employed. As is clearly seen, forecasting volatility in 

emerging markets requires much empirical attention: Bekaert, Harvey, and Lundblad (2002) 

report10 that “Emerging markets constitute ideal laboratories to test predictions regarding 

liquidity and asset prices”. It is both interesting and appealing to question whether these 

models could fit into the different context of the emerging markets.  

 

With the growing availability of stock market data on emerging markets, many studies have 

focused on stock market volatility forecasting in the emerging stock markets. Several recent 

studies attempt to forecast return volatility with respect to Asian emerging markets (e.g., 

Shamri & Isa, 2009; Kosapattarapim, Lin & McCrae, 2011; Angabini & Wasiuzzaman, 2011; 

Sharma &Vipul, 2015)11. However, there is no agreement in the literature on which 

econometric model has the best forecasting performance. Thus, the key purpose of the second 

study is to empirically assess the predictive performances of different econometric models 

for a group of Asian emerging economies. 

 

                                                      
9 They considered the stock indices in the following countries: UK, USA, Germany, France, Japan, Singapore, 

Hong Kong and Canada. First proposed by Tse (1998), the FIAPARCH model combines two ARCH models; 

the fractionally integrated GARCH model and the asymmetric power ARCH model by Ding, Granger and Engle 
(1993). 
10 As cited in Bekaert and Harvey, 2002: p. 11.  
11 This section provides the empirical evidence on forecasting model for advanced markets in a detailed review. 

A detailed discussion on the empirical evidence of volatility forecasting models for emerging markets can be 

found in Chapter 4. 2 
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(3) The Impact of Stock Market Return Volatility on Income Inequality 

 

The lively debate on the role of financial development in eradicating income inequality and 

poverty has spurred some contradictory viewpoints. One branch of the findings suggests that 

financial development negatively affects income inequality, so it effectively helps reduce the 

income inequality and poverty within a country. This view is exemplified by the findings of 

Clarke, Xu, and Zou (2006); Beck, Demirgüç-Kunt, and Levine (2007); Bittencourt (2010) 

and Shahbaz and Islam (2011). 

 

The other viewpoint stresses that development in the financial sector positively affects the 

income inequality and poverty; as a result, financial development fails to alleviate income 

inequality and poverty in a country. The findings of Classens and Perotti (2007); Law and 

Tan (2009); Jauch and Watzka (2016); Dabla-Norris, Kochhar, Suphaphiphat, Ricka and 

Tsounta (2015) and Seven and Coskun (2016) provide evidence in that regard.  

 

It should be noted that not all the previous studies on ‘the finance–inequality nexus’ use stock 

market indicators in determining its impacts on income inequality. For instance, Sawhney 

and DiPietro (2006), Law and Tan (2009) and Seven and Coskun (2016) use stock market 

indicators, while many other studies use banking sector aggregates. 

 

Overall, the vast literature on the finance–inequality nexus shows that much of the focus of 

empirical investigation is on the effect of financial development on income inequality. Yet 

what is still missing in the extent literature is the extensive research on the impact of stock 

market return volatility and its related aspects of income inequality and income distribution. 

Stock market return volatility may cause an increase in the income of the rich class, who 
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eventually happen to be the owners of most of the financial assets.12 On the other hand, it 

may worsen the income gap by reducing the income prospects of the poor. Similarly, stock 

market return volatility may help the rich people – the top 10 percent of the income 

distribution – to become super-rich by accumulating more and more wealth in the form of 

financial assets such as stocks or options. Therefore, the third study, which explores the 

effects of stock market volatility on income inequality in a dynamic panel data analysis, is 

one of the first studies to do this. The study also quantifies the linkage between stock market 

return volatility and the various income groups of the income distribution, which seems to be 

another ‘missing link’ in the literature. 

 

1.3 Key Objectives of the Research 

 

Building on these considerations, the key objectives of the research can be outlined as 

follows.  

1. To examine the impact of political instability on stock market return volatility in a 

panel of developing and high-income countries. 

2. To empirically assess the degree of forecasting ability of the stock returns in selected 

Asian emerging capital markets. 

3. To explore the effects of stock market volatility on income inequality and different 

income deciles of the income distribution for a panel of countries. 

 

These three objectives are empirically tested in the core chapters of the thesis: Chapter 3, 4 

and 5, respectively. Taken together, the first and third research objectives consider the 

mediating role of stock market volatility in the relationship between political instability and 

                                                      
12 According to Wolff (1998), in USA, wealthy top 10% owns nearly 90% of the total financial securities in 

1995. 
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income inequality. In fact, while this relationship has been considered previously, the idea 

that stock market volatility could actually be the transmission mechanism of the effect of 

instability on inequality is new.  

 

1.4 Contribution of the Research 

 

The contributions of the research are presented in the three studies. The first study contributes 

to the empirical literature by attempting to separate political instability from institutional 

quality by building up the structural relationship between political instability, democracy and 

stock market return volatility. The direct effects of variables instability and democracy are 

tested using a single-equation reduced-form approach. Next, a system of equations is 

developed to quantify the structural interactions among democracy, political risk and stock 

market return volatility. The use of a structural equation system to analyse these interactions 

is an addition to the previous literature.13Deviating from the usual focus on return series, the 

study uses filtered return series to account for the essential cyclical variations in which 

volatility is more likely to be contained. The study finds that while political instability causes 

market volatility to increase, there is no direct impact of democracy on volatility. Instead, 

democracy indirectly affects the stock market return volatility, transmitting its impact 

through the effects of political stability. 

 

The second study aims to shed new light on the lack of consensus in the literature regarding 

which econometric model has the best predictive performance in the emerging market 

context. It is found that asymmetric Exponential GARCH models generally perform better 

                                                      
13 Many studies on political stability and economic growth have extensively used system of equation models, 

for example, Alesina, Özler,  Roubini and Swagel (1996); Feng (1997); Gyimah-Brempong and Traynor, 

(1999); Tavares and Wacziarg (2001). It is not utilized in most of the previous studies on the impact of political 

stability on stock market performance. See, Dimic et al. (2015), Lehkonen and Heimonen (2015), Chau et al. 

(2014), Boutchkova et al.(2011) and Diamonte et al. (1996). 
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than symmetric GARCH models in in-sample forecasts, but not in out-of-sample forecasts. 

In fact, a simple GARCH (1, 1) turns out to be the best model in out-of-sample forecasts. The 

inclusion or exclusion of the GFC years does not to affect this finding. Based on the above 

findings, it is clear that this study provides further evidence on the superior ability of the 

asymmetric GARCH modelling for better forecasting of the stock return volatility in 

emerging markets. It discusses how the importance of information changes from the short 

run to the long run. 

 

The third study looks at a consequence of volatility that has not been investigating so far: 

how volatility affects the gap between the rich and the poor, and hence the extent of inequality 

in the economy. The widening gap between the poor and the rich, as well as the emergence 

of the ‘Super Rich’ class around the world,14 suggests that very large earning differences can 

be generated through financial markets, such as through large swings in stock markets. 

However, even the most recent literature does not provide much evidence of this impact of 

stock return volatility. Therefore, the study seeks to assess the impact of stock market return 

volatility on income inequality and income distribution. Methodologically, the study 

combines traditional TSLS estimation, based on external instruments, with the construction 

of internal instruments following Lewbel (2012). The study finds that greater income 

inequality worsens stock return volatility, and finds clear evidence that volatility hurts the 

people at the bottom end of the income distribution. These interesting findings open up new 

avenues for further studies.15 

 

 

                                                      
14 The Global Wealth Report (2015) notes that the richest 1 percent of world adults, individuals worth at least 

US $514,512, owned 39.9 percent of the world’s household wealth, a total greater than the wealth of the world’s 

poorest 95 percent, those adults worth under US $150,145. 
15 See Chapter 6 for more details. 
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1.5 Thesis Structure 

 

The remainder of the thesis unfolds in five more chapters. Chapter 2 provides a general 

overview of the related concepts of the research. It introduces the concepts of stock market 

return volatility, political stability, and income inequality along with the other associated 

concepts. A detailed descriptive analysis of these concepts, measurements and their 

interactions are also provided in Chapter 2. 

 

Chapter 3, the first core-chapter, investigates the impact of political risk on stock market 

return volatility (a manuscript version of Chapter Three is currently under review by a 

refereed journal). After the review of the related literature, the chapter presents the detailed 

econometric analysis and the discussion. The effect of democracy is also examined here using 

a range of econometric models. 

 

Chapter 4, “The Predictability of Return Volatility across Different Capital Markets: 

Evidence from Asia”, is a refereed journal article that explores the effectiveness of selected 

volatility forecasting models.  As already noted, it delivers a comparison of the in-sample 

and out-of-sample forecasting abilities of statistical models in selected Asian emerging 

markets. 

 

Chapter 5, “The Effects of Stock Market Return Volatility on Income Inequality: Evidence 

from Panel Data Analysis”16 examines the impact of stock market return volatility on income 

inequality and on different income deciles of the income distribution. After reviewing the 

pertaining empirical findings, it discusses the estimates of the analysis based on an 

                                                      
16 This chapter has been prepared for publication. See bibliographic details in Chapter 5.  
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unbalanced panel of 47 countries for the period 1995-2014 using the IV-GMM estimator 

which handles the Lewbel’s (2012) identification approach. 

 

Chapter 6 provides a summary of the findings of the research, a discussion of the important 

policy implications and an outline of its limitations. This research will be extended further 

to open up the directions for future research. 
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CHAPTER TWO 

AN OVERVIEW OF STOCK MARKET RETURN VOLATILITY,  

POLITICAL INSTABILITY AND INCOME INEQUALITY 

 

2.1  Introduction 

This chapter provides some background information on the key concepts of the research. 

To start with, Section 2.2 introduces the concept of stock market return volatility. Section 

2.3 provides the conceptual background of political instability, while Section 2.4 deals 

with the notion of income inequality. 

 

2.2 Stock Market Return Volatility 

2.2.1    Conceptual Definitions of Volatility 

Historical Volatility (Realized Volatility) 

Historical volatility is the actual volatility observed from the movements of past returns 

of the individual stocks or market index. It can therefore be interpreted as a measure of 

the past performance of a stock or market stock index. It is calculated as the standard 

deviation of the stock or overall stock index return over a given period, usually one month, 

three months, or one year. Intuitively, this concept of volatility is associated with a notion 

of risk, in the sense that a wider standard deviation of past returns may be perceived as 

an indication of greater risk, other things being equal. Historical volatility is indeed the 

primary notion of volatility adopted in this thesis, as the calculation is easy and it requires 

no additional assumptions on stock market efficiency. 
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Relative Volatility 

Relative volatility is computed as the estimated beta coefficient of the following ordinary 

least squares (OLS) regression: 

𝑅𝑖 = 𝛼 +  𝛽𝑅𝑚+ e            (2.1)                            

where 𝑅𝑖  = Rate of return on an investment; 𝛼 = Intercept; e = Error term 

 𝑅𝑚 = Rate of return on market index; 𝛽 = Slope coefficient (beta) 

The interpretation of beta is as follows: 

 If the estimated beta is significantly greater than one, then the price of the stock 

is more volatile than the market average.  

 If the estimated beta is not significantly different from one, then the price of the 

stock is as volatile as the market average.  

 If the estimated beta is significantly smaller than one but still positive, then the 

price of the stock is less volatile than the market average.  

 A beta not significantly different from zero means that the volatility of the price 

of the stock is unrelated to the average market volatility 

 If the estimated beta is significantly negative, then a higher market volatility 

translates into a lower stock volatility.  

In brief, the beta coefficient is determined by the fundamental decisions that a firm takes 

on the investments; the nature of the business (whether a cyclical or non-cyclical firm)1, 

what type of cost structure it has (ratio between fixed cost to total cost) and the financial 

                                                 
1 Cyclical firms are those firms whose business activities are highly correlated with economic activities, 

while non-cyclical firms are the firms whose business activities are not correlated with the economic 

activities. 
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leverage (debt of the firm).2 For instance, the cyclical firms (firms in sectors such as 

financial and banking, automobile, housing and information technology) have higher beta 

than that of the non-cyclical firms (firms in sectors such as fishing, healthcare and 

utilities). If the fixed cost of the firm is high, the stock beta is also high. Higher debt ratios 

increase the beta coefficient, because of the associated risk that is due to market exposure.          

      Implied Volatility 

Implied volatility is estimated based on the expectation of the future volatility of a stock 

price. Therefore, while historical volatility is determined from past prices, implied 

volatility is based on future prices. Following the option pricing models (see for instance 

Black-Scholes, 1973), implied volatility increases when investors expect that the stock 

prices will decrease over time (a situation of bear market) and decreases when investors 

expect that stock prices will increase over time (a situation of bull market).3 In this regard, 

implied volatility reflects investors’ fear about the market (see Whaley, 2009).4 A 

standard measure of this forward-looking type of volatility is provided by the CBOE 

Index computed by the Chicago Board Option Exchange (CBOE). The CBOE VIX, 

established in 1993, is based on the implied volatility of Standard and Poor (S&P) 500 

index options5. 

 

2.2.2 Some Preliminary Stylised Facts 

                                                 
2 See the discussion by Damodaran (1999) for more details. 
3 <http://www.investopedia.com/terms/i/iv.asp>  Retrieved on 12 May 2017.  
4 When the expected market volatility increases, investors demand higher rates of return on stocks; thus 

stock prices fall, and investors’ anxiety increases. Therefore, VIX signals the fear about the future trading 

of the market. 
5 An index option is a financial derivative that gives the holder the right, but not the obligation, to buy or 

sell the value of an underlying index at the stated exercise price on or before the expiration date of the 

option (<http://www.investopedia.com/terms/i/indexoption.asp> Retrieved on 14 June 2017). 
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Figure 2.1 

Key Statistical Features of Volatility 
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Volatility
Clustering Effect

Large changes in returns tend to follow large
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This implies that returns exhibit significant
serial dependence.

Asymmetric Volatility

Negative shocks to returns generate
larger conditional variances than
positive shocks of same magnitude.

Often yields a negative correlation
between stock returns and conditional
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The tendency of time series to exhibit
strong autocorrelation at long time
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Volatility is generally analysed in terms of a number of basic features or characteristics 

(see summary in Figure 2.1). These concern the shape of the distribution of returns and 

the dynamics of the return series. A systematic analysis of these features for several 

emerging economies is undertaken in Chapter 4. Some more basic stylised facts are 

presented below as a way to gauge a few underlying trends in volatility. 

 

Data on the annual stock market return volatility, for the period 1995-2014, of the major 

stock market indices of 54 countries, based on geographical regions6, were used to plot 

Figures 2.2 and 2.3. The daily stock market data were used to compute stock market 

returns. Let Pt be the stock market index observed on day t in a generic country in the 

sample. Then, the daily stock return is defined as  𝑟𝑡 = 𝑝𝑡 − 𝑝𝑡−1 , where p is the natural 

log of P. Because volatility is more likely to be contained in the cyclical component of 

the stock returns, the series rt is decomposed in trend and cycle using a HP filter (Hodrick 

& Prescott, 1980 & 1997)7. Stock market return volatility is then defined as the standard 

deviation of the cyclical component of rt.
8        

 

It is clear that the stock market return volatility exhibits some significant fluctuations. 

The key trending aspects are as follows: 

 

1. The majority of the high volatile episodes in selected stock markets 

are associated with major political or economic shock. 

                                                 
6 See Table A 2.1 of Appendix A for the list of countries, relevant stock exchanges and reference time 

period. 
7 In applying the HP filter, we set the number of periods per year as 252 (based on the average number of 

trading days in a stock exchange). 
8 Throughout the study, stock market return volatility is computed as follows: for each stock market index 

considered, the volatility is computed as the standard deviation of the HP filtered stock market return series.  
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Many of those large swings in the selected stock markets are often generated during a 

turbulent time in economies or politics. For instance, high stock market return volatility 

was reported during the East Asian financial crisis in 1997-98 and the global financial 

crisis (GFC) in 2007-08. Similarly, after the 9/11 attack, stock markets reacted quickly, 

as sales dropped significantly, causing high volatility.  

 

Figure 2.2 

Annual Historical Volatility: High-Income Countries 
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Source: Author’s calculation based on data from Datastream Thomson Reuters. 
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markets in high-income countries. Yet, as the GFC continues to affect USA and many 

European countries, stock markets in high-income countries were also too unstable.9 

These conditions reveal that a high level of volatility is not entirely an emerging market 

characteristic, and that the external economic and political factors play a major role in 

determining investment decisions. 

Figure 2.3 

Annual Historical Volatility – Developing countries 

 
 

 

 

 

                                                 
9 Yet, stock markets in Latin American region (Panel C of Figure 2.3) are generally very volatile during 
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Source: Author’s calculation based on data from Datastream Thomson Reuters. 
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Figure 2.4 

CBOE VIX Index Movements 2004-201410 

  
Source: CBOE (<www.cboe.com/ products/vix-index-volatility/vix-options-and-futures>). 

 

 

Figure 2.4 presents the daily VIX index value from the beginning of 2004 to the end of 

2014. The GFC period, 2007/08, shows very high increases in the VIX. On 20 November 

2008, VIX reported a recorded closing price of 80.86, the highest ever since the ‘1987 

Market Crash’. However, within next two years, the VIX index recovered as the VIX 

decreased – at well below 20. In this way, after each episode of high volatility, the market 

recovered back to the ‘normal’ level. 

2.3        Political Instability 

Political instability can be viewed as a major external risk or shock to the economy. 

Instability can be generated from domestic conditions within a country or from conditions 

prevailing among many countries. To have a better understanding of political instability, 

                                                 
10 Although the VIX was established in 1993, the CBOE introduced a new computational methodology in 

2003. After September 22, 2003, the volatility index prices using the new methodology are stated as "VIX". 

Thus, Figure 2.4 is based on the VIX data for the period 2004-2014. 

(<http://www.cboe.com/products/vix-index-volatility/vix-options-and-futures/vix-index/vix-historical-

data> Retrieved on 07 June 2017). 
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Section 2.3.1 first presents a conceptual background of political instability. Section 2.3.2 

then highlights the key aspects of the political instability around the world in recent years.  

2.3.1 Conceptual Background 

The term political instability is generally associated with government turnover 

(democratic or undemocratic) and related events that result in changes in the executive or 

legislative powers in a country (see Alesina et al., 1996). In a broader perspective, 

political instability may also refer to events such as assassinations, anti-government 

demonstrations, riots, guerrilla warfare, general strikes, revolutions and coups d’état.  

To operationalize this definition, a number of international organizations, institutions, and 

companies have developed a number of indices to measure the degree of political 

instability in a country. Table 2.1 lists commonly used political instability indicators in 

the world.  

Table 2.1 

A List of Indicators Related to Political Instability 

Indicator 

 

Institution Coverage 

Political Risk Indicator 

(PRI) 

International Country Risk Guides 

(ICRG)  

1984- present 

(2017) 

Worldwide Governance 

Indicator (Political Stability 

and Absence of Violence) 

Word Bank 

  

1996-2016 

Freedom House country 

ratings 

Freedom House  

 

1973- present 

(2017) 

Polity IV (indicators on 

regime transition and 

durability) 

Polity IV database (Centre for 

System of Peace) 

 

1800-present 

(2017) 

Fragile State Index (FSI) Fund for Peace 

 

2005-present 

(2017) 
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Political Risk Index of BERI 

Index 

Business Environment Risk 

Intelligence (BERI) 

  

Three reports 

per year (50 

countries only) 

 

In this research, the ICRG PRI indicator is used to capture political instability. Compared 

to other indicators given in Table 2.1, the ICRG PRI variable is available for a longer 

period of time and covers a larger set of risk factors. The higher (lower) value of the PRI 

corresponds to the lower (higher) political instability in the country. The PRI, a sum of 

12 components, represents a wide range of instability factors in the socio-economic 

context (see Figure 2.5). The percentage point in each slice of the pie-chart shows the 

corresponding maximum score, assigned to each sub-category of the PRI. For instance, 

risk components, such as government stability, socioeconomic conditions, investment 

profile, internal conflict and external conflict can reach a maximum of 12 percent, while 

the bureaucracy quality scores 4 percent only.  

Figure 2.5 

The Composition of the ICRG Political Risk Indicator 

 

12%

12%

12%

12%
12%

6%

6%

6%

6%

6%

6%
4%

The Composition of ICRG PRI

Government Stability Socioeconomic Conditions Investment Profile Internal Conflict

External Conflict Corruption Military in Politics Religious Tensions

Law and Order Ethnic Tensions Democratic Accountability Bureaucracy Quality

Source: ICRG Methodology
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2.3.2        Recent Developments  

Two key changes that have occurred on the conditions related to political stability 

around the world can be outlined as follows.   

1. Political instability has become a problem in both high-income and 

developing countries in recent years. 

Table 2.2 shows the ICRG PRI country ranking for a selected group of 54 countries for 

the period 1995-2014.11 Countries can be classified into five categories, based on their 

individual country ratings and associated risk levels;  

1. Very low risk (80-100) 2. Low risk (70-79)  

3. Moderate risk (60-69)  4. High risk (50-59) 

5. Very high risk (< 50) 

Norway topped the list with the highest level of political stability, whereas Venezuela 

was the least stable country in the group in 2014. Figure A 2.1 in Appendix A maps the 

global situation of political stability in year 2014. Most of the high-income countries in 

the group are classified as very low risk countries, whereas many developing countries in 

the panel are classified as high risk or moderate risk countries. However, there are some 

exceptions. Among the high-income countries, Greece in 2014 recorded the lowest 

political stability, 65.96, which is well below that of 82.24, the average PRI of the high-

income countries in the panel, as well as that of the world average of 76.26. The difference 

between the average political stability in the high-income countries and in the developing 

countries in the panel varies considerably during the reference period. As Figure 2.6 

                                                 
11 The same group of countries is used in the econometric analysis in Chapter 3. 
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reveals, the difference between those two groups widened during 2000-2010, but since 

then the gap has narrowed. Therefore, it is difficult to conclude that emerging market 

countries have gained more political stability over time. 

The column ‘Min value’ of Table 2.2 denotes the minimum value, which is the lowest 

political stability for a given country (i.e., the highest political instability during the 

reference period). One notable observation is that a number of countries (highlighted in 

the table) report their highest degree of political instability during the last five-year period 

(2009-2014), which again confirms that political uncertainty has become a severe 

problem in recent years. 

Table 2.2  

ICRG Political Instability Country Ranking  

Classification 

Rank Country PRI 2014 

Max 

value 

Min 

value 

Min. 

Year 

 

 

 

 

 

 

 

 

Very Low Risk 

1 Norway 89.00 90.71 81.75 1995 

2 Luxembourg 88.58 94.67 88.00 1995 

3 Switzerland 88.00 92.63 84.91 1995 

4 New Zealand 87.29 90.92 83.50 1995 

5 Finland 86.63 94.63 84.42 1996 

6 Sweden 86.42 91.63 80.67 1995 

7 Canada 85.63 89.88 80.83 1995 

8 Germany 85.08 88.08 81.42 2011 

9 Australia 83.71 89.29 81.92 2012 

10 Netherlands 83.08 96.08 81.67 2013 

11 Austria 82.96 91.54 80.08 1995 

12 Singapore 82.33 89.13 80.50 1995 

13 Japan 82.13 87.04 78.00 2009 

14 Ireland 81.00 92.29 77.04 2013 

15 UK 81.00 90.29 76.92 2012 

16 USA 80.00 89.42 77.42 2007 

 

 

 

 

Low Risk 

17 Belgium 78.88 86.75 77.92 1999 

18 South Korea 78.21 79.79 73.92 1999 

19 Denmark 76.67 93.25 76.67 2014 

20 Chile 76.38 81.75 70.58 1999 

21 Poland 75.50 86.58 74.21 2004 

22 Hungary 74.83 86.17 72.17 2012 

23 Malaysia 73.08 79.42 66.83 1999 

24 Portugal 72.38 90.58 70.58 2013 
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Note: Countries are sorted according to the PRI in 2014. Max value = maximum PRI during 1995-2014; 

Min value = Minimum PRI during 1995-2014; Min year = corresponding year for Minimum PRI. Source: 

ICRG (http://www.prsgroup.com). 

 

2. Significant changes in PRI are often associated with major political 

shocks around the world. 

Based on the ICRG-PRI annual averages for the 20-year period, the graph in Figure 2.6 

plots a comparison of the situation in the high-income countries and in the developing 

countries in the group. As already mentioned, higher PRI indicates higher political 

stability; the ICRG indicator reveals that high-income countries enjoy better stability, in 

terms of politics, compared to the developing countries in the panel. It is clear that, in 

general, political stability in high-income countries has been relatively high until 2000/01. 

25 Italy 72.25 84.63 71.29 2013 

26 Jamaica 70.71 78.92 69.00 2009 

 

 

 

 

 

 

 

Moderate Risk 

27 Cyprus 69.88 84.25 67.92 2013 

28 Spain 69.75 82.67 67.75 2013 

29 Croatia 68.88 75.50 65.67 1999 

30 Kuwait 68.42 78.50 66.58 2012 

31 France 68.29 81.71 68.29 2014 

32 Mexico 66.17 75.50 66.17 2014 

33 Israel 66.04 67.04 58.75 1999 

34 Greece 65.96 83.17 65.21 2013 

35 Bulgaria 64.50 76.17 64.50 2014 

36 Brazil 64.46 69.75 62.71 2002 

 37 Morocco 64.21 73.83 64.21 2014 

38 South Africa 63.29 75.00 63.29 2014 

39 Argentina 62.08 76.42 59.17 2002 

40 Jordan 61.38 74.83 61.38 2014 

41 Philippines 60.83 73.58 58.75 2009 

42 India 60.46 65.50 54.92 2000 

43 Colombia 60.00 62.92 48.67 1997 

44 Tunisia 60.00 75.00 60.00 2014 

 

 

 

 

High Risk 

45 China 57.04 70.17 57.04 2014 

46 Indonesia 56.96 66.92 43.83 1999 

47 Russia 56.25 68.33 49.75 1999 

48 Kenya 55.42 67.92 50.92 2000 

49 Sri Lanka 55.08 62.17 51.42 2005 

50 Thailand 54.21 75.33 55.67 2014 

51 Turkey 52.17 69.33 48.58 1998 

52 Pakistan 50.08 62.92 44.29 2008 

Very High Risk 53 Egypt 49.04 65.67 46.75 2013 

54 Venezuela 44.71 66.42 44.46 2009 

Table 2.2 Cont’d. 
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However, in the aftermath of the ‘9/11’ attack in the USA, a notable decrease in political 

stability can be clearly observed. Political stability subsequently recovered until the time 

of the Arab Spring12. The revolutionary anti-government protests, albeit limited to the 

MENA countries, created considerable uncertainty in global politics, particularly among 

investors, as these countries are rich in natural resources such as crude oil. This is 

reflected by a significant downward turn in the average PRI of high-income countries in 

Figure 2.6.  

Figure 2.6 

Political Instability around the World 1995-2014 

 
   Source: Author’s calculation based on ICRG PRI Data. 

 

The low PRI values for developing countries indicates not only the external conflicts, but 

also the domestic conditions, such as various protests, internal conflicts, election 

                                                 
12 “The Arab Spring Movement was a series of revolutionary-civil uprisings and anti-government protests, 

riots, and civil wars in the Arab world that started from December 2010 in Tunisia with the Tunisian 

Revolution, and spread throughout the countries of the Arab League.” 

(<https://www.amnesty.org/en/latest/campaigns/2016/01/arab-spring-five-years-on/>). As a result, the 

structures of the many authoritarian governments in the region were changed.   
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uncertainty, issues related to bureaucracy and corruption. In particular, political risk was 

higher in these countries during the 2000-2012 period. Most of the affected countries 

during the Arab Spring are developing countries; as a result, a sharp decline of PRI during 

2011-12 can be clearly seen in Figure 2.6.  

2.4 Income inequality 

The issue of inequality in the distribution of incomes across individuals in a country 

receives considerable attention in the development economics literature. In fact, earlier 

literature reduces the problem of development to a question of economic growth. 

However, in more recent years, a number of studies have shown that economic growth is 

a necessary, but not sufficient, condition to achieve development in non-monetary 

dimensions such as health, education, or poverty reduction (see Carmignani, 2011; 

Carmignani & Chowdhury, 2011). The developmental impact of economic growth is 

conditional on income inequality. More specifically, it appears that the beneficial effect 

of growth on human development increases (decreases) as inequality declines (increases). 

In other words, to be most effective in terms of development, growth must be inclusive, 

in the sense of occurring together, with a decline in income inequality. The interest in the 

relationship between inequality and stock market volatility stems from these 

developmental considerations. 

2.4.1 Background of the Concept 

Economic inequality can be simply defined as the difference in economic well-being 

across individuals within a country or across countries. In practice, inequality can be 

measured with reference to income, wealth (i.e., asset ownership) or consumption. Wealth 

inequality may include properties such as inherited houses, buildings, vehicles, financial 

assets such as bonds and stocks, and individual property rights. Due to data availability, 
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the present study uses the income metric to represent economic inequality. The statistical 

measurement of inequality is generally done through the Gini coefficient, which is an 

indicator based on the Lorenz Curve.  

The Lorenz curve, introduced by Max O. Lorenz (1905), is a graphical explanation of 

income or wealth distribution of a country that shows what percentage of total income is 

earned by the bottom ‘x’ percentage of households. The example in Figure 2.7 shows that 

the bottom 10% of households have 5% of overall income. The line of perfect equality 

indicates that the bottom ‘x %’ of households have ‘x%’ of the overall income of the 

economy, which in other words implies a perfectly equal society, in which everyone earns 

the same income.  

The Gini coefficient can then be mathematically defined, from the Lorenz curve, as the 

ratio of the area between the ‘line of perfect equality’ and the estimated Lorenz curve 

(area A), and the total area under the ‘line of perfect equality’ (area A+B, see Figure 2.7).  

 The Gini Coefficient = 
𝐴

𝐴+𝐵
 

Figure 2.7 

A Model Lorenz Curve 
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Therefore, the Gini coefficient is a measure of inequality, based on the comparison of 

cumulative proportions of the population against cumulative proportions of the income 

they receive.13 By definition, the index ranges between 0-1: with 0 representing the case 

of a perfectly egalitarian society and 1 representing a perfectly unequal society where 1 

individual owns the entire wealth of the country.14  

There are two widely used databases on the Gini coefficient: (1) the world income 

inequality database (WIID), compiled by the United Nations University World Institute 

for Development Economics (UNU-WIDER); and (2) the standardized world income 

inequality database (SWIID) compiled by Salt (2016). The Gini index, calculated before 

tax deductions, is called the market Gini coefficient; the Gini index, calculated after tax 

deductions, is called the net Gini coefficient. 

Another statistical measure of inequality, proposed by the econometrician Henry Theil, 

is the so-called Theil index, which is computed as the sum of the weighted average of 

inequality within a set of subgroups/sub regions and the inequality between those 

subgroups/sub regions. The decomposition of the Theil index provides the opportunity to 

perform analyses on inequality between sub regions, which cannot be done using the Gini 

index estimates. However, the Gini coefficient is the preferred statistic, since it is 

calculated as a single number to represent the income distribution, which makes it easy 

to compare within a country as well as with other countries. 

                                                 
13 See OECD (2017), Income inequality (indicator). From <https://data.oecd.org/inequality/income-

inequality.htm >  Retrieved on 15 June 2017. 
14 While the Gini coefficient is a widely used measure in empirical work, it is important to acknowledge 

its limitations. In particular, the Gini coefficient does not capture absolute differences in income and 

demographic characteristics. Also, from a statistical point of view, the Gini coefficient does not include 

income generated in the informal sector. See Chitiga et al. (2015) for a more comprehensive discussion.  
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Inequality can also be measured in term ratios of median (or average) incomes of different 

percentiles of income distribution. For instance, a commonly used ratio is P90/P10, which 

is the ratio of the median income of the top 10% of the income distribution over the 

median income of the bottom 10% of income distribution of percentile ratios. Other often-

used rations are P50/P10 and P90/P50. 

2.4.2     Income Inequality in Recent Years 

It is important to understand how income inequality has changed over the last few 

decades. Figures 2.8 and 2.9 provide some preliminary evidence on inequality across 

selected industrial and emerging countries.15 Percentage change in income inequality is 

computed using the difference between the Gini coefficient of the starting year and that 

of the ending year of the sample period, based on the available data.16 In this way, it gives 

a simple idea of how income inequality has changed during this period. 

1. Income inequality has risen in some industrial and developing countries, 

while it has reduced in other countries in the group. 

Figure 2.8 

 

Income Inequality in Selected Industrial Countries (1995-2014)  

Source: Author’s calculation based on WIID data. 

                                                 
15 The same countries are used in the econometric analysis in Chapter 5. See Table A 2.1 of Appendix A 

for the list of Countries in the panel. 
16 In the case of missing data, the data on the next available year are used. For instance, the Gini coefficient 

for Bulgaria is available only from 2004, so that the starting year is 2004. The Gini coefficient for Malaysia 

uses the 2012-2014 data.  
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Figure 2.8 shows a large variation in change in income inequality across these countries. 

Income inequality has widened in some industrial countries, but reduced in some other 

countries. Among the selected high-income countries, European countries such as 

Denmark, Finland, Croatia, Cyprus, and Sweden report a considerable increase in the 

Gini coefficient during the reference period. Among them, Denmark records the highest 

percentage increase in income inequality during 1995-2014, as it increased by 25 percent. 

This increase in income inequality in Denmark over the years is also noted in the 2016 

report of Danish Economic Councils.17 According to the report, ‘Danish Economy 

Autumn 2016’, the Gini coefficient of disposable income has risen from 0.20 in 1990 to 

0.27 in 2014, and the increase in income inequality has created some impact on the bottom 

and the top parts of the income distribution (Danish Economy Autumn, 2016: pp. 335). 

The report mentions that the large capital income gained from equities and lower interest 

rates has caused the net capital income of the top income bracket to increase. The situation 

is not so different in Sweden, another Nordic country. As one OECD report states, the 

income inequality in Sweden has widened between 1985 and the early 2010s, the largest 

among all OECD countries, an increase of nearly 33%.18 These examples from Denmark 

and Sweden indicate that, though they are still considered to be ‘more equal’ societies 

when compared to the rest of the world, concerns about the rising inequality within their 

societies cannot be under-estimated.19 Among the many industrial countries in which the 

income inequality was reduced over time, the reduction in Belgium, Chile, Ireland, South 

                                                 
17 Danish Economy Autumn 2016, compiled by the Danish Economic Councils. The English Summary. 

<https://www.dors.dk/files/media/rapporter/2016/E16/e16_english_summary.pdf> 

Retrieved on 14 June 2017. 
18 See the OECD report <https://www.oecd.org/els/soc/OECD-Income-Inequality-Sweden.pdf> for more 

details. Retrieved on 14 June 2017. 
19 Added to this, the decomposition analysis by income groups on Finland by Riihela et al. (2002) shows 

that growing capital income shares has been one of the most significant causes of the widening inequality 

in Finland during 1990s. 
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Korea, Netherlands and Portugal is highlighted, as their income inequality was reduced 

by nearly 10% during the period 1995-2014 (Figure 2.8).  

In comparison, many developing countries in the panel have also reported marked 

reduction in income equality (Figure 2.9). Among them, countries such as Argentina, 

Brazil, Jamaica, Malaysia, Russia and Venezuela have reported a lower Gini coefficient 

in the early 2010s, when compared to 1995 (Figure 2.9). Despite such a decrease in 

income inequality, many of these countries are still considered highly unequal countries 

(Dabla-Norris et al., 2015). 

Figure 2.9 

Income Inequality in Selected Developing Countries (1995-2014) 

 

Source: Author’s calculation based on WIID data. 

 

The highlighted cases are Bulgaria, a transformed economy in which the severity of 

inequality has risen by more than 30 percent during the last two decades; and Indonesia, 

where the situation is not so different, as income inequality has increased by nearly 15 

percent.   
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2. There is a severe imbalance in wealth distribution around the world. 

In many countries, most of the income and wealth are concentrated around 1 to 10 percent 

of the population. For example, a third of the total wealth in USA is held by 1 percent of 

the total population (Dabla-Norris et al., 2015). Saez (2009) shows that the income share 

of the top 10th decile, which has dramatically increased during the last few decades in 

USA, had reached the pre-World War II situation by 2007. Similar situations can be 

observed in many other industrial countries. However, Alvaredo, Atkinson, Piketty and 

Saez (2013) provide a slightly different argument. While many high-income countries, 

including USA, have experienced a dramatic rise in the income share of the top decile, 

some other industrial countries have seen a modest or only a small increase in the income 

share of the top decile. Countries such as Japan, Germany and France, compared to USA, 

have not seen such a significant increase in their top income shares during the last few 

decades (Alvaredo et al., 2013). 

 

Wealth distribution across the continents remains largely unchanged during the period 

2010-2015. Figure 2.10 shows some insights on this issue. Based on the Global Wealth 

Reports 2010 and 2015, this figure shows the geographical composition of wealth 

distribution, in terms of per-capita adult wealth. As the most populous countries, India 

and China are also included into this comparison. During the period, North America has 

dominated the wealth distribution, the largest owner of wealth in the world. For instance, 

by 2010, one North American adult owned wealth amounting to $184,019, and by 2015, 

the per-capita adult wealth has increased up to $342,302. The population of North 

America in 2015 was 357 million, approximately 0.04 of the world population. It is 

clearly evident that a significant amount of wealth is concentrated among less than 1% of 

the world population. However, in Africa, which accounted for more than 16 percent of 
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the world population in 2015, the adult wealth per capita was just $4,536. One interesting 

aspect is that, by 2015, China had surpassed both Latin American and Caribbean countries 

in adult per-capita wealth. 

 

Figure 2.10 

Distribution of the Wealth around the World: 2010 - 2015 

 

Source: Global Wealth Reports: 2010 and 2015. 

 

3. Disparity in the income distribution can be clearly visible within the 

countries as well as among the countries. 

In 2014, Colombia recorded a Gini coefficient of 53.3, the highest measured income 

inequality for the year among the group of countries. Norway reported their estimated 

Gini coefficient to be 23.5, the lowest measured. 
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Figure 2.11 

Estimated Lorenz Curve – Colombia and Norway (2014) 

      
 

Source: Author’s calculation based on WIID data. 

 

The Lorenz curve analysis may provide a better comparison of the situation in these two 

countries. The magnitude of the income inequality can be clearly seen in Figure 2.11. 

While the highest 10% of the wealthiest people (Decile 10) of the population of Colombia 

owned 42.1% of the total income in 2014, the same top 10% of the population of Norway 

owned only 21.1% of the total income. Next, the poorest 80% of Colombia shares only 

42.1% of the total income, whereas the poorest 80% of Norway enjoys nearly 2/3 of the 

total income (65.3%).  

 

These early chapters provide the background through an overview and a simple 

descriptive analysis of the key concepts of the research. To shed more light on the 

interactions between these concepts, Chapters 3, 4 and 5 present the evidence in three 

studies, based on more rigorous econometric modelling using data on groups of countries. 
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As the first part, Chapter 3 investigates the role of political stability in stock market return 

volatility. The assessment of the volatility forecasting models follows in Chapter 4, as the 

second study. Chapter 5, the final part of the econometric estimations, delivers the 

empirical evidence for the influence of stock market return volatility in intensifying 

income inequality around the world.  
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CHAPTER THREE 

THE ROLE OF POLITICAL INSTABILITY IN 

STOCK MARKET RETURN VOLATILITY:  

EVIDENCE FROM PANEL DATA ANALYSIS 

 

 

This chapter includes a sole-authored paper. The bibliographic detail is as follows:  

 

Vidanage T. N. The role of political instability in stock market return volatility: Evidence  

from panel data analysis. Scottish Journal of Political Economy (under review) 
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3.1     Introduction  

A fundamental role of financial systems is to allow individuals to diversify the risk associated 

with shocks that alter the pace of economic activity and hence affect their disposable income. 

This role obviously hinges on the ability of financial systems to provide stable returns when 

the economy is affected by such shocks. At the aggregate level, political factors tend to be 

one of the key sources of shocks. It is therefore unsurprising that the relationship between 

political shocks and economic/financial outcomes has now become the object of a wide 

literature. The purpose of this chapter is to further extend this line of research by looking at 

how political shocks influence the volatility of stock market returns.   

Political instability can affect stock market return volatility through various channels. For 

one thing, instability is likely to result in sudden changes in government economic policy, to 

which investors respond by altering their market strategies, thus causing sharp fluctuations 

in stock prices. For another, instability generates uncertainty about the future socioeconomic 

environment. This in turn hinders investment prospects and makes the economy generally 

more vulnerable to other idiosyncratic or aggregate shocks. Building on these considerations 

is a large body of research that investigates the impact of political instability on stock market 

performance. Most of this literature focuses on stock returns, concluding that greater political 

instability reduces stock market returns (see, for example, Lehkonen & Heimonen, 2015; 

Dimic et al., 2015), instead of working empirically on the linkage between political instability 

and stock market return volatility. Boutchkova et al. (2011) use industry level data, while 

Chau et al. (2014) focus on the MENA subregion. Asteriou and Sarantidis (2016) use a 

GARCH approach on a sample of OECD countries.    

Against this background, the research investigates the effects of political instability on stock 

market return volatility for a panel of emerging and developed countries. Its key innovative 

feature is that it disentangles political instability from institutional quality by looking at the 
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structural relationship between these two factors and volatility. First, using a single-equation 

reduced-form approach, the study quantifies the direct effects of democracy on stock market 

return volatility. Second, a system of equations is then used to explore the structural 

interactions among democracy, instability, and volatility. Another innovative aspect of the 

research is its focus on the cyclical components of the relevant variables and its use of a 

global sample, typically larger than the samples used in previous studies.  

The analysis shows that political stability reduces stock market return volatility, which is 

consistent across different specifications and estimation methods. Democracy also matters, 

but only as a determinant of political instability; that is, once controlling for the effect of 

political instability, democracy does not directly affect stock market return volatility. These 

findings imply that the institutions that reduce political risk can help stabilize stock markets. 

The rest of the chapter unfolds as follows. Chapter 3.2 briefly discusses the empirical 

literature pertaining to the study of political instability and financial markets. Chapter 3.3 

explains the methodology and the data used in the econometric analysis. Chapter 3.4 

discusses the empirical results. Chapter 3.5 provides concluding remarks and important 

policy implications. 

3.2 Literature Review 

3.2.1 Political Risk and Stock Market Prices and Returns1 

The relationship between political risk factors and financial market performance has received 

considerable attention in the literature since the early studies of Diamonte et al.(1996), Erb 

                                                 
1This section covers studies on both developed countries and developing countries. Therefore, only some of the 

studies focuses on developing or emerging markets. See for instance, Diamonte et al. (1996); Lehkonen & 

Heimonen (2015); Dimic et al. (2015); Erb et al. (1996); Asongu (2011); Boutchkova et al. (2011); Mei & Guo 

(2004). 
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et al.(1996b), Perotti and Van Oijen (2001) and Bilson, Brailsford and Hooper (2002). The 

majority of these studies conclude that political risk negatively affects stock prices. In 

addition, Diamonte et al. (1996) and Erb et al. (1996b) regard political risk as less of a 

problem in more advanced countries, which still appear to sustain positive average returns 

even in times of increasing political risk. More recent contributions align with earlier 

findings. For instance, Lehkonen and Heimonen [using Arellano-Bond Sys-GMM method, 

(2015)] and Dimic et al. (using fixed-effect panel data models) (2015) find that political 

instability weakens stock market performance. Dimic et al. (2015) also report that aggregate 

political risk has a larger impact in emerging markets than in developed markets. Most studies 

use ICRG-PRI to measure political instability (see, for instance, Diamonte et al., 1996; 

Boutchkova et al., 2011; Dimic et al., 2015; Lehkonen & Heimonen, 2015). Both Lehkonen 

and Heimonen (2015) and Dimic et al. (2015) investigate the possible sources of political 

risk by examining the relationship between sub-components of ICRG-PRI and stock returns 

(see Figure 2.5 for more details on ICRG Political Risk sub-components). Among their 

results, Dimic et al. (2015) conclude that only the ‘government actions’ negatively affect 

stock returns, regardless of the type of market, and that the effects of other individual 

components vary across different markets. Lehkonen and Heimonen (2015) report that all 

except three of the sub-categories of the PRI show a significant positive relationship with 

stock returns: corruption, ethnic tension and bureaucracy quality were not statistically 

significant.  

Some recent studies claim that the response of the stock markets to political events may vary 

depending on country-specific conditions. Such evidence was provided by Chang, Chen, 

Gupta and Nguyen (2015), who use a bootstrap panel causality test to examine the causal link 

between political uncertainty and stock market performance in seven OECD countries. 

Interestingly, they find that not all the OECDs in the group were sensitive to the 
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announcement of policy changes. Only in Italy and Spain are stock prices affected by political 

uncertainty; no such significant causal link was found in Germany, France and Canada. Those 

authors argue that the non-linear, asymmetric nature of the causal link between stock prices 

and political uncertainty may explain such differences across countries. In particular, they 

suggest that policy uncertainty may affect stock prices only after a certain threshold level. 

Asteriou and Sarantidis (2016) reach similar conclusions. By examining the effects of 

political instability on banking indices and stock market indices in the OECD countries for 

the period 1993-2013 using GARCH-M model and Principal Component Analyses, they 

emphasize that, while the effects of the majority of the political instability indicators are 

negative, some instability indicators exhibit positive link with banking and stock market 

indices.  

3.2.2 Political Instability and Stock Market Return Volatility 

Few studies examine the impact of political instability on stock market return volatility. 

Beaulieu, Cosset and Essaddam (2005) look at the effect of the risk of separation of Quebec 

from Canada on stock market return volatility in Canada. Based on multivariate GARCH 

modelling for firm level data, they find that political risk affects only the conditional volatility 

of stock returns, not the mean returns or the risk premiums. This would imply that investors 

do not require a risk premium and hence that political risk must be diversifiable. Using two-

stage probit model techniques, Boutchkova et al. (2011) empirically test how local and global 

political risks affect stock market performance at the industry level. They find that not all the 

industries are equally sensitive to these factors. Results from a volatility decomposition test 

suggest that systematic volatility is more strongly associated with domestic factors, such as 

domestic political risk and domestic election uncertainty. Conversely, idiosyncratic volatility 

is more related to various global factors, such as global political risk and foreign election 

uncertainty. By analysing the specific characteristics of the identified volatility cycles or 
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‘volatility regimes’2, Gunay (2016) studies the impact of political risk arising from various 

internal political events on return volatilities of the BIST100 index of the Turkish stock 

market. The study concludes that there is a negative link between the level of political risk 

and stock market return volatility. Asteriou and Sarantidis (2016)3 show that empirical results 

might be sensitive to changes in the way in which political instability is measured.  

A related branch of the literature looks at the relationship between electoral uncertainty, 

partisan politics and stock market volatility. Mei and Guo (2004) examine the effects of 

elections on financial crises and stock market volatility. Based on a panel of 22 emerging 

markets for probit and switching regression models, they conclude that political elections and 

post-election transition periods4 increase stock market volatility. They further suggest that 

political effects are particularly strong in emerging market countries. Leblang and Mukherjee 

(2005), who examine the potential links between democratic politics and financial markets, 

investigate how the mean and the volatility of stock prices are affected by government 

partisanship and traders’ expectations of electoral victory – whether by the right-wing or the 

left-wing party. Using GARCH modelling approach, they find that the US and UK markets 

respond to general elections and partisan politics. In particular, they show that the expectation 

of a win of left-wing parties decreases mean stock prices;  when a right-wing party is expected 

to win, inflation is expected to decrease, then the trading volume and mean stock prices tend 

to increase. Using a sample of 134 election outcomes in 27 OECD countries, Bialkowski, 

Gottschalk and Wisniewski (2008) examine the impact of national elections on stock market 

                                                 
2 Gunay (2016) uses the Iterative Cumulative Sum of Square (ICSS) test developed by Inclan and Tiao (1994) 

and the modified ICSS test to identify volatility regime break dates. 
3 Asteriou and Sarantidis (2016) investigate the effects of political instability on stock returns and stock market 

volatility. 
4 Here, the post-election transition period refers to the period of power transition from the present government 

to the newly elected government. It is the period between an election and the actual establishment of the new 

government by the elected leader of the country. Thus, the transition period ends when the new leader is 

officially sworn in. This period can range from 12 hours to three months, or even more, depending on the 

provisions of the constitution, traditions, and the prevailing circumstance in the country.  
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volatility. They find that volatility is particularly high in the week after the election, which 

suggests that there is, on average, a surprise effect. They also report that newly established 

stock markets as well as markets with a short trading history show stronger responses to 

election outcomes. Finally, the link between political business cycles, elections, and stock 

movements has also been investigated by mean of case-studies. For instance, Döpke and 

Pierdzioch (2006) find that, unlike the stock markets in the USA, stock market performance 

in Germany is not systematically higher during liberal governments than during the 

conservative governments. 

Another relevant strand of the literature looks at the effect that political factors other than 

instability have on stock market volatility. Particularly important here is the role of 

institutions. For example, Asongu (2011) finds that better institutions, as measured by the 

quality of the polity, improve stock market performance in a sample of 14 African countries. 

Similarly, for a sample of African countries, Biswas and Ofori (2015) find that more 

democratic countries tend to have more liquid stock markets. In a similar way, Lehkonen and 

Heimonen (2015) report a significant link between democracy and stock returns within a 

broader panel representing 48 emerging markets.  

3.3 Research Methodology and Data 

Most previous studies estimate a single equation model using panel data techniques. In this 

study, both a single-equation reduced-form and a system of equations models are used. 

3.3.1. Single Equation Model 

The analysis begins with the estimation of a reduced form single equation model specified 

as: 
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𝑦𝑖𝑡 = 𝛼 + 𝜌𝑦𝑖𝑡−1 + 𝛽𝑥𝑖𝑡 + ∑ 𝜃𝑗𝑧𝑗,𝑖𝑡

𝑛

𝑗=1

+ 𝜀𝑖𝑡         (3.1) 

where i = 1, 2, …, 54; t = 1995, 1996, …, 2014; i denotes a generic country in the sample 

and t denotes a time (year), y is a measure of stock market return volatility and x is an indicator 

of political instability. The zj’s are the selected control variables, 𝜀 is the error term, and α, ρ, 

β, and θj’s are the coefficients to be estimated. The inclusion of the lagged dependent variable 

captures the potential time dependence in stock market return volatility.5 As discussed below, 

this creates some complications in estimation, if the error term consists of a country fixed 

effect plus white noise. 

To operationalise equation (3.1), empirical definitions of y, x and zj’s are required. The 

dependent variable (stock market return volatility) is calculated from the daily stock market 

data. Stock market return volatility (VOL) is defined as the standard deviation of the HP 

filtered stock market return series. 6        

Political instability (PSTB) is measured by the PRI published by ICRG. As mentioned in 

Section 3.2, this is a widely used indicator in the literature. The PRI is constructed based on 

12 sub-components7. The higher values of the index correspond to lower political risk. 

Therefore, a negative estimated β will indicate that political stability (instability) lowers 

(increases) stock market return volatility.  

The “POLITY” index available from the Polity IV Project is used to measure democracy. This 

index is defined on a scale from +10 to -10, with higher values denoting stronger checks and 

balances and hence a better quality of polity. 

                                                 
5 With annual data, the one period lag incorporates all the information from previous periods and it is 

therefore the appropriate lag to capture any mean reverting effect.   
6 Stock market return volatility is calculated as explained in Chapter 2.2.2. 
7 See Figure 2.5 for more details. 
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The other control variables are meant to account for the influence of six main factors that 

previous research has identified as relevant determinants of volatility:  

- Growth rate of GDP (GDPGRO). Economic growth might affect volatility in two 

ways. On the one hand, faster growth, by creating more positive expectations about 

future economic conditions, can increase investment and reduce uncertainty, thus 

reducing overall volatility. On the other hand, if the growth process occurs through 

booms and busts, it might be associated with higher stock market volatility.  

- Real interest rate (RINT). Higher real interest rates tend to attract investors towards 

the bond market and away from the stock market. Stock markets tend to become 

shallower and hence more vulnerable to shocks, which in turn results in higher 

volatility.  

- Rate of inflation based on GDP deflator (INF). Inflation, typically an indicator of 

macroeconomic instability, is therefore expected to be associated with greater 

uncertainty and stock market volatility. 

- Annual percentage change in US Dollar exchange rate (ΔEX) relative to the currencies 

of other countries. This variable picks exchange rate fluctuations. The expectation is 

that a more volatile foreign exchange market will lead to a greater volatility of 

international capital flows, and hence to greater volatility of the domestic stock 

exchange. 

- Foreign direct investments as a percentage of GDP (FDI). To the extent that a larger 

FDI flows translates into a more liquid stock market, the relationship between FDI 

and volatility should be negative. 

- Annual percentage change in world crude oil prices (ΔOIL). International commodity 

price changes constitute a major source of fluctuations in the domestic economy and 

hence, in theory, should increase stock market volatility. 
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See Table B 3.1 of Appendix B for a detailed description of and sources of these variables. 

Estimation 

A “traditional” approach to the estimation of equation (3.1) specifies the error term as 𝜀𝑖𝑡 =

𝑓𝑖 + 𝜖𝑖𝑡 where f is a country-fixed effect and 𝜖 is a white noise. The fixed effect captures 

unobserved country heterogeneity by allowing the intercept of equation (3.1) to vary across 

countries. However, the lagged dependent variable and the error term are correlated by 

construction in the presence of a fixed effect. This makes the fixed effect estimator 

inconsistent. An obvious possible solution is to drop the lagged dependent variable; that is, 

to specify a static equation as opposed to a dynamic model. Fixed effect estimates of the static 

model are reported in Section 3.4. However, it is clear that if the model is truly dynamic, then 

the lagged dependent variable becomes an omitted variable and the fixed effect estimates 

become biased.  

A second estimation approach, which goes back to Arellano and Bond (1991), removes the 

fixed effect by taking first differences of equation (3.1). The resulting equation could be 

estimated by the OLS method or the generalized least squares (GLS) method if all the 

regressors were exogenous, which is, however, hardly ever the case. Arellano and Bond 

(1991) then defined a generalized method of moments (GMM) estimator that uses lagged 

values of the regressors as instruments in the first-difference equation. This approach has 

been further refined by Arellano and Bover (1995) and Blundell and Bond (1998), who 

suggest using additional moment conditions to improve the efficiency of the GMM estimator. 

The “sys-GMM” estimator uses both the original equation in levels and the first-differenced 

equation. First-differenced lagged values are used as instruments for the level equation, and 

lagged levels are used as instruments for the first-differenced equation. 
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A problem with the sys-GMM estimator is that the number of instruments generated by the 

procedure grows exponentially as the time series dimension of the panel increases. In this 

study, as discussed below, the time dimension is indeed quite long (up to 20 time periods), 

which could lead to instrument proliferation; that is, a situation where simply too many 

instruments are generated and the endogenous variables are overfit. This would in turn 

invalidate any form of statistical inference. To address the issue, we follow Roodman 

(2009b): we (i) reduce the number of lags used to generate instruments and (ii) collapse the 

instruments. In addition, to correct for the downward-bias, standard errors are corrected 

following Windmeijer (2005). 

Sys-GMM estimates are also reported in Section 3.4. The procedure relies on the assumption 

that lagged values are valid instruments and that the model is correctly identified, in terms of 

endogenous, pre-determined and exogenous variables. Three statistical tests that help verify 

the correctness of these assumptions will be reported: 

1. Arellano–Bond test of autocorrelation 

Under the Arellano–Bond approach, for lagged values to be valid instruments, there should 

be no second-order auto correlation of residuals in the differenced equation (first order 

autocorrelation is present by construction). To check whether this is indeed the case, Arellano 

and Bond propose a test of the null hypothesis (H0) that ‘there is no second-order serial 

correlation based on residuals in the differenced equation’ against the alternative (H1) that 

‘there is second-order serial correlation based on residuals in the differenced equation’. 

Failure to reject the null hypothesis confirms that there is no second-order auto correlation of 

the residuals, and thus implies that lagged values appear to be valid instruments for the 

endogenous regressors of the model. 

 

2. Hansen test of over-identifying restrictions 
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The validity of the GMM estimations is based on one crucial assumption: that the instruments 

appear to be exogenous in the model. The validity of this assumption can be tested only if the 

model is over identified (the number of instruments is greater than the number of endogenous 

regressors). Therefore, the Hansen test of over-identifying restrictions is a standard test of 

‘exogeneity’ of instruments under the two-step GMM estimation approach. The test statistic 

is robust to heteroscedasticity and autocorrelation. The null hypothesis that ‘instruments are 

correctly excluded and uncorrelated with the error term’ is tested using the J statistic proposed 

by Hansen (1982). This is the minimized value of the two-step GMM criterion function. 

Failure to reject the null indicates that instruments are exogenous.  

3. Difference in Hansen test8 

The validity of the subset of suspect instruments (i.e., whether a particular subset of 

instruments appear to be exogenous in the model) can be tested via the Difference-in-Hansen 

test. The test statistic is also known as C statistic. The null hypothesis states that the full set 

of instruments and the subset of instruments are correctly excluded and uncorrelated with the 

error term (i.e., they are exogenous in the model). The failure to reject the null hypothesis 

implies that the full set of orthogonality conditions is valid, and that there are no doubts over 

the exogeneity of the suspected instruments. According to Roodman (2009a), when the 

estimation is performed with and without a subset of suspect instruments, the difference in 

the two reported Hansen test statistics9 under the null hypothesis of joint validity of the full 

instrument set is itself asymptotically ‘z’, with degrees of freedom equal to the number of 

suspect instruments.  

 

                                                 
8 The results of this test are reported in Table B 3.4 of Appendix B.  

9 Here, the two Hansen test statistics are the Hansen test statistic obtained from the regression estimated with a 

subset of suspect instruments, and the Hansen test statistic, obtained from the regression estimated without the 

said subset of suspect instruments. 
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3.3.2.  System Estimation 

A limitation in estimating a single equation model like equation (3.1) is that political risk 

could be endogenously determined by some other regressors. In particular, one would expect 

POLITY to be a determinant of political stability. If this is really the case, then the 

simultaneous inclusion of political risk and POLITY on the right hand side of equation (3.1) 

would potentially create a collinearity problem, which would then result in the standard errors 

of the estimated coefficients of these two variables being excessively large. It is therefore 

advisable to account explicitly for this relationship by estimating a system of two equations 

whereby the first equation is equivalent to (3.1) and the second equation models the 

determinants of political instability as follows:  

𝑥𝑖𝑡 = 𝛾 + 𝜎𝑤𝑖𝑡 + ∑ 𝜗𝑗𝑠𝑗,𝑖𝑡 + 𝜇𝑖𝑡
𝑚
𝑗=1     (3.2)       

where x is the measure of political risk previously introduced, w is the POLITY index, s are 

a suitable set of controls, and µ is an error term. The parameters to be estimated are  𝛾, 𝜎  and 

𝜗𝑗.   

Following the previous literature (Blanco & Grier, 2009; Goldstone et al., 2010), the set of 

controls also includes lagged values of output growth (economic growth), trade as a share of 

GDP, and inflation10 plus three additional socio-political variables: ethnic fractionalization 

(EFC), the number of reported occurrences of ethnic/civil violence/war (ACTOTAL) and the 

number of years the incumbent government has already been in office (DUR). The economic 

variables are lagged to reduce the possibility of reverse causality. They are meant to capture 

the effect that deteriorating economic conditions and living standards have on the 

incumbent’s ability to stay in office. The underlying idea is that worse economic conditions 

increase unhappiness among voters/population, which in turn can lead to various forms of 

                                                 
10 See Table B 3.1 for the definitions of these variables. 
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instability, including voting the incumbent out of office, social unrest, and possible outright 

conflict. According to Alesina et al. (2002), ethnic fractionalization is given by the 

probability that two randomly drawn individuals from the population belong to two different 

groups, and its maximum value (1) is reached when each person belongs to a different group. 

Ethnic fractionalization captures the disruptive effect that tension along ethnic/religious lines 

could have on the stability of the government. The duration in office of the incumbent is 

instead used to capture the duration dependence in government turnover. To allow for non-

zero correlation in error terms across equations, the system is estimated by the three-stage 

least square method (3SLS).  

 

3.4         Results and Discussion 

Equations (3.1) and (3.2) are estimated on a panel of annual observations taken over 54 

countries for the period 1995-201411 (see Table 3.1 and Appendix B: Table B 3.2 for some 

summary statistics and correlation matrices, respectively). Figure 3.1 plots the country 

averages of political stability and stock market return volatility. As can be seen, the 

relationship appears to be negative.  

Table 3.1 

Descriptive Statistics 

Variable Mean St. Dev Min  Max No. of Obs. 

VOL 0.0157491 0.0104406      0.0008497 0.11846 1013 

PSTB 74.57853       12.32473           43.83333 96.08334 1068 

ΔEX 4.01318       33.36339 -99.9386   845.4673 1056 

GDPGRO 3.211164     3.404783   - 13.12672 18.28661 1079 

                                                 
11  See Table A 2.1 of Appendix A for a list of selected countries and data availability for ICRG-PRI. 
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ΔOIL 16.29884    48.64693   61.76345    136.5275 1080 

INF 7.106993       31.308   -17.21635    144.0031 1078 

RINT 4.415001     8.99804   -70.43221    93.93745 1038 

FDI 4.245256    10.04403   -79.73696    142.4163 1063 

POLITY 6.263889   8.224367         -7.0 10 1080 

EFC 0.3206652    .2222535     .001998    0.7517429 1080 

DUR 44.07593            40.77386           0 205 1080 

ACTOTAL 0.662963              1.591019           0 9 1080 

TRD 83.2739    61.40567    15.63556    439.6567 1075 

Notes: St. Dev =Standard Deviation, Min = Minimum, Max = Maximum, No.of Obs. = Number of observations. 

VOL = Annual volatility; PSTB=Political stablity;  ΔEX = Change in exchange rate (%); GDPFRO = GDP 

growth rate; ΔOIL = Annual change in world oil price (%);  INF = Inflation; RINT = Real interest rate; FDI 

=Foreign Direct Investment (% of GDP);  POLITY= Measure of democracy; EFC=Ethnic fractionalization; 

DUR  = Rigime durability; ACTOTAL = Sum of scores related to ethnic war/violence, civil warfare/ violence 

; TRD = Sum of exports and imports (% of GDP);  

 

Figure 3.1 

Political Stability and Stock Market Return Volatility 

for some summary statistics  

 

3.4.1 The Single Equation Estimates 

Estimates of equation (3.1) are reported in Table 3.2. The first two columns present the fixed 

effect (FE) estimates of the static model; the last two columns report the sys-GMM estimates 
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of the dynamic model.12 The variable POLITY is included as a regressor in the second and 

the fourth columns. To interpret the results, it is important to remember that political risk is 

measured by an index that increases its value the more stable the country is. It is therefore a 

measure of political stability. According to Table 3.2, based on the estimates of model (1), a 

one standard deviation increase in political stability decreases stock market volatility by 

approximately two standard deviations. Therefore, a negative estimated coefficient on this 

variable implies that an increase in political stability (i.e., a reduction in political risk) reduces 

stock market return volatility.  

The estimation results are qualitatively similar across different models. All the explanatory 

variables are statistically significant, except for three: real interest rate, FDI (model 1 and 

model 2) and POLITY. It is interesting to see that inflation rate is positively correlated with 

annual volatility, while the GDP growth rate is negatively correlated with annual volatility. 

A lower GDP growth rate creates more volatility as it exacerbates uncertainty about longer-

term economic conditions. Conversely, a lower inflation rate is likely to be perceived as a 

sign of increased macroeconomic stability, therefore leading to greater certainty and hence 

lower stock market volatility. It is surprising to see that stock market return volatility is 

positively linked with FDI, and negatively linked with ΔOIL, which was not expected. The 

inclusion of the lagged dependent variable is justified, as it is statistically significant at the 5 

percent level. This shows that the current period volatility is influenced by the information 

on its previous period volatility. 

The central finding is that political stability significantly reduces volatility. This result holds 

across the two estimators. However, there appears to be no effect stemming from the quality 

of POLITY, which is perhaps surprising. This might indeed be a reflection of the fact that 

                                                 
12 Here, all the explanatory variables are assumed to be exogenous, except FDI and real interest rate, which are 

treated as endogenous. 
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polity is potentially a determinant of political instability and hence the single equation model 

is inadequate to capture the full extent of the effect of polity on stock market return volatility. 

The system estimates presented subsequently shed some additional light on this point. 

Table 3.2   

Effects of Political Stability on Stock Market Return 

Volatility: The Single Equation Estimation 

Dependent variable: Annual Volatility (VOL) 

 

 

 

Independent 

variables  

 Model 1 

 

 Model 2 

 

Model 3 

 

 Model 4  

 

FE 

 

FE 

(with POLITY) 

 

sys- 

GMM 

 

sys- GMM 

(with POLITY) 

PSTB -0.00194   

(0.00073) ** 

-0.00192   

(0.00074) ** 

-0.00173    

(0.00087)* 

  -0.00174   

(0.00086)** 

ΔEX -0.00034   

(0.00016) ** 

-0.00034   

(0.00016) ** 

-0.00025   

(0.00014)* 

-0.00026   

(0.00014)* 

GDPGRO 

 

-0.00298   

(0.00044)*** 

-0.00297  

(0.00044)***  

-0.00258   

(0.00052)*** 

-0.00258   

(0.00052)*** 

ΔOIL -0.00117    

(0.00021)*** 

-0.00118  

(0.00021) *** 

-0.00150   

(0.00024)*** 

-0.0015   

(0.00024)*** 

INF 0.00467   

(0.00239)* 

0.00461   

(0.00236)* 

0.00572   

(0.00209)*** 

0.00576   

(0.00210)*** 

RINT 0.00130    

(0.00090) 

  0.00129  

(0.00090) 

0.00032   

(0.00181) 

0.00031  

(0.00175) 

FDI 0.00011  

(0.00029) 

0.00010   

(0.00029) 

0.00239   

(0.00086)*** 

0.00243   

(0.00089)*** 

VOL(t-1) - - 0.14152 

(0.06558)** 

0.14161 

(0.06448)** 

POLITY - -0.00036   

(0.00023) 

- 0.00001   

(0.00040) 

Constant 0.01610   

(0.00013)*** 

0.01612   

(0.00013)*** 

0.01402   

(0.00151)*** 

0.01394   

(0.00151)*** 

     

No. of Obs. 931 931 882 

 

882 

No. of groups 

(n) 

53 53 53 53 

No. of 

instruments (i) 

- - 55 56 

Instrument ratio 

(n/i) 

- - 0.96 0.94 

R-squared  0.1244 0.1248 - 

 

- 

Table 3.2 Contd. 
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F-stat 

(Prob>F) 

14.96 

(0.000)*** 

13.28 

(0.000)*** 

26.66 

(0.000)*** 

26.66 

(0.000)*** 

AR(2) test 

(Prob>z) 

- - 0.924 0.924 

Hansen J test 

statistic 

(p-value) 

- - 50.22 

(0.310) 

49.98 

(0.318) 

Notes: Models (1) and (2) are fixed effect models; (3) and (4) are System GMM estimations (with 

collapsed instrument sets). Only models (2) and (4) include ‘POLITY’. For models (1) and (2), 

heteroscedasticity robust standard errors are calculated; for (3) and (4), Windmeijer (2005) finite-

sample corrected standard errors are calculated; Standard errors are given in parentheses. ***, ** and 

* denote the statistical significance at 1, 5 and 10 percent levels, respectively. All the explanatory 

variables are standardized and range between 0 and 1. 

 

The diagnostic tests at the bottom of columns 3 and 4 confirm that the identifying 

assumptions underpinning the sys-GMM estimator are generally valid. Moreover, the 

instrument ratio (n/i) is nearly 1 in each model, meaning that instrument proliferation is 

unlikely to be a problem. Overall, the results of the post-estimation tests reveal that these 

models are correctly specified.  

A number of sensitivity checks were performed13. In particular, results do not substantially 

change when the dependent variable in equation (3.1) is calculated as the standard deviation 

of the original return series rather than as the standard deviation of the de-trended return 

series. The effect of political stability on volatility remains negative and statistically 

significant when controlling for the effect of the GFC (by introducing dummy variables for 

years 2007 and 2008). In addition, an interaction term is included to measure the differential 

impact of political instability in developing countries14. These additional results are presented 

in the Appendix B (see Appendix B: Table B 3.4, Table B 3.5 and Table B 3.6, respectively). 

 

                                                 
13 I have re-estimated the equation/model 3.1 using the World Bank worldwide indicator (Political Stability 

and Absence of Violence).  Results confirm that the relationship is negative. 
14 The interaction term is generated as developing countries * political stability. However, the interaction term 

is not statistically significant in both sys-GMM models. 
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3.4.2 System Equation Estimates 

Table 3.3 presents the estimates of the system of two equations (equation (3.1) and equation 

(3.2)) using the 3SLS method.15 Model 1 shows the estimated coefficients for equation (3.1) 

(where the dependent variable is stock market volatility, hence called the ‘volatility 

equation’), while model 2 reports the estimated coefficients for equation (3.2) (where the 

dependent variable is political stability, hence called the ‘stability equation’). In the volatility 

equation, all the explanatory variables are statistically significant, except for two: the change 

in the exchange rate (ΔEX) and polity (POLITY). Similarly, in the stability equation all the 

explanatory variables are statistically significant, except for the one period-lagged GDP 

growth rate and the intercept. Consistent with the previous estimations (FE and sys-GMM), 

political stability in the volatility equation is negatively related to stock market return 

volatility. According to model (1) of Table 3.3, with the increase of one standard deviation 

in political stability index, stock market return volatility reduces by approximately two 

standard deviation units. Similarly, GDP growth rate is negatively linked with annual 

volatility, while the inflation rate is positively linked with market volatility.16 

Table 3.3 

Effects of Political Stability on Stock Market Return 

Volatility: System Equation Estimations 

 

Model 1: Stock market return volatility 

     (Equation: volatility) 

 

Model 2: Political Stability 

     (Equation: stability) 

Dependent variable : Annual Volatility 

 

Dependent variable : Political Stability 

PSTB -0.00182    POLITY 0.26347   

                                                 
15 Again, FDI and real interest rate are assumed to be endogenous in the system. Dummy variables for each year 

(year-dummies – which equals 1 for a given year and 0 for all other years) are also included as exogenous 

variables, to be used as instruments for the endogenous variables in the first-stage regressions).  
16 As a sensitivity analysis, the dependent variable in equations (3.1) is calculated as the standard deviation of 

the original return series rather than the standard deviation of the de-trended return series. The results remain 

unchanged (see, Table B 3.6 of Appendix B). 
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 (0.00073)**  (0.02485)*** 

ΔEX -0.00057    

(0.00035)   

EFC -0.07874   

(0.01908)*** 

GDPGRO -0.00191    

(0.00038)***   

DUR 

 

0.35617    

(0.01996)***   

ΔOIL -0.00202    

(0.00035)***    

ACTOTAL 

 

-0.34420   

(0.01947)*** 

INF 0.00697   

(0.00160)***  

GDPGRO (t-1) 0.01500 

(0.01994) 

RINT 0.00509    

(0.00105)***     

INF (t-1) 

 

-0.53084 

(0.06797)*** 

FDI 0.00403    

(0.00113)*** 

TRD(t-1) 

 

0.21175 

(0.02067)*** 

VOL (t-1) 

 

0.32391 

(0.03664)*** 

Constant 

 

 

0.02170 

(0.01946) 

 

 

POLITY 

0.00042    

(0.00049)     

R squared 0.6245 

Constant  0.01127    

(0.00070)*** 

  

R squared 0.0352   

Chi2 259.76 

(0.000)*** 

Chi2 1454.75 

(0.000)*** 

No. of  Obs 878 No. of  Obs 878 

                                                                                                             
Notes: Model 1 and 2 are estimated using 3SLS approach under system of equation model. Standard 

errors are in parenthesis. ***, ** and * denote statistical significance at 1, 5 and 10 percent levels, 

respectively. All the explanatory variables are standardized and range between 0 and 1. 

 

 

The variable POLITY, included in both equations, is to check both the direct and the indirect 

effects of democracy on stock market volatility. The direct effect is represented by the 

coefficient of POLITY in the volatility equation. The coefficient of POLITY is not statistically 

significantly different from zero, which means that POLITY has no direct effect on stock 

market volatility. The indirect effect is represented by the coefficient of POLITY in the 

stability equation. Table 3.3 shows that (i) the coefficient of POLITY is positive and 

statistically significant in the stability equation; (ii) the coefficient of PSTB is negative and 

statistically significant in the volatility equation. Therefore, the degree of democracy affects 

stock market volatility indirectly, by causing greater political stability. In other words, better 

polity (democracy) increases political stability and more stability reduces stock market return 

Table 3.3 Contd. 
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volatility. These results confirm the previous evidence on the positive link between political 

stability and the level of democracy given by Feng (1997) and Goldstone et al. (2010). As 

expected, ‘ethnic fractionalization (EFC)’ and ‘Actotal (ACTOTAL)’, the influence of the 

ethnic and civil violence/war, negatively affect the political stability. In a similar way, a more 

stable government, in terms of higher number of years in office, may deliver more political 

stability in the country. One period lagged ‘sum of the trade’ and inflation also shows a strong 

relationship with political stability, as they are highly significant at the one percent level.  

 

3.5. Conclusions and Policy Implications 

 

The study has sought to empirically quantify the effects of political stability on stock market 

return volatility for a panel of 54 stock markets for the period 1995-2014. The model is 

estimated using a single-equation reduced-form and a system of equations.  The study has 

three key findings. First, political stability reduces stock market volatility: this finding is 

consistent across different models and estimation approaches. Second, the degree of 

democracy is another important institutional dimension that affects volatility. However, this 

effect is only indirect: democracy contributes to political stability and through this channel it 

reduces volatility. After controlling for political stability, democracy has no residual direct 

effect on volatility. Third, more uncertain macroeconomic conditions, as measured in terms 

of higher inflation and lower GDP growth, increase volatility.  

 

Taken together, these results confirm that stock market volatility is, to a large extent, a 

consequence of uncertainty about the future course of policy-making. Therefore, institutional 

reforms that contribute to reducing this form of uncertainty will contribute to the stabilization 

of stock market returns and hence will support the consumption smoothing and insurance 

function of financial systems.  
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4.1 Introduction 

 

Understanding and predicting return volatility is important for three main reasons. First, 

investors look at the volatility of financial assets when taking investment decisions. 

Second, hedging and asset diversification strategies heavily rely on volatility forecasts. 

Third, policies for market stabilization and prevention of malpractices associated with 

excess volatility must be informed by reliable volatility forecasts. It is therefore not 

surprising that a large body of research has addressed the question of how best to 

empirically model volatility. However, most of this research focuses on the case of 

developed countries, while comparatively less attention has been devoted to emerging 

and developing countries. This paper contributes to filling in this gap in research. More 

specifically, the paper studies the predictive performance of different econometric models 

for a group of Asian emerging economies.1 

Compared to advanced economies, stock markets in emerging economies 2  are 

characterised by thinner trade volumes, more pervasive insider-trading, and possibly a 

greater exposure to distortionary political influences. 3  This in turn suggests that the 

theoretical and empirical approaches employed to study volatility in advanced economies 

are not necessarily suitable to study the case of emerging markets. On the other hand, 

even if generally shallow, stock markets in emerging economies still play a relevant role 

in the development process (see, for instance, Sing & Weisse, 1998; Sing, 2003; Hermes 

                                                      
1 Poon and Granger (2003), Hansen and Lunde (2005), and Celik and Ergin (2014) compare volatility 

forecasts model in advanced economies. The importance of extending the empirical analysis to emerging 

markets has also been noted by Bekaert and Harvey (2002). 
2 For a detailed discussion on emerging economies, see Khanna and Palepu (2010). 
3 Table C 4.1 in Appendix C shows that market capitalization in emerging markets is significantly lower 

than the OECD average. For a discussion of insider-trading cases, see Ameer and Othman (2008), Malaysia; 

Ranjan (2016), India; SEC (2014), Sri Lanka; and Bhattacharya and Daouk (2002), (a detailed analysis of 

the enforcement of insider trading laws for a set of 103 stock markets, including all these emerging 

markets). See also, <http://www.sacw.net/article2793.html> for a documented analysis of a case of 

distortionary political influences in Sri Lanka. 
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& Lensink, 2013).4 Therefore, they need to be specifically analysed. Our attention in this 

paper is on the predictive performance of symmetric and asymmetric GARCH models. 

Previous results for advanced economies suggest that ultimately simple, symmetric 

GARCH models are difficult to beat. Our analysis indicates that this is not necessarily the 

case for emerging economies. In fact, asymmetric models outperform symmetric models 

in in-sample forecasts, but the opposite is true in out-of-sample forecasts. We argue that 

this result opens up interesting avenues of future research. 

The rest of the chapter is organised as follows. Chapter 4.2 briefly reviews the current 

state of the art in forecasting volatility. Chapter 4.3 presents our methodological approach 

and the data used in the empirical analysis. Results are discussed in Chapter 4.4. The 

chapter winds up by providing some conclusions and the policy implications in Chapter 

4.5.  

 

4.2. The Analysis of Return Volatility: Methods and Previous Results 

4.2.1. Models 

The empirical analysis of volatility is typically conducted within one of two broad 

approaches. In the implied volatility approach, volatility is determined from an option 

pricing model as the theoretical value equal to the current market price of the option 

contract5. As such, implied volatility is a forward-looking and subjective measure. With 

the historical volatility approach, instead, volatility is determined from past returns. 

                                                      
4 Particularly relevant in this context is the issue of how stock market volatility might affect investors’ 

behaviour and aggregate investment in emerging market economies. Bekaert and Harvey (2003) provide a 

general discussion and a survey of the literature on this issue. The basic idea is that stock market volatility 

generates uncertainty, which in turn negatively affects aggregate investment. Because of the behavioural 

implications of uncertainty, the adverse impact of stock market volatility is potentially large even if the 

volume of investment effectively channelled through the stock market is limited. Ibrahim and Ahmed 

(2013), for instance, provide specific evidence for Malaysia.  
5 See Chapter 2.2.1 for more details on these two approaches. 
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Given the more demanding data requirements of the implied volatility approach, this 

paper follows the historical volatility approach6, focusing on ARCH/GARCH models.  

As a starting point, consider the model proposed by Engle (1982): 

 

 𝑌𝑡 = 𝜇 + 𝜀𝑡  (4.1)      

   𝜎𝑡
2 = 𝜔 +  𝛼𝜀𝑡−1

2  (4.2)    

 

where Yt is the observed return at time t, 𝜀𝑡  is a stochastic error, and  and  are 

constant terms.  

 

Equation (4.1) simply specifies the mean of returns. In a slightly more articulated 

formulation, some (linear) function of exogenous variables Xt could be added to the 

constant term. Equation (4.2) defines the conditional variance of the process as the one-

period ahead forecast variance based on information on volatility from the previous 

period (εt-1
2 ). The model therefore captures possible serial correlation in volatility and is 

commonly referred to as ARCH (1), whereby the order 1 indicates that the conditional 

variance equation includes only one lag of the squared residual from the mean equation. 

Intuitively, the ARCH model predicts changes in the volatility of the series from a 

specific type of non-linearities relating the observed  and the i.i.d shocks 

. 

 

In practical terms an ARCH (1) is likely to be a too restrictive representation and hence 

higher orders (i.e. more lags) should be considered. However, the proliferation of 

unknown parameters makes the estimation of an ARCH (p) model difficult. To overcome 

                                                      
6 The advantage of the historical volatility approach is that it allows to compare the volatility of two or 

more stocks based on the past prices of stocks. Its main limitation is that it does not generate projections 

for the future. 
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this problem, Bollerslev (1986) proposes a GARCH by adding an autoregressive term to 

the conditional variance equation: 

 

𝜎𝑡
2 = 𝜔 +  𝛼𝜀𝑡−1

2 +  𝛽𝜎𝑡−1
2    (4.3) 

   

In words, equation (4.3) states that agents predict this period’s variance by computing a 

weighted average of a long-term “average value” (ω ), available information from the 

previous period (εt-1
2 ) and forecasted variance from the previous period (𝜎𝑡−1

2 ). As a result, 

when variance has been unexpectedly high in the previous period, then agents will 

increase their expected variance for the current period. This is consistent with the 

observed fact that large returns are generally followed by more large returns, and small 

returns by more small returns. 

 

Equation (4.3) formalizes a GARCH (1, 1); that is a GARCH consisting of one auto-

regressive (AR) term and one moving average (MA) term. This representation can be 

generalized to q AR terms and p MA terms, provided that the computational procedure 

becomes significantly more demanding at higher orders.  

 

Several variations of the baseline ARCH/GARCH modelling framework have been 

proposed to improve their forecasting ability. Nelson (1991) argues that shocks of 

different sign should not be given the same weight in the conditional variance equation. 

Therefore, he proposed an exponential GARCH that allows for a leverage effect. 

        𝑙𝑜𝑔𝜎𝑡
2 = ω + ∑ 𝛽𝑗

𝑞
𝑗=1 𝑙𝑜𝑔𝜎𝑡−𝑗

2 + ∑ 𝛾𝑘
𝑟
𝑘=1

𝜀𝑡−𝑘

𝜎𝑡−𝑘
+ ∑ 𝛼𝑖

𝑝
𝑖=1 |

𝜀𝑡−𝑖

𝜎𝑡−𝑖
|  (4.4) 

 

In equation (4.4), the conditional variance is expressed in log, implying that the forecast 

will be non-negative. The asymmetric effect of negative and positive shocks (i.e., bad and 
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good news) is captured by the parameter . If   is negative (positive), then the impact 

of bad news is greater (smaller) than the impact of good news. 

Zakoian (1994) proposes a variation of equation (4.4) where the leverage effect is not 

exponential, but quadratic. This variation goes under the name of TGARCH : 

 

  𝜎𝑡
2 = 𝜔 + ∑ 𝛽𝑗

𝑞
𝑗=1 𝜎𝑡−𝑗

2 +  ∑ 𝛾𝑘
𝑟
𝑘=1 𝜀𝑡−𝑘

2  𝐼𝑡−𝑘 + ∑ 𝛼𝑖
𝑝
𝑖=1 𝜀𝑡−𝑘

2   (4.5) 

Where It = 1 if εt> 0 and zero otherwise. Similar to the EGARCH, the asymmetry in the 

TGARCH is captured by . A positive value of  is indicative of a leverage effect 

whereby bad news increases volatility.   

Finally, as a pragmatic alternative to statistically rigorous ARCH/GARCH models, this 

paper will also consider a simple smoothing method. In particular, exponential 

smoothing, a popular approach to volatility forecasting, has been found to perform well 

in empirical studies. In this case, the one-period ahead forecast is a weighted averaged of 

the previous year forecast and the past squared shocks: 

 

  �̂�𝑡
2 =  𝛼𝜀𝑡−1  

2 + (1 − 𝛼) �̂�𝑡−1
2       (4.6) 

where the smoothing parameter is arbitrarily selected between 0 and 1. An “optimal” 

value of smoothing parameter can be numerically determined as the 𝛼 that minimizes the 

root mean squared error (RMSE). 

4.2.2   Previous Findings 

The proliferation of ARCH/GARCH models has spurred a lively empirical debate on 

which of these models has the strongest predictive ability. Some consensus has 
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progressively emerged on the superiority of asymmetric GARCH models7. For instance, 

in their review article, Poon and Granger (2003) survey seventeen previous papers that 

compared alternative versions of GARCH. These papers cover different countries 

(including industrial and emerging economies) over different periods of time. They 

indicate that GARCH clearly dominates ARCH and models that incorporate volatility 

asymmetries (such as EGARCH or TGARCH) perform better than GARCH. Along 

similar lines, Awartani and Corradi (2005) find that, in terms of predicting the volatility 

of the S&P-500 stock index, a GARCH(1,1) is systematically beaten by asymmetric 

GARCH models while it is not beaten when compared against other GARCH models that 

do not allow for asymmetric effects. Interestingly, the predictive superiority of the 

asymmetric GARCH is strongest for the case of the one-step ahead forecast, but weakens 

as longer forecast horizons are considered.   

The consensus however does not go unchallenged. Bluhm and Yu (2001) and Franses and 

Van Dijk (1996) conclude that the role of asymmetries in forecasting volatility is weak. 

Hansen and Lunde (2005) use daily exchange rate data (German mark v. US dollar) and 

IBM stock prices to compare 330 different volatility models. They find that different 

models are best at forecasting the volatility of the two assets. However, these best models 

do not clearly outperform a benchmark GARCH (1, 1), while they do significantly beat 

an ARCH (1). Similar findings are reported by Doidge and Wei (1998), Ederington and 

Guan (2004) and McMillan, Speight and Gwilym, (2000). Early work by Day and Lewis 

(1992 &1993) also suggest that EGARCH does not outperform GARCH in predicting the 

volatility of the S&P-100 OEX options and crude oil futures.  

In recent years, the growing availability of time series data has allowed researchers to 

look more closely at volatility in emerging markets, particularly in South East Asia. 

                                                      
7 This section provides a brief summary of findings on studies on stock markets in developed countries. 

For a detailed review on this regard, see Chapter 1.2 
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Shamiri and Isa (2009) look at the volatility forecasting performance of GARCH models 

in the Malaysian Stock Market. They conclude that the performance of asymmetric 

GARCH is better than that of symmetric GARCH. Kosapattarapim et al. (2011) compare 

the fitting and forecasting strength of various GARCH (p, q) with different error 

distributions using daily closing price data from Thailand, Malaysia, and Singapore. They 

find that the best fitting model does not necessarily provide the best future volatility 

estimates; however the differences are relatively small and hence the best fitting model 

can be confidently used for forecasting. They also provide evidence that the use of non-

normal error distributions improves the forecasting performance of the models. Along 

similar lines, Tripathy and Gil-Alana (2015) look at forecasting models for the Indian 

National Stock Exchange and conclude that models with generalized error distribution 

(GED) provide superior fit, but their out-of-sample forecast performance is 

unsatisfactory. Sharma and Vipul (2015) further show that identification of the best 

performing model within a group of competing models is sensitive to the choice of the 

loss criterion used to compare performance.  

An issue that has attracted considerable attention concerns the impact that large shocks, 

such as the GFC, might have on the model’s forecasting performance. Angabini and 

Wasiuzzaman (2011) report that both GARCH (1, 1) and EGARCH (1, 1) perform well 

in modelling the conditional variance of the Malaysian Stock Market, both before and 

after GFC. They also find that volatility and the leverage effect have increased since the 

GFC. Lim and Sek (2013) provide further evidence for the volatility of Malaysian stock 

returns. They focus on the period around the 1997 financial crisis and find that 

asymmetric GARCH models perform far better than symmetric GARCH models in the 

crisis period, but that symmetric GARCH models generally yield better forecasts in 

normal periods.  
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4.3. Data and Research Methodology  

 

Against the background set in Section 4.2, this chapter presents a systematic comparison 

of the forecasting performance of symmetric and asymmetric ARCH/GARCH models. 

The models that are considered in the analysis are GARCH, EGARCH, and TGARCH. 

Each of these is estimated using three different distributions: normal, t, and GED. 

 

The analysis is undertaken for a group of six Asian economies: India, Malaysia, Pakistan, 

Singapore, Sri Lanka and Thailand. While all these countries can be broadly characterised 

as emerging (except perhaps Singapore, which is now classified as a high-income 

economy by the IMF and the World Bank), their financial and economic conditions do 

present some significant degree of variation. This in turn will make it possible to observe 

if and how the forecasting power of different models changes when the underlying 

conditions of the countries analysed change.  

 

The analysis uses daily data, with variables expressed in local currency. Data are sourced 

from Datastream International. In order to maximize the number of observations available 

for estimation in each country, the start date of the analysis somewhat changes across 

countries. Table 4.1 provides the detail on the indices used and the sample periods for 

each country. 

Table 4.1  

List of Selected Indices and Data Sources 

a = Datastream Codes 

 

Country and Index series Data Sources Codea Sample Period 

India /CNX 500 Index Datastream ICRI500 (1991-02-01   -   

2015-02-26) 

Table 4.1 Cont’d. 
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Following Poor and Granger (2003), the predictive ability of the various models is 

assessed using out-of-sample forecasts. However, in-sample forecasts are also generated 

in order to assess the goodness of fit of the models. In this case, we cut-off the sample at 

the end of year 2007 to exclude the observations associated with the GFC. The rolling 

window forecasts are generated for 1, 2, 5, 10, and 20 days ahead. Information on the in-

sample and out-of-sample periods for each country is reported in Table 4.2. The table also 

provides the total number of observations in each sample.  

 

Table 4.2  

In-sample and Out-of-sample Time Periods 

Country Total Sample In-sample (IS) Out-of-sample (OOS) 

 

India (1991-02-01   -   

2015-02-26) 

6301 (1991-02-01  -   

2007-12-31) 

4434 (2008-01-05   -   

2015-02-26) 

 

1867 

Malaysia (1985-01-01   -   

2015-02-26) 

7867 (1985-01-01   -   

2007-12-31) 

6000 (2008-01-02    -   

2015-02-26) 

1867 

Pakistan (1988-12-30  -   

2015-02-26) 

6824 (1988-12-30  -   

2007-12-31) 

4957 (2008-01-02    - 

2015-02-26) 

1867 

Malaysia /Kuala Lumpur 

Composite Index (KLCI) 

Datastream FBMKLCI (1985-01-01   -   

2015-02-26) 

Pakistan/Karachi All Share 

Index (KSI) 

Datastream PKSE100 (1988-12-30  -    

2015-02-26) 

Singapore/Singapore Strait 

Index (SSI) 

   Yahoo 

Finance 

- (1987-12-28   -   

2015-02-26) 

Sri Lanka/All Share Price Index 

(ASPI) 

Datastream SLALLSH (1985-01-02  -    

2015-02-26) 

Thailand/Stock Exchange of 

Thailand Index  (SET) 

Datastream BNGKSET (1985-01-01  -    

2015-02-26) 
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Singapore (1987-12-28   -   

2015-02-26) 

6819 (1987-12-28   -   

2007-12-31) 

5001 (2008-01-02    -   

2015-02-26)  

1818 

Sri Lanka (1985-01-02  -   

2015-02-26) 

7867 (1985-01-02  -   

2007-12-31) 

6000 (2008-01-02    - 

2015-02-26) 

1867 

Thailand (1985-01-01  -   

2015-02-26) 

7867 (1985-01-01  -   

2007-12-28) 

6000 (2008-01-02    -   

2015-02-26) 

1867 

 

 

The Log Likelihood (LL) ratio and the Akaike Information Criterion (AIC) are used to 

compare the performance of the various models in the in-sample forecasts. In the out-

sample forecasts, models are instead compared using the Mean Absolute Error (MAE) 

and the Root Mean Squared Error (RMSE). 

 

Summary statistics for the daily stock returns in the six markets are reported in Table 4.3. 

Daily stock returns are computed as the difference in the log of the stock price index in 

day t and t-1. The mean daily stock return is positive in all six countries over the period 

of observation. The statistics clearly indicate that returns are not normally distributed. As 

is often the case with financial return series, the distributions tend to be leptokurtic. 

Table 4.3    

Descriptive Statistics 

Measurement ASPI_R KLCI_R KSE100_R CNX_R SET_R SSI_R 

No. of Obs. 7867 7867 6824 6301 7867 6819 

Mean  0.000551 0.000230 0.000593 0.000476 0.000307 0.000209 

St Deviation 0.010496 0.013535 0.014271 0.015665 0.015458 0.012399 

Minimum -0.138969 -0.241534 -0.132143 -0.143181 -0.160633 -0.105446 

Maximum 0.182869 0.208174 0.127622 0.150340 0.113495 0.128737 

Skewness 0.903439 -0.364458 -0.289880 -0.350285 -0.150091 -0.089067 

Kurtosis 36.55350 47.24931  10.23586 11.71607 10.86445 11.75656 

Jaque-Berra  

Statistics 

370063.3 

(0.000) 

641990.7 

(0.000) 

14982.6 

(0.000) 

20074.1 

(0.000) 

20303.3 

(0.000) 

21794.9 

(0.000) 

Table 4.2 Cont’d. 
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Notes: For Jaque-Berra test statistic, the values in the parenthesis are the p-values; No. of Obs. = 

Number of Observations; St Deviation = Standard Deviation. 

 

4.4 Results 

 

4.4.1. Symmetric v. Asymmetric ARCH/GARCH models  

 

Table 4.4 reports the best fitting model based on in-sample forecasts and the two criteria 

(LL Ratio and AIC). Both criteria select the EGARCH in Malaysia, Singapore, and 

Thailand. In India and Sri Lanka, the TGARCH is preferred instead. The only country 

where a simple symmetric GARCH (1, 1) outperforms the others is Pakistan. Thus, 

overall, it appears that asymmetric GARCH models generally provide a better fit than 

symmetric GARCH. 

Table 4.4 

 Best Fitting Model Based on In-sample Forecasts 

Return series LL Ratio AIC 

CNX_R- India TGARCH-GED TGARCH-GED 

KLCI_R- Malaysia EGARCH-t EGARCH-t 

KSE100_R- Pakistan GARCH-t GARCH-t 

SSI_R- Singapore EGARCH-t EGARCH-t 

ASPI_R- Sri Lanka TGARCH-t TGARCH-t 

SET_R – Thailand EGARCH-GED EGARCH-GED 

 

The estimated coefficients of the best fitting model for each country under investigation 

are presented in Table 4.5. The conditional mean equations were modified by adding 

autoregressive moving average (ARMA) structures as appropriate, based on the AIC 

criterion and the test of significance of the AR and MA terms. In general, negative shocks 

generate greater volatility than positive shocks, as indicated by the fact that the estimated 
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γ is negative in EGARCH models and positive in TGARCH models. Interesting, in the 

only case where the symmetric GARCH provides the best fit (Pakistan, KSE 100), the 

sum of the GARCH (1) and ARCH (1) coefficients exceeds one. This suggests that the 

volatility of daily stock returns is “explosive”: once a shock increases volatility, then 

volatility does not progressively return to its pre-shock level, but continues to increase. 

In quantitative terms, a 1% increase in past volatility increases current volatility by 1.2% 

to 1.9% depending on the particular country and model.  

 

Table 4.5    

The Best-Fitting Models- Estimated GARCH Coefficients 

Return 

series 

 

ASPI_R CNX_R KLCI_R 

 

KSE100_R SET_R SSI_R 

Best-

Fitting 

Model 

TGARCH- 

t 

TGARCH-

GED 

EGARCH- 

t 

GARCH- 

t 

EGARCH-

GED 

EGARCH- 

t 

γ 0.073182 

(0.047627) 

0.074537 

(0.014604) 

*** 

-0.042239 

(0.007833) 

*** 

- -0.042893 

(0.007610) 

*** 

-0.055633 

(0.007883) 

*** 

GAR- 

CH(ß1) 

0.656788 

(0.015411) 

*** 

0.880743 

(0.006324) 

*** 

0.981948 

(0.002312) 

*** 

0.805883 

(0.004854) 

*** 

0.978466 

(0.002801) 

*** 

0.978790 

(0.003018) 

*** 

ARCH 

( ) 

0.430525 

(0.046872) 

*** 

0.065078 

(0.008183) 

*** 

0.225882 

(0.013331) 

*** 

0.353643 

(0.025303) 

*** 

0.224510 

(0.013671) 

*** 

0.201474 

(0.013664) 

*** 

  w 5.79E-06 

(6.65E-

07)*** 

5.00E-06 

(7.44E-

07)*** 

-0.328308 

(0.025904) 

*** 

-1.43E-12 

(2.11E-12) 

-0.349391 

(0.029108) 

*** 

-0.348396 

(0.032998) 

*** 

AR (1) 0.847923 

(0.20195) 

*** 

0.877090 

(0.075037) 

*** 

-0.487789 

(0.201645) 

** 

0.955181 

(0.006224) 

*** 

0.988018 

(0.004095) 

*** 

- 

AR (2) - 

 

- 0.210219 

(0.070862) 

*** 

- - - 

MA (1) -0.579789 

(0.023664) 

*** 

-0.767755 

(0.076137) 

*** 

0.629213 

(0.202527) 

** 

-0.836812 

(0.013479) 

*** 

-0.975624 

(0.005599) 

*** 

0.071355 

(0.012162) 

*** 

MA (2) -0.123875 

(0.014958) 

*** 

-0.080329 

(0.016414) 

*** 

-0.118192 

(0.077701) 

-0.080621 

(0.012193) 

*** 

- 0.016556 

(0.012169) 

Table 4.5 Cont’d. 
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LL 

ratio 

28072.72 

 

18555.88 26041.58 21442.52 23568.82 21844.24 

AIC  -7.136355 

 

-5.887898 -6.619600 -6.283018 -5.990548 -6.404530 

ARCH 

(10) 

0.114306 

(0.9997) 

0.437594 

(0.9287) 

0.229693 

(0.9935) 

0.000152 

(1.000) 

0.141225 

(0.9992) 

0.183618 

(0.9974) 

Q (10) 1.1171 

(1.000) 

4.3207 

(0.932) 

2.2986 

(0.993) 

0.0015 

(1.000) 

1.4285 

(0.999) 

1.8234 

(0.998) 
Notes: Standard errors are in the parentheses, except for ARCH (10) and Q (10) test statistics, in 

which p-values are given in the parentheses; *** 1% level and ** 5 % level of significance.  

 

Table 4.6 summarises the results of the out-of-sample forecasting exercise. For each 

country, the table shows the best predictive model according to MAE and RMSE at the 

different forecasting horizons. 

Table 4.6  

Best Predictive Model Based on Out-of-sample Forecasts 

 

STEPS 

AHEAD 

INDIA MALAYSIA 

 RMSE MAE RMSE MAE 

1 GARCH -GED GARCH –GED EGARCH –t EGARCH -GED 

2 GARCH –GED GARCH -GED GARCH –Normal EGARCH -GED 

5 GARCH –GED TGARCH - T GARCH -GED EGARCH – GED 

10 GARCH -GED GARCH -GED EGARCH -GED EGARCH -GED 

20 EGARCH - 

GED 

EGARCH - 

GED 

EGARCH -GED EGARCH -GED 

  

PAKISTAN SINGAPORE 

 RMSE MAE RMSE MAE 

1 TGARCH -

Normal 

TGARCH -

GED 

EGARCH –GED GARCH -GED 

2 GARCH -

Normal 

GARCH -

Normal 

EGARCH- GED GARCH –GED 

Table 4.6 Cont’d. 
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As can be seen, it is difficult to identify a single “winner”: the two criteria select different 

models in different countries and different horizons. Yet, one interesting finding is that 

asymmetric GARCH does not systematically outperform symmetric GARCH and in fact 

in several cases the symmetric GARCH is the best model. This is in contrast to what was 

labelled as a “consensus” in section 4.2 and it is also sharply different from what emerges 

from in-sample forecasts. The difference between in-sample and out-of-sample results is 

also evident with respect to the selection of the distribution. While in the in-sample 

forecasts the t distribution clearly outperformed the other two, in the out-of-sample 

5 EGARCH -

Normal 

TGARCH - 

Normal 

TGARCH -

Normal 

GARCH –GED  

10 GARCH -

Normal 

EGARCH –

GED 

GARCH -GED GARCH -GED 

20 GARCH -

Normal 

TGARCH -

GED 

GARCH -Normal GARCH -GED  

   

SRI LANKA THAILAND 

 RMSE MAE RMSE MAE 

1 EGARCH –t EGARCH -

GED 

TGARCH - GED GARCH -GED 

2 GARCH- t GARCH -t GARCH –GED TGARCH -GED 

5 GARCH - 

Normal 

GARCH - GED EGARCH -GED EGARCH - GED 

10 GARCH - t GARCH - 

Normal 

EGARCH -GED TGARCH-GED 

20 TGARCH - t TGARCH - 

Normal 

GARCH -GED EGARCH -GED 
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forecasts the normal and GED distributions are often better performing. A more 

systematic theoretical and empirical investigation of why in-sample and out-of-sample 

results differ to such an extent is an interesting area of future research. 

 

4.4.2 GARCH Model v. Exponential Smoothing Forecasting 

 

As noted in Section 4.2, exponential smoothing represents an empirically valid alternative 

to ARCH/GARCH modelling. Equation (4.6) has therefore been estimated for the six 

stock market indices. The optimal values of the smoothing parameter and its associated 

RMSE value are reported in Table 4.7. As can be seen, these optimal values are generally 

small and close to zero, meaning that the one-period ahead forecast is largely determined 

by the forecast of the previous period. 

Table 4.7  

ESM Forecasting 

Return Series  RMSE Smoothing Parameter 

CNX- India 0.016066 0.001 

KLCI- Malaysia 0.014236 0.001 

KSI100- Pakistan 0.015842 0.003 

SSI- Singapore 0.012402 0.001 

ASPI- Sri Lanka 0.010790 0.056 

SET- Thailand 0.016076 0.001 

 

 

The comparison between exponential smoothing forecast and the forecast of the best 

predictive GARCH model reported in Table 4.5 is presented in Figure 4.1 for each of the 

six countries. Each graph plots the actual return series (RET), one-day ahead exponential 
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smoothing predictions (ESM), and one-day ahead forecasts generated by the best fitting 

model identified in Table 4.6. As can be seen, the shift in the forecasting technique from 

GARCH modelling to ESM does not significantly improve the predictive performance. 

In fact, the GARCH models provide better predictive performance than the ESM 

approach, which can be regarded as a historical volatility model. This finding is consistent 

with the findings of Erdington and Guan (2004), which claim that GARCH models 

generally provide better forecasts than the other historical volatility models. 

Figure 4.1  

One-step Ahead Forecasting 

  
 

  

Figure 4.1 Cont’d. 
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4.4.3. The Impact of the Global Financial Crisis 

As previously noted, the period for the in-sample forecasts has been cut at the end of year 

2007 to exclude the observations associated with the GFC. Now we try to assess the 

impact that the GFC has on the statistical performance of the various models by extending 

the period for in-sample forecasts to end of 2009. According, the period for out-of-sample 

forecasts starts on 1/1/2010. Results are summarised in Table 4.8. For each country, the 

best performing models are selected based on the values of the two loss functions, RMSE 

and MAE. 

Table 4.8  

 Best Predictive Model Based on Out-of-sample Forecasts (GFC Period Excluded) 

STEPS 

AHEAD 

INDIA MALAYSIA 

 RMSE MAE RMSE MAE 

1 EGARCH -

GED 

EGARCH –

GED 

TGARCH -Normal  GARCH –GED 

2 TGARCH –

GED 

TGARCH -

GED 

GARCH -Normal GARCH –GED 

5 EGARCH -

GED 

GARCH - 

GED 

GARCH -Normal TGARCH – 

Normal 
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10 GARCH -GED GARCH -

GED 

GARCH -Normal TGARCH -

Normal 

20 GARCH - GED GARCH - 

GED 

GARCH -GED TGARCH –

Normal 

 PAKISTAN SINGAPORE 

 RMSE MAE RMSE MAE 

1 GARCH -

Normal 

EGARCH -

GED 

TGARCH -GED GARCH –GED 

2 GARCH -

Normal 

EGARCH -

GED 

TGARCH –GED GARCH- GED 

 

5 GARCH -

Normal 

GARCH - 

Normal 

TGARCH –GED GARCH -GED 

10 GARCH -

Normal 

GARCH -

Normal 

TGARCH -GED GARCH -GED 

20 GARCH -

Normal 

GARCH -

Normal 

TGARCH -GED TGARCH -GED 

 SRI LANKA THAILAND 

 RMSE MAE RMSE MAE 

1 EGARCH -

GED 

EGARCH –

GED 

EGARCH - GED EGARCH -GED 

2 GARCH- t GARCH -t GARCH –GED EGARCH - GED 

5 EGARCH -t GARCH - 

GED 

TGARCH -Normal GARCH - GED  

10 EGARCH -t GARCH -

GED 

GARCH -t GARCH-t 

20 GARCH -

Normal 

GARCH -

GED 

EGARCH -Normal TGARCH -

Normal 
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As can be seen, the superiority of GARCH (1, 1) in out-of-sample forecasting is generally 

confirmed. That is, even after including the GFC period, the central finding is that a 

simpler, symmetric model is likely to be the most appropriate for out-sample forecasts. 

At the level of individual countries, the best performing model for Malaysia is now a 

GARCH, while instead it was a EGARCH in Table 4.6. Conversely, for Singapore the 

best performing model is not a TGARCH instead of a GARCH. Other marginal 

differences emerge with respect to the distributional assumptions: GED and normal 

distributions now perform better than the t-distribution. Note that, consistent with 

previous findings from Tripathy and Jil-Alana (2015), GED is always selected as the most 

appropriate distribution for India.  

 

4.5. Conclusions 

 

We compare the statistical performance of various models to forecast stock market 

volatility in a group of emerging Asian economies. We find that asymmetric EGARCH 

models generally perform better than symmetric GARCH models in in-sample forecasts, 

but not in out-of-sample forecasts. The EGARCH model is selected as the best model for 

many countries (3/6) in-sample evaluation. Yet, EGARCH model was not selected in 

many models in the out-of-sample forecasting.  In fact, a simple GARCH (1, 1) turns out 

to be the best model in out-of-sample forecasts. The inclusion or exclusion of the GFC 

years does not to alter the qualitative flavour of this finding.  

 

A possible way to interpret our findings is in terms of short-term versus long-term effects. 

The superiority of asymmetric models in in-sample forecasts might indicate that leverage 

effects are particularly important in the short run. More specifically, our estimates suggest 

that, over the short horizon, volatility responds to bad news more than it does to good 

news. Over the longer horizon, however, this asymmetry becomes less relevant. 
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Intuitively, this difference between short and long-term responses might be associated 

with asymmetries of information. In relatively less developed stock markets (as those of 

the countries considered here in comparison to markets of advanced economies), 

asymmetries of information are likely to be more marked. Hence, they can significantly 

affect volatility. However, as the economic theory generally suggests, these asymmetries 

tend to be eliminated in the longer term. 
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5.1 Introduction 

The role of financial markets in determining the degree of income inequality within countries 

has been widely debated in the last few decades. A few decades ago, income inequality was 

a burden in developing countries. Now the situation has changed: in advanced high-income 

countries, the income gap between the rich and the poor is at its highest level in decades 

(Dabla-Norris et al., 2015). When financial markets are characterized by imperfections such 

as information asymmetries, low levels of market liquidity, high transaction costs, and a weak 

regulatory framework, then access to resources becomes more difficult for individuals at the 

bottom end of income distribution. This in turn may result in sharper inequalities and wider 

income gaps. In this context, the potential impact of the income redistribution policies and 

fiscal policy options such as personal income taxes may be influenced by the role of financial 

markets. Thus, understanding the likely effects of capital market volatility on income 

inequality is also important in terms of policy formulation process.   

 

So far, the literature has predominantly looked at how financial market development affects 

income inequality. In terms of role of stock markets, recent studies by Law and Tan (2009) 

and Seven and Coskun (2016) find that market aggregates have no significant impact on 

inequality. However, the effect of stock market volatility on income distributions has been 

largely neglected. Yet, this seems to be a potentially relevant issue. In a low interest 

environment, where more ‘traditional’ forms of investment are likely to provide very low 

returns, stock markets in industrial and emerging economies directly or indirectly (e.g. via 

pension funds) attract individuals across a wide range of income brackets. The question is 

then whether large swings in stock prices have a different effect on individuals in different 

income brackets, and whether these swings cause to severe the income inequality within a 

country. Thus, this chapter seeks to answer that empirical question by investigating the 
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impact of stock market return volatility on income inequality and income distribution in a 

broad panel of countries, which includes both developing and high-income countries. The 

hypothesis of the study is that greater volatility increases inequality; that is, those who suffer 

(the most) from volatile market returns are those at the lower end of the distribution. This 

hypothesis hinges on two considerations. For one thing, the “rich” typically have access to 

better diversification opportunities and strategies, so that they tend to be better shielded from 

large fluctuations. For another, a volatile stock market generates uncertainty in the economy 

and could well trigger adverse responses in the real economy (e.g. a contraction of investment 

and a slowdown of the pace of economic activity). Again, the poor are generally less equipped 

than the rich to deal with a volatile real economy.  

 

To test the hypothesis, the study estimates a dynamic stock market volatility equation for a 

sample of 47 countries over the period 1995-2014. Results are presented for the full sample 

and then for subsamples of countries at different stages of economic development. The major 

findings are twofold. First, stock market return volatility has a positive and significant effect 

on income inequality. Second, stock market return volatility reduces the income of the bottom 

10 percent of the income distribution, but it does not reduce the income of the top 10 percent. 

In other words, stock market volatility hurts the poor and not the rich.  

The remainder of the chapter unfolds as follows. Chapter 5.2 discusses the theoretical 

perspectives on finance-inequality nexus and then reviews the previous research on the 

effects of financial market performance on income inequality, and on other determinants of 

inequality. Chapter 5.3 describes the methodology and data used in the econometric analysis. 

Chapter 5.4 discusses the empirical results; Chapter 5.5 presents conclusions and policy 

implications. 

 



86 
 

5.2 Theoretical Background and Literature Review 

5.2.1  Theory and Evidence on the Relationship between Inequality and Financial 

Development 

 

Finance––Inequality Nexus: Theoretical Background 

A widely investigated aspect of income inequality is its relationship with financial 

development. One branch of the literature postulates that this relationship is essentially linear. 

For instance, Banerjee and Newman (1993) and Galor and Zeira, (1993) theoretically show 

how that asymmetries in information generate credit constraints for poor or marginalized 

people of the society, leading to significant capital market imperfections in the economy. 

Galor and Zeira (1993) argue that capital market imperfections and enforcement costs make 

the acquisition of skills more difficult for individuals without a sufficiently large initial 

monetary endowment (e.g. some inheritance). The implication is that income disparities 

persist across generations, especially when credit requirements, such as collateral, act as 

barriers to access finance for the poor. At aggregate level, this is likely to slow down the 

overall investment rate in the economy and hence reduce economic growth potential. Along 

similar lines, Levine (2005) suggests that a poorly functioning financial system will also 

produce higher income inequality by disproportionately keeping capital from flowing to 

“wealth-deficient” entrepreneurs. These capital market imperfections would continue from 

one generation to the next.  

 

Another strand of research argues that the relationship between inequality and financial 

development is non-linear. Greenword and Jovanovic (1990) develop a model where faster 

economic growth generates resources to improve the financial structure of the economy, 

which in turn promotes growth by providing better investment opportunities. When the 
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financial structure is underdeveloped, only rich individuals have access to investment 

opportunities. Therefore, initial growth and financial development benefit only the rich, so 

that inequality increases. However, at sufficiently high levels of financial development, the 

poor also start to gain access to investment opportunities, thus catching-up, at least to some 

extent, with the rich. The implication is that inequality starts to decline, giving rise to an 

inverted U relationship between financial development and inequality. 

 

Empirical Evidence 

Several empirical studies confirm that financial development reduces inequality. For 

instance, Beck et al. (2007) find that higher financial growth induces the income of the low-

income earners to increase faster than average income, which results in lower income 

inequality within the country. Similar conclusions are reported by Clarke et al. (2006) for a 

panel of 86 countries over the period 1960-1995 and by Enowbi-Batuo, Guidi, and Mlambo 

(2010) for 22 African countries over the period 1990-2004. At country level, Bittencourt 

(2010) finds that financial development helps alleviate income inequality in Brazil by 

strengthening investment in productive activities. Shahbaz and Islam (2011) investigate the 

impact of financial development on income inequality in Pakistan for the period 1971-2005. 

Using Autoregressive Distributed Lag (ARDL) bounds testing approach for long-run 

cointegration relationship and Error Correction Mechanism (ECM) for short-run relationships, 

they find that financial development and income inequality are negatively linked. 

 

There are however other studies that fail to identify a significant inequality-reducing effect 

of financial development. Classens and Perotti (2007) argue that in countries with an initially 

higher level of inequality, access to financial access is unevenly distributed between the rich 
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and the poor. As only the rich benefit from financial development, inequality increases 

further. This means that inequality and financial development reinforce each other: Jauch and 

Watzka (2015) report evidence from 138 countries that is consistent with this argument. 

Using an analysis on aggregate financial sector indicator, Seven and Coskun (2016) also 

provide evidence that more developed financial sectors (including more developed stock 

markets) are associated with higher inequality and poverty. At country level, Law and Tan 

(2009) use the ARDL Bounds test developed by Pesaran, Shin and Smith (2001) to show that 

the growth of the financial sector is not a significant determinant of income inequality in 

Malaysia.  

 

While these studies generally refer to a broad notion of financial development, some evidence 

also exists that directly looks at stock markets. For instance, Sawhney and DiPietro (2006) 

examine the effects of stock market capitalization on income inequality for 73 countries. 

They conclude that higher stock market capitalization not only increases the income share of 

the upper quintile of the income distribution, but also increases income inequality. Both Law 

and Tan (2009) and Seven and Coskun (2016) conclude that there is no significant evidence 

that stock market aggregates affect income inequality. Kappel (2010) instead finds that the 

stock market plays a major role in reducing income inequality. None of these papers, 

however, considers the aspect of stock market volatility. 

The Hypothesis on the Effect of Stock Market Volatility 

Theoretically, there are two features of volatility that are most likely to matter for inequality. 

One is that from the point of view of investors, volatility can be “managed” through 

appropriate diversification strategies, either across sectors or across countries/markets (see, 

for instance, Barton, 2001; Hassan, Maroney, El-Sady & Telfah, 2003). The other is that 
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volatility in the stock market is a reflection of, and possibly a co-determinant of, broader 

macroeconomic uncertainty and fluctuations (see Bloom, 2014; Ludvigson, Ma & Ng, 2015). 

  

These two features generate two complementary hypotheses. The first hypothesis relates 

income to investors’ ability to diversify. As shown by recent behavioural analysis, wealthier 

individuals tend to diversify better (Fuertes, Muradoglu & Ozturkkal, 2014). This might 

reflect their stronger financial literacy, their greater experience in managing portfolios, or the 

fact that they have the capital required to design and implement a diversification strategy that 

could involve significant transaction costs in the first place. Conversely, poorer individuals 

operating on financial markets might be prevented or limited in their attempt to diversify, 

which therefore makes them more exposed to volatility. The hypothesis is therefore that stock 

market volatility hurts the poor more than the rich; that is, volatility is expected to result in 

higher inequality. 

 

The second hypothesis draws on the observation that aggregate uncertainty and 

macroeconomic volatility (as for instance represented by sharper recessions or business cycle 

fluctuations) have asymmetric effects across the income distribution. As shown by OECD 

data, inequality increased in most countries during the GFC1. In general, the poor tend to be 

those who suffer the most from sharp fluctuations, while they tend to benefit less from an 

expansion. The relationship between stock market volatility and aggregate volatility then 

implies that inequality should also increase in time of greater stock market volatility. Overall, 

we expect that in a regression of income inequality, stock market volatility should display a 

positive and significant coefficient. 

 

                                                 
1 See < http://www.oecd.org/els/soc/OECD2013-Inequality-and-Poverty-8p.pdf> Retrieved on 14 June 2017. 
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5.2.2  Other Determinants of Inequality 

Several factors other than the development of the financial sector also determine income 

inequality. This section briefly reviews such other determinants, as they will be used as 

control variables in the subsequent empirical model. 

- First, inequality is affected by economic development, but the sign of the 

relationship is ambiguous. To the extent that the benefits of economic growth 

trickle down to the poor, then inequality should decline as income per-capita 

increases.2 In the absence of a significant trickle-down effect, however, the poor 

are excluded from the benefits of growth, inequality increases and this might then 

hurt future growth by reducing the aggregate stock of human capital in the 

economy (Alesina & Rodrik, 1994; Persson & Tabellini, 1994).  

- Another key determinant of income inequality, higher government expenditure 

is expected to reduce income inequality. A bigger government is generally 

associated to a broader supply of public goods, more extensive social welfare, 

and ultimately deeper redistributive policies. Afonso, Schuknecht and Tanzi 

(2010) conclude that redistributive public spending has a significant effect on 

income distribution.  

- Tinbergen (1975)3 shows that higher educational endowment significantly 

reduces income inequality. Widespread access to education is a form of equality 

of opportunities that should in the long term, translate into greater income 

equality. In general, more years of education leads to reducing the income gap 

                                                 
2 Kuznets (1955) argues that, as a country develops economically, income inequality first increases, and then 

decreases. Therefore, the relationship between per-capita income and inequality is an inverted U-shaped. Most 

of the previous studies include a variable to represent the stage of economic development, proxied by the level 

of per-capita GDP. In a similar fashion, by adding the squared term of per-capita GDP, the Kuznets hypothesis 

can be empirically tested (See Bourguignon, 1994; Jha, 1996; Galor & Tsiddon, 1996; Oshima, 1994; Deiniger 

& Squire, 1998; Gallup, 2012). However, we do not test the Kuznets relationship, as the scope of the study goes 

beyond testing the Kuznets relationship.  
3 As cited by Gupta, Davoodi and Alonso-Terme (2002). 
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between the rich and the poor (see, for instance, Gregorio & Lee, 2002; Gupta et 

al., 2002; Kappel, 2010). 

- International trade openness can affect inequality in two ways. On the one hand, 

exposure to international markets and commodity price fluctuations may increase 

risk, uncertainty and inequality. On the other hand, trade also opens up new 

opportunities to earn an income. Dollar and Kraay (2004) show that trade, growth 

and poverty reduction are all positively correlated. This implies that trade 

openness helps reduce income inequality. However, Jaumotte, Lall and 

Papageorgiou (2013) find that trade globalization has a limited negative impact 

on income inequality. 

- Earlier work shows that ethnic fractionalisation adversely affects public goods 

provision (see Easterly & Levine, 1997; Alesina, Baqir & Easterly, 1999 and 

Alesina, Devleeschauwer, Easterly, Kurlat, & Wacziarg, 2003). This would then 

imply that ethnic fractionalisation leads to higher inequality, at least to the extent 

that a smaller supply of public goods means smaller access to education and 

health for initially poorer groups. This is particularly likely to be the case in those 

developing countries where ethnically controlled governments are not responsive 

to excluded groups. 

- Finally, high level of corruption is associated with higher inequality. Corruption 

represents a barrier to entry to economic activities. Because of this barrier, the 

‘insiders’, who are initially richer, have better access to income generating 

opportunities. As a result, the gap between rich and poor is expected to be wider 

in more corrupt societies (Gupta et al., 2002; Gyimah-Brempong, 2002). 
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5.3 Research Methodology and Data 

5.3.1 Model Specification  

Relationship between Stock Market Return Volatility and Income Inequality 

The analysis starts with the estimation of the following linear equation 

𝑌 = 𝜗 + 𝜋𝑌𝑖𝑡−1 + 𝜃𝑋𝑖𝑡 + ∑ 𝜎𝑗𝑊𝑗,𝑖𝑡

𝑛

𝑗=1

+ 휀𝑖𝑡         (5.1) 

where i denotes a generic country and t denotes a generic time period (5 years), Y is a measure 

of income inequality (Gini coefficient) and X is a measure of stock market return volatility. 

The Wj’s are the selected control variables, 휀 is the error term, and 𝜗, 𝜋, 𝜃, and 𝜎𝑗’s are the 

coefficients to be estimated. The lagged dependent variable (𝑌𝑡−1) is included to capture the 

potential time dependence in income inequality. The Gini coefficient of the previous period 

is very much likely to affect the Gini coefficient of the current period. 

The control variables (Wt) are included to capture the influence of the determinants 

introduced in Section 5.2.2. Per-capita GDP is measured in real US dollars and expressed in 

logs. Government size is measured by government expenditure in percent of GDP. Education 

is proxied by the number of years of formal schooling achieved by the average individual in 

the population. Financial development is measured by domestic credit in percent of GDP. 

International openness is defined as the sum of imports plus exports in percent of GDP. 

Ethnic fractionalization is a measure of the ethnic diversity of the society, as compiled by 

Alesina et al. (2003). The risk of corruption is represented by the ICRG data on corruption. 

A higher (lower) value denotes a lower (higher) risk on corruption. 

See Table D 5.1 of Appendix D for a detailed description and sources of these variables.  
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Relationship between Stock Market Return Volatility and Income in Different Deciles 

of the Distribution 

Gini coefficient is an aggregate measure of income inequality. To gain some more 

information on how volatility affects the structure of inequality, we look at its impact on the 

income of specific deciles in the distribution. In this way, the differential effects of stock 

market return volatility on the poorest group and the richest group can be investigated. This 

information can be used in policy implementation targeting specific income brackets of 

society. The following equation (5.2) empirically estimates this contemporaneous 

relationship.  

𝐷 = 𝛼 + +𝛿𝑋𝑖𝑡 + ∑ 𝛾𝑗𝐺𝑗,𝑖𝑡

𝑛

𝑗=1

+ 𝜇𝑖𝑡         (5.2) 

where i denotes a generic country and t denotes a generic time period (5-year averages), D is 

a measure of average income of each decile and X is a measure of stock market return 

volatility. The Gj’s are the selected control variables, 𝜇 is the error term, and 𝛼, 𝜏, and 𝛾’s are 

the coefficients to be estimated. The dependent variable, per capita income of the each decile 

(D) over five year spells is calculated as follows: the product of GDP and the of share of the 

each decile in the income distribution, as a fraction of the decile of the total population of the 

country. Control variables (G) include government consumption, trade openness, level of 

corruption, domestic credit, and inflation (INF). It is expected that inflation negatively affects 

income in each bracket. The variable educational attainment is not included, as it aggregates 

the information on the whole income distribution, not on a particular income decile.  

 

5.3.2 Estimation 

A number of regressors in equations (5.1) and (5.2) are likely to be endogenous, therefore 

OLS estimated would be inconsistent. The best way to deal with the endogeneity problem is 
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to use the IV estimation approach. To be valid an instrument must be (i) correlated with the 

endogenous variable, (ii) uncorrelated with the error term (i.e., exogenous), and (iii) 

correlated with the dependent variable only through its correlation with the endogenous 

variable. Two broad approaches to instrumental variables estimation will be used here. One 

relies on the identification of external instruments; that is, instruments obtained by measuring 

sources of exogenous variation in the endogenous variables. The other instead uses some 

statistical properties of the estimating equation (heteroscedasticity in particular) to generate 

internal instruments. The two approaches can be eventually combined, thus estimating the 

model with the full set of both external and internal instruments.   

  

Identification of External Instruments 

While inequality moves slowly over time, thus reducing the risk of reverse causation with 

most of the regressors used in the model, some of the regressors might still be endogenous. 

Estimation therefore proceeds by the IV approach. Instruments are selected as follows:  

1. Per capita GDP (GDP) – 

GDP is instrumented by two geographical characteristics: (i) country’s distance from the 

equator (EQU) and (ii) whether or not a country is landlocked (LOCK). The fact that 

geography is a significant determinant of growth is a rather well established argument in the 

literature.4 Countries that are closer to the equator tend to experience a worse disease 

environment (e.g., greater exposure to diseases like malaria), which in turn reduces labour 

and human capital productivity. Similarly, landlocked countries tend to be more isolated. 

This hurts growth prospects in two ways: by making it more costly (and hence less profitable) 

to trade internationally and by reducing opportunities for exchange of ideas and population 

                                                 
4 See the work of Diamond (1997); Sachs (2003) and Rodrik, Subramanian, and Trebbi (2004) for more 

theoretical background on the influence of geographical characteristics on economic growth and prosperity. 
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mixing, thus limiting the diffusion of innovation. At the same time, these geographical 

characteristics are pre-determined and hence likely to be exogenous to the growth process. 

Finally, they tend to affect all individuals in the population more or less to the same extent5, 

which assures that they are not directly related to income inequality of a country. 

2. Government Expenditure (GCN) – 

Following the literature on the economic effects of constitutional arrangements (see Persson 

& Tabellini, 2007 and Gregorini & Longono, 2009, among others), government expenditure 

is instrumented by (i) a dummy variable for countries with non-proportional electoral rules 

(ECT); and (ii) a dummy variable for countries having a presidential system (PSD). The 

general argument is that a proportional electoral rule and a parliamentary system tend to 

produce more fragmented and less stable governments. In turn, these governments are more 

exposed to pork-barrel type of demands: each of the parties in the coalition and/or their 

supporting constituencies are less likely to internalize the cost of spending, thus giving rise 

to a tragedy of the commons that will result in greater government spending. Because this 

type of expenditure is driven by political and geographical considerations, it does not 

systematically benefit the rich more than the poor or vice-versa. This suggests that the effect 

of constitutional rules on inequality should be only indirect. At the same time, constitutions 

only change slowly over time and hence electoral rules and institutional arrangements are 

less likely to be affected by growth dynamics.   

 

3. Educational Attainment (SCH) –  

                                                 
5 It could be argued that richer individuals are more capable of protecting themselves from diseases. However, 

the available micro-evidence does not provide any systematic evidence that asset ownership reduces the 

incidence of febrile episodes (see Worrall, Basu & Hanson, 2002). 
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Educational attainment is instrumented by (i) the percentage of country’s population that 

follows/practices a Christian religion (REL); and (ii) the legal age of compulsory education 

(SLW). The effect of religion on educational attainments has been discussed and illustrated 

by Ewing (2000); Lehrer (1999); Sherkat and Darnell (1999); and Freeman (1986). In 

general, religious affiliation may increase the willingness to pursue education; thus a higher 

level of educational attainment can be expected. Along this line, the impact of Christianity 

on educational attainment and schooling cannot be neglected. A longer legal duration of 

compulsory education should result in better education attainments6, at least to the extent that 

these are measured as the average number of years of schooling in the population. The 

minimum age of school leaving may affect the income inequality, if only through the effects 

of educational attainment, so that they are not correlated with the error term of equation (5.1). 

Since, educational attainment cannot be expected to affect the percentage of Christians and 

the minimum age of school leaving, the issue of reverse causation is not a problem. 

4. Domestic Credit (CRD)- 

The variable domestic credit is instrumented by (i) a dummy variable to represent countries 

with English Common Law as legal origin (LUK); and (ii) the World Justice Project (WJP) 

Rule-of-Law Index (RLI), which shows the extent to which countries follow the rule of law 

in practice. Beck, Demirgüç-Kunt and Levine (2003) provide evidence of the association 

between financial development and the legal traditions. Present legal systems mainly stand 

on the foundations of legal traditions, such as British Common Law or French Civil Law. 

According to law and finance theory, countries that inherited the British Common law 

tradition have established a legal system that tends to emphasize private property rights and 

support financial development compared to the French Civil law tradition. Similarly, sub 

                                                 
6 The minimum age of school leaving has been used as an instrument for educational attainment. See Harmon 

and Walker (1995); Acemoglu and Angrist (1999). 
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components of the indicator of rule-of-law, such as property right, security, judicial 

independence and efficiency of the court system, are linked with the development of the 

financial sector. Thus, use of a rule-of-law indicator to instrument financial development is 

justified. It is important to note that none of these instrument variables is highly correlated, 

as given in Table D 5.2 of Appendix D.  

 

Estimation with Internal Instruments 

As an alternative to the use of external instruments, Lewbel (2012) proposes a method to 

generate internal instruments. The approach can be summarised as follows.  

1. First, consider the following model with one endogenous regressor7; 

  𝑌1 = 𝑋 ,𝛽10  + 𝑌2 𝛾10 + 휀1     (5.3) 

  𝑌2 = 𝑋 ,𝛽20 +  휀2    (5.4) 

Let 𝑌1 and 𝑌2 be the observed endogenous variables; Let X be the vector of observed 

exogenous regressors. 𝛽10, 𝛾10 and 𝛽20 are the structural parameters to be estimated. Assume 

that there are no available external instruments to use in standard IV estimations.  

2. Lewbel’s (2012) Theorem (1) states that the structural parameters 𝛽10, and 𝛾10 are 

identified by an ordinary linear Two-stage Least Squares (TSLS) regression of 𝑌1 

on X and 𝑌2 using X and the products of [Z-E(Z)]8 and heteroscedastic residuals 

of  first-stage auxiliary regressions  휀2 as the model-based instruments.  

3. The following conditions are required for the identification process; 

𝐸(𝑋′ 휀) = 0   (5.5) 

                                                 
7 We use Lewbel (2012) notations, as these are easy for understanding the identification process. 
8 Z can be a sub-set of the exogenous variables X or may be equal to X. It can be given in a form of vector or 

scaler; �̂� is the sample mean of Z. 
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(𝑐𝑜𝑣(𝑍, 휀2
2) ≠ 0  (5.6) 

    𝑐𝑜𝑣(𝑍, 휀1휀2) = 0  (5.7) 

Here, condition (5.5) denotes that X’ should be exogenous. Condition (5.6) states that errors 

should be heteroscedastic and this can be empirically tested using a standard test.9 Finally, 

condition (5.7) cannot be tested and it requires some priori justification. According to 

Theorem (1), a simple estimator of the equations (5.3) and (5.4) can be developed as follows; 

4. Parameter 𝛽20 can be estimated by linearly regressing 𝑌2 on X (first-stage 

auxiliary regression). The residual of that regression is 휀2̂. 

5. Then the structural parameters 𝛽10and 𝛾10 (of equation 5.3) can be estimated 

by a liner TSLS regression of 𝑌1on 𝑌2, and X, and the internally generated 

(Z−𝑍)̅̅ ̅휀2̂ as an instrument for 𝑌2. 

6. These auxiliary residuals have zero covariance with each of the regressors used 

to construct them, implying that the mean of the generated instrument will be zero 

by construction (Baum, Lewbel, Schaffer & Talavera, 2012). 

7. Similarly, estimation can be easily extended, when the multiple endogenous 

variables are added to the model. 

With this approach, the identification comes from having regressors uncorrelated with the 

product of heteroscedastic errors, which is shown to be a feature of many models in which 

error correlations are due to an unobserved common factor or to the measurement error in 

mismeasured regressor models.  

The internal instruments generated with this approach can eventually be used in conjunction 

with any external instruments. Standards tests of under-identification, weak-identification, 

                                                 
9 We use Breusch-Pagan/Godfrey/Cook-Weisberg test for heteroscedasticity. 
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and over-identification apply (see below). Chapter 5.4 reports the results obtained when using 

both internal and external instruments; other results are reported in the Appendix D.  

 

Diagnostics 

Once suitable instruments are identified, estimation can proceed by TSLS or GMM. When 

the model is just identified, TSLS and GMM produce similar estimates; if the model is over-

identified, then the GMM estimator produces more precise estimates than the TSLS estimator 

does. When the model includes more instruments than the number of endogenous regressors, 

the GMM estimator can be used to produce estimates that are more accurate. Three statistical 

tests that help validate the specifications of these models will be reported: 

1. Hansen test for over-identification 

As discussed in Chapter 3.3.1, the Hansen test is a standard test of over-identifying 

restrictions.10 The joint null hypothesis is that the errors are correctly excluded from the 

estimating equation and they uncorrelated with the error term. Failure to reject the null 

hypothesis implies that the excluded instruments are correctly excluded from the estimated 

equation.  

2. Test of under-identification 

The test of under-identification, a test of the correlation between instruments and endogenous 

regressors, can be used to assess the strength of identification. Several such tests can be 

performed. Kleibergen and Paap (2006) (K-P) proposed such a test, which uses a Langrange-

Multiplier (LM) test. As the study uses heteroscedasticity-robust standard errors in all 

estimations, use of the K-P test is more appropriate, as it can be performed when the errors 

                                                 
10 See for more details on Hansen test procedure in Chapter 3.3.1. 
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are not independently, identically distributed (i.i.d). The test statistic is distributed as a chi-

squared distribution with a degree of freedom (L1-K1 +1), where L1 is the number of excluded 

instruments and K1 is the number of endogenous regressors in the model. The test is 

essentially the test of the rank of a matrix:  under the null hypothesis that the equation is 

under-identified, (that is the matrix is not full rank), the matrix of reduced form coefficients 

on the L1 excluded instruments has rank=K1-1. A rejection of the null indicates that the matrix 

is full column rank. That is, it can therefore be taken as evidence that the model is identified.  

 

3. Test of weak-identification 

Having the excluded instruments are weakly correlated with the endogenous regressors is 

called a “Weak-identification problem”. Estimators can perform poorly when instruments are 

either weak or not strong enough to explain the meaningful variation in the predicted values 

of the endogenous regressors. To assess the extent of a weak-identification, the Kleibergen-

Paap (2006) Wald rk F statistic is used, given the heteroscedastic-robust standard errors. The 

null hypothesis is that the estimator is weakly identified, in the sense that it is subject to a 

bias that the investigator finds unacceptably large.11 Failure to reject the null hypothesis 

indicates the absence of a weak-instruments problem.  

 

The critical values reported with 2-step GMM are the Stock-Yogo (2005) IV critical values. 

However, these Stock-Yogo (2005) critical values are not available for models with more 

than three endogenous regressors. Thus, the study uses the K-P Wald statistic and the 

corresponding Stock-Yogo critical values for the models with a single endogenous regressor. 

For the models with multiple endogenous regressors, the study uses the Sanderson-

Windmeijer 2015-SW conditional F-test statistic to detect the weak identification problem. 

                                                 
11 See for a detailed discussion, Baum, Schaffer and Stillman, 2007. 
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As Sanderson and Windmeijer (2016) pointed out, a conditional SW first-stage F-test statistic 

can be more useful about the information that instruments provide for models with multiple 

endogenous regressors.12 It is constructed by partialling-out linear projections of the 

remaining endogenous regressors. The null hypothesis is that particular endogenous regressor 

in question is weakly identified. The rejection of the null hypothesis indicates particular 

endogenous variable is not weakly identified. 

 

5.3.3 Data 

The analysis is based on a panel of 47 industrial and emerging countries. The number of 

countries in the panel was mainly determined by data availability, particularly on income 

inequality. The data source of the income inequality is the WIID, compiled by the UNU-

WIDER13. This comprehensive database collects data on income inequality for the majority 

of countries in the world. Because data are provided from different sources, their level of 

quality varies from high to low. In estimation, only high quality date will be used.14 Countries 

with no quality observations, as well as countries with few quality observations, were 

dropped from the sample. This approach reduces the coverage of the sample, but provides 

better quality data for the analysis.  

While data are available on an annual basis for the period 1995 to 2014, the panel is heavily 

unbalanced and includes lots of missing years between non-missing observations. This 

suggests averaging data over five-year periods15. Five-year averages also allow to filter out 

                                                 
12 See Sanderson and Windmeijer (2016) for a detailed discussion on available tests on weak-identification 

problems. 
13 WIID 3.4 version was used to obtain data on Gini coefficient and income distribution. 
14 Only the national level survey data are used. The quality of the data, (based on the source and its credibility) 

is categorised as ‘High, Average and Low’ in WIID database. Therefore, only the data labelled as high quality 

was selected. 
15 “The five year average is computed as the average of all the observations available in a five year window (eg. 

If only four observations are available in a five year window, then the five year average is the average of those 

four available observations).”  
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short-term noise and to focus on the longer term dynamics of the relationship between 

inequality and stock market return volatility. Stock market volatility is measured using the 

daily stock market data from Datastream International.16 Accordingly, stock market return 

volatility (VOL) is defined as the standard deviation of the HP filtered daily return series. The 

summary statistics of the variables are given in Table 5.1. 

Table 5.1  

Summary Statistics of Variables 

Variable  Mean    Std. Dev.       Minimum Maximum Observations 

VOL 0.01618   0.00661    0.00429  0.05020 180 

TRD 85.12286    64.72396    17.25304    410.2467  188 

EFC 0.31679  0.21145    0.01193   0.75174 188 

GDP 27219.79     22524.8     686.3404    104878.5 188 

CRD 85.67236    49.33149    10.87732    246.8176 188 

GCN 17.25074    4.37730   6.90736    26.75382 188 

SCH 0.06994   0.05669 -0.08756    0.25843 187 

COR 3.59674 1.27939      1.00      6.00 188 

GINI 36.1456    9.28337       23.04        65.7 169 

Key: VOL = annualized stock return volatility; TRD = trade openness (% of GDP); EFC= 

ethnic fractionalization; GDP = annual per-capita GDP (real); CRD = domestic credit (% of 

GDP); GCN = government consumption (% of GDP); SCH =annual total number of years in 

secondary school (completion) of the average individual in the population; COR = risk of 

corruption (ICRG); GINI = Gini coefficient;  

 

Appendix D contains various tables that provide additional information. Table D 5.1 

summarises variables definitions and data sources. Table D 5.2 provides a correlation matrix 

                                                 
 

 
16 See more details in Chapter 2.2. 
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of instrument variables and Table D 5.3 reports pairwise correlations. As can be seen, 

correlations between pairs of regressors are generally low, possibly with the exception of the 

pair educational attainment and per-capita GDP and the pair corruption and per capita GDP. 

These low correlations suggest that multicollinearity is unlikely to pose a significant problem 

in estimation. This is further supported by the fact of the estimated average Variance-Inflation 

Factor (VIF) in the sample, which is only 2.09 (Table D 5.3).17 As a prerequisite to using 

Lewbel’s method on IV approach, it is necessary to check whether the errors are 

heteroscedastic or not. An instrumental variable regression, based on equation (5.1), with a 

full set of control variables was first estimated; then the Breusch-Pagan/Godfrey/Cook-

Weisberg test for heteroscedasticity was performed. The results of this test show that the null 

hypothesis of ‘disturbance is homoscedasticity’ can be rejected at even one percent of 

statistical significance (Table D 5.3). This indicates that the errors are heteroscedastic. Thus, 

Lewbel’s identification approach can be used in the analysis. 

 

Figure 5.1 illustrates the relationship between the 20-year averages of income inequality and 

stock market return volatility. As shown, a clear positive relationship can be seen between 

those variables. Figure 5.2 graphically shows the link between the average income of the D 

10 and D 1 deciles and the stock market return volatility. Interestingly, the average income 

of the D 10 and D 1 income brackets are negatively related to the stock market return 

volatility. It implies that there is a negative correlation between average income of D10 and 

D1 and stock market return volatility. This means that volatility reduces income at both ends 

of the income distribution. 

 

                                                 
17 As mentioned by O’brien (2007), rule of thumb of 10 is used here. As calculated VIF is less than 10, it shows 

no sign of multicollinearity. 
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Figure 5.1 

Income Inequality and Stock Market Return Volatility 

 

 

Figure 5.2 

Average Income of D 10 and D1 v. Stock Market Return Volatility 
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5.4 Results and the Discussion 

5.4.1  The Relationship between Income Inequality and Stock Market Return 

Volatility 

Table 5.2 summarises the full sample of IV-GMM estimates of equation (1)18. Three different 

model specifications are considered, from more to less parsimonious. As can be seen, the 

estimated coefficient of the stock market volatility variable is positive and statistically 

significant, meaning that higher volatility generally increases inequality. 

Table 5.2 

The Effects of Stock Market Return Volatility on Income Inequality 

                                                 
18 The results are derived from the ‘augmented version’ of the Lewbel’s (2012) approach, which shows the IV-

GMM estimates based on both external and generated instruments. 

Independent Variables Dependent Variable:    log of GINI coefficient 

Model  1 Model  2 Model 3 Model 4 

volatility  

(VOL) 

2.74560  

(1.23753)** 

3.39109   

(1.17908)* 

3.22455  

(1.02580)*** 

2.36121   

(0.94028)** 

log trade openness  

(TRD) 

-0.02319   

(0.01121)** 

-0.01871   

(0.11209)* 

-0.01950   

(0.01008)** 

-0.01781   

(0.01097) 

log of per capita GDP  

(GDP) 

-0.01836   

(0.01470) 

-0.03401   

(0.01612)** 

-0.02973    

(0.01445)* 

-0.02858   

(0.01240)** 

log of  

corruption (COR) 

0.01760   

(0.02756) 

0.03068 

(0.02151) 

0.02634  

(0.01935) 

0.03157 

(0.02248) 

log of ethnic 

fractionalization 

(EFC) 

0.017047  

(0.00781)** 

0.01567    

(0.00729)** 

0.01872   

(0.00782)** 

0.01690  

(0.00778)** 

log of government 

consumption (GCN) 

- 0.05845    

(0.04283) 

0.04278    

(0.03659) 

0.01441    

(0.03217) 

log of educational  

attainment (SCH) 

- - 0.00454   

(0.02998) 

0.02262    

(0.02630) 

log of domestic credit 

(CRD) 

- - - -0.00743   

(0.01280) 



106 
 

Notes: For all the models, the IV-GMM estimator was used and the heteroscedasticity-robust standard errors 

were calculated. For each regressor, standard errors are given in parenthesis. For each test, the test statistic is 

followed by the pertaining p-value in parenthesis. ***, ** and * denote the statistical significance at 1, 5 and 

10 percent levels, respectively. GCN, GDP, SCH and CRD are treated as the endogenous regressors in the 

model. 

Among the endogenous regressors, only per-capita GDP is statistically significant. The other 

exogenous regressors are statistically significant across different models. It is interesting to 

see that the degree of trade openness is negatively associated with income inequality. This 

result is in the spirit of Dollar and Kraay (2004). Ethnic fractionalization significantly 

increases income inequality. This result supports the view that, in more ethnically fragmented 

                                                 
19 In model (1), based on Stock-Yogo critical values, the Kleibergen-Paap rk Wald F statistic exceeds a 10 

percent maximum IV relative bias. Thus, the model is not weakly identified. 
20 Models (2), (3) and (4) use more than one endogenous regressor. As discussed in the previous section, we 

checked the test of weak-identification of individual endogenous regressors, which is based on the Sanderson-

Windmeijer (2015) conditional first-stage F statistic. Accordingly, based on the corresponding Stock-Yogo 

critical values, none of the endogenous regressors is weakly identified. The results of the SW F statistics for 

individual regressors are given in Table D 5.4 of Appendix D. 

log_GINI(-1) 0.85565   

(0.03745)*** 

0.86410  

(0.03364)*** 

0.86374  

(0.02817)*** 

0.87900  

(0.02522)*** 

Constant 0.78866   

(0.21609)*** 

0.70880   

(0.18071)*** 

0.71877 

(0.15794)*** 

0.72556   

(0.14488)*** 

     

R2 value 0.9036 0.8995 0.9021 0.9035 

F Statistic 262.26 

(0.000)*** 

227.08 

(0.000)*** 

315.06 

(0.000)*** 

355.39 

(0.000)*** 

Observations 118 118 118 118 

Test of over-identification  

(Hansen’s J stat.) 

6.022 

(0.4208) 

7.528 

(0.8208) 

10.425 

(0.9172) 

14.430 

(0.9363) 

Test of under-identification 

(Kleibergen-Paap rk LM 

stat.) 

24.764 

(0.0008)*** 

20.391 

(0.0859)* 

29.636 

(0.0566)* 

40.912 

(0.0234)** 

Test of weak-identification 

(Kleibergen-Paap rk Wald 

F stat.) 

13.843(19) 

(10% max. 

IV relative 

bias) 

3.780  

 

3.477 

 

8.99 (20) 

External Instruments equ lock 

 

equ lock ect 

psd 

equ lock ect 

psd lslw reli 

 

equ lock ect 

psd lslw reli 

luk lrli 

                        Table 5.2 Cont’d. 
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societies, access to public goods might be restricted for some ethnicities, thus giving rise to 

forms of inequality of opportunities that eventually translate into a more unequal distribution 

of income.   

The estimated coefficient of the lagged dependent variable is positive, but smaller than one, 

meaning that Gini exhibits some reversion to the mean and hence that transitory shocks to 

inequality do not have permanent effects. Table 5.2 also reports the results of several 

diagnostic tests on the validity of model specifications, and includes choice of external 

instruments. It is clear that all four models pass the diagnostic tests, indicating that model 

specifications, as well as external instruments included, are correctly chosen.  

 

Evidence From the Sample of High-income Countries21   

Full sample estimates show that stock market volatility increases inequality within countries. 

Table 5.3 reports results for a subsample of high-income countries22. Results are qualitatively 

similar to those obtained from the full sample, except in model (1), in which stock market 

return volatility is not statistically significant. Estimations of the other models confirm that 

the stock market return volatility increases inequality. It should be mentioned that, when 

isolating high-income countries, the statistical significance of the relationship between 

volatility and inequality declines.                      

 

 

                                                 
21 The analysis on sub-samples was confined to high income countries, as there are only 37 observations in the 

sub-sample of developing countries for the model, and some of the instrumental variables (such as dummy 

variable, ‘LOCK’) are dropped due to insufficient observations in the estimation procedure. 
22 The sub-sample of ‘High-income countries’ was based on the latest World Bank income classification of the 

countries (see Table A 2.2 of Appendix A) 

. < https://datahelpdesk.worldbank.org/knowledgebase/articles/906519 >. Retrieved on 12 April 2017.  
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Table 5.3  

The Stock Market Return Volatility and Income Inequality: 

High-Income Countries 

Independent Variables Dependent Variable:    log of GINI coefficient 

Model  1 Model  2 Model 3 Model 4 

volatility  

(VOL) 

2.88598   

(2.48193) 

4.66660  

(2.39396)* 

3.81946   

(2.09432)* 

3.76390   

(2.07562)* 

log trade openness  

(TRD) 

-0.02635 

(0.01250)** 

-0.01332  

(0.01236) 

-0.00964   

(0.01145) 

-0.00905  

(0.01271) 

log of per capita GDP  

(GDP) 

0.01205   

(0.02651) 

-0.00082   

(0.02026) 

-0.02629   

(0.01727) 

-0.03336   

(0.02171) 

log of 

corruption (COR) 

-0.03993   

(0.03802) 

-0.01156  

(0.02489) 

-0.00109   

(0.01996) 

0.00293   

(0.01696) 

log of ethnic 

fractionalization 

(EFC) 

0.01882   

(0.00887)** 

0.01283  

(0.00844) 

0.01055    

(0.00774) 

0.01293  

(0.00726)* 

log of government 

consumption (GCN) 

- 0.01085   

(0.03316) 

0.00918    

(0.03071) 

0.02042    

(0.03072) 

log of educational  

attainment (SEC) 

- - -0.09081   

(0.03715)** 

-0.07669   

(0.03664)** 

log of domestic credit 

(CRD) 

- - - 0.01049   

(0.02388) 

log_GINI(-1) 0.86702   

(0.04057)*** 

0.89017   

(0.03548)*** 

0.88449   

(0.03213)*** 

0.88465    

(0.03277)*** 

constant 0.52800    

(0.25978)*** 

0.44568   

(0.24765)* 

0.56778  

(0.18677)*** 

0.57569   

(0.16788)*** 

     

R2 value 0.8964 0.8995 0.8977 0.9001 

F Statistic 109.35 

(0.000)*** 

227.08 

(0.000)*** 

170.44 

(0.000)*** 

164.56 

(0.000)*** 

Observations 81 81 81 81 

Test of over-identification  

(Hansen’s J statistic) 

5.952 

(0.4286) 

18.008 

(0.1154) 

21.411 

(0.2592) 

27.508 

(0.2813) 

 

                        Table 5.3 Cont’d. 
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Notes:  For all the models, the IV-GMM estimator was used and heteroscedasticity-robust standard errors were 

calculated. For each regressor, the standard errors are given in parenthesis. For each test, the test statistic is 

followed by the pertaining p-value in parenthesis. ***, ** and * denote the statistical significance at 1, 5 and 

10 percent levels, respectively. GCN, GDP, SCH and CRD are treated as the endogenous regressors in the 

model. 

 

Among the diagnostic test statistics, as reported at the bottom of Table 5.3, models (3) and 

(4) exhibit under-identification and weak-identification problems. The statistics on the SW 

first-stage F statistics (Table D 5.4) show that individual endogenous regressors in those 

models do not suffer weak-identification problem.  

5.4.2 The Analysis of the Relationship between the Income Distribution and Stock 

Market Return Volatility 

Table 5.4 reports the IV-GMM estimates on the empirical link between the average per-capita 

income of different deciles and stock market return volatility. The analysis attempts to 

examine the potential impact on the per-capita income of the richest 10 percent and the 

poorest 10 percent of the income distribution, as well as the income gap between D 1 and 

D10 groups. It is interesting to see that stock market return volatility negatively affects the 

average income of the poorest 10 percent, but not the income of the richest group as well as 

the income gap (D 10-D 1). In other words, the poorest decile seems to be negatively affected 

from volatility, yet there is no robust evidence on the impact of the richest group. 

Test of under-identification 

(Kleibergen-Paap rk LM 

statistic) 

13.269 

(0.0665)* 

25.415 

(0.0203)** 

23.832 

(0.2027) 

25.355 

(0.4426) 

Test of weak-identification 

 

6.866 

(20% max. 

IV relative 

bias) 

7.383 

 

3.757 

 

2.379 

 

External Instruments equ lock 

 

equ lock ect 

psd 

equ lock ect 

psd lslw reli 

 

equ lock ect 

psd lslw reli 

luk lrli 

                        Table 5.3 Cont’d. 
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As Jeanneney and Kpodar (2011) mention, instability in financial sector hurts the poor. 

Moreover, stock market return volatility, as a form of financial instability, may create some 

indirect effects on the income distribution. For one thing, unstable financial markets may 

reduce investments, and thus weaken economic growth prospects. This significantly affects 

the income of the poorest people. For another thing, instability in the financial sector is often 

associated with macroeconomic volatility, and volatility in macroeconomic aggregates 

significantly impedes economic growth. Thus, this finding of negative effects of volatility is 

consistent with the findings of the previous section, in which the stock market return volatility 

positively affects the income inequality within a country.  

Most of the estimated coefficients exhibit their expected sign. Interestingly, trade openness 

is highly statistically significant in all the models, which implies that trade liberalization 

policies have positive benefits on income of all the income brackets, again in line with 

previous findings reported by Dollar and Kraay (2002 & 2004). Further, this finding is 

consistent with the results found in Chapter 5.4.1 for the negative impacts of trade openness 

on income inequality.  

Table 5.4 

Income Distribution and Stock Market Return Volatility 

Dependent variable  Log per-capita 

income  Top 10 

decile (D 10) 

Log per-capita 

income  Top 1 

decile (D 1) 

Difference between Log 

per-capita income D 10- 

D 1 deciles 

volatility  

(VOL) 

-3.71106 

(3.40227) 

-14.27624 

(4.75025)*** 

-2.74910 

(3.37871) 

log trade openness 

(TRD) 

0.19023 

(0.05067)*** 

0.34783 

(0.09196)*** 

0.17510 

(0.04996)** 

log domestic credit 

(CRD) 

0.46267 

(0.08389)*** 

0.13835 

(0.11952) 

0.5220952 

(0.08320)***  

                        Table 5.4 Cont’d. 
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govt consumption 

(GCN) 

-0.04661   

(0.16588)     

0.86046 

(0.24597)*** 

-0.10060 

(0.16619) 

log of  

corruption (COR) 

0.35176 

(0.11470)*** 

0.77224 

(0.17995)*** 

0.28137 

(0.11501)** 

log inflation 

(INF) 

-0.13361 

(0.04819)*** 

-0.32503 

(0.06440)*** 

-0.10207 

(0.04825)*** 

Asia/Pacific 

 

-1.90815 

(0.10976)*** 

-1.31588 

(0.18041)*** 

-1.98468 

(0.11390)*** 

MENA -1.28695 

(0.11348)*** 

-1.71126 

(0.18849)*** 

-1.30204 

(0.10871)*** 

Latin America 0.20744 

(0.14336) 

-0.56599 

(0.23756)** 

0.25283 

(0.13559)* 

Europe/Central Asia -0.20809 

(0.19511) 

0.14051 

(0.28073) 

-0.25003 

(0.19213) 

constant 

 

8.21056 

(0.75160)*** 

3.73101 

(0.96093)*** 

8.11064 

(0.73677)*** 

    

R2 value 0.8499 0.7688 0.8412 

F Stat 145.74 

(0.000)*** 

195.80 

(0.000)*** 

158.06 

(0.000)*** 

Observations 154 154 154 

Test of over-

identification  

20.830 

(0.2881) 

20.685 

(0.2956) 

20.505 

(0.3053) 

Test of under-

identification 

30.933 

(0.0411)** 

30.933 

(0.0411)** 

30.933 

(0.0411)** 

Test of weak- 

identification 

GCN = 7.21 

CRD = 8.87 

GCN = 7.21 

CRD = 8.87 

GCN  = 7.2123 

CRD  =  8.87 

External Instruments psd ect luk lrli psd ect luk lrli psd ect luk lrli 

Notes: For each model, the dependent variable is the average log transformed income of the decile. For each 

model, the IV-GMM estimator was used and heteroscedasticity-robust standard errors were calculated. For each 

regressor, standard errors are given in parenthesis. For each test, the test statistic is followed by the pertaining 

p-value in parenthesis. ***, ** and * denote the statistical significance at 1, 5 and 10 percent levels, respectively. 

GCN and CRD are treated as the endogenous regressors in the model. 

 

                                                 
23 The SW F-test statistic is reported as there are two endogenous regressors in each model. Based on the Stock-

Yogo (2005) critical values, these models report a 20% maximum IV relative bias.  
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Control of corruption benefits income at both ends of the income distribution, but 

proportionately more for the poor. This differential effect is an intriguing finding that will 

deserve further study in future research. Government consumption significantly increases 

income of the poorest income bracket. This is consistent with the view that larger 

governments provide more redistributive policies and social welfare expenditure to support 

the income of poorer individuals. Finally, financial development is not a significant 

determinant of the income of the poorest group, yet it significantly increases the income of 

rich people. The expected rate of inflation is highly statistically significant, which shows the 

expected sign of a negative impact on all income deciles. We include regional dummies to 

incorporate the geographical and economic conditions of the countries.24 The dummy 

variable representing the high income countries is set to be the benchmark category. Most of 

the regional dummies are statistically significant. As shown in Table 5.4, all these models 

pass the diagnostic tests, proving the validity of these model specifications.  

5.4.3 Sensitivity Analysis 

Various sensitivity checks are performed to test the robustness of the key findings. First, 

when the dependent variable in equation (5.1) is calculated as the standard deviation of the 

original return series (STDEV), results do not change significantly (Table D 5.8). Similarly, 

stock market return volatility is replaced with the STDEV, as per equation (5.2), to examine 

the effects of stock market volatility on different income brackets. As Table D 5.8 shows, 

STDEV is not significant in any of those models, yet other results remain the same. 

Second, as an alternative specification, a cross-section model consisting of averages of 1995-

2014 for each country is used. The specification is as follows.  

                                                 
24 The classification of the regional dummies (Appendix D: Table D 5.10) is based on the World Bank regional 

group classification  

(<https://datahelpdesk.worldbank.org/knowledgebase/articles/906519> Retrieved on 25 May 2017). 
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𝐺 = 𝛽0 + 𝛽1𝑀𝑖 + ∑ 𝛽2𝑊𝑗,𝑖

𝑛

𝑗=1

+ 휀𝑖         (5.8) 

where i denotes a generic country, G is the average of Gini coefficients and M is the average 

of stock market return volatility (1995-2014). The Wj’s are the selected control variables 

(average values), 휀 is the error term, and 𝛽0,   𝛽1and  𝛽2, are the coefficients to be estimated. 

The same set of control variables used in specification (5.1) are used in model (1). Next, for 

models (2) – (4), the dependent variable is changed into the log average income of the 

following deciles: D10, D1, and the income gap between D10-D1. The same set of control 

variables used in model (5.2), is used in models (2) – (4). Accordingly, Table 5.5 presents a 

summary of the cross-sectional regression estimates based on equation (5.8), which again 

confirmed that stock market return volatility positively affects the income inequality. 

However, the regressions on the cross-section do not show a significant impact of stock 

market return volatility on the income distribution. Other results remain the same.  

Table 5.5  

Cross-sectional Regressions 

 

Dependent variable  Log of  

Gini 

Log per-capita 

income  Top 

10 decile 

(D 10) 

Log per-capita 

income  Top 1 

decile (D 1) 

Difference 

between Log per-

capita income  

D 10- D1 deciles 

Independent 

variables 

Model 1 Model 2 Model 3 Model 4 

volatility  

(VOL) 

16.40333    

(7.02985)** 

17.34948 

(23.69149) 

-8.24498 

(28.36303) 

19.19332 

(24.57913) 

log trade openness 

(TRD) 

-0.15556    

(0.04851)** 

-0.02953 

(0.18297) 

0.22742 

(0.17940) 

-0.05251 

(0.18893) 

log of 

corruption (COR) 

-0.10399    

(0.13245) 

1.93902 

(0.38243)*** 

2.07229 

(0.42991)*** 

1.92053 

(0.39321)*** 

 

                        Table 5.5 Cont’d. 
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Third, Table 5.6 presents estimates obtained from alternative empirical definitions of 

financial development and schooling. Financial development (FND) is measured by the 

composite index recently proposed by the International Monetary Fund (IMF).25 Following 

Gupta et al. (2002), the educational inequality (EDU) was computed as the ratio between the 

percentage of the population (aged 25-64) who had completed secondary education and who 

have not had gone to school (no schooling).26 As this provides information on inequality in 

terms of education, it can be used to assess the impact of education on income inequality.  

 

                                                 
25 See IMF Working Paper WP/16/5 “Introducing a new broad based index of financial development” (Table D 

5.1 for more details). 
26 The data on completion of secondary education  and no schooling was sourced from Barro-Lee (2013). 

Ethnic 

Fractionalization 

(EFC) 

0.10906   

(0.02948)*** 

- - - 

govt consumption 

(GCN) 

-0.06881  

(0.16674) 

0.27047 

(0.54576) 

0.66147 

(0.56569) 

0.23940 

(0.56274) 

log of per-capita 

GDP (GDP) 

-0.00678  

(0.03858) 

- - - 

Educational 

Attainment (SEC) 

-0.00590   

(0.03898) 

- - - 

log domestic credit 

(CRD) 

0.02970    

(0.04795) 

-0.16264 

(0.17923) 

-0.05854 

(0.20292) 

-0.15687 

(0.18573) 

log of inflation 

(INF) 

- -0.17496 

(0.07387)** 

-0.28804 

(0.11217)*** 

-0.15806 

(0.07602)*** 

Constant 4.5172 

(0.65469)*** 

8.61796 

(2.12219)*** 

3.66028 

(2.19951) 

8.66150 

(2.17101)*** 

     

R2 value 0.4993 0.6153 0.7239 0.5857 

F Stat 7.13 

(0.000)*** 

10.55 

(0.000)*** 

19.34 

(0.000)*** 

9.34 

(0.000)*** 

Observations 47 47 47 47 
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Table 5.6 

The Impacts of Stock Market Volatility on Income Inequality 

Independent 

Variables 

 

Dependent Variables:     

log of GINI coefficient 
Log per-

capita 

income  Top 

10 decile  

(D 10) 

Log per-

capita 

income  Top 

1 decile  

(D 1) 

Difference 

between Log 

per-capita 

income  

(D 10- D1) 

deciles 
Model 1 Model 2 Model 3 Model 4 Model 5 

volatility  

(VOL) 

3.83075 

(1.08739)*** 

3.58379 

(1.08181)*** 

-3.85471 

(2.64323) 

-20.17055 

(5.25765)*** 

-2.94897 

(2.59109) 

log trade openness  

(TRD) 

-0.022294 

(0.01191)* 

-0.02311 

(0.01104)** 

0.19845 

(0.04499)*** 

0.36368 

(0.08611)*** 

0.18980 

(0.04227)*** 

log of per capita 

GDP (GDP) 

-0.03941 

(0.01529)** 

-0.03250 

(0.01190)*** 

- - - 

log of  

corruption (COR) 

0.03463 

(0.02089) 

0.03434 

(0.02156) 

0.25186 

(0.10133)** 

0.65996 

(0.20386)*** 

0.21015 

(0.10344)** 

log of ethnic 

fractionalization 

(EFC) 

0.02403 

(0.00996)*** 

0.02283 

(0.00986)** 

- - - 

log of government 

consumption 

(GCN) 

0.05505 

(0.04036) 

0.04026 

(0.03703) 

-0.04181 

(0.13889) 

0.63061 

(0.24259)*** 

-0.11386 

(0.13852) 

log of educational  

inequality (EDU) 

-0.00814 

(0.00781) 

-0.00795 

(0.00732) 

- - - 

log of financial 

development(FND) 

- -0.01301 

(0.02129) 

0.74657 

(0.11196)*** 

0.17485 

(0.21819) 

0.78063 

(0.11317)*** 

log of inflation 

(INF) 

- - -0.12342 

(0.03809)*** 

0.37046 

(0.06873)*** 

0.09835 

(0.03759)** 

log_GINI(-1) 1.86182 

(0.03185)*** 

0.86710 

(0.02835)*** 

- - - 

Constant 0.78256 

(0.18491)*** 

0.73186 

(0.17269)*** 

10.68167 

(0.47004)*** 

5.24799 

(0.88683)*** 

10.85378 

(0.46496)*** 

      

R2 value 0.8983 0.9003 0.8733 0.7740 0.8669 

F Statistic 273.67 

(0.000)*** 

307.60 

(0.000)*** 

248.75 

(0.000)*** 

91.99 

(0.000)*** 

216.34 

(0.000)*** 

                        Table 5.6 Cont’d. 
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Notes: For all the models, the IV-GMM estimator was used and heteroscedasticity-robust standard errors were 

calculated. For each regressor, the standard errors are given in parenthesis. For each test, the test statistic is 

followed by the pertaining p-value in parenthesis. ***, ** and * denote the statistical S/significance at 1, 5 and 

10 percent levels, respectively. GCN, GDP, EDU and FND are treated as the endogenous regressors in the 

model. Models (2), (3) and (4) are estimated including regional dummies. 

 

Overall, as can be seen from Table 5.6, the results are not changed, and stock market return 

volatility is statistically significant with the alternative variables, EDU and FND. However, 

EDU is not statistically significant in any model, whereas FND is highly statistically 

significant in D10 and the income gap categories. 

Fourth, to account for the effect of the GFC period, a dummy variable taking value of 1 in 

the years of the crisis is added to the model specification of equations (5.1), and (5.2).28 The 

                                                 
27 The SW F-statistic for each individual endogenous regressor is reported, with the maximum IV bias based on 

the pertaining Stock-Yogo (2005) critical values. 
28 As five-year periods are used in the study, the GFC period was taken as 2005-2009 period.  

Observations 117 117 154 154 154 

Test of over-

identification  

(Hansen’s J stat.) 

17.322 

(0.5011) 

21.615 

(0.6023) 

15.691 

(0.6141) 

16.3335 

(0.5671) 

18.391 

(0.4302) 

Test of under-

identification 

(Kleibergen-Paap 

rk LM stat.) 

32.840 

(0.0251)** 

38.847 

(0.0382)** 

38.775 

(0.0047)*** 

38.775 

(0.0047)*** 

38.775 

(0.0047)*** 

Test of weak-

identification 

(SW F-stat.) 

GDP = 

6.11(30%) 

GCN = 

6.61(20%) 

EDU= 

1.84 

 

GDP = 

10.56 (20%) 

GCN = 

8.47 (20%) 

EDU= 

2.37 

FND = 

16.76 (10%) 

GCN=  

11.66 (10%) 

FND = 

18.17 (10%) 

GCN=  

11.66 (10%) 

FND = 

18.17 (10%) 

GCN=  

11.66 (10%) 

FND = 

18.17 (10%)27 

External 

Instruments 

equ lock ect 

psd lslw reli 

 

equ lock ect 

psd lslw reli  

luk lrli 

ect psd luk 

lrli 

ect psd luk 

lrli 

ect psd luk 

lrli 
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estimates are given in Table 5.7. The main results do not change, but the positive effect of 

the dummy on the income of the top decile of the distribution is clearly unexpected. Again, 

future research should look into this finding. 

Table 5.7 

The Impact of Global Financial Crisis 

Independent Variables Dependent 

Variable:     

log of GINI 

coefficient 

Log per-capita 

income  Top 

10 decile  

(D 10) 

Log per-capita 

income  Top 1 

decile  

(D 1) 

Difference 

between Log 

per-capita 

income  

(D 10- D1) 

deciles 

Model  1 Model  2 Model 3 Model 4 

volatility  

(VOL) 

3.07670 

(1.02494)*** 

-3.35453 

(3.45033) 

-14.58309 

(4.7811)*** 

-2.16757   

(3.40418) 

log trade openness  

(TRD) 

-0.01961 

(0.01049)* 

0.18531 

(0.05156)*** 

0.33164 

(0.09248)*** 

0.17048  

(0.05066)*** 

log of per capita GDP  

(GDP) 

-0.02526 

(0.01238)** 

 

- - - 

log of  

corruption (COR) 

0.01311 

(0.02066) 

0.37037 

(0.11414)*** 

0.80727 

(0.18011)*** 

0.29213  

(0.11506)** 

log of ethnic 

fractionalization (EFC) 

0.02061 

(0.00779)*** 

- - - 

log of government 

consumption (GCN) 

0.00918 

(0.03172) 

-0.03913 

(0.16566) 

0.88075 

(0.24597)*** 

-0.08948   

(0.16645) 

log of educational  

attainment (SCH) 

0.03749 

(0.02589) 

- - - 

log of domestic credit 

(CRD) 

-0.00665 

(0.01296) 

0.44097 

(0.08681)*** 

0.09052 

(0.12721) 

0.51000   

(0.08588)*** 

log of inflation (INF) - -0.14443 

(0.04536)*** 

0.34330 

(0.06669)*** 

-0.10979   

(0.04535)*** 

GFC period (GFC) -0.00444 

(0.01185) 

0.08721 

(0.06350) 

0.19074 

(0.09976)* 

0.06609   

(0.06317) 

                        Table 5.7 Cont’d. 
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Notes: For all the models, IV-GMM estimator used and heteroscedasticity robust standard errors were 

calculated. For each regressor, standard errors are given in parenthesis. For each test, test statistic is followed 

by the pertaining p-value in parenthesis. ***, ** and * denote the statistical significance at 1, 5 and 10 percent 

levels, respectively. GCN, GDP, SCH and CRD are treated as the endogenous regressors in the model. Models 

(2), (3) and (4) are estimated including regional dummies. 

 

 

 

                                                 
29 The SW F-statistic for each individual endogenous regressor is reported, with the pertaining maximum IV 

bias based on Stock-Yogo (2005) critical values. 

log_GINI(-1) 0.87203 

(0.02470)*** 

- - - 

Constant 0.74731 

(0.14656)*** 

8.26839 

(0.75665)*** 

3.87335 

(0.94971)*** 

8.12575    

(0.74604)*** 

     

R2 value 0.9058 0.8504 0.7678 0.8417 

F Statistic 335.66 

(0.000)*** 

129.32 

(0.000)*** 

246.93 

(0.000)*** 

142.76 

(0.000)*** 

Observations 118 154 154 154 

Test of over-

identification  

(Hansen’s J stat.) 

18.103 

(0.9235) 

19.699 

(0.4769) 

21.354 

(0.3765) 

19.710 

(0.4762) 

Test of under-

identification 

(Kleibergen-Paap rk LM 

stat.) 

44.306 

(0.0343)** 

32.06 

(0.0578)* 

32.06 

(0.0578)* 

32.06 

(0.0578)* 

Test of weak-

identification 

(SW F stat.) 

GDP = 

15.70 (10%) 

GCN = 

11.01(20%) 

SEC= 

6.25 (20%) 

CRD = 

12.52 (10%) 

 

GCN=  

8.13 (20%) 

CRD = 

6.43 (20%) 

 

GCN=  

8.13 (20%) 

CRD = 

6.43 (20%) 

 

GCN=  

8.13 (20%) 

CRD = 

6.43 (20%)29 
 

External Instruments equ lock ect 

psd lslw reli 

luk lrli 

ect psd luk lrli ect psd luk lrli ect psd luk lrli 
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5.5 Conclusion and Policy Implications 

The purpose of the chapter was to empirically quantify the effects of stock market return 

volatility on income inequality and different groups of the income distribution for a panel of 

47 developing and developed countries for the period 1995-2014. The central finding is that 

stock market return volatility increases income inequality. Another important finding is that 

stock market return volatility decreases the income of individuals in the bottom decile of 

income distribution, but not the income of individuals in the top decile.  

 

Some policy implications follow from the study. First, the empirical evidence reported in this 

chapter suggests that for the purpose of reducing income inequality, designing and 

implementing mechanisms that stabilize stock markets is even more important than 

promoting further financial development. This means that in countries with a high income 

inequality, the design and effective implementation of regulatory mechanisms and 

surveillance institutions (which can prevent insider trading and discipline speculative short 

selling practices) is a potentially effective inequality-reducing strategy. Second, larger 

governments reduce inequality over and above any effect of education, so it is important that 

government spending is directed towards the supply of a broad variety of public goods 

(including evidently health), not just education. Third, international trade is beneficial to the 

rich and to the poor, so policies to support economic integration should be promoted. The 

results of this study challenge the popular view that globalization hurts the poor. Finally, 

improving the governance of the economy by controlling corruption remains central to 

ensuring inclusive growth and development. 
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CHAPTER SIX 

CONCLUSIONS 
 

 

 

The core of the research is articulated in three studies that look at causes, consequences, and 

modelling aspects of stock market return volatility.  

 

The first study looks at the determinants of stock market volatility, with a specific focus on 

the role of political instability. A number of econometric models on panel data were tested, 

using annualized data on stock market return volatility as the dependent variable. 

Statistically, volatility is measured as the standard deviation of the HP de-trended stock 

market return series. The explanatory variables include a measure of political instability and 

a number of controls to account for a variety of relevant socio-economic and political factors. 

Two specifications are used: one is a standard single-equation reduced-form model and the 

other is a system of two equations that accounts for the endogenous relationship between 

political factors and that is estimated using a 3SLS. The sample consists of 54 emerging and 

industrial economies over the period 1995-2014. 

 

The reduced-form estimates show that political stability significantly reduces stock market 

return volatility. This finding is consistent across different specifications and estimation 

methods. Estimates also show that volatility increases in times of worsening macroeconomic 

conditions (i.e. higher inflation and slower growth) and that shocks to volatility are not 

persistent.  
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Interestingly, democracy does not seem to affect volatility directly. However, an argument 

can be made that democracy could affect volatility indirectly through its impact on political 

instability. To test this argument, a second equation that models the link between political 

instability and democracy is added to the original volatility equation. The evidence from this 

system of two equations confirms that democracy affects political stability: that is, more 

democratic countries appear to be generally more stable. This result establishes an indirect 

link: more democracy reduces instability, which in turn reduces stock market return 

volatility. After controlling for this indirect link, the residual direct effect of democracy on 

volatility is statistically insignificant.  

 

The estimates of the sys-GMM model show two unexpected results. Surprisingly, volatility 

is positively associated with FDI, and negatively linked with change in crude oil prices, 

which was not expected. The statistically significant lagged dependent variable confirms that 

the current period volatility is affected by the information on the previous period volatility. 

 

The second study deals with the econometric modelling and forecasting of volatility. The 

literature has developed a variety of approaches to modelling and forecasting. However, 

while the properties of these approaches have been extensively tested on industrial economy 

data, their comparative performance and suitability to model volatility in emerging markets 

is much less established. This study tries to fill in this gap by assessing the predictive 

performance of different econometric models for a group of Asian emerging economies, 

namely, India, Malaysia, Pakistan, Singapore, Sri Lanka and Thailand1. More specifically, 

following Poor and Granger (2003), out-of-sample forecasts are used to assessed which of 

                                                 
1 The number of markets is limited due to lack of sufficient data on several emerging markets. 
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three different models (GARCH, EGARCH, and TGARCH) has the strongest predictive 

power and goodness of fit in each of the countries in the sample. Results are presented using 

three different distributions: normal, t, and GED.  

 

Two key findings emerge. First, in terms of goodness of fit, based on the LL ratio criterion 

and AIC, asymmetric GARCH models appear to be generally superior to symmetric GARCH 

models. More specifically, the EGARCH outperforms other models in Malaysia, Singapore 

and Thailand, while the TGARCH is the best selected model for India and Sri Lanka. In one 

country only (Pakistan), the standard symmetric GARCH outperforms the other models. 

 

Second, asymmetric models do not provide systematically better out-of-sample forecast than 

symmetric models. In fact, the symmetric GARCH is the model that on average generates 

the lowest forecasting error based on the RMSE and MAE criteria. The comparison between 

GARCH forecasting and historical volatility forecasting (in terms of exponential smoothing) 

shows that the GARCH models provide better predictive performance. The strong predictive 

performance of GARCH is confirmed, even considering the effects that the GFC had on the 

volatility series. 

 

These findings suggest that, in the short term, volatility is more responsive to bad news than 

to good news. However, in the long run, this asymmetry becomes statistically less significant 

and almost irrelevant.  

 

 

The third study looks at the effects of volatility, with a specific focus on income inequality. 

In fact, while the finance–growth nexus has been widely studied, there is very little 
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exploration and understanding of the relationship between volatility and inequality. Yet a 

number of theoretical considerations suggest that this relationship is likely to be 

economically and statistically relevant. In particular, greater volatility is expected to cause 

higher inequality in income distribution, essentially because poorer individuals are less able 

to diversify risk than richer individuals are. The study empirically investigates this hypothesis 

using a panel of 47 countries, both developing and high-income. The effect of volatility is 

tested in relation to (i) the Gini coefficient and (ii) the average income of individuals in the 

top and bottom decile of income distribution. To account for endogeneity, a combination of 

external and internal instruments (derived from Lewbel, 2012) are used. Stock market return 

volatility is derived using the HP filtered stock return series. To avoid the problem of missing 

data, non-overlapping five-year averages are taken.  

 

Several interesting findings are obtained. First, stock market volatility is confirmed to 

increase inequality. Second, greater volatility reduces the income of the bottom 10% of the 

income distribution, but not the income of the top 10% of the income distribution. Third, 

higher per-capita GDP and more openness to international trade reduce inequality. This latter 

is an important result from a policy perspective, as it suggests that concerns about the 

distributive implications of globalization are not supported by statistical evidence. At the 

same time, inequality tends to be higher in more ethnically heterogeneous societies, most 

likely because of the inability of these societies to provide an adequate supply of public 

goods. Fourth, the quality of governance, as measured by the control of corruption in the 

society, turns out to be a critical driver of income at the lower end of the distribution. This 

suggests that reforms aimed at improving governance are a potentially effective strategy to 

reduce relative poverty.  
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The core policy messages can then be summarised as follows. Stock market volatility is a 

reflection of broader forms of uncertainty arising from political and macroeconomic 

instability. Institutional reforms that introduce stronger checks and balances in policymaking 

can therefore help reduce market volatility. Similarly, an effective countercyclical use of 

macroeconomic policy, combined with a successful inflation target that stabilises inflation 

expectations, will result in lower volatility. Particularly in emerging markets, this suggests 

(i) strengthening the independence of central banks while providing them with the technical 

capability to run an inflation target and (ii) possibly adopting budget rules that are based on 

cyclically adjusted targets. In terms of exchange rate policy, a peg would effectively reduce 

uncertainly only to the extent that it is perceived as sustainable, which in turn requires 

underlying solid macroeconomic fundamentals. As countries move forward in the process of 

economic development, the need for an external anchor becomes less pressing and the 

adoption of a float will increase these countries’ resilience against external shocks. This again 

will contribute to reducing the volatility of the stock market.   

 

Reducing stock market volatility through these institutional and macroeconomic reforms will 

help address structural issues such as inequality and poverty. This is an important policy 

result because those reforms are also likely to increase the growth potential of the economy. 

Therefore, thanks to the inequality-reducing role of stock market volatility, these institutional 

and macroeconomic reforms guarantee that growth is pro-poor: that is, that the benefits of 

growth are accessible by all individuals, including those at the bottom end of the income 

distribution.  
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In conclusion, it is worth summarising some of the directions of future research that have 

emerged in this study. First, the econometric model of the two panel studies (Chapters 3 and 

5) should be extended to allow for conditional effects. For instance, it might be argued that 

the degree of uncertainty generated by political stability is conditional on certain 

constitutional arrangements. If this is the case, then the effect of political instability on 

volatility is also conditional on these constitutional arrangements. In econometric terms, this 

would require the use of interactive terms between the political cycle and the constitutional 

arrangements. Of course, a preliminary theoretical analysis that identifies the relevant 

constitutional features would be required. Similarly, the extent to which volatility translates 

into additional inequality should be conditional on other structural aspects of the economy, 

as well as, possibly, the degree of financial literacy in the economy. Again, the econometric 

model should be then extended to allow for this type of non-linearity. 

 

Second, the analysis undertaken in Chapter 4 can be extended to obtain a more systematic 

understanding of which models work best in which cases and why. This would require a two-

stage approach. In the first stage, a variety of models are applied to a larger number of 

countries. For each country, the best-fitting and/or best forecasting model is identified. This 

evidence is then used to construct a categorical variable. In the second stage, the categorical 

variable is regressed on a set of predictors that represent basic features of the country/time 

series used in the first stage. This will then allow to “estimate” which features make a 

particular model more or less suitable. The analysis could then be further extended by adding 

a set of control factors to the ARCH/GARCH models used in the first stage. 

 

Third, from a broader perspective, it would be interesting to extend the analysis of the effects 

of volatility to account for behavioural and cultural factors. For instance, is volatility going 
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to produce more adverse/stronger macroeconomic effect in countries where individuals are 

more or less risk averse? Do cultural elements like trust and thrift weaken the inequality-

effect of volatility? While one can see the intuitive appeal of these questions, some basic 

theoretical work would be needed to generate a set of hypothesis to be tested empirically. 

The increasing availability of survey data that picks up behavioural and cultural aspects 

would allow for an extensive empirical analysis.  
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APPENDIX A 

Table A 2.1 

List of Sample Countries, Stock Exchanges and Time Period:  

Stock Market Volatility and Political Stability1 

Country Stock Exchange Time Period 

Argentina (ARG) Buenos Aires Stock Exchange 1995-2014 

Australia (AUS) Australian Securities Exchange 1995-2014 

Austria (AUA) Vienna Securities Exchange 1995-2014 

Belgium (BEL) Euronext – Brussels 1995-2014 

Brazil (BRZ) BM & F Bovespa 1995-2014 

Bulgaria (BUL) Bulgarian Stock Exchange 2000-2014 

Canada (CAN) Canadian Securities Exchange 1995-2014 

Chile (CHE) Bolsa Comercio de Santiago  1995-2014 

China (CHN) Shanghai Stock Exchange 1995-2014 

Colombia (COL) Bolsa de Valores de Colombia 2002-2014 

Croatia (CRO) Zagreb Stock Exchange 1997-2014 

Cyprus (CYP) Cyprus Stock Exchange 2005-2014 

Denmark  (DEN) OMX Nordic Exchange - Copenhagen 1996-2014 

Egypt (EGY) Cairo & Alexandria Stock Exchange 1995-2014 

Finland (FIN) OMX Nordic Exchange - Helsinki 1995-2014 

France (FRA) Euronext – Paris 1995-2014 

Germany (GER) Berlin Stock Exchange 1995-2014 

Greece (GRE) Athens Exchange 1995-2014 

Hungary (HUN) Budapest Stock Exchange 1995-2014 

India (IND) National Stock Exchange of India 1995-2014 

Indonesia (INI) Indonesia Stock Exchange 1995-2014 

Ireland (IRE) Irish Stock Exchange 1995-2014 

Israel (ISL) Tel Aviv Stock Exchange 1995-2014 

Italy (ITL) Borsa Italiana 1998-2014 

Jamaica (JMI) Jamaica Stock Exchange 1995-2014 

                                                      
1 The following seven countries are not included in the sample on income inequality (for the analysis in Chapter 

5), due to insufficient of data: Kenya, Kuwait, Morocco, Pakistan, Philippines, Sri Lanka and Tunisia. 
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Japan (JPN) Jamaica Stock Exchange 1995-2014 

Jordan (JOR) Amman Stock Exchange 1995-2014 

Kenya (KEN) Nairobi Stock Exchange 1995-2014 

Kuwait (KUW) Kuwait Stock Exchange 1995-2014 

Luxembourg (LUX) Luxembourg Stock Exchange 1999-2014 

Malaysia (MAL) Malaysia Exchange 1995-2014 

Mexico (MEX) Bolsa Mexicana de Valores 1995-2014 

Morocco (MOR) Casablanca Stock Exchange 2002-2014 

Netherlands (NET) Euronext – Amsterdam 1995-2014 

New Zealand (NZ) New Zealand Exchange 2003-2014 

Norway (NOR) Oslo Stock Exchange 1995-2014 

Pakistan (PAK) Karachi Stock Exchange 1995-2014 

Philippines (PHIL) Philippine Stock Exchange 1995-2014 

Poland (POL) Warsaw Stock Exchange 1995-2014 

Portugal (POR) Euronext – Lisbon 2005-2014 

Russia (RUS) Russian Trading System 1996-2014 

Singapore (SING) Singapore Exchange 2000-2014 

South Africa (SA) JSE Securities Exchange 1996-2014 

South Korea (SK) Korea Exchange 1995-2014 

Spain (SPN) Barcelona Stock Exchange 1995-2014 

Sri Lanka (LKA) Colombo Stock Exchange 1995-2014 

Sweden (SWE) OMX Nordic Exchange - Stockholm 1995-2014 

Switzerland (SWIZ) Berne Exchange 1995-2014 

Thailand (THL) Stock Exchange of Thailand 1995-2014 

Tunisia (TUN) Tunis Stock Exchange 1998-2014 

Turkey (TUR) Istanbul Stock Exchange 1995-2014 

United Kingdom (UK) London Stock Exchange 1995-2014 

United States (USA) NASDAQ 1995-2014 

Venezuela (VEN) Bolsa de Valores de Caracas 1995-2014 

Notes: Country codes are given in the parentheses.  

 

 

 

                  Table A 2.1 Cont’d. 
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Table A 2.2 

Country Classification : Developed Countries  

and Developing Countries 

Developed (High-income/Industrial) Countries Developing Countries 

 

Australia Japan Argentina Russian Federation 

Austria Kuwait Brazil South Africa 

Belgium Luxembourg Bulgaria Sri Lanka 

Canada Netherlands China Thailand 

Chile New Zealand Colombia Tunisia 

Croatia Norway Egypt, Arab Republic Turkey 

Cyprus Poland India Venezuela 

Denmark Portugal Indonesia  

Finland Singapore Jamaica  

France South Korea Jordan  

Germany Spain Kenya  

Greece Sweden Malaysia  

Hungary Switzerland Mexico  

Ireland United Kingdom Morocco  

Israel United States Pakistan  

Italy  Philippines  

Note: The classification is based on the World Bank country classification  

(< https://datahelpdesk.worldbank.org/knowledgebase/articles/906519 >. Retrieved on 12 April 

2017. The following seven countries are not included in the sample on income inequality (for the 

analysis in Chapter 5), due to insufficient of data: Kenya, Kuwait, Morocco, Pakistan, Philippines, 

Sri Lanka and Tunisia. 
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Figure A 2.1 

PRI around the World in 2014 
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APPENDIX B 

Table B 3.1   

Data Sources and Descriptions of the Variables 

Variable 

 

Variable Description & Data Sources 

Standard Deviation of the 

Return Series 

(STDEV) 

Standard deviation is calculated as the square root of the variance 

(average of the squared differences from the mean) of the return 

series. The formula of the sample standard deviation (s) is calculated 

as follows; 𝑠 = 𝑠𝑞𝑟𝑡[∑(𝑥𝑖 −�̅�)
2/(𝑛 − 1)] 

where xi = return of the ith trading day of the year,  �̅� = sample mean 

of return series, n = number of the trading days in the year. Computed 

by authors.  

Source: Stock price data from Thomson Reuters DataStream 

International.(http://financial.thomsonreuters.com/en.html)                

Annual Volatility (VOL) Annual Volatility is calculated as follows; the standard deviations of 

the cyclical component of the return series, separated using Hodrick 

Prescott filter. Computed by author.  

Source: Stock price data from Thomson Reuters DataStream 

International. (http://financial.thomsonreuters.com/en.html)                

Annual GDP Growth - % 

(GDPGRO) 

Annual percentage growth rate of GDP at market prices based on 

constant local currency. Aggregates are based on constant 2005 U.S. 

dollars.  

Source: World  Bank Development Indicators. 

(http://data.worldbank.org/data-catalog/world-development-

indicators) 

Foreign Direct Investment, 

net inflows - % of GDP 

(FDI) 

Foreign direct investment is calculated as the net inflows (new 

investment inflows less disinvestment) in the reporting economy 

from foreign investors, and is divided by GDP.  

Source: World  Bank Development Indicators  

(http://data.worldbank.org/data-catalog/world-development-

indicators). 

Inflation, GDP deflator 

(annual %) (INF) 

Inflation as measured by the annual growth rate of the GDP implicit 

deflator (the ratio of GDP in current local currency to GDP in 

constant local currency) shows the rate of price change in the 

economy as a whole.  

Source: World  Bank Development Indicators 

(http://data.worldbank.org/data-catalog/world-development-

indicators) 

Annual change in official 

exchange rate (Local 

currency units per US$, 

period average) % 

(ΔEX) 

Official exchange rate, as the local currency units relative to the U.S. 

dollar, determined by national authorities or to the rate determined in 

the legally sanctioned exchange market. We use annual percentage 

change in official exchange rate (ΔEX).  

Source: World  Bank Development Indicators 

(http://data.worldbank.org/data-catalog/world-development-

indicators) 

Real Interest Rate - % 

(RINT) 

Real interest rate is the lending interest rate adjusted for inflation as 

measured by the GDP deflator.  

Source: World  Bank Development Indicators  

(http://data.worldbank.org/data-catalog/world-development-

indicators) 
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Trade - % (TRD) Trade is the sum of exports and imports of goods and services 

measured as a share of the GDP. 

Source: World  Bank Development Indicators  

(http://data.worldbank.org/data-catalog/world-development-

indicators) 

Annual change in World 

Oil Price - % 

(ΔOIL) 

The annual percentage change in world crude oil price- as of the end 

of year price.  

Source: Fred Economic Data – Federal Reserve Bank of St. Louis 

(https://fred.stlouisfed.org/series/DCOILWTICO/downloaddata) 

Political Stability (PSTB) The indicator on Political Stability- available as the Political Risk 

Index (PRI). The PRI is constructed based on 11 sub-components; 

higher values of the index correspond to lower political risk. Range 

0 – 100. 

Source : TABLE 3B: Researcher's Dataset, ICRG by PRS Group 

(http://www.prsgroup.com/about-us/our-two-methodologies/icrg). 

Accessed on 09-12-2016.  

Democracy (POLITY) The degree of democracy. The Polity IV Project score, which is the 

difference between the above two variables: POLITY = DEMOC - 

AUTOC. The value ranges from +10 strong democracy to -10 strong 

autocracy). 

Source: Centre For System of Peace (Polity IV Project) 

 (http://www.systemicpeace.org/) 

ACTOTAL value 

(ACTOTAL) 

Variable ACTOTAL sums up scores of the following sub-categories: 

ethnic war in the country; ethnic violence; civil warfare; civil 

violence episode; inter-state warfare; inter-state violence; attempt to 

gain independence for the state; war of independence. For each 

episode 1; 0 for no episodes.  

Source: Centre For System of Peace (Polity IV Project) 

(http://www.systemicpeace.org/) 

Ethnic Fractionalization  

(EFC) 

‘Ethnicity’, defined as a combination of racial and linguistic 

characteristics.  

Source: Alesina et al. (2003) 

(http://www.nsd.uib.no/macrodataguide/set.html?id=16&sub=1) 

Durable (DUR) The regime durability. The value denotes the number of years 

approximately since the most recent regime change. 

Source: The Database of Political Institutions (DPI) 2015. 

(http://www.iadb.org/en/research-and-data/publication-

details,3169.html?pub_id=IDB-DB-121) 
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Table B 3.2  

Pair-wise Correlation Matrices 

Set I: Determinants of stock market return volatility 

 PSTB ΔEX GDP 

GRO 

ΔOIL INF RINT FDI POLIT

Y 

PSTB 1.000        

ΔEX -0.125 

(0.000) 

1.000       

GDPGRO -0.136 

(0.000) 

-0.156 

(0.000) 

1.000      

ΔOIL -0.025 

(0.415) 

-0.101 

(0.001) 

-0.068 

(0.025) 

1.000     

INF -0.155 

(0.000) 

0.8484 

(0.000) 

-0.027 

(0.377) 

-0.040 

(0.186) 

1.000     

RINT -0.169 

(0.000) 

 -0.1648 

(0.000) 

-0.078 

(0.018) 

0.035 

(0.254) 

-0.206 

(0.000) 

1.000   

FDI  0.179 

(0.000) 

-0.027 

(0.403) 

0.023 

(0.447) 

0.008 

(0.782) 

-0.022 

(0.467) 

-0.070 

(0.024) 

1.000  

POLITY  0.303 

(0.000) 

 0.017 

(0.577) 

-0.135 

(0.000) 

-0.018 

(0.5543) 

-0.017 

(0.574) 

-0.046 

(0.135) 

0.036 

(0.242) 

1.000 

Set II : Determinants of political stability 

 POLITY EFC DUR ACTOTAL TRD GDPGRO INF 

POLITY  1.000       

EFC -0.040 

(0.183) 

 1.000      

DUR  0.225 

(0.000)*** 

-0.037 

(0.223) 

 1.000     

ACTOTAL  0.001 

(0.000)*** 

 0.165 

(0.007)** 

-0.074 

(0.001)*** 

 1.000    

TRD -0.066 

(0.964) 

 0.008 

(0.000) *** 

-0.003 

(0.015) ** 

-0.200 

(0.000)*** 

 1.000   

GDPGRO -0.135 

(0.0311)** 

 0.082 

(0.799) 

-0.097 

(0.914) 

 0.170 

(0.032) ** 

 0.066 

(0.000) *** 

 1.000  

INF -0.017 

(0.574) 

 0.034 

(0.266) 

-0.115 

(0.000)*** 

 0.056 

(0.377) 

-0.051 

(0.068) * 

-0.027 

(0.095) * 

1.000 

        

VIF (Set I) 1.28 VIF (Set II) 1.06 
Notes: PSTB=Political stablity;  ΔEX = Change in exchange rate; GDPFRO = GDP growth rate; ΔOIL = 

Change in world oil price;  INF = Inflation; RINT = Real interest rate;FDI =Foreign Direct Investment (% 

of GDP);  POLITY= Measure of democracy; EFC=Ethnic fractionalization; DUR  = Rigime durability; 

ACTOTAL = Sum of scores related to ethnic war/violence, civil warfare/ violence ; TRD= Sum of exports 

and imports (% of GDP); Pertaining p-value for each pairwise correlation is given in the parantheses. ***, 

** and * denote usual statistical significance at 1, 5 and 10 percent levels, respectively. 
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Table B 3.3 

The Results of Difference-in-Hansen Test: 

Sys-GMM Model (pertaining to Table 3.2) 

Instrument sub-sets Mode 1 

(without POLITY) 

Model 2 

(with POLITY) 

GMM (Pre-determined variable) 

VOL (-1) 

Difference in Hansen Test (Statistic) 

14.27 

(0.648) 

14.23 

(0.650) 

GMM (Endogenous variables) 

FDI (-1) / RINT(-1) 

Difference in Hansen Test (Statistic) 

22.75 

(0.886) 

22.41 

(0.894) 

IV (Strictly exogenous variables) 

OIL INF PSTB CHEX GDPGRO* 

Difference in Hansen Test (Statistic) 

1.08 

(0.956) 

2.12 

(0.909) 

Notes: Results are given for the test of exogeneity of instruments sub-sets.  

* - POLITY is included in the Model 2. 
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Table  B 3.4 

Effects of Political Stability on Stock Market Return Volatility 

Dependent variable: Annual Standard Deviation (STDEV) 

 

Independent 

variables 

Model 1 Model 2 Model 3 Model 4 

FE 

 

FE 

(with POLITY) 

SYSTEM GMM 

 

SYSTEM GMM 

(with POLITY) 

PSTB -0.00272   

(0.00120) ** 

-0.00270   

(0.00121) ** 

-0.00195  

(0.00092) ** 

-0.00194    

(0.00089) ** 

ΔEX -0.00035   

(0.00016)** 

-0.00036    

(0.00016)** 

-0.00029   

(0.00014)** 

-0.00030  

(0.00015) * 

GDPGRO 

 

-0.00292   

(0.00045)*** 

-0.00291   

(0.00045)***  

-0.00277   

(0.00056)*** 

-0.00278     

(0.00055)*** 

ΔOIL -0.00123   

(0.00021) *** 

-0.00124   

(0.00021) *** 

-0.00145     

(0.00024)*** 

-0.00144   

(0.00023)*** 

INF 0.00396   

(0.00240) 

0.00390   

(0.00237) 

0.00602     

(0.00238)** 

0.00609     

(0.00254)** 

RINT 0.00116   

(0.00089) 

0.00115   

(0.00088) 

0.00150   

0.00199 

0.00152            

(0.00192) 

FDI 0.00013   

(0.00031) 

0.00013   

(0.00031) 

0.00296   

(0.00121)** 

0.00293   

(0.00124) ** 

STDEV(t-1) - - 0. 09206 

(0. 06268) 

0. 08956 

(0. 06285) 

POLITY - -0.00036   

(0.00022) 

- -0.00024    

(0.00041) 

Constant 0.01668    

(0.00013)*** 

0.01670   

(0.00013)*** 

0.01544   

(0.00163) *** 

0.01541   

(0.00158) *** 

     

No. of Obs. 931 931 882 882 

No. of groups 

(n) 

53 53 53 53 

No. of 

instruments (i) 

- - 55 56 

Instrument ratio 

(n/i) 

- - 0.96 0.95 

R-squared  0.0334 0.0335 - - 

F-stat 

(Prob>F) 

14.61 

(0.000) 

13.05 

(0.000) 

15.34 

(0.000) 

13.97 

(0.000) 

AR(2) test 

(Prob>z) 

- - 0.456 0.468 

Hansen J test 

(Prob>chi2) 

- - 0.276 0.323 

Notes: Models 1 and 2 are fixed effect models, while models 3 and 4 are System GMM 

estimations. Only models 2 and 4 include variable ‘POLITY’. For models 1 and 2, 

heteroscedasticity robust standard errors are calculated; for models 3 and 4, Windmeijer (2005) 

finite-sample corrected standard errors are calculated; Standard errors are in parenthesis. ***, ** 

and * denote usual statistical significance at 1, 5 and 10 percent levels, respectively. All the 

explanatory variables are standardized and range between 0 and 1. 
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Table B 3.5 

Effects of Global Financial Crisis 

Dependent variable: Annual Volatility (VOL) 

 

Independent Varibles  

Model 1    Model 2  

Fixed Effect SYSTEM GMM 

PSTB -0.00182    

(0.00068)** 

-0.00142  

(0.00063)** 

ΔEX -0.00021 

(0.00014) 

-0.00016 

(0.00013) 

GDPGRO 

 

-0.00262 

(0.00050)*** 

-0.00220 

(0.00050)*** 

ΔOIL -0.00025 

(0.00026)     

-0.00062 

(0.00028)** 

INF 0.00472 

(0.00234)** 

0.00591  

(0.00229) ***  

RINT 0.00167 

(0.000923)* 

0.00056 

(0.00146) 

FDI -0.00005    

(0.00020) 

0.00164 

(0.00044) ***      

Year-dummy (2007) 0.00060  

(0.00079)      

0.00031 

(0.00115)      

Year-dummy (2008) 0.01007   

(0.00106)*** 

0.00906 

(0.00116)*** 

VOL(t-1) - 0.15475 

(0.07009)** 

Constant 0.01547 

(0.00016)***  

0.01318 

(0.00152)*** 

   

No of obs. 931 882 

No. of countries (n) 53 53 

No. of instruments(i) - 57 

Instrument ratio (n/i) - 0.93 

R-squared  0.1763 - 

F-stat 

(Prob>F) 

42.64 

(0.000) 

40.88 

(0.000) 

AR(2) test (Prob>z) - 0.838 

Hansen J test  

(Prob>chi2) 

-  

0.458 

Notes: Model 1 is a fixed effect model and model 2 is System GMM estimations. POLITY is not 

included in both models. For model 1, heteroscedasticity robust standard errors are calculated; for 

model 2, Windmeijer (2005) finite-sample corrected standard errors are calculated; Standard 

errors are in parenthesis. ***, ** and * denote usual statistical significance at 1, 5 and 10 percent 

levels, respectively. All the explanatory variables are standardized and range between 0 and 1. 
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Table B 3.6 

Effects of Political Stability on Stock Market Return Volatility: 

Developing Countries (Interaction term) 

 

Dependent variable: Annual Volatility (VOL) 

 

Independent Varibles  

Model 1    Model 2  

SYSTEM GMM SYSTEM GMM 

PSTB -0.00305      

(0.00160)* 

-0.00288  

(0.00156)* 

ΔEX -0.00018 

(0.00017) 

-0.00019 

(0.00013) 

GDPGRO 

 

-0.00209 

(0.00055)*** 

-0.00215 

(0.00054)*** 

ΔOIL -0.00145 

(0.00024)***     

-0.00140 

(0.00025)** 

INF 0.00688 

(0.00296)** 

0.00679  

(0.00313)***  

RINT 0.00222 

(0.00220) 

0.00210 

(0.00200) 

FDI -0.00254 

(0.00079)*** 

0.00255 

(0.00084)***      

POLITY 

 

- -0.00018 

(0.00037) 

Interaction term: 

Developing Countries * 

Political Stability 

-0.00008 

(0.00006)      

-0.00007 

(0.00007)      

VOL(t-1) 0.11149 

(0.05640)* 

0.10937 

(0.06062)** 

Constant 0.01691 

(0.00258)***  

0.01657 

(0.00274)*** 

   

No of obs. 931 882 

No. of countries (n) 53 53 

No. of instruments(i) 55 56 

Instrument ratio (n/i) 0.96 0.94 

F-stat 

(Prob>F) 

13.41 

(0.000) 

12.09 

(0.000) 

AR(2) test (Prob>z) 0.754 0.732 

Hansen J test  

(Prob>chi2) 

0.291 0.328 

Notes: Model 1 iand 2 are System GMM estimations. POLITY is included in model (2). For both 

models, Windmeijer (2005) finite-sample corrected standard errors are calculated; Standard errors 

are in parenthesis. ***, ** and * denote usual statistical significance at 1, 5 and 10 percent levels, 

respectively. All the explanatory variables are standardized and range between 0 and 1. 
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Table B 3.7 

Effects of Political stability on Stock Market Return 

Volatility (Standard Deviation): System Equation Estimations 

 

Model I: Stock market return voaltility 

     (Equation: volatility) 

Model II: Political Stability 

     (Equation: stability) 

Dependent variable : Annual Standard 

Deviation (STDEV) 

Dependent variable : Political Stability 

PSTB 

 

-0.00262   

(0.00134)* 

POLITY 

 

0.26432   

(0.02485)*** 

ΔEX -0.00046   

(0.00065)   

EFC -0.08003   

(0.01919)*** 

GDPGRO -0.00272  

(0.00071)***   

DUR 

 

0.36001   

(0.02004)***   

ΔOIL -0.00136   

(0.00064)**    

ACTOTAL 

 

-0.34464   

(0.01954)*** 

INF 0.00697   

(0.00291)** 

GDPGRO (t-1) 0.02376   

(0.02004) 

RINT 0.00410   

(0.00190)**     

INF (t-1) 

 

-0.53222   

(0.06816)*** 

FDI 0.00247   (0.00207) TRD(t-1) 

 

0.20881   

(0.02071)*** 

STDEV(t-1) 

 

0.05454   (0.03462)  

Constant 

 

 

 

0.02110    

(0.01946) 

 
POLITY 0.00086   (0.00089) 

R squared 0.6246 

Constant 0.01617  

(0.00088)*** 

R squared 0.0170 

Chi2 49.14 

(0.000)*** 

Chi2 1458.28 

(0.000)*** 

No. of  Obs 878 No. of  Obs 878 

Notes: Model 1 and 2 are estimated using 3SLS approach under system of equation model. 

Standard errors are in parenthesis. ***, ** and * denote statistical significance at 1, 5 and 10 

percent levels, respectively. All the explanatory variables are standardized and range between 0 

and 1. 
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APPENDIX C 

Table C 4.1 

Market Capitalization Statistics 

 

 

 

 

 

 

* - 

Market capitalization of listed domestic companies (current US$) in 2015; Source: World 

Development Indicators (downloaded on 20/06/2016); ** - Based on 2010 data. ***-Based on 

available data on OECD countries; *+ - Source: World Federation of Exchanges (Retrieved  on 08 

July 2016). 

 

 

 

 

 

 

 

 

Country Market Capitalization 

(US $)* 

No. of Listed 

Companies*+ 

India 1.52 × 1012 5836 

Malaysia 3.83 × 1011 902 

Pakistan    3.80 × 1010 ** 577 

Singapore 6.40 × 1011 769 

Sri Lanka 2.08 ×1010 294 

Thailand 3.49 × 1011 639 

      OECD avg.*** 1.79 × 1012 1145 
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APPENDIX D 

Table D 5.1  

Variable Description and Data Sources 

Variable Variable Description & Data Sources 

Standard Deviation of the 

Return Series 

(STDEV) 

As defined in Table B 3.1. See Table B 3.1 for more details. 

Source: Stock price data from Thomson Reuters DataStream 

International. 

(http://financial.thomsonreuters.com/en.html)                

Annual Volatility (VOL) As defined in Table B 3.1. See Table B 3.1 for more details.         

Gini Coefficient (GINI) A statistical measurement of inequality, based on the Lorenz Curve.  

Source: UNU-WIDER, ‘World Income Inequality Database 

(WIID3.4)’. 

(https://www.wider.unu.edu/database/world-income-inequality-

database-wiid34) 

Decile 10 (D10) The share of the decile 10 in the income distribution. 

Source: UNU-WIDER, ‘World Income Inequality Database 

(WIID3.4)’. 

(https://www.wider.unu.edu/database/world-income-inequality-

database-wiid34) 

Decile 1 (D1) The share of the decile 1 in the income distribution. 

Source: UNU-WIDER, ‘World Income Inequality Database 

(WIID3.4)’. 

(https://www.wider.unu.edu/database/world-income-inequality-

database-wiid34) 

Per capita income of the 

each decile: D10, D1 

The product of GDP and the of share of the each decile in the income 

distribution, as a fraction of the decile of the total population of the 

country. 

Level of GDP Per-capita-  

annual % (GDP) 

GDP per capita (constant 2010 US$). GDP per capita is gross 

domestic product divided by midyear population.  

Source: World  Bank Development Indicators. 

(http://data.worldbank.org/data-catalog/world-development-

indicators) 

Inflation, GDP deflator 

(annual %) (INF) 

As defined in Table B 3.1. See Table B 3.1 for more details. 

 

Trade – (annual % of GDP 

(TRD) 

As defined in Table B 3.1. See Table B 3.1 for more details. 

 

Domestic Credit to Private 

Sector – (annual % of GDP 

(CRD) 

Domestic credit to private sector refers to financial resources provided 

to the private sector by financial corporations, such as through loans, 

purchases of nonequity securities, and trade credits and other accounts 

receivable, that establish a claim for repayment.  

Source: World  Bank Development Indicators 

(http://data.worldbank.org/data-catalog/world-development-

indicators 

Financial Development 

Index (FND) 

An aggregate measure of the financial development of a country, 

based on nine sub-indices representing financial markets and 

institutions. 

Source: IMF Working Paper WP/16/5 “Introducing a new broad based 

index of financial development” 

(https://www.imf.org/external/pubs/ft/wp/2016/wp1605.pdf) 
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Government Consumption 

– (annual % of GDP (GCN) 

Government consumption includes all government current 

expenditures for purchases of goods and services (including 

compensation of employees). It also includes most expenditures on 

national defense and security, but excludes government military 

expenditures that are part of government capital formation. 

Source: World  Bank Development Indicators 

(http://data.worldbank.org/data-catalog/world-development-

indicators 

Corruption (COR) This is an assessment of the corruption within the political system. 

The score ranges 0-6. A higher (lower) value denotes a lower (higher) 

risk on corruption. 

Source : TABLE 3B: Researcher's Dataset, ICRG by PRS Group  

(http://www.prsgroup.com/about-us/our-two-methodologies/icrg). 

Accessed on 09 December 2016. 

Ethnic Fractionalization  

(EFC) 

As defined in Table B 3.1. See Table B 3.1 for more details. 

Source:  

Alesina et al. (2003) 

(http://www.nsd.uib.no/macrodataguide/set.html?id=16&sub1) 

Educational Attainment: 

Secondary Education (SEC) 

The highest level attained: the number of people,  who completed the 

secondary education as % of total polulation aged 25-64. 

Source:  

Barro-Lee Educational Attainment Dataset; Barro-Lee (2013). 

(http://www.barrolee.com/) 

Educational Inequality 

(EDU) 

The ratio between the percentage of the population (aged 25-64) who 

had completed secondary education and who have not had gone to 

school (no schooling). The data on secondary completion and no 

schooling was sourced from Barro-Lee dataset.    

Source:  

Barro-Lee Educational Attainment Dataset; Barro-Lee (2013). 

(http://www.barrolee.com/) 

Distance from Equator 

(EQU) 

The absolute distance from the equator. 

Source: La Porta, Lopez-de-Silanes, Shleifer and Vishny (1999) 

Landlock Countries 

(LOCK) 

A dummy variable: value= 1 for landlocked countries, 0 otherwise.  

Source:  

CIA world factbook  

(https://www.cia.gov/library/publications/the-world-factbook/) 

Electoral Rule (ECT) A dummy variable: value  = 1 for countries that adopt a 

plurality rule, 0 otherwise. 

Source: International Institute for Democracy and Electoral 

Assistance (IDEA):Electoral system design database. 

(http://www.idea.int/data-tools/)  

Presidential Regime (PSD) A dummy variable: value  = 1 for countries under a presidential 

regime, and 0 otherwise. 

Source: The Database of Political Institutions 2015 (DPI2015). 

(http://www.iadb.org/en/research-and-data/publication-

details,3169.html?pub_id=IDB-DB-121). 

Duration of compulsory 

education  (SLW) 

Number of years that children are legally obliged to attend school. 

Source: World  Bank Development Indicators 

(http://data.worldbank.org/data-catalog/world-development-

indicators) 

Christianity (Religion) 

(RELI) 

The share of population affiliated with Christianity in year 2010. 

Source: The Global Religeous Landscape (Table: Religeous 

composition by country) by Pew Centre 

(www.pewforum.org/2012/12/18/global-religious-landscape-exec/) 

Legal Origin of UK 

(LUK) 

A dummy variable, value =1 if country’s legal system originates from 

the British Common Law, and 0 otherwise.  
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Source: La Porta et al.(1999) 

(https://scholar.harvard.edu/shleifer/publications/quality-

government) 

Rule of Law Index (RLI) 

 

Rule of Law Index, compiled by the World Justice Project. Score 

ranges between 0(lowest) to 1(highest). 

Source: The World Justice Project. 

(www.worldjusticeproject.org) 
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Table D 5.2 

Pair-wise Correlation Matrix: Instrument Variables 

Instrument variables for determinants of income inequality 

 

  

 EQU ECT PSD RELI LSLW LUK LRL LOC

K 

EQ

U 

1.000 

 

       

ECT -0.235 

(0.001)*** 

1.000       

PSD -0.2524   

(0.000)*** 

-0.1790 

(0.014)** 

1.000      

REL

I 

0.3821 

(0.000)***   

-0.2425   

(0.001)*** 

-0.0290 

(0.693) 

1.000      

LSL

W 

0.3212   

(0.000)*** 

-0.2461 

(0.001)***    

0.1023   

(0.162)  

0.3575 

(0.000) *** 

1.000    

LU

K 

-0.2568 

(0.000)***    

0.5708 

(0.000)***   

-0.1450 

(0.047)**   

-0.2291  

(0.001) *** 

-0.2207 

(0.002)*** 

1.000   

LRL 0.5568   

(0.000)***  

0.0528   

(0.471) 

 -0.4736 

(0.000)***    

0.1942 

(0.007) **    

0.0485 

(0.508)    

0.1365 

(0.061) * 

1.000  

LO

CK 

0.1926  

(0.008)**  

-0.1586 

(0.029) ** 

-0.2348 

(0.001)***    

0.1514  

(0.038) ** 

-0.0328  

(0.655)  

-0.1987  

(0.006)***  

0.1044 

(0.154) 

1.000 

Notes: EQU = Absolute distance from Equator; ECT = countries with non-proportional electoral 

rules; PSD = Countries under presidential system; RELI = log of number of Christians as a percentage 

of population; LSLW = log of Minimum age for compulsory education; LUK = Countries with legal 

origin from British Common Law; LRL = log of Rule of Law Index; LOCK = Dummy variable, 

indicating a land lock country = 1; 0 otherwise. Pertaining p-value for each pairwise correlation is 

given in the parantheses. ***, ** and * denote usual statistical significance at 1, 5 and 10 percent 

levels, respectively. 
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Table D 5.3 

Pair-wise Correlation Matrix 

 VOL TRD COR EFC GDP GCN SCH  CRD INF 

VOL 1.0000 

 

        

TRD -0.0650 

(0.386) 

1.0000         

COR -0.0736 

(0.326) 

0.2184 

(0.002)
*** 

1.0000        

EFC 0.1627 

(0.029)
** 

0.0154 

(0.834) 

-0.2698 

(0.000) 

*** 

1.0000       

GDP -0.2436 

(0.011) 
** 

0.2483 

(0.001) 
*** 

0.7148 

(0.000) 
*** 

-0.3347 

(0.000) 

***     

1.0000      

GCN -0.2550 

(0.001) 
*** 

0.0078 

(0.915) 

0.3992 

(0.000) 
*** 

-0.3319  

(0.000) 
***   

 0.4573 

(0.000) 
*** 

1.0000     

SCH -0.3302 

(0.000) 
*** 

0.2261 

(0.002) 
*** 

0.5514 

(0.000) 
*** 

-0.3110 

(0.000) 
***     

0.7470 

(0.000) 
*** 

0.4973 

(0.000) 
*** 

1.0000    

CRD -0.2675 

(0.000) 
*** 

0.2358 

(0.001) 
*** 

0.4973 

(0.000) 
*** 

-0.1603 

(0.028) 
**     

0.5328 

(0.000) 
*** 

0.2623 

(0.000) 
*** 

0.4758 

(0.000)   
*** 

1.000  

INF 0.1639 

(0.029) 
** 

-0.2097 

(0.004) 
*** 

-0.6095 

(0.000) 
*** 

0.2285 

(0.001)    
*** 

-0.5973 

(0.000) 
*** 

-0.2777 

(0.000) 
*** 

-0.4993 

(0.000) 
***   

-0.6672 

(0.000) 
*** 

1.000 

Results of the Heteroscedasticity test 

(Chi-sq(13)                             (p-value) 

61.311  

(0.0000) 

 

VIF (mean)  2.09 

 

 

Notes: Pertaining p-value for each pairwise correlation is given in the parantheses. ***, ** and * denote usual 

statistical significance at 1, 5 and 10 percent levels, respectively. 
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Table D 5.4 

SW Statistics: Test of Weak-Identification2  

 

Note: The maximum IV relative bias, based on the Stock-Yogo critical values are given in the 

parentheses. 

 

 

 

                                                      
2 The SW statistics are given for the ‘Augmented version’ of the Lewbel’s (2012)  approach. 
3 According to Table 5.6, SW statistic is given for variables, EDU and FND. 

 PCAP GCN SEC CRD 

 

Table 5.2 

Model 1 13.84 (10%) - - - 

Model 2 5.27   (30%) 5.28(30%) - - 

Model 3  9.67    (20%) 6.03 (30%) 5.78 (30%) - 

Model 4 15.23 (10%) 11.97 (10%) 7.67 (20%) 12.34 (10%) 

 

Table 5.3 

Model 1 6.87 (20%) - - - 

Model 2 7.72 (20%) 36.72 (5%) - - 

Model 3 11.49 (10%) 15.57 (10%) 5.06 (30%) - 

Model 4 4.55 (30%) 11.51 (10%) 4.99 (30%) 2.70 

 

Table 5.4 

Model 1 - 7.21 (20%) 8.87 (20%) - 

Model 2 - 7.21 (20%) 8.87 (20%) - 

Model 3 - 7.21 (20%) 8.87 (20%) - 

     

Table 5.6 

Model 1 5.08(30%) 7.65(20%) 1.713  

Model 2 7.84 (20%) 9.67 (20%) 2.10 14.42 (10%) 

Model 3 - 11.66 (10%) - 18.17 (10%) 

Model 4 - 11.66 (10%) - 18.17 (10%) 
Model 5  - 11.66 (10%) - 18.17 (10%) 
     

Table 5.7 

Model 1 15.70 (10%) 11.01 (20%) 6.25 (20%) 12.52 (10%) 

Model 2 - 8.13 (20%) - 6.43  (20%) 

Model 3 - 8.13 (20%) - 6.43  (20%) 
Model 4 - 8.13 (20%) - 6.43  (20%) 
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Table D 5.5 

Summary of the Results of Standard IV Estimations and Generated IV Estimations (pertaining to Table 5.2) 

 

Independent Variables Dependent Variable:    log of GINI coefficient 

Model  1 Model  2 Model 3 Model 4 

 Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

volatility  

(VOL) 

1.53000   

(1.35832) 

 2.60793   

(1.26786)** 

1.23755   

(1.84054) 

3.34312   

(1.20401)*** 

1.65339   

(1.45370) 

2.94224   

(1.09312)*** 

1.73188   

(1.4876) 

  2.49880   

(1.10804)** 

log trade openness  

(TRD) 

-0.02930   

(.01146) ** 

-0.02277   

(0.01149)* 

-0.03231   

(0.01700)* 

-0.01981   

(0.01160)* 

-0.02946   

(0.01346)** 

-0.01923   

(0.01053)* 

-0.02826   

(0.01334)** 

-0.01952   

(0.01135)* 

log of per capita GDP  

(GDP) 

0.00662   

(0.02638) 

-0.03048  

(0.01591)* 

0.00905   

(0.06938) 

-0.04136    

(0.01816)** 

-0.01903  

(0.03575) 

-0.03581   

(0.01666)** 

-0.02354   

(0.03955) 

-0.02898   

(0.01611)* 

log of control of  

corruption (COR) 

-0.00636 

(0.05116) 

0.03611  

(0.02713) 

-0.02560  

(0.09672) 

0.03836   

(0.02316) 

0.00377   

(0.04053) 

0.03393  

(0.02244) 

0.00955   

(0.04916) 

0.02525   

(0.02946) 

log of ethnic 

fractionalization 

(EFC) 

0.02611   

(0.00914)*** 

0.01788 

(0.00790)** 

(0.02691)   

(0.00979)*** 

0.01545   

(0.00764)** 

0.025889   

(0.00916)*** 

0.01637 

(0.00829)* 

0.02530    

(0.00958)** 

0.01830   

(0.00867)** 

log of government 

consumption (GCN) 

- - -0.02987   

(0.11615) 

0.07521   

(0.05212) 

-0.00114   

(0.06731) 

0.03472 

(0.04635) 

0.00057  

(0.06269) 

-0.00125   

(0.03917) 

Table D 5.5 Cont’d. 
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log of educational  

attainment (SCH) 

- - - - 0.01821   

(0.07390) 

0.00902 

(0.03812) 

0.02879   

(0.07720) 

0.03534   

(0.03869) 

log of domestic credit 

(CRD) 

- - - - - - -0.00586   

(0.02983) 

-0.00749  

(0.01545) 

log_GINI(-1) 0.826054 

(0.00409)*** 

0.84490 

(0.03864)*** 

0.82702  

(0.04097)*** 

0.86162    

(0.03548)*** 

0.82623   

(0.03804)*** 

0.85704   

(0.03036)*** 

0.82645   

(0.03764)*** 

0.86547    

(0.02894)*** 

Constant 0.8441953   

(0.29271)*** 

0.92432   

(0.23343)*** 

0.80663    

(0.32633)** 

0.73702   

(0.21753)*** 

0.93536   

(0.28372)*** 

0.80461   

(0.18551)*** 

0.97331   

(0.32331)*** 

0.82148 

(0.19060)*** 

         

R2 value 0.9050 0.9021        0.9018 0.8966 0.9065 0.9017 0.9067 0.9049 

F Statistic 221.09 

(0.000)*** 

257.98 

(0.000)*** 

 

180.83 

(0.000)*** 

214.06 

(0.000)*** 

196.69 

(0.000)*** 

237.52 

(0.000)*** 

181.04 

(0.000)*** 

252.73 

(0.000)*** 

Observations 118 118 118 118 118 118 118 118 

Test of over-

identification  

(Hansen’s J stat.) 

0.0486 

(0.4208) 

3.719 

(0.4454) 

0.012 

(0.9939) 

6.739 

(0.5650) 

0.409 

(0.9383) 

8.071 

(0.7796) 

0.397 

(0.9827) 

11.191 

(0.7975) 

Test of under-

identification 

(Kleibergen-Paap rk 

LM stat.) 

13.342 

(0.0013)*** 

7.067 

(0.2157) 

1.348 

(0.7179) 

18.105 

(0.0340)** 

5.483 

(0.2412) 

22.770 

(0.0445)** 

10.758 

(0.0564)* 

32.748 

(0.0121)** 

Table D 5.5 Cont’d. 
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Test of weak-

identification 

(Kleibergen-Paap rk 

Wald F stat.) 

5.607 

 

10.580 0.597 

 

3.462 1.673 

 

2.327 1.422 2.580 

External Instruments equ lock 

 

equ lock equ lock ect 

psd 

equ lock ect 

psd 

equ lock ect 

psd lslw reli 

 

equ lock ect 

psd lslw reli 

 

equ lock ect 

psd lslw reli 

luk lrli 

equ lock ect 

psd lslw reli 

luk lrli 
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Table D 5.6 

Summary of the Results of Standard IV Estimations and Generated IV Estimations (pertaining to Table 5.3) 

 

Independent Variables Dependent Variable:    log of GINI coefficient 

Model  1 Model  2 Model 3 Model 4 

 Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

volatility  

(VOL) 

2.23568   

(3.16818) 

2.20142   

(2.55549) 

3.11279   

(2.60895) 

3.41364   

(2.44854) 

2.95931   

(2.26674) 

3.31225   

(2.40375) 

3.26022   

(2.10102) 

2.32541   

(2.18994) 

log trade openness  

(TRD) 

-0.02269   

(0.01508) 

-0.02667   

(0.01290)** 

-0.02228   

(0.01348) 

-0.02091   

(0.01280) 

-0.01205   

(0.01320) 

-0.01806   

(0.01330) 

-0.00062   

(0.03058) 

-0.00542   

(0.01395) 

log of per capita GDP  

(GDP) 

0.09045   

(0.13281) 

-0.00458 

(0.02852) 

-0.00798   

(0.03872) 

-0.00061   

(0.02176) 

-0.03260   

(0.04174) 

-0.02074   

(0.02043) 

-0.06829   

(0.06111) 

-0.04380   

(0.02433)* 

log of control of  

corruption (COR) 

-0.12519   

(0.16298) 

-0.01589   

(0.04213) 

-0.00902   

(0.04349) 

-0.02200   

(0.02863) 

-0.02573   

(0.04514) 

-0.00460   

(0.02423) 

-0.01980   

(0.05245) 

-0.00225   

(0.02201) 

log of ethnic 

fractionalization 

(EFC) 

0.01714   

(0.01058) 

0.01866   

(0.00929)** 

0.01703  

(0.00912)* 

0.01996   

(0.00913)** 

0.01553  

(0.00825)* 

0.01476   

(0.00853)* 

0.02057   

(0.01109)* 

0.01596   

(0.00817)* 

log of government 

consumption (GCN) 

- - -0.00549   

(0.06203) 

0.03110   

(0.03749) 

0.00398  

(0.05971) 

0.01368    

(0.03420) 

0.06336   

(0.05792) 

0.02574   

(0.03580) 

Table D 5.6 Cont’d. 
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log of educational  

attainment (SCH) 

- - - - 0.14862   

(0.09795) 

0.03962   

(0.06497) 

0.11586   

(0.11814) 

0.06969   

(0.05741) 

log of domestic credit 

(CRD) 

- - - - - - 0.06227   

(0.09873) 

0.03396   

(0.02654) 

log_GINI(-1) 0.87928   

(0.058576)*** 

0.86223   

(0.04182)*** 

0.87706   

(0.04392)*** 

0.87022   

(0.03491)*** 

0.87965   

(0.04192)*** 

0.87508    

(0.03335)*** 

0.85165   

(0.06451)*** 

0.87237    

(0.03406)*** 

Constant -0.24016   

(1.18260) 

0.68532   

(0.29120)** 

0.65355   

(0.36357)* 

0.49590   

(0.24071)** 

0.62674  

(0.30824)** 

0.65024   

(0.19523)*** 

0.63561   

(0.25014)** 

0.60878   

(0.18460)*** 

         

R2 value 0.8560 0.8981        0.8981 0.8960 0.8947 0.8999 0.8975 0.9028 

F Statistic 62.87 

(0.000)*** 

94.53 

(0.000)*** 

 

92.48 

(0.000)*** 

15.36 

(0.000)*** 

110.17 

(0.000)*** 

150.42 

(0.000)*** 

115.86 

(0.000)*** 

156.14 

(0.000)*** 

Observations 81 81 81 81 81 81 81 81 

Test of over-

identification  

(Hansen’s J stat.) 

0.193 

(0.6605) 

4.761 

(0.3127) 

1.372 

(0.5035) 

7.412 

(0.4948) 

0.289 

(0.9621) 

11.109 

(0.4530) 

1.831 

(0.7669) 

15.014 

(0.5236) 

Test of under-

identification 

(Kleibergen-Paap rk 

LM stat.) 

2.702 

(0.2590) 

8.918 

(0.1124) 

12.483 

(0.005)*** 

12.108 

(0.2073)** 

8.766 

(0.0672)* 

18.020 

(0.1568) 

2.089 

(0.8367) 

18.133 

(0.3805) 

Table D 5.6 Cont’d. 
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Test of weak-

identification 

(Kleibergen-Paap rk 

Wald F stat.) 

0.699 

 

6.352 4.632 

 

4.373 2.076 

 

1.583 0.212 1.086 

External Instruments equ lock 

 

equ lock equ lock ect 

psd 

equ lock ect 

psd 

equ lock ect 

psd lslw reli 

 

equ lock ect 

psd lslw reli 

 

equ lock ect 

psd lslw reli 

luk lrli 

equ lock ect 

psd lslw reli 

luk lrli 
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Table D 5.7 

Summary of the Results of the Standard IV Estimations and Generated IV Estimations (pertaining to Table 5.4) 

Dependent variable  Log per-capita income Top 10 

decile (D 10) 

Log per-capita income  Top 1 decile 

(D 1) 

Difference between Log per-capita 

income D 10- D 1 deciles 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

volatility  

(VOL) 

-4.15417   

(4.21370) 

-1.71015   

(3.80209) 

-17.39867   

(6.52588)*** 

-13.82471   

(5.42943)** 

-2.63467   

(4.30672) 

-0.68554   

(3.76323) 

log trade openness 

(TRD) 

0.14720   

(0.06624)** 

0.20372  

(0.05469)*** 

0.32245   

(0.10594)*** 

0.42322   

(0.10868)*** 

0.12459   

(0.06625)* 

0.18651   

(0.05342)*** 

log domestic credit 

(CRD) 

0.38540   

(0.19949)** 

0.54429   

(0.09754)*** 

0.01500    

(0.22902) 

0.12227   

(0.14471) 

0.45816   

(0.20777)** 

0.59535   

(0.09394)*** 

govt consumption 

(GCN) 

-0.13929   

(0.34618)     

-0.08367    

(0.20573)     

0.63632    

(0.53890) 

1.29775   

(0.33486)***     

-0.22789   

(0.35072) 

0.02739   

(0.19919)     

log control corruption 

(COR) 

0.34651  

(0.12935)*** 

0.30574   

(0.12705)** 

0.63280   

(0.23760)*** 

0.67862   

(0.21730)*** 

0.30015   

(0.12860)** 

0.24111   

(0.12346)* 

log inflation 

(INF) 

-0.13417   

(0.06413)** 

-0.11264   

(0.05389)** 

-0.30465   

(0.09371)*** 

-0.28530   

(0.07593)*** 

-0.11017   

(0.06514)* 

-0.07913   

(0.05331)*** 

Asia/Pacific 

 

-1.94300   

(0.18677)*** 

-1.85879   

(0.11725)*** 

-1.41373   

(0.31852)*** 

-1.19237   

(0.19975)*** 

-2.01036  

(0.18723)*** 

-1.92078   

(0.12121)*** 
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153 
 

MENA -1.45029   

(0.24487)*** 

-1.33425   

(0.12129)*** 

-1.78536   

(0.27881)*** 

-1.64806    

(0.20639)*** 

-1.30204 

(0.10871)*** 

-1.33909    

(0.11349)*** 

Latin America 0.02604   

(0.21825) 

0.30094   

(0.15581)* 

-0..98739   

(0.34710)*** 

-0.34673   

(0.27449) 

-1.43801   

(0.24505) 

0.34063   

(0.14776)* 

Europe/Central Asia -0.33713     

(0.22932) 

-0.18772  

(0.21336) 

-0.18164   

(0.36439) 

-0.00210   

(0.31655) 

-0.33857   

(0.22587) 

-0.23251   

(0.20866) 

constant 

 

9.02525   

(1.25939)*** 

7.43583   

(0.93699)*** 

5.22364   

(1.92045)*** 

2.28827   

(1.18702)*** 

8.97044   

(1.30117)*** 

7.37284   

(0.89334)*** 

       

R2 value 0.8527 0.8437 0.7703 0.7523 0.8455 0.8339 

F Stat 97.51 

(0.000)*** 

127.18 

(0.000)*** 

51.27 

(0.000)*** 

120.89 

(0.000)*** 

101.07 

(0.000)*** 

133.14 

(0.000)*** 

Observations 154 154 154 154 154 154 

Test of over-

identification  

1.622 

(0.4444) 

16.593 

(0.2785) 

3.156 

(0.2064) 

16.531 

(0.2820) 

1.657 

(0.4368) 

15.470 

(0.3468) 

Test of under-

identification 

14.060 

(0.0028)*** 

25.655 

(0.0418)** 

14.060 

(0.0028)*** 

25.655 

(0.0418)** 

14.060 

(0.0028)*** 

25.655 

(0.0418)** 

Test of weak-

identification4 

10.29 

6.70 

5.82 

8.51 

7.21 

8.87 

5.82 

8.51 

7.21 

8.87 

5.82 

8.51 

External Instruments psd ect luk lrli psd ect luk lrli psd ect luk lrli psd ect luk lrli psd ect luk lrli psd ect luk lrli 

                                                      
4 The SW F-test statistic is reported as there are two endogenous regressors in each model. Based on Stock-Yogo (2005) critical values, these models report 20% maximum IV relative 

bias.  
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Table D 5.8 

The Effects of Stock Market Volatility (Standard Deviation) on Income Inequality 

and Different Income Brackets 

 

 

 

 

 

 

 

 

 

 

 

 

 

Independent Variables 

 

Dependent Variables:     

log of GINI coefficient 
Log per-capita income  

Top 10 decile (D 10) 

Log per-capita income   

Top 1 decile (D 1) 

Difference between Log 

per-capita income  

(D 10- D1) deciles 
Model 1 Model 2 Model 3 Model 4 

volatility  

(STDEV) 

(0.49282) 

(0.29614)* 

- 1.04097    

(2.12185) 

-1.32935    

(2.66207) 

1.04974 

(2.22958) 

log trade openness  

(TRD) 

-0.01521    

(0.01049) 
0.18774    

(0.04951)*** 

0.31861    

(0.09335)*** 

0.17228    

(0.04944)*** 

log of per capita GDP (GDP) -0.03509 

(0.01242)*** 
- - - 

log of control of  

corruption (COR) 

0.03177    

(0.02241) 

0.30407    

(0.11929)** 

0.66088    

(0.19903)*** 

0.24579   

(0.11908)** 

log of ethnic fractionalization 

(EFC) 

0.02016    

(0.00715)*** 
- - - 

log of government 

consumption (GCN) 

0.00771     

(0.03148) 

-0.04664    

(0.16685) 

0.96183    

(0.26704)*** 

-0.11887   

(0.16906) 

log of  Educational attainment 

(SEC) 

-0.04198 

(0.02730) 
- - - 

log of  domestic credit (CRD) 

 

0.00691 

(0.01320) 

0.48082    

(0.07644)*** 

0.20731    

(0.11530) 

0.53434   

(0.07628)*** 

log of inflation 

(INF) 

- -0.13637    

(0.04661)*** 

-0.27711   

(0.06800)*** 

-0.10688    

(0.04629)** 

Asia/Pacific - -1.95667     

(0.11912)*** 

-1.41242    

(0.21314)*** 

-2.02505    

(0.12043)*** 

Table D 5.9 Cont’d.

 
Cont’d. 

 Table D 5.6 Cont’d. 
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155 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

MENA - -1.30787     

(0.11533)*** 

-1.68716    

(0.18571)*** 

-1.31590    

(0.11195)*** 

Latin America - 0.17895    

(0.13802) 

-0.64870    

(0.23447)*** 

0.23769    

(0.13116)* 

Europe/Central Asia - -0.24663    

(0.18793) 

0.05338      

(0.27034) 

-0.28693    

(0.18490) 

log_GINI(-1) 0.87975   

(0.02366)*** 
- - - 

Constant 0.76700    

(0.14834)*** 

8.18203    

(0.67407)*** 

3.34766    

(0.92445)*** 

8.15115    

(0.67360)*** 

     

R2 value 0.9040 0.8487 0.7740 0.8408 

F Statistic 333.09 

(0.000)*** 

130.39 

(0.000)*** 

135.99 

(0.000)*** 

142.62 

(0.000)*** 

Observations 118 154 154 154 

Test of over-identification  

(Hansen’s J stat.) 

15.440 

(0.9072) 

17.769 

(0.4710) 

24.472 

(0.1402) 

18.368 

(0.4317) 

Test of under-identification 

(Kleibergen-Paap rk LM stat.) 

35.989 

(0.0718)* 

35.249 

(0.0130)** 

35.249 

(0.0130)** 

35.249 

(0.0130)** 

Test of weak-identification 

(SW F-stat.) 

GDP: 14.16   

SEC:  5.97 

GCN : 14.14   

CRD : 14.76 

(Stock-Yogo Critical 

values : Not Available 

GCN=  

4.93(30%) 

CRD = 

9.30 (20%) 

GCN=  

4.93(30%) 

CRD = 

9.30 (20%) 

GCN=  

4.93(30%) 

CRD = 

9.30 (20%) 

External Instruments equ lock ect psd 

religion lslw luk lrli 

ect psd luk lrli ect psd luk lrli ect psd luk lrli 
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Table D 5.9 

Summary of the Results of the Standard IV Estimations and Generated IV Estimations (pertaining to Table D 5.8) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Independent 

Variables 

 

Dependent Variable:     

log of GINI coefficient 

Dependent Variable:     

Log per-capita income  Top 

10 decile (D 10) 

Dependent Variable:     

Log per-capita income   

Top 1 decile (D 1) 

Dependent Variable:     

Difference between Log per-

capita income  

(D 10- D1) deciles 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

Standard IV  

Estimations 

Generated IV 

Estimations 

volatility  

(STDEV) 

0.62570   

(0.48717) 

0.56731   

(0.33193)* 

2.49581   

(2.56060) 

  0.10929   

(2.28080) 

2.03630   

(4.20570) 

-1.543674   

(2.83297) 

2.56020    

(2.61977) 

0.13823   

(2.36679) 

log trade openness  

(TRD) 

-0.02686    

(0.01338)** 

-0.01381   

(0.01113) 

0.48307   

(0.06558)** 

0.19550   

(0.05241)*** 

0.31806   

(0.10557)*** 

0.38991    

(0.11044)*** 

0.12584   

(0.06566)* 

0.18029   

(0.05177)*** 

log of per capita 

GDP (GDP) 

-0.02631   

(0.04031) 
-0.03375   

(0.01702)* 

- - - - - - 

log of control of  

corruption (COR) 

0.01017   

(0.04810) 

0.03913   

(0.02887) 

0.33697   

(0.13370)** 

0.29738   

(0.12811)** 

0.54903  

(0.26087)** 

0.60044   

(0.23761)** 

0.29944   

(0.13138)** 

0.23577   

(0.12515)* 

log of ethnic 

fractionalization 

(EFC) 

0.02598   

(0.00937)*** 
0.02010   

(0.00858)** 

- - - - - - 

log of government 

consumption 

(GCN) 

-0.00806    

(0.06028) 

0.01033    

(0.03891) 

-0.09799    

(0.34224) 

0.02697  

(0.19589) 

0.90380   

(0.50439)* 

1.27971    

(0.39734)*** 

-0.20497  

(0.34686) 

-0.03816   

(0.19250) 

log of  educational 

attainment (SEC) 

0.03203   

(0.07785) 
0.03991  

(0.04155) 

- - - - - - 

log of  domestic 

credit (CRD) 

 

0.00204  

(0.02948) 

-0.01520   

(0.01580) 

0.45033   

(0.20087)** 

0.49656   

(0.08233)*** 

-0.00007   

(0.23727) 

0.17030   

(0.14636) 

0.51716   

(0.20433)** 

0.54817   

(0.08140)*** 

log of inflation 

(INF) 

- - -0.12808   

(0.06654)* 

-0.13731   

(0.04939)*** 

-0.31745   

(0.10032)*** 

-0.24138   

(0.07747)*** 

-0.10319   

(0.06670) 

-0.10660   

(0.04912)** 

Table D 5.9 Cont’d. 
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Asia/Pacific - - -1.94369   

(0.19333)*** 

-1.90101  

(0.12792)*** 

-1.40113   

(0.33118)*** 

-1.34516   

(0.22792)*** 

-2.01052   

(0.19246)*** 

-1.96542    

(0.12838)*** 

MENA/Africa - - -1.45768   

(0.25598)*** 

-1.30260    

(0.12357)*** 

-1.73717  

(0.26896)*** 

-1.66188    

(0.21605)*** 

-1.44625   

(0.25225)*** 

-1.31084  

(0.11748)*** 

Latin America - - 0.07679   

(0.22155) 

0.23058   

(0.14651) 

-1.08977  

(0.34688)*** 

-0.45025   

(0.27990) 

0.16121    

(0.22154) 

0.28499   

(0.13913)** 

Europe/Central 

Asia 

- - -0.32929   

(0.22867) 

-0.17671   

(0.20570) 

-0.29618   

(0.38106) 

-0.06068   

(0.30392) 

-0.32868   

(0.22505) 

-0.21743   

(0.20053) 

log_GINI(-1) 0.82661   

(0.03737)*** 
0.86899   

(0.02836)*** 

- - - - - - 

Constant 0.97040   

(0.32101)*** 

0.80574  

(0.20234)*** 

8.56174    

(1.19751)*** 

7.87741   

(0.80128)*** 

4.55522   

(1.81467)** 

2.31871   

(1.32141)* 

8.57902   

(1.21580)*** 

7.83327   

(0.78755)*** 

         

R2 value 0.9066 0.9039 0.8508 0.8468 0.7475 0.7445 0.8432 0.8386 

F Statistic 181.29 

(0.000)*** 

243.39 

(0.000)*** 

88.39 

(0.000)*** 

121.88 

(0.000)*** 

45.41 

(0.000)*** 

81.22 

(0.000)*** 

94.18 

(0.000)*** 

130.49 

(0.000)*** 

Observations 118 118 154 154 154 154 154 154 

Test of over-

identification  

(Hansen’s J stat.) 

0.485 

(0.9749) 

13.778 

(0.6152) 

2.160 

(0.3396) 

15.793 

(0.3262) 

3.847 

(0.1461) 

19.536 

(0.1455) 

2.005 

(0.3670) 

15.993 

(0.3138) 

Test of under-

identification 

(Kleibergen-Paap 

rk LM stat.) 

10.350 

(0.0659)* 

34.252 

(0.0078)*** 

13.253 

(0.0041)*** 

29.399 

(0.0143)** 

13.253 

(0.0041)*** 

29.399 

(0.0143)** 

13.253 

(0.0041)*** 

29.399 

(0.0143)** 

Test of weak-

identification 

(SW F-stat.) 

GDP: 2.91  

SEC:  2.55 

GCN : 3.85   

CRD : 5.69 

(Critical values : 

Not Available) 

GDP=17.61 

SEC = 8.95 

GCN = 5.46 

CRD = 12.24 

(critical values 

Not Available) 

GCN=  

10.63(10%) 

CRD = 

6.81 (20%) 

GCN=  

4.13 

CRD = 

10.10 (20%) 

GCN=  

10.63(10%) 

CRD = 

6.81 (20%) 

GCN=  

4.13 

CRD = 

10.10 (20%) 

GCN=  

10.63(10%) 

CRD = 

6.81 (20%) 

GCN=  

4.13 

CRD = 

10.10 (20%) 

External 

Instruments 

equ lock ect 

psd religion 

lslw luk lrli 

equ lock ect 

psd religion 

lslw luk lrli 

ect psd luk 

lrli 

ect psd luk 

lrli 

ect psd luk lrli ect psd luk 

lrli 

ect psd luk 

lrli 

ect psd luk lrli 
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Table D 5.10 

Region Classification 

Asia/Pacific 

 

MENA/ Africa 

 

Latin America / Carrebian 

 

Europe/Central Asia 

China Egypt Argentina Bulgaria 

India Jordan Brazil Russian Federation 

Indonesia South Africa Colombia Turkey 

Malaysia  Jamaica  

Thailand  Mexico  

  Venezuela  

Notes: MENA region and Africa included into one category, as the current sample contains only one African country. The list of high-income countries 

is not included in the table. See Table A 2.2 of Appendix A for the list of high-income countries. This classification of the regions is based on the 

World Bank regional group classification (<https://datahelpdesk.worldbank.org/knowledgebase/articles/906519> accessed on 25 May 2017. 
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Table D 5.11 

Summary of the Results of the Standard IV Estimations and Generated IV Estimations (pertaining to Table 5.6)  

Ind. 

Variables 

Dependent Variables:     

                                log of GINI coefficient 

 

Log per-capita income  Top 

10 decile (D 10) 

 

Log per-capita income  Top 

1 decile (D 1) 

Difference between Log 

per-capita income  

(D 10- D1) deciles  

Model 1 Model 2 Model 3 Model 4 Model 5 

Standard IV 

Estimations 

Generated 

IV 

Estimations 

Standard IV 

Estimations 

Generated 

IV 

Estimations 

Standard IV 

Estimations 

Generated 

IV 

Estimations 

Standard IV 

Estimations 

Generated IV 

Estimations 

Standard IV 

Estimations 

Generated 

IV 

Estimations 

VOL 1.69718   

(1.47814) 

3.17543   

(1.05950) 

*** 

1.71433   

(1.47594) 

3.01247    

(1.04663) 

*** 

-1.79457   

(4.07081) 

-4.11946   

(2.75910) 

-20.02409    

(8.37778)** 

-20.85689   

(5.77128)*** 

-0.87663   

(4.07970) 

-3.25816   

(2.69666) 

TRD -0.03042   

(0.01424)** 

-0.02398   

(0.01205) 

** 

-0.03047   

(0.01337)** 

-0.02628   

(0.01156) 

** 

0.17533 

(0.05482)*** 

0.17780   

(0.04893) 

*** 

0.31421   

(0.10979)*** 

0.39412   

(0.09437)*** 

0.15588   

(0.05445)*** 

0.16526   

(0.04677) 

*** 

GDP -0.01624   

(0.03014) 

-0.04691   

(0.01858) 

** 

-0.01530   

(0.02865) 

-0.03254  

(0.01596) 

** 

- - - - - - 

COR 0.00347    

(0.04146) 

0.04005   

(0.02341) 

0.00402   

(0.03945) 

0.03457   

(0.02752) 

0.21056   

(0.14552) 

0.27394   

(0.11568) 

** 

0.67714     

(0.27425)** 

0.63958   

(0.23381)*** 

0.16768   

(0.14474) 

0.23549   

(0.11567) 

** 

EFC 0.02700  

(0.01402)* 

0.02866   

(0.010923) 

** 

0.02710   

(0.01127)** 

0.02483   

(0.01076) 

** 

- - - - - - 

GCN -0.00824   

(0.08099) 

0.02669   

(0.04559) 

-0.00982  

(0.06911) 

-0.00393   

(0.04555) 

-0.20615   

(0.31066) 

-0.04723   

(0.16108) 

0.68721   

(0.60403) 

0.89792   

(0.33095)*** 

-0.30329   

(0.31654) 

-0.12319   

(0.15646) 

EDU -0.00385   

(0.02104) 

-0.01673   

(0.01039) 

-0.00444   

(0.01142) 

-0.01095   

(0.01004) 

- - - - - - 

FND - - -0.00488   

(0.04391) 

0.00064   

(0.02303) 

0.95257   

(0.34700)*** 

0.73168   

(0.12004) 

-0.26717   

(0.76224) 

0.07131  

(0.25252) 

1.00918   

(0.33744)*** 

0.77146    

(0.12015) 
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5 SW F-statistic for each individual endogenous regressor is reported, with the pertaining Stock-Yogo (2005) critical values.                                            

 Table D 5.11 Cont’d. 

*** *** 

INF - - -  - -0.11415   

(0.04815)** 

-0.13466   

(0.04208) 

*** 

-0.33128   

(0.11932)*** 

-0.32740  

(0.07916)*** 

-0.09671   

(0.04817)** 

-0.11097   

(0.04058) 

*** 

GINI(-1) 0.82168   

(0.04121)*** 

0.84776   

(0.03416) 

*** 

0.82146    

(0.04013)*** 

0.85590   

(0.03229) 

*** 

- - - - - - 

C 0.97136   

(0.34537)*** 

1.00395   

(0.23102) 

*** 

0.96402   

(0.28972)*** 

  0.93468   

(0.22386) 

*** 

11.37825   

(1.10998)*** 

 10.75738   

(0.51603) 

*** 

5.03600   

(2.03512)** 

4.27757   

(1.14073)*** 

11.68609   

(1.12517)*** 

10.95579   

(0.50270) 

*** 

           

R2 value 0.9052 

 

0.8988 0.9055 0.9028 0.8815 0.8725 0.7488 0.7667 0.8747 0.8667 

F Stat. 187.50 

(0.000)*** 

 

217.09 

(0.000)*** 

171.26 

(0.000)*** 

219.45 

(0.000)*** 

139.35 

(0.000)*** 

152.70 

(0.000)*** 

45.81 

(0.000)*** 

71.06 

(0.000)*** 

121.65 

(0.000)*** 

144.59 

(0.000)*** 

Obs. 117 

 

117 117 117 154 154 154 154 154 154 

Test of 

over-id. 

0.478 

(0.4238) 

 

14.966 

(0.2433) 

0.468 

(0.9765) 

20.298 

(0.2071) 

0.240 

(0.8870) 

12.909 

(0.5537) 

3.068 

(0.2160) 

12.478 

(0.5680) 

0.336 

(0.8453) 

15.560 

(0.3410) 

Test of 

under-id. 

7.461 

(0.113) 

 

26.467 

(0.015)** 

10.733 

(0.057)* 

34.398 

(0.008)*** 

9.625 

(0.022)** 

29.363 

(0.014)** 

9.625 

(0.022)** 

29.363 

(0.014)** 

9.625 

(0.022)** 

29.363 

(0.014)** 

Test of 

weak-id.5 

GDP = 

1.98 

GCN = 

2.47 

EDU= 

GDP = 

5.6 (30%) 

GCN = 

8.82 (20%) 

EDU= 

GDP = 

2.57  

GCN = 

2.81 

EDU= 

GDP = 

5.68 (30%) 

GCN = 

6.70 (20%) 

EDU= 

GCN=  

6.80 (20%) 

FND = 

3.49  

GCN=  

9.41 (20%) 

FND = 

14.25(10%) 

GCN=  

6.80 (20%) 

FND = 

3.49 

GCN=  

9.41 (20%) 

FND = 

14.25(10%) 

GCN=  

6.80 (20%) 

FND = 

3.49 

GCN=  

9.41 (20%) 

FND = 

14.25(10%) 
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Notes: See Table D5.1 for long definitions of the independent variables. F stat. = F-Statistic; Obs = Number of Observations; Test of over-id = Test of Over-identification; Test of 

under-id = Test of under-identification; Test of weak-id = Test of weak-identification; Models (3), (4) and (5) are estimated including regional dummies. 

 

 

 

 

 

 

 

 

 

 

2.19 

 

2.10 

 

3.29 

FND = 

5.79 (30%) 

 

1.60 

FND = 

10.17(20%) 

External 

Instrume

nts 

equ lock ect 

psd lslw reli 

 

equ lock 

ect psd lslw 

reli 

equ lock ect 

psd lslw reli  

luk lrli 

equ lock 

ect psd lslw 

reli  luk lrli 

ect psd luk 

lrli 

ect psd luk 

lrli 

ect psd luk 

lrli 

ect psd luk 

lrli 

ect psd luk 

lrli 

ect psd luk 

lrli 
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Table D 5.12 

Summary of the Results of the Standard IV Estimations and Generated IV Estimations (pertaining to Table 5.7) 

Notes: Models (2), (3) and (4) are estimated including regional dummies.                                                                                

Independent 

Variables 

Dependent Variable:     

log of GINI coefficient 

Log per-capita income  Top 10 

decile (D 10) 

Log per-capita income  Top 1 

decile (D 1) 

Difference between Log per-

capita income (D 10- D1)  

Model  1 Model  2 Model 3 Model 4 

Standard IV 

Estimations 

Generated IV 

Estimations 

Standard IV 

Estimations 

Generated IV 

Estimations 

Standard IV 

Estimations 

Generated IV 

Estimations 

Standard IV 

Estimations 

Generated IV 

Estimations 

volatility  

(VOL) 

2.31127   

(1.32489)* 

3.13868   

(1.14994)*** 

-3.90023   

(4.20912) 

-1.86672   

(3.92361) 

-16.86498   

(6.43121)** 

-15.06821   

(5.56050)*** 

-2.40873   

(4.30374) 

-0.47196   

(3.85954) 

log trade openness  

(TRD) 

-0.02846   

(0.01313)** 

-0.01977   

(0.01070)* 

0.14214  

(0.06451)** 

0.19687   

(0.05544)*** 

0.31285   

(0.10532)*** 

0.41475   

(0.10954)*** 

0.12049   

(0.06441)* 

0.18039  

(0.05388)*** 

log of per capita 

GDP (GDP) 

-0.02159   

(0.04023) 

-0.02278   

(0.01487) 

- - - - - - 

log of control of  

corruption (COR) 

0.00954  

(0.04892) 

0.00746   

(0.02537) 

0.35263   

(0.13082)*** 

0.33019   

(0.12763)** 

0.63589   

(0.24088)*** 

0.75078   

(0.22253)*** 

0.30531   

(0.13004)** 

0.25537   

(0.12431)** 

log of ethnic 

fractionalization 

(EFC) 

0.02512   

(0.00966)** 

0.02148  

(0.00840)** 

- - - - - - 

log of government 

consumption (GCN) 

0.00349   

(0.06382) 

0.00445   

(0.03721) 

-0.14817   

(0.34477) 

0.05577   

(0.20585) 

0.62087   

(0.53743) 

  1.32852   

(0.33343)*** 

-0.23532   

(0.34951) 

0.01050 

(0.20080) 

log of educational  

attainment (SCH) 

0.021623  

(0.07726) 

0.03468   

(0.03545) 

- - - - - - 

log of domestic 

credit(CRD) 

-0.00535   

(0.03006) 

-0.00737   

(0.01458) 

0.37780   

(0.20407)* 

0.50908   

(0.10359)*** 

0.00371   

(0.22947) 

0.014026    

(0.16417) 

0.45122  

(0.21260)** 

0.57527   

(0.09894)*** 

log of inflation (INF) - - -0.14167   

(0.06696)** 

-0.13005    

(0.05182)** 

-0.31824  

(0.09621)*** 

-0.31183   

(0.08005)*** 

-0.11661   

(0.06813)* 

-0.09072   

(0.05117)* 

GFC period (GFC) -0.01662   

(0.01453) 

-0.00798    

(0.01276) 

0.06733   

(0.08089) 

0.07130   

(0.06759) 

0.12332   

(0.12409) 

0.18467   

(0.11328) 

0.05636   

(0.08197) 

0.05157  

(0.06701) 

Table D 5.12 Cont’d. 
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log_GINI(-1) 0.82736  

(0.03778)*** 

0.85647 

(0.02788)*** 

- - - - - - 

Constant 0.95573  

(0.32401)*** 

0.80655    

(0.18121)*** 

9.08563   

(1.27982)*** 

7.66743     

(0.95721)*** 

5.33474   

(1.94244)*** 

2.58543    

(1.20974)** 

9.02311   

(1.32267)*** 

7.51490  

(0.91890)*** 

         

R2 value 0.9077 0.9067 0.8536 0.8462 0.7719 0.7487 0.8462 0.8359 

F Statistic 174.96 

(0.000)*** 

244.61 

(0.000)*** 

88.47 

(0.000)*** 

110.82 

(0.000)*** 

48.75 

(0.000)*** 

100.76 

(0.000)*** 

92.09 

(0.000)*** 

117.19 

(0.000)*** 

Observations 118 118 154 154 154 154 154 154 

Test of over-

identification  

(Hansen’s J stat.) 

0.326 

(0.9881) 

13.755 

(0.8427) 

1.602 

(0.4490) 

16.800 

(0.3986) 

3.249 

(0.1971) 

16.756 

(0.4016) 

1.635 

(0.4415) 

16.067 

(0.4016) 

Test of under-

identification 

(Kleibergen-Paap rk 

LM stat.) 

10.711 

(0.0574)* 

33.600 

(0.0400)** 

15.416 

(0.0015)*** 

21.858 

(0.1903) 

15.416 

(0.0015)*** 

21.858 

(0.1903) 

15.416 

(0.0015)*** 

21.858 

(0.1903) 

Test of weak-

identification 

(SW F stat.) 

GDP = 

2.91 

GCN = 

2.55 

SEC= 

4.06 

CRD = 

5.53 (30%) 

GDP = 

10.09 (30%) 

GCN = 

6.57(30%) 

SEC= 

5.38 (30%) 

CRD = 

11.25 (20%) 

GCN=  

10.30 (10%) 

CRD = 

7.12 (20%) 

 

GCN=  

6.25 (30%) 

CRD = 

5.76 (30%) 

 

GCN=  

10.30 (10%) 

CRD = 

7.12 (20%) 

 

GCN=  

6.25 (30%) 

CRD = 

5.76 (30%) 

 

GCN=  

10.30 (10%) 

CRD = 

7.12 (20%) 

 

GCN=  

6.25 (30%) 

CRD = 

5.76 (30%) 

 

External Instruments equ lock ect 

psd lslw reli 

luk lrli 

equ lock ect 

psd lslw reli 

luk lrli 

ect psd luk 

lrli 

ect psd luk lrli ect psd luk lrli ect psd luk lrli ect psd luk lrli ect psd luk lrli 
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