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Three Essays on Stock Market Return Predictability: The Role of 

Average Correlation of Industry Portfolio Returns 

 

Abstract 

Stock market return predictability has long been one of the key and unsolved areas of 

research in finance. Although the stock market has been argued to follow a random walk, 

researchers have struggled to improve the accuracy of predicting stock market returns through 

extensively examining forecasting variables such as financial ratios, economic indicators, and 

behaviour factors. Pollet and Wilson (2010) have recently developed a new predicator and 

claimed that average correlation reveals the movement of the systematic component of the 

market return and it predicts the stock market returns.  

 

This thesis uses the newly developed predictor, average correlation, to predict stock 

market returns, both in the US and across a number of developed countries and emerging 

countries. Three interrelated studies are sequentially undertaken to examine the predictive 

power of average correlation for future stock market returns.  

 

The first study uses the average correlation of the 48 Fama-French industry portfolio 

returns in the US stock market to predict the US stock market returns. To juxtapose average 

correlation with conventional predictors, a number of forecasting variables, including term 

spread, default spared, dividend price ratio, the cyclically adjusted price-to-earnings ratio and 

investor sentiment, are incorporated in the model. 

 

The second study uses 27 non-US financial markets and extends the analysis to the 

relatively less explored area relating to the predictability of the international stock market 

returns. The average correlation of industry portfolio returns in each financial market, 

including more forecasting variables such as industrial production, gross domestic production 

and financial crisis dummies, is used to predict the stock returns of the financial markets 

under study. 
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The third study further extends the analysis and uses both the US average correlation 

from the first study and the local average correlation from the second study as predictors for 

the stock market returns of each financial market. The US average correlation is posited as 

capturing the global influence on a particular financial market, while the local average 

correlation is used to represent the domestic influence within that financial market.  

 

The key findings of the thesis are summarised as follows. First, average correlation is a 

significant predictor for the US stock market returns at a two-month lag and for the returns of 

other stock markets with a one-month lag. Second, average correlation outperforms all 

predictors conventionally used in the US stock market, as well as in most other international 

stock markets. Third, the US and local average correlations predict the local stock market 

returns, indicating that the global influence has an impact on the local stock market returns 

and that the US average correlation successfully captures such an influence. The research 

findings suggest that the average correlation is closely related to stock market returns. The 

findings of the thesis would be of interest to policymakers as well as stock market 

practitioners who wish to formulate effective trading strategies.  
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Chapter 1 

Introduction 

 

1.1 Introduction 

The stock market, a common place for companies to raise capital, also offers potential 

investors other investment opportunities than bank deposits. According to the efficient market 

hypothesis (EMH), a perfect stock market should adjust all stocks to their fair value in a 

timely manner; therefore, stock price tends to be unpredictable as it changes only when new 

information, or innovation, is released (Malkiel, 2003). Numerous studies challenge the EMH, 

arguing that stock market returns (SMRs) are predictable (e.g., Adam et al., 2016; 

Bannigidadmath & Narayan, 2016; McLean & Pontiff, 2016). In practice, investors do 

frequently make gains, especially abnormal gains, while the use of numerous trading 

strategies implies that the trophies are not awarded randomly (Hafer & Hein, 2007). The core 

of all trading strategies is to select one or more stocks to form a portfolio. The selection 

process more or less reflects the forecast of a stock’s or, more generally, the entire stock 

market’s future performance and expected return. To forecast future returns on stocks and the 

stock market as a portfolio, analysts and practitioners have continued struggling since the first 

stock market was established. 

 

The age-old questions whether stock market return predictability (SMRP) exists and 

how to predict future SMRs remain the most contentious in all finance topics. Researchers 

have investigated historical data for more than one century, have adopted a broad range of 

predictors among macro- and micro-economic measures and have developed different 

prediction models to forecast future stock market returns (SMRs). Despite this enormous 
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endeavour, there has been no agreement to date whether any predictor is convincingly 

effective (Ang & Bekaert, 2006; Chen et al., 2010; Goyal, 2012; Choi et al., 2016). Goyal and 

Welch (2003), among all the critics, claim that many predictors in wide use underperform 

historical SMR data in predicting future SMRs, thereby questioning the existence of a 

“predictor”. While forecasting future trends and seeking excess returns is imperative to any 

investor, the attempts to search for predictors with a reasonable level of accuracy continue 

with little success. 

 

As predicting future SMRs is a process of estimating future gains based on current 

information, the practice of forecasting the trends of individual stock, and even of the entire 

market, is repeated on a regular basis. For many, the pursuit of the predictability of SMRs 

probably manifests along with the financial markets themselves. More than sixty years ago, 

stock prices were considered to be moving randomly throughout the time (Kendall, 1953); 

financial markets were once believed to be efficient, where all information was incorporated 

into stock prices immediately (Malkiel, 2003). In an early review, Fama (1970) comments 

that the random walk is the framework for stock pricing and valuation and, as a consequence, 

the best approach to predict future stock price is the current price. Under the framework, the 

belief that the current stock price contains information which signals future returns has been 

passed on and is effectively reflected in strategies such as “winner portfolio” (Alexakis et al., 

2010). 

 

Financial scholars and economists continue to investigate how to improve the accuracy 

of prediction on SMRs, even though the stock market is considered to follow a pattern of 

random walk.  Fama and Schwert (1977), the first to challenge the traditional view that 

expected returns are constant over time, argue that expected stock returns vary over time, 
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related to but not completely determined by the economic cycle but observed that expected 

returns and inflation change independently, rather than sequentially as proposed in Fisher’s 

equation (Fisher, 1930).  To be specific, they note that investors are more risk averse during 

the period of economic downturn, while the inflation rate is low as a consequence of 

contraction. Therefore, Fama and Schwert find the view that low expected return is caused by 

the inflation alone to be suspicious. Further, they assert that expected returns are not 

completely determined by the economic period of boom or recession. Encouraged by the 

possibility that future stock returns are foreseeable, researchers and practitioners have 

therefore examined various factors that have the potential to perform such tasks. These factors, 

essentially financial ratios, macroeconomic figures and measures derived from previous 

SMRs, are classified by their characteristics and origins. 

 

Current literature concerning predictability of SMRs employs a mixed toolkit, ranging 

from financial ratios (e.g., Fama & French, 1988; Kothari & Shanken, 1997) to economic 

indicators (e.g., Breeden, 1979; Campbell & Cochrane, 2000), from the Generalized Auto-

Regressive Conditional Heteroscedasticity (GARCH) model (e.g., Hansen et al., 2014) to 

Wavelet analysis (e.g., Rua & Nunes, 2009), and from stock market variance (e.g., Grullon et 

al., 2011) to average correlation coefficient (e.g., Pollet & Wilson, 2010). Indeed, it is 

unusual that the predicament persists when the issue has already been extensively studied by 

researchers equipped with this great variety of tools. 

 

Despite all this effort, the SMRP has not been fully established and the associated 

evidence to date has been far from convincing. A widespread comment among market 

practitioners on SMRP is that “a blindfolded chimpanzee throwing darts at The Wall Street 

Journal could select a portfolio that would do as well as the (stock market) experts” (Malkiel, 
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2003, p. 59). On the academic side, sceptics contend that the means of forecasting future 

returns have become increasingly sophisticated and complicated, but the reliability and 

precision of the forecast itself have not improved much from those outcomes produced by 

simply using historical data (Goyal & Welch, 2003; Ang & Bekaert, 2006; Welch & Goyal, 

2007). The advocates have used diversified theoretical frameworks, predictors, prediction 

models, and research settings and new evidence has persistently emerged. The SMRP has 

been evolving and several breakthroughs have been made, such as those by Campbell and 

Shiller (1988a), Fama and French (1992), Ang and Bekaert (2006), Welch and Goyal (2007), 

and Pollet and Wilson (2010). The efforts and equivalently the achievements are enormous 

but a further leap is hard to make if the forecasting variables are exclusively selected from the 

two dominant categories, the macroeconomic indicators and the valuation ratios (McLean & 

Pontiff, 2016). 

 

Technical indicators have also gained substantial attention from researchers as the 

indicators are endogenous to the stock market, e.g., trading volume or 52-week average price. 

Pollet and Wilson (2010) introduce, from all the technical indicators, a predictor which is 

both theoretically and empirically appealing. They argue that the trend of aggregate SMRs 

will eventually reveal itself and become predictable by observance of the convergence or 

divergence of individual stock returns (e.g., the increase or decrease in the correlation 

between individual stock returns). This instrument circumvents the impediments imposed by 

stock idiosyncratic characteristics (e.g., financial ratios) and by distant influence (e.g., macro-

economic indicators), since it concentrates on the common component shared by all stocks 

and is an endogenous variable to the stock market. Surprisingly, average correlation has 

seldom been discussed and investigated, despite its potential as a predictor of future SMRs. 

This research uses average correlation as a (main) forecasting variable, with adaptation 
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necessary to better fit the research objectives, while other conventionally adopted predictors 

are also included, as benchmarks and control variables. Ideally, all the factors concerning 

future SMRs have been accounted for, including the co-movement of SMRs (captured by 

average correlation), the firm characteristics (captured by dividend yield and price earnings 

ratio), the macro-economic environment (captured by term spread, default spread and others), 

the historical SMRs, and the other optional factors such as market sentiment and financial 

crises. All the variables except average correlation have been extensively examined and 

widely accepted, and therefore, have a high level of generalisability and reliability that will 

facilitate a comparison. 

 

This thesis comprises three core studies examining the use of average correlation as a 

main predictor for future SMRs. Average correlation is defined as the arithmetic mean of 

monthly correlations of pairwise industry portfolio daily returns. Conceptually, average 

correlation measures the co-movement of all assets in a stock market and is therefore closely 

linked in modern finance theories to the systematic factor, a component of returns on all 

assets. This proposition lends theoretical support to the main theme of this study: using 

average correlation to predict future SMRs. The examination of the predictive ability of 

average correlation has been conducted in three steps.  

 

First, average correlation is used to predict future SMRs, both in the US stock market, 

the most common experimental field in finance, and in an empirical study on SMRP. To 

further assess the applicability of average correlation, in the second study it has been used for 

future SMRP in 27 non-US major stock markets globally. While the first two steps provide a 

comprehensive assessment of the predictive ability of average correlation in an international 

context, the third step employs two average correlations to predict local future SMRs: the US 
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average correlation as a proxy for the movement (or trend) of a global systematic factor on a 

local stock market, and the local average correlation as a proxy for the movement (or trend) 

of a local systematic factor. There is a clear progression linking the three steps, and the 

research scope has been expanded from a single stock market study to a multi-national study 

and from a univariate (one main predictor) model to a bi-variate (the US and local average 

correlation) model. The three studies follow the same sequence: the first, US-focused; the 

second, multi-national; the third, multinational, with both US and local average correlation as 

bi-predictors. 

 

The models used in the thesis are extended to include a large set of conventional 

predictors, including financial ratios, economic indicators, behaviour factors and the effect of 

financial crises. A large body of literature explores why and how SMRs could be predicted 

and what the effective predictors for future SMRs are. Although these extensively explored 

predictors are not the main ones under examination in the thesis, they should be considered 

and included. However, including all the conventional predictors (allegedly more than one 

hundred) is virtually impossible and practically unnecessary. In this research, some 

commonly used predictors are selected from each category to capture the different 

components of SMRs.  

 

From the category of financial ratios, dividend yield and price-earnings ratio are 

selected as they are among the most common predictors found in the previous literature. This 

category of predictors captures information pertinent to evaluating fundamental value of the 

underlying stocks. Investors adjust their expected returns if they are convinced that the 

fundamental value changes. It is intuitive to link the fundamental values of underlying stocks 

to future SMRs. Although considering the intrinsic value of stocks to be a possible way for 
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predicting future SMRs, economists argue that the external environment of a stock market 

dominates the trend of its SMRs. A stock market could not thrive by itself if the economy it 

takes roots in falls into a recession and vice versa. This assumption precedes the practice of 

using economic indicators to predict future SMRs. In this category of economic indicators, 

term spread and default spread are employed in the US-focused study (Chapter 4) while term 

spread, relative short-term interest, gross domestic production, unemployment rate and 

industrial production are included in the multi-national study (Chapter 5) and the last study 

(Chapter 6), mainly due to the availability of data.  

 

For the US-focused study, market sentiment is adopted to capture the average investor 

sentiment and emotion towards future economic growth and market prospects. Financial 

studies have a long tradition of excluding human effects on the transactions in stock market 

and SMRs by assuming that all investors are rational and mean-variance efficient. 

Behavioural finance researchers contend that the human effect is at least as significant as 

those ratios and figures in predicting future SMRs. The first study includes market sentiment, 

a measure of investor optimism or pessimism, in the models, to capture the influence of 

behavioural factors on future SMRs. The other two studies do not consider behavioural 

factors due to the lack of data and empirical measurements in stock markets other than that of 

the US.  

 

Further, since the global financial crisis (GFC), recent studies have noted the effect of 

financial crisis, arguing that SMRP and the correlation between SMRs globally had increased 

during that period. Many financial crises have had similar influence, but with less magnitude 

of impact in the sample period. The second and third studies account for the effect of 

financial crises in the model by taking into consideration the effect of five medium- to large-
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scale financial crises.  

 

Summarising briefly, this thesis encompasses average correlation as a main predictor, 

financial ratios, economic indicators, behavioural factors and the effect of financial crises as 

control variables and benchmarks, using ordinary least squares (OLS) regression as the main 

analytical model. Although being criticised extensively for bias and inefficiency in estimation, 

OLS remains the most trusted, reliant and widely applied regression model in finance 

literature. This research employs a variation of the OLS model, adding a Newey-West 

estimator to correct for heteroscedasticity and autocorrelation in the error terms in regressions 

applied to a time-series dataset. The three studies use panel analysis, long-horizon test, sub-

sample test, boot-strap test and robustness checks as well as their main use of an OLS model.  

 

The remaining sections are organised as follows. Section 1.2 discusses the motivation 

and contributions of the thesis. Section 1.3 outlines the research objectives. Section 1.4 

presents the research questions and sets the hypotheses that are tested in the remainder of the 

thesis.  Section 1.5 discusses the data sources. Section 1.6 summarises the chapter.  

 

1.2 Research motivation, and the contributions of the thesis 

This research is motivated by three main issues: the strong potential of average 

correlation in predicting future SMRs; the insufficient exploration of international SMRP; and 

the role of the US stock market in predicting future SMRs in other stock markets. Despite a 

large volume of studies being devoted to the SMRP, conventional predictors have reached 

their full potential and can barely make any breakthrough in improving the precision and 

reliability of the SMRP. The thesis is motivated by the great potential, not yet thoroughly 

examined, of average correlation as a predictor for future SMRs. Average correlation, as a 



9 
 

measure of the co-movement of all stock returns, is conceptually appealing. The existence of 

a systematic factor that is independent of individual stock self-variance, and that is a 

correlation between different stocks, is the foundation of at least modern portfolio theory, and 

potentially even the entire modern finance theories (Markowitz, 1952). Average correlation is 

an instinctive proxy of the pairwise correlations between all asset returns, especially when 

observing “all” asset returns is virtually impossible. The great potential of average correlation 

and the scarcity of its relevant empirical evidence indicate a research gap in the literature of 

SMRP. The thesis enriches empirical study of the use of average correlation in predicting 

future SMRs. 

 

International SMRP has had relatively less focus in the SMRP literature and its relevant 

empirical evidence still seems to remain insufficient and inconclusive. The current literature 

on SMRP has focused on the US stock market, presumably due to the overwhelming 

significance of the US economy and the relatively developed financial and legal system of the 

US market. However, the previous literature is concerned that SMRP is market dependent and 

time-varying (Auer, 2016; Aye et al., 2017; Zolotoy et al., 2017; Devpura et al., 2018). The 

findings from the US market may not be applicable to all stock markets, with their differences 

in culture, political, legal and economic systems, trading strategies, investor behaviours, 

composition of market practitioners, corporation types and other factors (Charles et al., 2017). 

In this sense, international evidence of the SMRP does not merely complement the US 

findings: it provides novel findings about the comparisons between SMRP in the US and in 

other stock markets. This research provides both international and US findings that supply 

more empricial evidence on SMRP and that facilitate a comparison between different findings. 

 



10 
 

Although the US has unequivocal importance in the global economy, the way and 

extent of how the US stock market influences the returns of other stock markets has not been 

fully explored. Moreover, the methodological complexity of using foreign factors to predict 

local SMRs further impedes the inclusion of a global factor in a local SMRP model. If 

considering a global factor in an asset valuation model, such as information from the US 

market, a risk in the currency exchange rate should be considered as the information is 

usually expressed in USD rather than in the local currency. The international capital asset 

pricing model (ICAPM) is more complicated than traditional capital asset pricing model 

(CAPM) as it considers the process of transmitting a global factor to a local stock market 

(Guesmi & Teulon, 2014). Average correlation is a trend that illustrates to what extent all 

stocks in the US market move together. Therefore, the use of average correlation should be 

more independent from the fluctuation in the currency exchange rate than the conventional 

use has been of the US SMRs or economic indicators as measures of a global factor in a local 

SMRP model. Further, the lead–lag relationship between the US and the local stock market is 

better demonstrated in a prediction model than in a cross-sectional asset valuation model. 

This research uses the US and local average correlations as measures of the global and local 

factors, respectively, to address the issue of including the currency exchange risk and to 

investigate the time lags of the global and local factors in the prediction model. 

 

This thesis intends to contribute empirically to the existing body of literature by 

addressing the research questions. In summary, the thesis considers a less used predictor, first 

for forecasting future returns and second, for finding how the changes in the returns on the 

US market diffuse to other stock markets worldwide. The results are of particular interest to 

researchers who seek to investigate the integration of stock markets. Average correlation is 

explicitly measured by the number of lags between the month the average correlation is 



11 
 

calculated and the subsequent month of excess return; therefore, it may reveal the sequence of 

stock markets influenced after the changes in the US market occur.  

 

The three primary contributions of the thesis are further elaborated. First, it presents 

empirical evidence about how average correlation predicts SMRs, which is the main thrust of 

the three core studies. In particular, the second study extends the previously US-concentrated 

research context to a global research setting, thereby improving the generalisability of 

average correlation.  

 

Second, this thesis examines the lead-lag relationship between the returns of the US 

stock market and those of other stock markets. Moreover, it uses average correlation to avoid 

potential noise which would otherwise be introduced if using the returns on the US market 

directly, as such returns can be influenced by the feedback from other stock markets. The 

expected return is a function of two components, namely the current stock market variance 

and the shock from future news, while the stock market variance is assumed to be 

independent from the shock (Pollet & Wilson, 2010). Therefore, average correlation, as a part 

of the stock market variance, is more closely linked to the internal volatility in a particular 

stock market rather than to the shock originated from other stock markets. By using average 

correlation as a measure of the effect from the US stock market, it reduces the potential loop 

of causality, i.e., the US returns is influenced by other stock markets, and meanwhile, the 

returns of other stock markets are influenced by the US returns.” 

 

Third, this thesis quantifies, on a monthly basis, the potential lag of the information 

transmission from the US market to other stock markets. In the US market, the lag between 

average correlation and the returns it can predict is approximately two months. A simple 
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estimation of the transmitting time of the information from the US market to a specific stock 

market would use two months minus the lag between the average correlation and the returns 

in that stock market. 

 

1.3 Research objectives 

The pivot of the thesis is the predictability of SMRs; therefore, the primary research 

objective is whether and to what extent the returns of stock markets can be predicted by 

average correlation, a less researched predictor. This research focuses on average correlation, 

elaborating on its underlying principles and how it is used to predict future SMRs, and 

comparing its predictive ability with that of other conventional predictors. 

 

The first study (Chapter 4), as the start of the three consecutive, interrelated, 

progressive studies, introduces average correlation as an advanced tool for predicting future 

SMRs. Average correlation of pairwise individual stock returns has a long history of 

application in the area of financial hedging (Aneja et al., 1989); however, its use in the SMRP 

area is relatively new. Despite its minimal experimented use, average correlation is thought to 

capture the co-movement of individual stock returns and to reveal future direction in which 

the aggregate stock market may move. Pollet and Wilson (2010), who report that average 

correlation of pairwise returns on the largest 500 individual stocks could significantly predict 

future SMRs in the US market, urge that further investigation and application of the average 

correlation on forecasting future SMRs should be undertaken. Therefore, the first study aims 

to complement the previous studies on average correlation and to extend the computation and 

use of average correlation beyond individual stock level.  
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To further assess the importance of average correlation as a significant SMR predictor 

in an analysis of forecasting stock returns on other major markets, the second study (Chapter 

5) focuses on a previously less-examined aspect of international SMRP. It continues to 

explore the use of average correlation and other major predictors by extending their 

application to the international context. In the second study, 27 non-US countries will be 

investigated, covering both developed and emerging stock markets across regions of America, 

Europe, Asia and Asia-Pacific. As an intermediate, the second study is both a continuity of 

the first study and a preface of the third study. By the end of Chapter 5, the use of average 

correlation will have been intensively examined in both the US and international context and 

should be poised to be implemented in a more complicated way. 

 

As the world’s largest economy, the US is a major financial market for individual and 

institutional investors globally. It has long been assumed that information from the US market 

diffuses gradually to other non-US markets. The drivers behind the presumed leading role of 

the US market have attracted extensive attention from global investors. The previous two 

studies have evaluated the predictive power of average correlation of the pairwise returns on 

individual industry portfolios in the US market and non-US markets, respectively. The main 

objective of Chapter 6, the last of the three studies, is to establish a nexus between the US 

market and the non-US markets by investigating the structural elements of the international 

stock market linkage by using average correlation. As demonstrated in Chapters 4 and 5, 

average correlation reveals the movement of the systematic component in the SMRs, which 

could be a measure for the systematic influences of the US market and the domestic market. 

In Chapter 6, the prediction model includes both the US average correlation, the global 

predictor to the local SMRs, and the local average correlation, the local predictor to the local 
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SMRs. The study captures the global and local effect on SMRs and is intended to investigate 

whether there is a lead–lag relation in prediction between the global and local predictors. 

 

Essay 1: Stock return predictability in the US: an application of average correlation 

The first study is both an empirical examination of and a complement to the previous 

findings on average correlation. It assesses the short-term and the long-horizon forecasting 

abilities of the lagged financial ratios, macro indicators, historical returns and most 

importantly, average correlation, in the US stock market. A detailed sub-sample test is also 

performed to examine in which time interval (e.g., decade in the data range), average 

correlation performs better or worse than other predictors and whether this is a general pattern 

for the overall SMRP in the US market. 

 

The first study contributes to the literature by demonstrating a new estimate of the stock 

price tendency and by providing a “manual” on how it is used to predict future SMRs. The 

results have pragmatic implications for investors in constructing optimal portfolios. As 

average correlation is a significant predictor of future SMRs, investors should consider 

average correlation in their forecasting models along with the traditional financial ratios and 

macro-economic indicators. 

 

Essay 2: Stock return predictability: an international perspective  

Most studies of SMRP focus primarily and exclusively on the US stock market; 

therefore, it is necessary to investigate whether the use of average correlation is effective 

outside the US market. The second study extends the research setting for average correlation 

to an international context, where empirical evidence is relatively scarce. The research setting 

has included a large scale of major financial markets globally – 27 developed and emerging 
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markets across regions of America – and has covered a relatively long time period, spanning 

from 1973 to 2016. 

 

The second study contributes to the SMRP literature by providing international 

evidence on how the measure, average correlation, performs in different stock markets other 

than the US market, thereby addressing the concern that average correlation is valid only in 

the US stock market. International investors and market practitioners need also to use average 

correlation in their forecasting model as this research has examined its performance 

extensively in both the US and other major stock markets worldwide. 

 

Essay 3: Interdependence between US stock market and major stock markets: a lead–lag 

analysis 

By empirically estimating the lead-lag relationships among the US and other stock 

markets, the third study contributes to the debate on the role that the US market plays in 

influencing all other markets. The first and second studies have elaborated the principle of 

average correlation and demonstrated its use in predicting future SMRs. This study relies on 

the findings of those two studies and uses the US average correlation as a measure of the 

global factor and the local average correlation as a measure of the local factor in the 

prediction model. This research setting clearly introduces the influence of the US stock 

market in a local SMRP model and then expands to a broader view that sees local SMRs as 

influenced by local factors, such as financial ratios or local macro-economic indicators, and 

global factors, such as widely adopted US SMRs or the US average correlation, as used in 

this study. 
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This study, following previous literature, challenges the EMH. The efficient market has 

been one of the most controversial hypotheses in the finance area, as mixed findings have 

been reported in numerous empirical studies. Much efforts has revealed how SMRs of 

different stock markets co-move and how SMRs of one stock market lead (or lag) SMRs of 

other stock markets. Results of those studies generally identify the cross-country SMRs as 

significantly correlated, but fewer findings have been compiled on the magnitude of 

correlation and the lead–lag relation between the US and other markets. (Lin et al., 1994; 

Longin and Solnik, 1995; Longin and Solnik, 2001; Forbes and Rigobon, 2002). 

 

Moreover, when investigating the timing of movements, studies commonly estimate the 

financial intraday lead–lag relationship. Few empirical works analyse the lead–lag 

relationships beyond 24 hours. Together, these empirical works have shown cross-market 

correlation but have provided less information about how they are correlated and to what lag 

the US market influences other markets. (Lockwood & Linn, 1990; Pesaran & Timmermann, 

1995; Karolyi & Stulz, 2003; Lim & Brooks, 2011). 

 

The third study hence attempts to measure the extent of cross-stock market relationships 

in a different way. It sheds new lights on how the lagged average correlation of the US and 

local markets measure the global and local factors in determining future SMRs. This study 

provides insights, in any local stock market, into how local SMRs are co-predicted by both 

global and local factors. Thus, the findings have implications for individual and institutional 

investors who need to understand the risk of cross-market investment and who need to 

retrieve the exceptional returns from international diversification. From a political perspective, 

the results are of particular importance to policy setters and to financial institutions, in terms 

of providing further evidence on market inefficiency. 
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1.4 Research questions and the hypotheses setting 

Although numerous studies have focused on the SMRP literature, many issues remain 

unaddressed to date; for instance, how to further improve the prediction on future SMRs in 

terms of precision and reliability or how foreign factors influence the future returns of a local 

stock market. The thesis focuses on these unattended issues and proposes a series of questions 

reflecting the issues to be addressed. The research questions are proposed at both the entire 

thesis level and the individual study level. The next section presents the broad research 

questions; later sections divide the broad research questions into sub-questions related to each 

study.  

 

1.4.1 Research questions: a big picture 

In this research field, long and heated debates have been held across each and every 

level of this topic while critics even contend that future SMRs are unpredictable as they 

change in a haphazard manner. However, most of the relevant literature suggests that future 

SMRs are predictable with reasonable precision, at least partially. The thrust of these three 

studies is the predictability of SMRs and this core can be reflected in a series of questions: 

  

(1) Is it possible to forecast future SMRs? 

(2) What can serve as reliable predictors of future stock returns? 

(3) How can the predictive ability of those valid predictors be maximised? 

         (4) Is it possible to generalise the findings from the SMRP of one particular market (e.g., 

the US market) to other stock markets? 

(5) Does the US stock market have an influence on the returns of other stock markets? 

         (6) Does such an influence from the US stock market lead (or lag) the influence from the 

local stock market? 
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During the last two decades, much research has concentrated on the solution to the 

Questions 2 and 3 here; that is, the selection of forecasting variables and the construction of a 

predictive model with the maximised predictive power. The fourth question mainly addresses 

the issue of generalisability: whether the findings from the US market are applicable to other 

stock markets. In contrast, the fifth and sixth research questions have had less focus but have 

been gaining more importance due to globalisation and market integration. The first, second 

and third questions are addressed throughout the entire thesis; the fourth question is addressed 

in the second study; the fifth and sixth questions are addressed in the third study. These broad 

research questions are sub-divided into a number of specific research questions. 

 

1.4.2 Specific research questions and the hypotheses setting 

Essay 1: Research questions and the hypotheses setting 

The first study attempts to address the second and third questions by providing a 

recently introduced predictor of future SMRs, average correlation. This study, unlike previous 

work, estimates average correlation by focusing on 48 Fama-French industry portfolio returns. 

Daily industry portfolio returns are used to calculate the monthly pairwise correlations over 

the period from 1963 to 2015, by which market excess returns are regressed on the lagged 

average correlation of the returns on the 48 industry portfolios. The research questions of the 

first study are therefore stated as: 

 

RQ1.1: Does average correlation of pairwise returns on individual industry portfolios 

predict the aggregate returns on the US stock market? 

 

RQ1.2: If the first research question holds, what is the time lag in using average 

correlation to predict aggregate returns on the US stock market? 
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To control for the effects of and to juxtapose average correlation with other 

conventional predictors, a comprehensive “kitchen-sink” model has been employed that 

encompasses the lagged average correlation and other lagged forecasting variables, including 

term spread (TS), default spread (DS), dividend price (D/P) ratio and cyclically adjusted 

price-earnings (CAPE) ratio. With regard to these conventional variables, two additional 

research questions arise: 

 

RQ1.3: How do the conventional predictors perform in predicting aggregate 

returns on the US stock market? 

RQ1.4: How does the predictive power of average correlation compare with that 

of the conventional predictors? 

 

By addressing these research questions, the first study lays a solid foundation for the 

entire research. It provides evidence on the significant predictive power of average correlation, 

and evidence that the average correlation outperforms the conventional predictors while its 

predictive power does not substantially change due to the inclusion of more conventional 

predictors. This implies that the average correlation captures a new component of SMRs 

which is not previously captured in conventional predictors. 

 

Previous studies (Longin and Solnik (2001); Ang and Chen (2002); Pollet and Wilson, 

2010) argue that the average correlation of individual stock returns could significantly predict 

subsequent excess SMRs in the US market. However, it remains unknown how the average 

correlation of individual industry portfolio returns performs in comparison with the average 

correlation of individual stock returns (e.g., 500 largest companies). By calculating the 

average correlation of the individual industry portfolio returns, two issues have been 
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addressed: the issue of size effect, as the industry portfolio is less discriminating on the size 

of stocks compared with the 500 largest stocks, and the issue over the industry effect.  

 

Furthermore, the convergence of individual stock returns has a more direct link to the 

changes in future SMRs whereas the convergence of the industry portfolio returns should 

precede the convergence of the individual stock returns. Industry portfolios comprise many 

stocks in one industry and the return on an industry portfolio itself is a weighted average of 

the returns on those stocks. While individual stock returns could be affected by idiosyncratic 

factors, the industry portfolio returns are more likely to be affected by systematic factors that 

have an impact on a large scale of stocks. In this vein, the convergence of industry portfolio 

returns is more closely linked to the change in the systematic risk, which is a common 

component in the returns on all assets. While Pollet and Wilson (2010) report a one-month 

lag between the average correlation and the subsequent SMRs it predicts, the lead–lag gap is 

expected to be longer for the average correlation of industry portfolio returns and for the 

changes in SMRs, as it should be easier to predict future trends by using the returns that are 

more closely linked with the systematic risk. Accordingly, the first hypothesis of this study is 

developed as follows: 

 

Hypothesis 1a: Average correlation of individual industry portfolio returns in the US 

stock market will positively predict the subsequent aggregate returns on the US stock 

market with a lag more than one month. 

 

Theoretically, average correlation has a closer relation to SMRs than that of macro-

economic indicators and valuation ratios, as it is essentially a variation and combination of 

stock returns. Empirically, Pollet and Wilson (2010) document a strongly predictive power of 
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average correlation in comparison with alternative forecasting variables. This study analyses 

the predictive ability of average correlation on the basis of previous work with additional 

variables and analyses. Accordingly, the second hypothesis of this study is developed as 

follows: 

 

Hypothesis 1b: The predictive ability of average correlation is stronger than other 

predictors. 

 

Essay 2: Research questions and the hypotheses setting 

While the first study discusses the predictive ability of average correlation and provides 

detailed examination and analysis against the backdrop of the US market, a subsequent 

research question reveals itself instinctively: whether the predictive power possessed by 

average correlation is particularly true to the US market, or whether it can be generalised to a 

broader context. Numerous studies have reported the differences in SMRP between 

developed markets and emerging markets; a common practice is to utilise local predictors 

within each stock market, e.g., returns of 44 stock markets, 18 developed and 26 emerging, in 

Bornholt & Malin (2011). It is reasonable to investigate the predictive ability of average 

correlation in major stock markets other than the US. The research question is therefore stated 

as: 

 

RQ2.1: Does average correlation of pairwise returns on individual industry portfolios 

predict the aggregate returns on the non-US stock markets? 

 

As discussed in the literature review, excess returns that are clearly not following a 

random walk have often been attributed to low market efficiency (Bekaert & Harvey, 2002). 
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The heterogeneity in market efficiency across different stock markets is so pronounced 

although the measures of market efficiency are frequently challenged by sceptics such as 

Griffin, Kelly and Nardari (2010).  Returns on a particular stock market are a function of that 

market’s efficiency and of the ability of that market’s practitioners to price the assets fairly 

and in a timely fashion; the predictive power of any forecasting variable should be influenced 

by the characteristics of that market. The inherent bond between SMRP and market-specific 

characteristics explains why predictors and their predictive powers are deemed to be market 

dependent and time-varying. 

 

The second study wields average correlation to predict excess SMRs of international 

markets – both the developed and the emerging ones – for the purpose of testing the 

generalisation of average correlation as a predictor. The study, which addresses the 

underlying issue regarding whether stock market characters are relevant to the SMRP, 

provides new evidence on whether the forecasting power of various predictors is market 

dependent and time-varying. In the first study, the conceptual framework and methodology of 

average correlation were intensively discussed and examined and the evidence was presented 

as supporting the strong predictive power of average correlation in the US stock market. This 

second study extends the use of average correlation to an international context. In addition to 

the conventional predictors used in the first study, such as dividend yield (DY), price-

earnings ratio (PE), term spread and default spread, more macro-economic indicators, such as 

consumer price index (CPI), unemployment rate (UR), relative short-term interest rate (RSTI) 

and industrial production (IP), have been included to control for the characters of a particular 

stock market. SMRs remain as the dependent variable; the models employed in the first study 

will be adopted in this study as well. 
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Based on the MSCI (formerly known as Morgan Stanley Capital International) market 

classification, the 27 designated stock markets to be examined in the second study could be 

categorised into developed markets: Australia, Belgium, Canada, Denmark, France, German, 

Hong Kong, Italy, Japan, New Zealand, Norway, Sweden, Spain and UK; and emerging 

markets: Brazil, China, Indonesia, Malaysia, Mexico, Poland, Russia, South Korea and 

Thailand. 

 

The sample is not intended to be exhaustive although it enlists major market globally 

and across regions of the Americas, Europe, Asia and Asia-Pacific. Accordingly, the 

hypothesis of this study is developed as follows. 

 

Hypothesis 2: The average correlation of the individual industry portfolio returns 

positively predicts the subsequent aggregate returns on the non-US stock markets. 

 

The second study is both an extension of and a complement to the first study; moreover, 

it introduces the third study. First, it examines the use of average correlation in predicting 

SMRs globally, which is an extension rather than a replication of the first study, as the 

research setting involves multiple stock markets, and the SMRP of any stock market is 

impacted by its peculiar characteristics. Second, it complements the results from the US 

market (i.e., in the first study) and examines the generalisability of average correlation to 

other stock markets. Third, it establishes a benchmark for the third study, which examines the 

lead-lag relationship between the US market and the other 27 markets. 
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Essay 3: Research questions and the hypotheses setting 

The last study of this series moves from the test of predictors to the test of the linkage 

between stock markets using the findings from the previous two studies. As noted, the first 

study investigates average correlation as a predictor of subsequent SMRs within the context 

of the US market and the second study extends the application of average correlation to a 

broader context which comprises 27 major stock markets globally. This study continues to 

use average correlation to predict SMRs; however, it establishes a link between the average 

correlation of the US market and the returns on the stock markets worldwide. 

 

Financial market integration and the co-movement of international SMRs, which have 

been discussed for at least two decades, are attributed to the intensified underlying 

international trading and foreign investment. To test the co-movement of international SMRs, 

the analytical tools include, but are not limited to, vector auto-regression (e.g., Mukherjee & 

Bose, 2008), the vector error correction model, the multivariate GARCH model (e.g., Horvath 

& Petrovski, 2013) and the Granger Causality test (e.g., Výrost et al., 2015). Most empirical 

studies have reported a significant co-movement or correlation of international SMRs; 

however, it is less clear to date what the direction and path are regarding the information 

transmission from the origin to the end. 

 

The third study assumes that the US market is the starting point of the information flow, 

which is a common assumption in previous studies (Rua & Nunes, 2009; Chiang & Zheng, 

2010; Aloui et al., 2011; Rapach et al., 2013); therefore, any information that reveals the 

trend of the US SMRs will eventually reveal the trend of the returns on other major markets. 

In terms of the time lag, the first study finds that average correlation predicts subsequent 

SMRs in the US market at a two-month lag and the international evidence supplied in the 
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second study suggests that local average correlation virtually predicts local SMRs at a one-

month lag. If the US trend precedes the trends of all other markets, the US average correlation 

should predict local SMRs at a longer lag than the local average correlation. The research 

question is therefore stated as: 

 

RQ3.1: Does the average correlation of individual US industry portfolio returns predict 

subsequent aggregate returns on non-US stock market? 

 

RQ3.2: Does the average correlation of individual US industry portfolio returns predict 

subsequent aggregate returns on non-US stock market more significantly than the 

average correlation of individual local industry portfolio returns and other local 

conventional predictors predict? 

 

RQ3.3: Does the US average correlation precedes the local average correlation in 

predicting subsequent aggregate returns on the non-US stock market? 

 

As established in the previous two studies, average correlation is a strong predictor for 

future SMRs internationally. Theoretically, these findings support the proposition that (i) the 

average correlation is a measure for the co-movement of all industry portfolio returns; and (ii) 

the co-movement of all industry portfolio returns reveals the trend of future SMRs, arguably 

due to such a co-movement being closely linked to the systematic component in the returns 

on all assets in a particular stock market. Therefore, the average correlation of individual US 

industry portfolio returns could serve as a proxy for the systematic factor in the US stock 

market and so could the average correlation of individual local industry portfolio returns to 

the systematic factor in the local stock market. Following these research questions, both the 
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US and local average correlation should predict local SMRs but with a different time lag. 

Accordingly, the hypotheses of this study are developed as follows: 

 

Hypothesis 3a: Average correlation of individual US industry portfolio returns 

positively predicts subsequent aggregate returns on the non-US stock market. 

 

Hypothesis 3b: Average correlation of individual local industry portfolio returns 

positively predicts subsequent aggregate returns on the local stock market with a time 

lag shorter than that of the US average correlation. 

 

1.5 Data sources at a glance 

To address all research questions, this thesis examines the predictability of SMRs across 

a prolonged period, from July 1963 to December 2016. The sample of periods and the 

frequency of the data are selected based on the availability of data. The first study uses a 

sample period spanning from July 1963 to December 2015. The second and third studies use 

a sample period spanning from January 1973 to December 2016. The sample periods selected 

captures the major financial and economic crises that occurred across countries, such as the 

Mexico peso collapse (1994:1–1995:12), the East Asian financial crisis (1997:7–1998:12), 

the Argentina debt crisis (1998:1–2002:12), the GFC (2007:7–2009:6) and the European debt 

crisis (2009:12–2012:6).  

 

The data are mainly sourced from the Kenneth R. French Database, Robert Shiller 

Database (based on Yale University), the Federal Reserve Economic Database (FRED-St. 

Louis), the European Intelligence Unit (EIU) database, the International Monetary Fund (IMF) 

database, the Organisation for Economic Cooperation and Development (OECD) database, 
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and DataStream. Due to the availability of data, stock markets in the second and third studies 

may lack data of a particular variable(s) for a particular time period. More details of the 

definition of the model variables and the sources of data are provided in Chapter 3 and further 

in the relevant chapters.  

 

1.6 Structure of the thesis 

The structure for the rest of the thesis is outlined as follows.  

 

Chapter 2 provides a comprehensive review of empirical studies of stock return 

predictability. More specifically, it reviews the literature relating to the conventional 

predictors, including the macro-economic indicators and financial ratios, which are discussed 

first with a section specifically reviewing recent studies on the use and modelling of these 

conventional predictors. Later sections scrutinise time-varying property and behavioural 

aspect of the SMRP. Hitherto all major factors that are relevant to the SMRP have been 

presented. The prediction models section briefly reviews previous SMRP models. The 

international SMRP section extends the SMRP into an international context and examines 

how other stock markets, especially the US, influence the returns of one stock market. The 

average correlation section introduces this main predictor in this research.  

 

Chapter 3 discusses the theoretical framework of the methodology, the financial 

variables estimations, and the data sources relevant for estimating these hypotheses. The 

framework section presents the theoretical framework, outlines why average correlation could 

be used to predict future SMRs, and defines all the predictors to be used in the thesis. The 

model estimation section presents how average correlation is estimated, and the data section 

identifies the sources of the data used in this thesis. 
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Chapter 4, the first of the three core studies, discusses the methodology used in the first 

study and reports empirical findings on the predictive ability of average correlation in the US 

stock market. Although financial ratios, macro-economic indicators, market sentiment and 

GFC are included as control variables, average correlation outperforms these predictors in 

predicting future SMRs in the US market at a two-month lag.  

 

Chapter 5 applies average correlation in 27 non-US stock markets and provides 

extensive evidence on the generalisability of average correlation in predicting future SMRs. 

More conventional predictors, than in Chapter 4, as well as the effects of multiple financial 

crises, are considered; more analytical means are undertaken, including OLS and panel 

regression models. Average correlation still outperforms other predictors in most stock 

markets. 

 

Chapter 6 relies on average correlation to measure both the global and the local 

influences on the returns of a local stock market and suggests that both the global and local 

factors could predict local future SMRs at a one-month lag. The global factor does not lead 

the local factors in predicting future SMRs.  

 

Chapter 7 concludes the thesis document by summarising the empirical findings, the 

theoretical contributions and the policy implications. It also reports the limitations of the 

research and suggests future research directions. Figure 1.1 illustrates the structure of the 

entire thesis. 
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Figure 1.1 Structure of the thesis: the flowchart 
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Chapter 2 

Stock Market Return Predictability: A Literature Review 

 

2.1 Introduction 

The question that whether stock market return predictability (SMRP) is possible and 

how it could be done remains to be the most contentious in finance research. Researchers 

have collected mass data across more than one century, have developed various predictors 

among macro and micro economic figures and have constructed different types of models to 

forecast future stock market returns (SMRs). Despite the enormous endeavour exerted, there 

has been little agreement on that any predictor is unanimously convincing, even effective to 

date. Many sceptics criticise the current predictors in use underperform historical return data 

in predicting future SMRs and claim the existence of a valid predictor is in question. Since 

forecasting future trends and seeking excess returns is considerably imperative to any investor, 

the attempts on searching for predictors with a reasonable level of accuracy have not been 

successful over a long time. 

 

This chapter is dedicated to review the previous efforts on finding effective predictors, 

constructing a valid and reliable model and as a consequence, forecasting future SMRs. A 

broad discussion has been focused on how and why those efforts were unsuccessful to some 

extent. The remainder of this chapter is structured as follows. Section 2.2 and Section 2.3 

reviews the literature of SMRP from two conventional perspectives: financial ratios and 

macroeconomic indicators. Section 2.4 discusses the changing role of conventional predictors 

in recent studies’ prediction models. Section 2.5 reviews the relationship of SMRP and 

financial crisis. Section 2.6 reviews SMRP from behavioural financial research perspective. 
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Section 2.7 discusses the previous prediction models applied in SMRP. Section 2.8 extends 

SMRP to an international context and reviews relevant literature. Section 2.9 compiles the 

related studies on the application of average correlation in SMRP.  Section 2.10 concludes 

this chapter. 

 

2.2 Conventional predictors: financial ratios 

Early attempts have been instinctively put on using past returns to predict future stock 

prices as instructed by the random walk theory. Shortly, researchers are aware that historical 

returns data are oversimplified predictors and naturally, financial ratios have been entertained 

as alternatives. The principle of using financial ratios is that financial ratios measure the 

underlying value of companies and the returns on the stocks are estimated according to the 

value of these companies.  Therefore, it is no surprise to see that the estimation parameters 

have enlisted various indicators including book-to-market ratio, dividend yield, earnings-price 

ratio and interest ratio (Fama & Schwert, 1977; Campbell, 1987; Fama & French, 1988; 

Kothari & Shanken, 1997). Financial ratios are firm-specific, ready-to-use indicators, 

therefore have gained their popularity promptly among both academic and practitioners once 

introduced (Campbell & Shiller, 1988a; 1988b; Campbell & Viceira, 2002; Lewellen, 2004; 

Menzly et al., 2004; Campbell & Yogo, 2006). 

 

Theorists contend that the ratios are objective and easy to read as they will have a lower 

(higher) value if a stock is over (under) priced and lower (higher) return is expected after the 

market adjusts the stock price to a fair value. Meanwhile, the financial ratios are 

conventionally associated with risk assessment while risk is coupled with expected return, 

therefore expected returns are adjusted corresponding to financial ratios as they reflect 

changes in the risk premium. Another advantage is that the ratios share the similar time-series 
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properties; for instance, financial ratios have an almost perfect autocorrelation if they are 

calculated monthly and the variances in these ratios are mainly caused by the changes in 

prices as a denominator. The statistical properties of financial ratios have a major influence 

on their applications in empirical studies of stock predictability. 

 

Empirical use of financial ratios could be traced back to as early as the second decade 

of the 20th century. Dow (1920) and Graham and Dodd (1934), as value-oriented investors, 

reveal that high valuation ratios signal undervalued stocks and could tease out stocks with 

higher expected returns. This methodology however has not been taken as a scientific means 

until the early 1980s. Throughout the last two decades of 20th century, empirical literature 

concerning the use of valuation ratios in predicting future stock return has been proliferating. 

Fama and French (1988; 1989) and Campbell and Shiller (1988a; 1988b) demonstrate that 

various valuation ratios, including both dividend-based and earnings-based ratios, are 

positively correlated with subsequent stock returns. That was the heyday of financial 

predictors and it should not be a mere coincidence that Welch and Goyal (2007) suggest that 

the best sample period for the dividend yield and price-earnings ratio is from 1930s to mid-

1980s. 

 

Even during the years that financial ratios dominate, the concerns over the performance 

of these predicators have been unsettling. These concerns include whether the financial ratio 

is possible to forecast future SMRs and if so, which is the best forecasting variable to adopt; 

whether the underlying relationships are stable enough to accommodate predictability 

(Pesaran & Timmermann, 1995; Ferson et al., 2003; Goyal & Welch, 2003; Paye & 

Timmermann, 2006; Cochrane, 2007; Campbell & Thompson, 2008) and whether the 

observable predictors are the best proxies for the true predictors (Pástor & Stambaugh, 2009). 
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In order to pursue the answers to the above questions, there is a large number of studies 

devoting to identify a variety of predictive valuation ratios and empirically examine the 

validity of financial ratios as predictors. 

 

More recently, researchers have been aware of the caveats of relying on single predictor 

and overwhelmingly analysing data from one market (e.g., the US market). By employing 

monthly fundamental-price ratios, macroeconomic and technical variable, Jordan, Vivian and 

Mark (2014) estimate SMRs for 14 European and Mediterranean markets from 1995 to 2011. 

They argue that the predictive ability of fundamental ratios depends on the liquidity and 

market development, while technical indicators offer more insights in large and developed 

economies. Their study motivates Cherles et al. (2017), who expand the sample size – 16 

Asia-Pacific and 21 European markets – and adopted a different sample period – 2000 to 

2014. The findings are similar, key financial ratios (dividend-price ratio, dividend yield, 

earnings-price ratio, and dividend pay-out ratio) show weak predictive ability with small 

effect sizes and dismal out-of-sample (OOS) forecasting performance. Using an expanding 

window approach, Devpura et al. (2018) examine the predictive ability of 14 predictors, 5 

financial ratios and 9 macroeconomic indicators, in an extended sample period spanning from 

1927 to 2014 and report that the only financial ratio showing long-term predictive ability is 

earnings-price ratio. Financial ratios have strong predictive power up to the last decade of the 

20th century. In recent studies, financial ratios are acknowledged as significant predictors in 

the area of stock returns predictability although their roles have shifted from main predictors 

to control variables (e.g., Lettau & Ludvigson, 2001; Li & Zhang, 2010; Pollet & Wilson, 

2010; Charles et al., 2017). This thesis includes two of the commonly used financial ratios, 

namely dividend yield and price-earnings ratio, as predictors. Next section is devoted to 

review these particular indicators briefly. 
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2.2.1 Dividend to price ratio (D/P) 

 In the strand of research in stock returns predictability, share prices and dividends are 

conventionally stressed as they are measures outside of the company’s internal system 

compared to book values. Moreover, they are, by definition, parts of the aggregate returns 

(e.g., dividend yield and capital gains), therefore, inherently linked to stock returns 

predictability. According to Lamont (1998), dividends and earnings forecast future stock 

returns based on two grounds: first, dividend measures the permanent component in stock 

prices as its setting reflects managerial behaviours; second, earnings co-vary with economic 

activities and investors expect returns according to their forecast on future economic trends, 

and therefore current earnings predict future returns. Lamont’s empirical results reveal that 

dividends and earnings contain information which cannot be captured by other indicators and 

predict future stock returns in a short horizon. Ang and Bekaert (2006), in response to the 

Lamont (1998) study, report that earnings and dividend yield predictability are not robust in 

their sample data, nor surviving finite sample correction. Furthermore, they use three 

instruments in predicting SMRs in France, Germany, the UK and the US and find that 

earnings growth and dividend pay-out ratio fail to be generalised to the three markets other 

than the US market.  

 

The advocates and critics have been increasingly debating over the functionality of 

dividend yield ever since. For instance, evidence provided in Valkanov (2003), Campbell and 

Yogo (2006) suggest that dividend yield has a considerably weak predicative power in a long 

horizon even the predictor variable is highly persistent. Bossaerts and Hillion (1999) and 

Goyal and Welch (2003) propound that a wider range of predictor variables, including 

divided yield, possess little or no OOS predictive power. One explanation of the results is that 

financial ratios are not mean-reverting and non-stationary. Indeed, Goyal and Welch (2003) 
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find that dividend yield have a unit-root by using the longest estimation period, quarterly data 

since 1926. They investigate the underlying source of dividend-price ratio’s predictive ability 

and their argument is mainly based on Cochrane’s (1997) equation. The equations are stated 

as: 

             𝐷𝑃 (𝑡) = 𝑅𝑚 (𝑡 + 1) −  ∆ 𝐷 (𝑡 + 1) + 𝑘 ∙ 𝐷𝑃 (𝑡 + 1) − 𝑘                                 (2.1) 

               𝐷𝑃 (𝑡) =  ∑ 𝑘𝑖∞
𝑖=0 [𝑅𝑚 (𝑡 + 1 + 𝑖) −  ∆𝐷(𝑡 + 1 + 𝑖)] + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡                      (2.2) 

While Cochrane (1997) relies on Equation (2.1) to form a verdict that dividend-price 

ratio must predict either the future return or the dividend growth rate, Goyal and Welch (2003) 

rearrange the equation and argue that Equation (2.2) is more informative as it is interpreted as 

that dividend-price ratio must forecast “either the next-period stock return, next-period 

dividend growth rate or the next-period dividend-price ratio” (p. 650). Their results 

demonstrate that these three components capture at least 90% of the changes in dividend-

price ratio over a horizon more than 20 years. However, dividend-price ratio predominantly 

predicts its own future value in a period of up to 5 years and its explanatory power on stock 

returns become significant from 5 years and up to 20 years. 

 

In spite of the controversy over the dividend-price ratio in predicting stock returns, it 

remains to be one of the most influential predictors since the study by Fama and French 

(1988). This thesis includes D/P ratio in the research model due to i) it is representative of the 

category of financial ratios; and ii) it has been extensively studied but warranting to be further 

tested. 

 

2.2.2 Pricing earnings ratio (P/E) 

While dividend yield and price-earnings ratio are the two commonly used predictors in 

the category of financial ratios, the underlying assumptions behind these two predictors differ. 
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Dividend is the most important source of future cash inflows for long-term investors and the 

change in dividend should lead an adjustment on the evaluation on the present stock value 

and expected return. In contrast, price-earnings ratio links the accounting earnings of the 

underlying firm to the stock price of that firm. The proposed linkage reflects the plain view 

that the accounting earnings provide information about earnings ahead of time and that 

earnings captures events that affect security prices with a lag (Beaver et al., 1980). Ou and 

Penman (1989) contend that the price-earnings ratio should be used in lieu of the accounting 

earnings per se as it measures the correction to the current stock price based on current 

earnings and filters out those earnings are will not expected to be repeated in the future. 

 

In the SMRP literature, the use of price-earnings ratio has a long history as dividend 

yield. As two facets of the fundamental financial ratios, they could complement each other by 

capturing the aspects of both expected dividend and expected future firm performance 

(Lamont, 1998). In early studies, both dividend-yield and price-earnings ratio are traditionally 

used predictors for SMRs (Chan et al., 1991). 

 

2.3 Conventional predictors: macroeconomic environment 

While one school of scholars focus on financial ratios to estimate the fundamental 

values of stocks and their expected returns, another school of researchers link the returns on 

stock markets to the macroeconomic environment in which the underlying companies operate 

and conduct business. Indeed, the recognition of macroeconomics’ role in predicting SMRs 

reflects the innate relation between financial market and the economic condition of the 

economy that the financial market reflects. Generally, if an economy is forecast to enter into a 

recession, the stock market will inevitably fall, and the investors have to adjust their expected 

returns accordingly. Despite this link is theoretically true and logically sound, it has to be 
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empirically tested and pragmatically useful. Macroeconomic environment is normally 

measured by a combination of two or more economic indicators including consumption, 

aggregate wealth, unemployment rate, national income, domestic production and so forth. 

Broadly speaking, economic indicators imply future consumption and investment opportunity 

and represent priced factor in Arbitrage Pricing Theory (Ross, 1976). 

 

One example is that Guidolin and his fellow’s attempt (2013) to link stock returns with 

the underlying economic fundamentals, arguing that the business cycle may explain the time-

varying stock return predictability. They, similar to many researchers in the field, decompose 

return as a compound of risk premium and random shock. While the random shock is 

"random", they argue that risk premium can be captured by economic data. Using 12 US 

sectors' production growth from 1927 to 2009, the authors document a significant and 

negative relation between the production growth and stock return predictors. They further 

suggest that the predictive power increases during contractionary periods but declines during 

expansionary periods. Specifically, macro variables are closely related to individual 

companies’ expected cash flows and determine the rate at which these cash flows are 

discounted to present value. Therefore, economic factors are pervasive in asset pricing models 

and their close relation with future stock returns is largely proposed (Merton, 1973; Breeden, 

1979; Campbell & Cochrane, 2000). 

 

The literature suggests that among the predictors of stock returns, the most popular 

macroeconomic variables are the inflation rate (Bodie, 1976; Fama & Schwert, 1977; Fama, 

1981; Siklos & Kwok, 1999), the term and default spread on bonds (Fama & Schwert, 1977; 

Keim & Stambaugh, 1986; Campbell, 1987; Breen et al., 1989; Fama & French, 1989; Shiller 

& Beltratti, 1992), the money stock (Geske & Roll, 1983; Jensen & Johnson, 1993), the 
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interest rates (Campbell, 1987; Hodrick , 1992; Ang & Bekaert, 2006), the aggregate output 

(Cutler et al., 1989; Balvers et al., 1990; Marathe & Shawky, 1994; Cooper & Priestley, 

2005), the industrial production (Pesaran & Timmermann, 1995; Rapach et al., 2005), the 

investment to capital ratio (Cochrane, 1991), the unemployment rate (Boyd et al., 2005), the 

CAY (Lettau & Ludvigson, 2001), the ratio of labour income to total income (Menzly et al., 

2004), and the ratio of housing to total consumption (Piazzesi et al., 2007). Similar to the 

financial ratios section, the next five subsections will discuss the most common economic 

predictors of SMRs individually. However, the discussion is not intended to be exhaustive nor 

will all the variables be used in this thesis. 

 

2.3.1 Inflation rate 

Inflation rate, one of the most influential measures in macroeconomics, has been 

claimed as a predictor of stock returns since Irving Fisher’s publication of 1930. It states that 

the stock returns are positively related to inflation rate and therefore offer a natural hedge 

against inflation as they tend to move together. This verdict of inflation-stock return 

correlation has been extensively reiterated at the end of 1970s and the beginning of 1980s. 

The advocates provide a potential explanation that stocks are ownership over physical assets 

and therefore, their returns should increase in line with the inflation rate. 

 

However, issues are raised when a negative relation between the stock returns and 

inflation rate is documented. These findings contradict the prevalent perceptions and provide 

opportunities for researchers to see this relation in different angles. Modigliani and Cohn 

(1979) argue investors may suffer from money illusion and being overly optimistic on capital 

gains, which will eventually affect the inflation-stock return relation in two ways. First, they 

would discount real cash flows irrationally by using nominal rates. Second, the investors can 
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erroneously include the monetary increment from inflation into the overall growth on their 

wealth. Indeed, Ritter and Warr (2002) provide cross-sectional evidence to support this 

inflation illusion hypothesis. They indicate that levered companies are largely undervalued 

during inflationary period and it results in depressed stock returns. The negative inflation-

return relation is evident in the empirical work of Rigobon and Sack (2004) as well. They 

note that a 25-basis point rise in the 3-month interest rate entails a 1.7% fall in the price of 

S&P 500 and a 2.4% decline in the value of NASDAQ equity market. Alternatively, Feldstein 

(1989) reports that the inflation non-neutralities tax code distorts accounting profits, which 

explains the negative effects of inflation on valuation. 

 

More recently, Campbell and Vuolteenaho (2004) decompose the dividend yields into 

the following three components. One component is the subjective market risk premium, 

another is the expected long-horizon dividend growth and the last component is the difference 

between the subjectively expected dividend growth and the objectively expected dividend 

growth. After using Vector Auto-Regression (VAR) model to estimate the dividend yields by 

these three components, they find that there is a positive relation between inflation and the 

rationally (objectively) expected long-run real dividend growth. Further, by using a smoothed 

past inflation rate, they report that the inflation rate explains approximately 80% of the time-

series variations in the misprice in the aggregate stock market. Modigliani and Cohn (1979) 

see the inflation as a second component of subjective risk premium; it is shared by all stocks 

and is not included in their cross-sectional risk measurement. In their findings, both 

researchers report a negative inflation-return relation. They argue that a negative inflation-

return relation is interpreted as an adjustment in expected returns (which is subjective) 

according to the forecast inflation and the risk-aversion behaviour. Due to the risk-aversion 
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behaviour, inflation is most likely to be overestimated and therefore, the adjustments are 

mainly downwards. 

 

Another strand of literature sees the inflation-return relation in a demand-supply way 

which is theorised as “Proxy Hypothesis”, rather than an outcome of investment behaviours 

as discussed above. The origin of this theory is postulated by Fama, describing the inflation 

and stock returns relation as negative effects of inflation being exerted on the demand of 

money or real economic activities. The influence of inflation takes effect through four 

channels (Fama, 1981, p. 551): 

 

• Demand and supply: the rise of inflation rate stimulates consumption expenditure, 

resulting a fall in savings and investments. Consequently, the demand for financial 

investment or financial assets declines and as a result, share prices drop.  

 

• Increase in inflation rate lifts up the discount rate in stock valuation model and lowers 

share prices and accompanies with lower returns.  

 

• The fiscal policy may reduce money supply and increase interest rate during 

inflationary times.  It influences growth rate and stock returns. 

 

• Inflation aversively causes the input costs and interest pay-out to rise and deprives 

Investors of their share of the corporate profits. Stock price will thus fall as a 

response. 
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Based on the “Proxy Hypothesis”, many empirical studies provide supportive evidence 

(Kaul, 1987; Asprem, 1989; Boudoukh & Richardson, 1993; Mukhopadhyay & Sarkar, 2003). 

For instance, Boudoukh and Richardson (1993) test the correlation of inflation and stock 

returns at 1-year and 5-year horizons by using annual data of the UK and the US markets. 

Their findings are inconsistent in terms of that nominal stock returns and inflation rate are 

uncorrelated at 1-year horizon, but it holds the Fisher equation in a 5-year horizon. 

Mukhopadyay and Sarkar (2003) and Khan and Yousuf (2013) investigate the effect of 

inflation on Indian and Bangladesh markets, reporting that the inflation rate has less influence 

on stock prices in a longer horizon.  

 

While CPI is a widely used measurement for inflation. The underlying assumption 

behind the relationship between inflation and equity return is that inflation causes an upsurge 

in the risk-free rate and the general discount rate used in valuation models (Humpe & 

Macmillan, 2009). Some may argue that the inflation is associated with an increase in both 

the discount rate and the expected future cash flows; thus, the value of the equity should 

remain essentially the same with the increases in both the numerator (expected future cash 

flows) and denominator (discount rate) levels. Defina (1991) provides a possible explanation 

for why the impact of inflation is exerted more direction on the discount rate and is gradually 

diffused over all the future cash flows. He focuses on the operational level of the firms 

underlying the stocks and contends that the nominal contracts restrain a large proportion of 

cash flows from being adjusted according to the inflation on a timely basis. The use of 

inflation to predict future SMRs has been studied for at least forty years (since Fama & 

Schwert, 1977), and several empirical studies, such as Chen, Roll and Ross (1986) and 

Mukherjee and Naka (1995), document a negative relationship between SMRs and lagged 
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inflation rate whereas other studies proposes, but fails to support, such a relationship 

(McMillan, 2001; Humpe & Macmillan, 2009). 

 

2.3.2 Term spread 

The term spread measures the difference between the interest rate of the same security 

at different maturities, and therefore it is also known as Interest Rate Spread or yield curve. 

Harvey (1988) is one of the early attempts to use term spread to predict stock returns. 

Subsequently, Stock and Waston (1989) note two term spreads – the difference between six 

month commercial-paper rate and six-month Treasury bill rate, and the difference between 

one-year and ten-year Treasury bond rate – are of particular importance in forecasting future 

economic activities. During the 1990s, escalating studies in this area (e.g., Estrella & 

Hardouvelis, 1991; Plosser & Rouwenhorst, 1994; Haubrich & Dombrosky, 1996; Estrella & 

Mishkin, 1997; 1998) have extensively explored the role of term spreads in predicting future 

economic growth and have generalised its application on other industrialised countries in 

Europe as well as the United States. 

 

Following a similar pattern, researchers attempt to use those indicators which are 

capable of forecasting future economic activities to predict returns on stock markets as 

discussed in the last two sections (inflation rate and consumption-wealth ratio). Conover et al. 

(1999; 2005) report that investors demand higher expected returns during expansive monetary 

periods than contractionary monetary periods, implying a relation between interest rate and 

expected returns. Resnick et al. (2002) compute the interest spread between ten-year and 

three-month Treasury bill rate and note that it indicates future negative equity returns. The 

findings of Hahn and Lee (2006) are particularly pertinent to this thesis, as they report that 

macroeconomic indicators such as term spread, and default spread are closely related to the 
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risk loading factors identified by Fama and French (1989), which are a set of dependent 

variables in this thesis. Hjalmarsson (2010) tests the four most common predictors of equity 

premium (e.g., dividend yield, earnings ratio, short rate and term spread) in an international 

context and finds that term spread performs robustly in ten out of the total twenty-three 

markets. 

 

2.3.3 Default spread 

The default spread is defined as the yield spread between long-term BAA corporate 

bonds and long-term AAA corporate bonds or the US treasury bonds. As discussed in the 

work of Stock and Watson (1989), one of the two important interest spreads is the difference 

between six month commercial-paper rate and six-month Treasury bill rate. The name default 

spread is originated from the investors’ expectation of default risk which is a function of 

future economic condition. It has been reiterated throughout this chapter that those 

macroeconomic indicators which are capable of forecasting future economic activities have 

the potentials to predict returns on stock markets as economic trend, risk and returns are so 

inextricably intertwined. 

 

Despite the prospect of being a predictor of stock returns, research on stock 

predictability concerning the term structure and bond market are scant, compared to other 

macroeconomic indicators. In a series of studies on the bond market during the end of last 

century, the early attempts, including Keim and Stambaugh (1986) and Fama and French 

(1989), reveal the co-movement of the bond market and the stock market in the United States. 

They argue that the underlying factors behind the changes in the bond market could explain 

the variance in the stock market as well. For instance, Keim and Stambaugh (1986) report that 

the ex post risk premium on both common stock market as well as long-term bonds with 
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various default risks is reliably predicted by ex-ante observable variables which include a 

bond market variable constructed by subtracting the one-month Treasury bill rate from the 

low-grade corporate bonds yield.  Fama and French (1989) also opt for default spread as one 

of the three predictors (the other two are dividend yield and term spread) of stock returns. 

They report the three variables are all robust predictors while the dividend yield and default 

spread vary with long horizon business cycles, and term spread is closely correlated to short-

term business cycles. 

 

Following Keim and Stambaugh (1986), Chang and Huang (1990) employ four 

variables, instead of three in Keim and Stambaugh, to estimate the returns on the US 

corporate bond market. The default spread is defined as the spread between yields on BAA-

rate corporate bonds and the risk-free rate and a dummy variable is used to capture the 

seasonality effect of the month January. They report that the four information variables are 

significant in predicting the returns on different corporate bond portfolios and the lagged 

excess two-month return and the excess BAA yield produce the highest coefficient estimate. 

Engsted and Pedersen (2010) report the similar pattern but in a multinational context, 

documenting that time-effect should not be omitted in stock return predicting models.  The 

authors also construct predictors by using term spread and default premium. The term spread 

variable is measured by the difference between yields on 10-year and 3-month US 

government securities while the default premium is the difference between the average yields 

on a (closest to 20-year maturity) portfolio of corporate bonds rated Baa by Moody’s and a 

portfolio of bonds rated AAA. Their data is sourced from the FREDII data repository at the 

Federal Reserve Bank of St. Louis, which is the same source of this thesis. They find that the 

predictive power of term spread and default premium is weaker than dividend yield. 
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The inclusion of yield spread as a macroeconomic predictor of stock returns has been 

gradually increasing since the beginning of this century, arguably due to the declining 

statistical significance of other indicators of the same category. Mody and Taylor (2003) note 

that the spread between the yield of high-grade corporate bonds and the US Treasury bills 

performs better in forecasting real economic activities than term spread, implying a 

marginalising role of term structure in economic predictability. Recently, Aslanidis and 

Cipollini (2010) extend the use of default spread to predict industry activities and successfully 

predict the next year’s gross domestic production (GDP) growth with extreme precision 

(estimated GDP growth 2.7% and real GDP growth 2.6%) by using the same indicator. 

 

2.3.4 Relative short-term interest rate 

As discussed above, term structure and risk-free rate are two prominent factors which 

explain variation of gross consumption and inflation rate. Likewise, short-term interest rate 

has a long history of taking part in asset pricing models. The attempt is allegedly initiated 

from Fama and Schwert (1977), who document negative slope coefficients in regressions of 

SMRs on short-term Treasury bill rates. Ferson (1989) contends that it is evident that classic 

“beta” model should allow for a risk adjustment caused by interest rate-related changes. Froot 

(1990) dedicates his study to explore the role of short-term interest rate in predicting returns 

on stock markets. By decomposing the expected excess returns into equity premium and short 

rate, he formularises the expected rate of price appreciation as a function of the short rate less 

dividend yield plus the equity premium. Relying on monthly interest rate on the US 

government securities from 1926 to 1985, Froot predicts subsequent SMRs within the full 

sample period and most subsample periods. 
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However, the predictive power of dividend yield is visually higher than short interest 

rate and the explanatory power of the model decreases while the dividend yield is omitted. 

Zhou (1996) draws attention on long-horizon interest rate and reports that it explains a major 

portion of variance in dividend-price ratios and therefore accounts for the high volatility of 

the stock market. In recent studies, short-term interest rate commonly plays a role of a 

complementary variable rather than the sole and predominant predictor. Campbell and Yogo 

(2006) suggest that short rate is a valid predictor of SMRs along with dividend-price ratio, 

smoothed earnings-price ratio and long-short yield spread. Similarly, Ang and Bekaert (2006) 

propose that short rate (measured as quarterly Treasury bill rate) strongly and negatively 

correlate with SMRs but only effectively in short horizons. 

 

Following a recent trend of internationalising SMRP, Rapach et al. (2005) test the 

return predictability in 12 industrialized markets using monthly data from early 1970 to the 

late 1990s. They juxtapose the short-term interest rate with the inflation rate on the reliability 

and consistency in predicting subsequent excess stock returns. Parallel to Rapach et al., 

Schrimpf (2010) contends that the interest-rate variables are the most informative predictors 

by adopting the Augmented Regression Method (Amihud et al., 2008); however, the SMRP is 

peculiar across different countries. Giot and Petitjean (2011) apply the correction methods 

(Stambaugh, 1999; Lewellen, 2004) to examine the OOS predictability of multiple indicators 

in 10 stock markets. As a result, they claim that the short-term interest rate predicts stock 

returns with highest reliability.  

 

2.3.5 Industrial production 

IP index is a proxy for economic activities and a means of measuring the national 

output level (Mukherjee & Naka, 1995). Both Fama (1990) and Mukherjee and Naka (1995) 
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proposes that the growth of the national production accounts for part of the variation in 

expected future cash flows and, therefore, influencing the expected return on stock market 

portfolio. The direction of SMRs is postulated to move along with the IP output level; thus, a 

positive correlation between these two is expected, and has been reported by Geske and Roll 

(1983), Chen, Roll and Ross (1986) and Sarantis (2001). 

 

2.3.6 Unemployment rate 

Principally, UR contains similar information to inflation or IP, all influencing the 

expectations on future economic growth and interest rate. Boyd, Hu and Jagannathan (2005) 

systematically investigate how the stock price reacts to the unemployment rate news. They 

discuss the relationship between stock prices and unemployment rate from three components 

of return on stocks: how unemployment rate affects interest rate; how UR affects expected 

growth rate of future earnings and dividend and how UR affects equity risk premium. Their 

findings are twofold: during expansions, UR is negatively associated with growth 

expectations and positively associated with equity risk premium; and during contractions, 

growth expectations react more negatively to UR whereas equity risk premium shows no 

reaction. 

 

2.3.7 Transaction Costs 

Transaction costs erode abnormal returns from asset portfolios. Therefore, transaction 

costs become an essential as finding the optimal trading strategies that maximise the return 

normally requires minimising the transaction costs. In one influential study in SMRs, Pesaran 

and Timmermann (1995) assume three scenarios of including transaction costs into the 

forecasting models: zero, low, and high transaction cost. The primary purpose for them to 

include transaction costs is to examine whether the stock returns, net of transaction costs, 
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could still be maximised by using the buy-and-hold strategy. In another study, Balduzzi and 

Lynch (1999) investigate how ignoring transaction costs could cause losses to investors by 

imposing significant utility costs. These studies include transaction costs to avoid the possible 

issue of overestimating the returns.  

 

However, transaction costs may not be as important in the stock market predictability 

literature. Guo (2006) uses CAY to predict future SMRs and reports that “I find that 

transaction costs have a small impact on the performance of the managed portfolio. This 

result should not be a surprise because investors did not rebalance the managed portfolio very 

often” (p. 660). Barroso and Santa-Clara (2015) also consider the transactions costs in their 

study on momentum and estimate the transaction costs based on turnover of stocks in forming 

the portfolio. Similarly, they conclude that the increased turnover and the increased 

transaction costs it causes are small in scale. The effect of transaction costs on SMRP may not 

be substantial enough to cause a bias in the results of prediction and therefore, is not included 

in this study to avoid excessive complication. 

 

2.4 Recent studies on conventional predictors and stock market return predictability 

In the field of asset valuation and risk management, a “conventional wisdom” is that 

predictive models become less accurate when they have been well established and widely 

learnt by the market practitioners (McLean & Pontiff, 2016). Once those long-established 

predictors for future SMRs have been extensively used both in academia and among market 

participants, the prediction based on these factors becomes known information to the market, 

and therefore contains less information regarding future SMRs. One example is the dividend 

yield, which was reported as a strong predictor for longer horizons in the early 1990s 

(Campbell, 1991; Cochrane, 1992), has been recently revised to only being effective for 



49 
 

predicting subsequent short-term SMRs (Ang & Bekaert, 2006; Campbell & Yogo, 2006) and 

even radically criticised as being inferior to historical average returns in terms of predictive 

power (Welch & Goyal, 2007). Scholars who observe this phenomenon divert their interest to 

the decomposition of dividend yield (e.g., Ang & Bekaert, 2006), to imposing restrictions on 

the return forecast (e.g., Campbell & Thompson, 2007) or to constructing a new variable 

incorporating dividend yield (e.g., Aras & Yilmaz, 2008; Ferreira & Santa-Clara, 2011). 

Their efforts justify the necessity of developing new instruments for SMRP while long-

establishment of a predictor may not be an advantage for users. 

 

Despite the fact that predictive power of conventional predictors has weakened along 

with its maturity, these predictors could serve as benchmarks for evaluating the predictive 

power of newly introduced variables. McLean and Pontiff (2016) identify 97 predictors that 

have been used in previous SMRP literature; however, it is unfeasible to include all these 

predictors in this chapter. To avoid an arbitrary selection of predictors, known as the “cherry-

picking”1 bias, this chapter selects some of the representative predictors from each broad 

category. These broad categories include the variables reflecting the underlying value of the 

stocks (e.g., dividend yield and price-earnings ratio), the indicators of external economic 

environment and future consumption (e.g., unemployment rate, customer price index and 

industry production) and the term structure of interest rate (e.g., term structure of interest rate 

and relative short-term interest rate). The conceptual roots and theoretical frameworks of each 

broad category have been discussed in the previous two sections and do not need to be 

reiterated in this section. 

 

 

                                                           
1 “Chery-picking” is a common terminology used in finance literature that describes a research method of 

randomly, or intentionally, selecting those variables that produce favorable results and omitting those variables 

that produce contradictory results. Therefore, “cherry-picking” is a type of data mining practice.  
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2.5 Time-varying stock market return predictability and financial crisis 

Prior literature has documented evidence that stock market predictability is not steady 

and has its high and low times. Behavioural researchers understand this phenomenon through 

a lens of collective behaviour and irrationality of investors. Menzly and Ozbas (2010) argue 

that investors’ knowledge and specialty are positively correlated with the accuracy of stock 

market prediction, as knowledgeable and rational investors minimise the possibility of 

mispricing and the implication of the predictions on future SMRs. Barberis, Shleifer and 

Vishny (1998), Baker and Wurgler (2006) and Schmeling (2009), in a similar vein, propose 

that investors’ sentiment towards the market could substantially predict the future SMRs, or 

the sentiment itself is a cause of the changes in future returns as it is endogenous to the stock 

market.  

 

Another school of researchers see a connection between the time-varying stock market 

predictability and disruptive events, such as market crashes (Barro & Ursúa, 2017) or 

financial crises (Berkman et al., 2011). Furthermore, market contagion and co-integration 

transmits and diffuses the effect of one regional financial crisis to partially overlapping 

markets and even non-overlapping markets (Samarakoon, 2011). Drawing on recent financial 

crises, especially the GFC, many researchers provide evidence on how this rare disaster in 

financial market drives up the stock market predictability (Longstaff, 2010; Kenourgios et al., 

2011; Wachter, 2013). Particularly, Bekaert, Ehrmann and Fratzscher (2014) report 

substantial contagion from domestic market to individual domestic portfolios during the GFC, 

indicating that financial crisis could be a stimulus for individual asset returns co-movement. 
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2.6 Alternative perspectives: behavioural finance research 

Many studies seek to explain return volatilities by rationality, intra-industrial effects, 

investor behaviours and seasonal effects. Menzly and Ozbas (2010) make a rational 

assumption that economically related supplier and customer industries have cross-

predictability. Further, they introduce investors’ expertise and knowledge in the model and 

find that the magnitude of predictability declines if the number of informed investors 

increases. Anton and Polk (2014) explore the co-movement of stocks connected by mutual 

funds ownership and they find that the returns of certain stock can be partially predicted by 

the returns of its fellow stocks and the trading strategy used by the mutual funds. Apart from 

the fundamental connections, researchers also examine the industry effects in predicting stock 

returns. Chou, Ho and Ko (2012) investigate the common features shared within one industry 

and conclude that they are pertinent to risk premiums which are “beyond the explanatory 

power of size, book-to-market ratios and momentum” (p. 1). Further, they suggest a good 

return predicting model should consider industry classifications. 

 

Another strand of literature is motivated by psychological theories and has been 

concentrating on generating a pattern of investors’ trading behaviours. For instance, three 

psychological phenomena frequently observed in stock trading behaviours are “conservatism” 

(Edwards, 1968), “representativeness” (Griffin & Tversky, 1992) and “anchoring and 

adjusting bias”.  Li and Yu (2012) construct their study based on these theories and argue that 

investors use Dow 52-week high and Dow historical high as benchmarks in their trading 

strategies. In particular, they propose that investors generally underreact to recent news 

(according to conservatism, investors would expect the news is intermittent) and overreact to 

a series of prolonged news (according to representativeness, investors would expect a 

monotonic trend). Conclusively, they claim that the two benchmarks, nearness to 52-week 
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high and nearness to historical high, have strong predictive power and even capture 

information about future aggregate SMRs. 

 

Empowered by information technology, Vozlyublennaia (2014) manages to measure 

investor attention by Google search times and links it to the performance of security indexes. 

As a result, she reports a reciprocal relation between these two while short-term change is 

detected after an increase in attention and a shock to returns causes long-lasting attention. 

Therefore, the conclusion is that investor attention can alter predictability of index returns. 

Chen (2009) notes that SMRP changes according to different time period. Park (2010) 

exemplifies this argument by supplying the evidence that the predictive power of the dividend 

yield on stock returns disappears in sub-sample periods of the US market.  Another note on 

time-effect is made by Keim and Stambaugh (1986) and Chang and Huang (1990) who argue 

that changes in January account for a large portion of variance in the SMRs throughout the 

entire year. 

 

2.6.1 Market (investor) sentiment 

Almost all the financial models have a subtle assumption that investors are rational and 

unemotional enough to force the capital market towards its fair position, which accords to the 

present value of expected future cash flows (Baker & Wurgler, 2007). However, this 

assumption is sporadically violated, especially during those depressing times. De Long et al. 

(1990) describe a group of noise traders who could cause the price of assets dramatically 

diverge from its underlying value. They further comment that rational investors or 

arbitrageurs have limited motivation to offset the conducts of noise traders, which is contrary 

to the concept presented by Friedman (1954). Indeed, it creates a paradox that arbitrageurs, 

who are rational and risk averse, have to bear excessive risks with disproportional returns to 
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correct the asset prices against the emotional traders. Therefore, this strand of literature 

commonly holds two conceptual beliefs: investors are subject to sentiment and it is too risky 

and costly to betting against sentimental investors. 

 

 After witnessing extensively striking and abnormal volatility of stock prices, its 

explanation is beyond the drift of fundamental value of the underlying assets and it is widely 

accepted that investor sentiment lies at the root of these events. Differing from other 

quantitative variables, sentiment has a qualitative nature and its measure is rather challenging 

when the market comprises massive individuals with various expectations. According to 

Barberis, Shleifer, and Vishny (1998), investors can be interviewed individually, and their 

behaviours are classified into certain terminologies such as overconfidence, conservatism or 

representativeness. This approach is analogous to “bottom-up”, which describes the induction 

process from sample individuals and following generalisation on a wide population. 

 

By contrast, another approach is “top down”, which focuses on the representative 

classification on individual traders and traces their effects down to market returns and certain 

stocks. These two approaches have one main difference: the “top down” approach, 

undertaken on a stock market level, explores which stocks are susceptible to the investor 

sentiment and what their common characteristics are; the “bottom up” approach, undertaken 

on an investor level, investigates what those sentiments are and how they possibly influence 

the stock prices and the SMRs in general. For instance, Baker and Wurgler (2007) summarise 

that “stocks of low capitalisation, younger, unprofitable, high volatility, non-dividend paying, 

growth companies, or stocks of firms in financial distress” (p. 2) are particularly vulnerable to 

investor sentiment. Schmeling (2009) proposes consumer confidence as a measure of investor 

sentiment and notes averagely negative correlations between sentiment and SMRs across 18 
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industrialised countries.  Furthermore, it stresses that certain country-specific and cultural 

features, such as less market integrity and herd-like overreaction, augment the impact of 

sentiment on stock returns. 

 

There are another school of researchers who argue that macroeconomic indicators are 

unable to fully capture the sentiment and self-constructed measures are better proxies than 

compiled indices. Ho and Hung (2009) collect investors’ opinions towards future prospect of 

both the stock market and the economy to form a composite sentiment index and report that 

this measure captures the impact of size, value, liquidity and momentum effects on stock 

returns. Verma and Soydemir (2009) calculate the investor sentiment using the residuals from 

regressing sentiment indicators on a set of risk factors and conclude that individual investor 

sentiment is correlated with excess returns on the market. Furthermore, they report similar 

findings to Brown and Cliff (2004) that irrational sentiment has a weak correlation with 

market return in short horizon but gets stronger in long run. 

 

The list of relevant factors to SMRs is not intended to, and impossible to be exhaustive. 

Potential predictors for future SMRs, including financial ratios (e.g. dividend yield or 

earnings-price ratio), macroeconomic indicators (e.g. inflation rate or interest rate), industry 

effects (e.g. the returns on the industry portfolio against returns on the individual stocks), 

investor behaviours and time effects (e.g. the seasonal effect), have been discussed and 

compared in the literature review. It is unnecessary nor possible to include all the relevant 

factors into the regression model. However, this thesis essentially takes into account each 

category of variables. The research models integrate dividend-price ratio and price-earnings 

ratio to capture the changes in fundamental value of individual stocks and incorporates term 

spread and default spread to encapsulate the changes in macroeconomic environment. 
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Investor sentiment is measured by two dummy variables which are proxies for investor 

optimism and pessimism while average correlation is the mean of pairwise correlation 

between individual industries, therefore by nature partially reflecting industry effects. 

 

2.7 Prediction models  

Despite the enthusiasm of researchers in predicting future returns has a long history, the 

means to achieve this goal has yet been far from perfection. The following section dedicates 

to a methodological discussion on various modelling, their fundamental assumptions and 

underlying principles. Fama (1970), as a good starting point to review the previous attempts, 

categorises models by the different information sets (as proxies of market efficiency) which 

are used in stock pricing. A strong efficient market is unpredictable as it follows a random 

walk and any attempt to pursue abnormal returns will be in vain as the market itself will 

systematically correct any under/over-valued asset. While the market is in a weak form, past 

stock price information is the major input in determining the current stock price. Auto-

regression is a feasible method to predict future stock price in the given conditions and the 

return 𝑅𝑡 could be simply written as: 

                                            𝑟(𝑡,𝑡+𝐻) = 𝑎𝐻 +  𝜌𝐻𝑟(𝑡−𝐻,𝑡) + 𝜀(𝑡,𝑡+𝐻)                                     (2.3) 

where H is the return horizon. It has been empirically supported in terms of short return 

interval (daily or intra-daily return data, see Roll, 1984), but researchers such as DeBondt and 

Thaler (1985) report past high return may not be persistent over a longer period. A rather 

complicated model is required when the market is semi-strong efficient, as the market would 

incorporate all publicly available information 𝛽𝐻
′𝑍𝑡  instead of past stock price 

information 𝜌𝐻𝑟(𝑡−𝐻,𝑡). Idiosyncratic risk and the selective criteria to form a portfolio become 

extremely relevant in decision making if investors are pursuing higher returns. According to 

Ferson (2007), three categories of predictors are commonly employed in the model. The first 
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category of predictor variables are firm-specific financial indicators; price-earnings ratio or 

dividend yield rate, among others, is widely accepted as a predictor in many studies. Schwert 

(2003) reviews the second category of predictor variables and classifies them as event or 

seasonal effects while all the other predictors are categorised into the third cluster. 

Nevertheless, previous studies regard behavioural differences, or in essence, cognitive biases 

as an inseparable component in asset pricing model as well (McLean, 2006). 

 

Previous attempts to predict future stock returns are yet far from success. This view has 

been supported by a comprehensive study of Welch and Goyal (2007), who estimate the 

predictability of stock returns in the United States by evaluating the performance of a wide 

range of forecasting variables and macroeconomic predictors. They articulate that the 

majority of tested variables have limited predictive ability in terms of forecasting future 

SMRs. Further, OOS SMRP ability of these variables is so dismal that it even fails to beat the 

simple historical average benchmark. Additionally, they evaluate the performance of a 

“kitchen sink” model and criticise that it is even worse because of the in-sample over-fitting. 

As a conclusion, the majority of well-known predictors, such as the dividend yield, earnings 

to price ratio and the long-term yield, do not persistently predict the OOS equity premium 

better than historical average. Such a verdict has no intention to defy the progression on stock 

returns predictability to date; rather, it simply indicates insufficient endeavour on revealing or 

constructing “variable that has meaningful and robust empirical equity premium forecasting 

power [and sophisticated models (p. 1504)], both in-sample and OOS” (Welch & Goyal, 2007, 

p. 1505). Therefore, methodological innovation should not be limited to variables; the 

analytical tools warrant further refinement and polish as well. 
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The fact is that attention has been drawn on the bias issue and inefficiency of predictive 

models long before Welch and Goyal (2007). Stambaugh (1999) reports a bias of treating 

predictors as exogenous to the stock returns when they are endogenous. He warns that 

neglecting this endogeneity may produce an upward value of the predictive coefficient in tests 

on small sample. Lewellen (2004) and Cochrane (2007) note that the upward bias causes 

over-statement of predictability and erroneously rejects the null hypothesis of no 

predictability. To mitigate this bias, Amihud et al. (2008) introduce a bias-corrected method 

of estimation and name it as Augmented Regression method and based on which Kim (2014) 

improves its generalisability on small sample implementation. He thus applies the model to 

estimate the returns on the US market and report that dividend-yield has limited predictive 

ability. 

 

Apart from the Augmented Regression method, Hjarmarsson (2010) applies the panel 

regression on predicting stock returns. They use four predictors, namely D/P, earnings-price 

ratio, short interest rate and term spread. The sample comprises 24 developed and 16 

developing countries with monthly data from 1950 to 1987. Panel method is argued to be 

another remedy for the Stambaugh bias and their findings indicate that earnings-price ratio 

and D/P fail to forecast stock return while the interest rate is exclusively robust in estimating 

the stock returns on developed markets. 

 

Some researchers may argue that current models are not completely deficient in return 

predictability as concerned by Welch and Goyal (2007), but reliable instruments subject to 

minor changes. Campbell and Thompson (2008) develop a restriction approach which 

restricts the sign of predictor’s coefficient to be in line with theoretically expected sign. 

Under such restrictions, they find the restricted model produces improved results with higher 
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OOS performance than traditional models and outperforms the historical average on 

predictability substantially. Another response is made by Rapach et al. (2010), who 

recommend to combining individual forecasts in one prediction model. They explain that the 

combination incorporates information captured by various ratios and indicators while it is 

closely related to real economic activities. After combining 15 economic variables, the 

composite predictor outperforms the historical average in OOS stock return prediction during 

different time periods. One year later, Ferreira and Santa-Clara (2011) develop the sum of the 

parts method which forecast three components of SMRs, namely dividend-price ratio, 

earnings growth and price-earnings ratio growth, to estimate the “sum”, SMRs. Their 

estimation model has a 13.4% higher OOS R-squared statistic than historical mean when 

using yearly data and its main advantage is due to the low estimation error. 

 

While one school of researchers combine predictors to capture more information, 

another school of researchers combine models to improve persistence and robustness. 

Conceptually, Avramov (2002) discusses a Bayesian approach in his seminal paper, 

suggesting to weight coefficients of latent variables to reach a “fittest” model rather than 

fitting data into a fixed model with prescribed variables. Schrimpf (2010) turns the concepts 

into empirical examination and claims a combination of multiple models is the solution of 

weak OOS predictability. After classifying various predictors into valuation ratios, interest-

related rates and behavioural indicators, he thus compares the validity of each model and the 

predictive ability of individual variables. The main results are twofold: first, interest-related 

rates perform better than valuation ratios in both in-sample and OOS predictions; second, all 

the predictors perform better in the US market. These findings are particularly pertinent to 

this thesis as they have two theoretical implications. It stresses the importance of classifying 

predictors according to their features which is followed in this thesis. Moreover, the 
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substantial difference between the US market and other stock markets are again articulated, 

therefore necessitating the cross-national comparisons and generalisations. 

 

French, Schwert and Stambaugh (1987) estimate future returns by using a generalised 

autoregressive conditional heteroscedasticity (GARCH) framework and this model has been 

employed extensively and regarded as a conventional tool in place. Advocates of GARCH 

model has their strong ground that the selection of GARCH model is natural as it addresses 

the feature of financial time series (e.g., conditional heteroscedasticity). However, survey 

studies (e.g., Bauwens et al., 2006; Silvennoinen & Teräsvirta, 2009) warn particular caveats 

while relying on GARCH model that it requires quadratically increased parameters and model 

specifications while the number of variables considered increases. This potential over-

specification of parameters may restrain the flexibility of the model and reduce the 

generalisability of the GARCH model, as concerned by Kwan (2008). 

 

In a recent publication, Mclean and Pontiff (2016) propose an overview of the 

frequently employed predictors across 79 previous studies. The overall amount of predictors 

examined amounts to 97 and the purpose of the research is to investigate their predictive 

power in the OOS period. The results are striking but in line with their expectations. The 

average return of the portfolio constructed according to those predictors has decreased 

dramatically beyond the in-sample period. Mclean and Pontiff therefore report a possibility of 

data mining and suggest that investors could be misguided from academic publications. Their 

conclusion is disappointing as it is essentially the same as Welch and Goyal (2007) and there 

are another eight years passed. 
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Other issues raised are more general rather than merely methodological since they 

pertain to studies on stock return predictability as much as other studies in the finance area. 

Data mining, among all the criticisms, is a common issue that requires justification and it is 

normally in company with “cherry-pick” concerns. As there are too many predictors available, 

it always has a chance to fit data into the model. In other words, theoretical support is 

extremely vital to address this issue and reasonable expectations on the results should be 

articulated in advance. Furthermore, the selective criteria should be stated while the omission 

of certain variables needs to be explained to avoid a “cherry-pick” doubt. According to 

Ferson, Sarkissian and Simin (1999), studies on stock return predictability use same or similar 

variables and a data from the same stock market and across overlapping periods; therefore, 

the results may not be trustworthy. This criticism is intrinsic to the nature of this strand of 

studies since the intensiveness and concentration on certain data is somewhat beyond the 

control of the researcher himself (herself). Another valid concern is over the statistical 

property of the variables in test, arguing that they are mostly auto-correlated and therefore, 

are prone to spurious correlations. This issue can be addressed by various corrective models 

including Newey-West model which is employed in this thesis. 

 

2.8 International stock market return predictability 

The co-movement of returns on individual assets, either individual stocks or industry 

portfolios, could reveal the ex-post movement of return on the entire stock market. A 

systematic factor shared by all assets is speculated to drive upwards or downwards the returns 

on all individual assets, causing an increase in the correlation of all asset returns and leading 

to a corresponding change in the return on the stock market portfolio (Pollet & Wilson, 2010). 

The existence of a systematic factor, or systematic risk, is a fundamental assumption of 

enormous finance studies, including the strand of literature on capital asset pricing model 
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(CAPM) (Treynor, 1961; 1993; Jagannathan & Wang, 1996; Estrada, 2002; Gençay et al., 

2005). The cores of CAPM, which include both systematic and unsystematic risk, as well as 

the risk of a portfolio in relation to the market risk, measured by beta, have long been linked 

to the pricing of a stock. (Bowman, 1979; Amit & Livnat, 1988; Ho et al., 2004).  

 

Recently, with the advent of globalisation and co-integration of financial markets, 

international diversification has become a common practice to further reduce the systematic 

risk that could not be diversified in a domestically formed portfolio. Ever since Markowitz 

(1952) and Grubel (1968), researchers have been aware of the potential benefits international 

diversification could provide to reduce risks and increase returns. However, Levy and Sarnat 

(1970) suggest that “the degree to which diversification could reduce risk depends upon the 

correlations among security returns” (p. 668). The authors report that the intercountry 

correlation for five common market countries and the US ranges from 0.09 to 0.83, against 

the assumption that international diversification could possibly eliminate systematic risk. The 

discussion on the international diversification has centred on whether the correlation between 

stock markets has been small enough to provide diversifications. In answering this question, 

relevant literature has taken different perspectives and developed into several major strands. 

 

2.8.1 Correlation of international markets 

One strand of literature has been dedicated to how international stock markets interact 

with, and influence, each other. Lin et al. (1994) study the Tokyo and New York stock 

markets and find the information revealed in one stock market has global impact on the 

returns of the other markets. Longin and Solnik (1995) examine the correlation between 

seven major countries over the period 1960-1990 and report a trend of increasing correlation 

between markets over the thirty years. While the upward trend of international correlation has 
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been supported by accumulated evidence and “become part of the accepted wisdom” (Longin 

& Solnik, 2001, p. 649), later studies have moved further to investigate what causes such a 

trend. Empirical studies have emerged to link the increase in correlation between international 

stock markets to the increase in volatility in the stock markets, especially during the financial 

crisis periods. Longin and Solnik (2001) apply “extreme value theory” to model the 

correlation between the US and German stock markets and suggests that the increase in 

correlation is associated with the market trend, e.g., bear or bull markets, instead of with the 

market volatility. Comparatively, Forbes and Rigobon (2002) provide a mathematic proof on 

how heteroscedasticity causes a bias in testing the correlation between two equity markets 

and the correlation is conditional on the volatility of the equity markets although their 

findings are similar to Longin and Solnik (2001) that there has been an all-period high level 

of correlation between 28 sample markets after correcting for the bias. 

 

In recent years, other strands of literature have dominated the research on the 

correlation between international stock markets. Contagion, as defined in Forbes and Rigobon 

(2002), is “a significant increase in cross-market linkage after a shock to one country (or a 

group of countries)” (p. 2223). Compared with the correlation between international stock 

markets, this school of researchers concerns more on how a shock could give rise to such a 

correlation and how the shock transmits across different markets worldwide. Bekaert et al. 

(2014) use a factor model to predict crisis returns and treat unexplained factor loading and 

residual correlation as indicators of contagion. They report that both global factors and 

domestic factors have exerted contagion on individual equity portfolios but global factors 

only account for a minor proportion of the effect.  

 



63 
 

Being more specific, Jin and An (2016) employ the volatility impulse response  

approach to explore how the contagion effects of 2007-2009 financial crisis transmitted from 

the US market to the Brazil, Russian, Indian, China and South Africa (acronym as BRICS) 

markets. Luchtenberg and Vu (2015) and Syriopoulos et al. (2015) also provide evidence that 

the GFC strengthens the cross-market linkage, while significant and bi-directional return and 

volatility transmission has been identified in the interaction between the US market and 

emerging markets. Until present, the evidence has been compiled into three categories: (i) the 

correlation between international stock markets has been increasing; (ii) such an increase has 

been a trend over a long-run as the information transmits among different stock market, used 

to be regionally and now become globally; and (iii) financial crisis further drives up the 

correlation between international stock markets, especially the recent GFC. Yet, research has 

been relatively inadequate in establishing a “directional correlation” with clear indication on 

the source and recipient of the contagion effect; e.g., return of the source stock market 

predicts return of the recipient stock market. 

 

In addition to the contagion effect, which assumes that the congruence and co-

movement of global financial markets are driven by shocks or disruptive events, many 

scholars argue that there are regular transmission of returns and volatilities from major 

financial markets, such as the US market, to other markets in the same region or even 

globally. Liu and Pan (1997) investigate how the mean return and volatility spill-overs from 

the US and Japan affect four Asia stock markets. They report that the US has been more 

influential than Japan in transmitting the returns and volatilities although the transmission is 

unstable and is affected by the contagion effect. Another study on the volatility spill-overs 

from the US and Japan to six Pacific-Basin equity markets by Ng (2000) suggests that the 
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regional spill-overs from Japan are more significant than the global spill-overs from the US 

market. 

 

Baele (2005) focuses on the Western European region and notes the spill-overs from 

both the EU and the US affect 13 local European equity markets while the peak of the spill-

over intensity emerges in the second half of the 1980s and the second half of the 1990s. Using 

different analytical methods, both Li and Giles (2015) and Zhang and Zhuang (2017) examine 

the volatility spill-overs from the US market to East Asia stock markets. Relying on 

asymmetric multivariate GARCH model, Li and Giles (2015) report a unidirectional shock 

and volatility spill-overs from the US market to both the Japan and other Asia markets, and 

the spill-overs between the US and the Asia stock markets become stronger and bidirectional 

during the Asian financial crisis, implying a contagion effect. Zhang and Zhuang (2017), 

comparatively, use multivariate stochastic volatility with regime-switching model and find no 

significant spill-overs between the US and China while volatility spill-overs do transmit 

among East Asia markets. The literature on contagion and spill-over effects has lent support 

to each other, suggesting that shocks and volatilities have been transmitted regularly among 

different markets, although mainly from the US to the rest of the world, contributing to a 

higher international correlation among global financial markets; whereas unexpected but 

significant events intensify such transmissions and further increase the international 

correlation. 

 

In contrast with the contagion and spill-over effect, some researchers have drawn their 

attention on a more permanent and profound linkage among stock markets – the integration of 

global financial markets. Yet advocating the increasing international interdependence among 

financial markets, the theory of financial market integration articulates that the increased 
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financial market interdependence reflects the increase in the underlying financial assets 

linkage, which arises because “national and overseas residents, whether households, 

corporations, or financial institutions, can increasingly decide whether to hold domestic assets 

such as bills, bonds, equity, or other assets in foreign countries” (Kearney & Lucey, 2004, p. 

571). With the development of liberalism and internationalism, the global financial markets 

are integrated with, or “bound” to, each other and never drift far apart (Arshanapalli & 

Doukas, 1993). This is both a theoretical framework for studying international financial 

market co-movement and a methodology for testing the co-integration of financial markets 

(Engle & Granger, 1987). 

 

Empirical evidence has been piled up on supporting the existence of the co-integration 

of different financial markets. Ghosh et al. (1999) study whether the Asia-Pacific stock 

markets are moved by the US or Japan. They find that Hong Kong, India, Korea and Malaysia 

follow the US stock market, possibly due to that the presence of US multinational companies 

is more pronounced in these nations, whereas Indonesia, Singapore and Philippines are close 

to the Japanese stock market as their economic relationship and regulatory structure are 

closely related to those of Japan. Yu et al. (2010) reveal that the equity market integration in 

Asia has been accelerating yet far from completion and the degrees of integration between 

developed and emerging equity markets are different. Similarly, Kenourgios and Samitas 

(2011) report long-run co-integrating relations both among Balkan stock markets and between 

these stock markets and the US stock market. With methodological innovation, recent studies 

on financial market integration, such as Gagnon et al. (2016) and Billio et al. (2017), are still 

in favour of long-run co-integration, although Billio et al. (2017) propose that the financial 

markets are integrated more persistently and in a larger extent during the GFC period while 

being fragmentally integrated outside the GFC period. 
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Moreover, researchers have been keen on relentlessly developing more sophisticated 

methods on testing the level of co-movement of SMRs. Early attempts include Granger 

causality in Malliaris and Urrutia (1992), who explores the lead-lag causality for six major 

stock market indices; the contagion test constructed by Kings and Wadhwani (1990) which 

models how investors of two stock markets respond to the news revealed in the other market 

and later generalise it to multiple stock markets; a combination of Granger causality, co-

integration test and vector error correction model in Gerrits and Yuce (1999), who test the 

causality of, and the co-integration of, different time-series returns of various equity markets; 

the conditional correlation and switching ARCH model employed by Ramchand and Susmel 

(1998) which enables them to test the correlation between various stock market under 

different conditions of variance regimes (e.g., high volatile state vs low volatile state); and 

generalised autoregressive conditional heteroscedasticity (GARCH) model and a wide range 

of its varieties (Karolyi, 1995; Tse & Tsui, 2002; Ling & McAleer, 2003). 

 

These studies mostly use univariate analyses on returns or volatilities without 

considering the effects of contextual factors, for instance, economic indicators of the nation 

that equity market locates, or the effects of disruptive events, such as financial crises. This 

isolation on equity markets without contextualisation prompts concerns on the overstatement 

of the interrelationship between different equity markets, especially when the process of 

transmission is still unclear. Methodological innovation has become a mainstream in the 

following research, including Copula function on calculating dependency of daily returns of 

four major stock markets discussed in Jondeau and Rockinger (2006); Wavelet analysis to 

measure the co-movement of stock markets in a time-frequency space (Rua & Nunes, 2009; 

Kiviaho et al., 2014; el Alaoui et al., 2015); and asymmetric generalized dynamic conditional 

correlation  approach used to capture non-linear correlation dynamics among five stock 
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markets (Kenourgios et al., 2011). Overall, the improvements on methodology have been 

concentrated on introducing more factors into the correlation model, such as economic 

indicators, financial ratios or behaviour factors. 

 

2.8.2 From international markets correlation to international stock market return 

predictability 

Although having been closely linked to the correlations between stock markets, SMRP 

has been developed and forms a distinct body of literature whose primary concern is the 

predictability of future SMRs. If international SMRs are correlated or financial markets are 

integrated, the volatility of one stock market could transmit to another stock market. Investors 

of one stock market, for instance A, should value information from other stock markets, for 

instance B, as such information affects the expected returns of stock market A. Shocks or 

innovations from stock market B, therefore, should predict future returns of stock market A. 

In this regard, international stock market linkage sheds new light on the possible predictive 

factors of SMRs, which are traditionally concentrated on financial and macroeconomic 

variables and business cycle components (French et al., 1987; Fama & French, 1989; Balvers 

et al., 1990; Cochrane, 1991; Glosten et al., 1993; Pesaran & Timmermann, 1994). 

 

The traditional predictors have been thoroughly discussed in Chapter 4 under three 

broad categories of financial ratios, economic indicators and behavioural factors, including 

dividend yield, earnings-prices ratio, relative short-term interest rate, term spread, 

unemployment rate, consumer price index, industrial production, market sentimental index 

and financial crises. All these predictors reflect the financial characteristics of an average firm 

in a stock market, the macroeconomic environment of the stock market and sentimental level 

of the market participants. However, they are clearly domestically generated variables. Even 



68 
 

for those predictors that are internationally linked (e.g., interest rate), there are researchers 

who consider that the linkage in the predictors (e.g., the correlation between interest rates of 

different markets) could explain the linkage in the SMRs (Chen et al., 2002; Forbes & 

Rigobon, 2002; Liu & Shrestha, 2008; Kenourgios et al., 2011). 

 

To date, there is limited evidence on how the information of one stock market could 

possibly predict the returns of other stock markets. Richards (1995) argues that economic 

theories on random-walk preclude the possibility of co-integration and if the co-integration 

exists, it would imply that national return indices are predictable. Further, the findings of the 

study suggest the stock return indices have a common “world” component and two country-

specific components, one permanent and the other transitory. In other words, the three 

components could predict future stock return indices. Bollerslev et al. (2014) draw on the 

difference between risk-neutral and statistical expectations of the future return variation, the 

variance risk premium, to predict the aggregate SMRs. A global variance risk premium, 

value-weighted average variance risk premium for all sample countries, has been constructed 

and used for predicting the individual returns of all sample stock markets. Their findings 

suggest that the global variance risk premium could significantly predict future returns of all 

sample stock markets and the degree of predictability is maximised at a 4- to 5-month horizon 

and the authors consider the global variance risk premium as a proxy for worldwide aggregate 

economic uncertainty.  

 

Chen et al. (2017) employ daily international volatility index innovations from seven 

stock markets: the US, the UK, France, Germany, the Euro zone, Japan, and Hong Kong and 

significantly but negatively predict the overnight SMRs of Chinese stock market. Further, 

they note that “the US volatility risk is particularly powerful in forecasting Chinese stock 
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returns and plays a dominant role relative to the other six international volatility measures” (p. 

201). Aye et al. (2017) shed more light on the role of the US SMRs in predicting SMRs of 11 

non-US industrialised markets. Their results are twofold: the predictability of the US SMRs is 

model dependent and time-varying, e.g., significantly powerful in certain sub-sample periods 

but weak in others. The conclusion echoes the findings of Rapach et al. (2013) that the lagged 

US returns could predict the returns of non-US industrialised countries. 

 

Moreover, Rapach et al. (2013) establish a time frame for the news diffusion from the 

US stock market to other stock market, arguing that the shocks from the US market have been 

gradually diffused to the rest of the world. Similarly, Gupta and Modise (2012) examine the 

predictive power of five valuation ratios and six international SMRs on the SMR of South 

Africa by using both in-sample and OOS tests and a bootstrap procedure for guarding against 

data mining. Their findings suggest only the returns of the US and UK stock markets have the 

predictive power, by which they attribute such a predictability to the major trading 

partnership between South Africa, the US and UK. In recent literature, the “global” factor 

could be fairly represented by the influence of the US stock market. 

 

2.8.3 The origin of the research on international stock market return predictability 

According to the archived literature to date, the SMRP in an international context is 

possibly from three conceptual origins: the spill-over effect among financial markets, the 

contagion effect, and the co-integration of financial markets. While examining all the 

literature on the correlation between international financial markets, the volatility of stock 

markets and the transmission of this volatility across global markets has been a prominent 

factor behind the upward trend of global stock market correlation (e.g., Longin & Solnik, 

2001). It is rational to assume that if a shock is transmitted from one financial market to 
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another and causes an increase in the correlation of these two markets, the lagged return of 

the original financial market should predict the return of the recipient market. This 

assumption has been particularly applicable to the spill-over effect from the US market to the 

rest of the world.  

 

The spill-over effect, as a source of international SMRP, has been implied in studies on 

volatility spill-overs (Liu & Pan, 1997; Ng, 2000; Baele, 2005; Li & Giles, 2015; Zhang & 

Zhuang, 2017) and evident in empirical studies such as Gupta and Modise (2012), Rapach et 

al. (2013), Aye et al. (2017) and Chen et al. (2017). In contrast with the assumption that the 

shock is originated from the volatility of a stock market, mostly the US market, and being 

transmitted globally, the advocates of contagion effect contend that the shock is not caused by 

the volatility of a particular financial market, but by disruptive events, for instance, GFC (e.g., 

Forbes & Rigobon, 2002). Still, the shock has been transmitted from the original financial 

market to other financial markets. However, the volatility or the returns of the original 

financial market may not predict the returns of other financial markets as the transmission 

does not happen regularly. Practically, the predictor is the disruptive events rather than the 

macro-economic variables or technique indicators of the original financial market. In other 

words, where the shock is originated is irrelevant while the occurrence of the shock is 

relevant to the international SMRP. This argument has been implied in Luchtenberg and Vu 

(2015) and Syriopoulos et al. (2015), who report a strengthened cross-market linkage during 

the financial crisis period. 

 

It is rational to assume that if a shock of disruptive event would cause a co-movement 

of the returns of global financial markets, the occurrence of that disruptive event should 

predict the return of the affected financial markets, presumably moving towards the same 
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direction as the original financial market. The co-integration assumption of increased 

international financial market correlation has less implication on favouring one particular 

SMR predictor, rather, it highlights the importance of international predictors while 

traditional predictors are predominantly domestic. If long-term financial market integration 

has been progressing as articulated in Kenourgios et al. (2011), Gagnon et al. (2016) and 

Billio et al. (2017), it is rational to assume that a shock from one financial market will have 

implication on the asset pricing in other financial markets. Although the three theoretical 

assumptions have distinctive conceptual roots, consequently, they all suggest that shocks 

from external financial markets will influence the SMRs of domestic financial market, 

especially when the shocks are from the US markets and during a disruptive event period. 

 

2.9 Average correlation 

Many studies start with an intuitive assumption: When systematic risk rises, risk-averse 

investors will demand higher risk premium to offset the possible volatility; in other words, it 

gives a rise to the expected returns. Consistent with this principle, various models are 

developed to identify a positive variance-in-mean relationship for SMRs (Campbell, 1987; 

Harvey, 2001; Ang & Liu, 2007). One typical model is to estimate the excess log return on 

the market by its two components, namely the conditional variance of the returns on the 

market and external information by which the expected returns are adjusted. Based on 

Campbell (1993) model: 

Et[rp,t+1] (expected log return for a portfolio p) −  rf,t+1(risk free rate) +

 
σp,t

2

2
 (variance ofreturn for portfolio p){expected excess log return for portfolio p} =

 γ(representative investors′coefficient of relative risk aversion) Covt[rp,t+1, rm,t+1] +

(γ − 1) Covt[rp,t+1, ∆Et+1 ∑ ηj∞
j=1 rm,t+1+j]  
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This equation states that the expected excess log return on portfolio p (the variance of 

return for p is the adjustment for Jensen’s inequality) could be decomposed into two 

components. The first component is the conditional covariance of the return on p and the 

market return. The second component is the covariance of the return on p and the news about 

future market returns whenever 𝜸 >1. 

 

Under the assumption that both components are linearly correlated to the same 

underlying variable yt. After substituting all terms at the right side with functions of yt, the 

equation is thus transformed to one that contains only two constants and two linear functions 

of yt and the covariance of the return on p and the market return. The expected excess log 

return on p (Et[rp,t+1]) is linearly correlated to the covariance of return on p (rp,t+1) and the 

market return (rm,t+1). It could be considered as a logarithm version of CAPM (Pollet & 

Wilson, 2008). 

Et[rp,t+1] − rf,t+1 + 
σp,t

2

2
≅  γσpm,t  

 

While further decomposing the market return ( rm,t+1  )σt
2  where ρt  is average 

correlation and σt  is average variance. First substitutes σu,t+1 with σs,t+1, then use average 

correlation and average variance to substitute stock market variance (σs,t+1), the equation is 

given by 

Et[rs,t+1] − rf,t+1 +
σs,t

2

2
=  ∅0 +

∅1

βt(1−θt)
ρtσt

2 −
∅1

βt(1−θt)
θtσt

2  ” 

 

Despite extensive endeavours have been made to seek supports for such a relationship, 

Pollet and Wilson (2010) argue that the mean-variance approach is intrinsically flawed; 
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therefore, its success as a predictor is uncertain. Their criticism on using stock market 

variance to predict future SMRs is twofold. With Roll’s (1977) critique of unobservable 

market returns on the validity of CAPM, the theoretical basis of using stock market variance 

as a predictive instrument has been eroded away. In addition, they decompose ICAPM into 

two components: stock market variance and future news which affect the market returns. 

After further substituting stock market variance and future news with the expression of 

average correlation and average variance, Pollet and Wilson (2010) explicitly illustrate 

changes in average variance lead to a simultaneous and opposite movement in both stock 

market variance and future news components. With the findings of average variance is the 

dominantly explanatory factor of stock market variance, they note, it is not surprising to find 

that stock market variance has no effect on or even being negatively correlated with 

subsequent SMRs. These findings are in line with other evidence provided by Bali, Cakici, 

Yan and Zhang (2005) which document that the predictive power of average variance is 

conditional on particular datasets and measures. On the contrary, average correlation is 

theoretically and empirically reported to be a reliable predictor of future market returns. 

 

Similar to many capital asset pricing methods, the concept of average correlation is 

derived from the CAPM. Roll (1977) articulates that the CAPM model holds to be true only 

when two conditions are held: the market portfolio is mean-variance efficient and the market 

portfolio is all-inclusive, even for the unobservable asset portfolios. While the second 

condition is unrealistic, there is no way to test whether the market portfolio is mean-variance 

efficient or not. The violation on the underlying conditions of CAPM raises issues on the use 

of stock market variance in predicting future stock market variance or SMRs. These issues are 

rooted from the concern that the return on “true market portfolio”, a theoretically all-inclusive 

market portfolio, is only weakly correlated with the return on the SMRs. The CAPM assumes 
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that return on any asset, aside from a risk-free component, is correlated with the excess return 

on the “true market portfolio”, rather than on the stock market portfolio. With Roll’s critique 

(1977), the CAPM could still hold but the common component that is correlated with the 

return on any asset is the return on the “true market portfolio” instead of the stock market 

portfolio. 

 

The rationale could be explained as follows: ceteris paribus, an increase in aggregate 

risk is associated with a tendency of stock prices to move together, in other words, the 

correlation of individual stock returns increases. Since stock market risk premium depends on 

aggregate risk, the average correlation of observable stock returns may nevertheless reveal the 

changes in aggregate risk. This hypothesis is then empirically examined: while average 

variance dominates the changes in stock market variance but has no significant predictive 

power in forecasting future SMRs, average correlation is consistent in predicting future 

returns, surviving various robust tests and outperforms over many other predictors (e.g., 

GARCH, risk-free rate and log price-dividend ratio). 

 

The co-movement of returns on individual assets emerges as a solution to circumvent 

the excessive focus on the stock market portfolio per se. One strand of literature has been 

dedicated to studying the co-movement of returns on multiple stock markets, such as 

Germany, Japan, the UK and the US (Rua & Nunes, 2009); Poland, Hungry, Germany and 

the US (Li & Majerowska, 2008); 13 Asia-Pacific, Europe and the US stock markets (Loh, 

2013); and 83 countries and the US stock market (Didier et al., 2012). The findings on the co-

movement of multi-national SMRs suggest a significant co-movement of returns on those 

stock markets. Moreover, it unveils an unsynchronised co-movement: in particular, a leading 

movement in the returns on the US stock market and a lagged movement in the returns on 
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other stock markets (Bekiros, 2014; Baruník et al., 2016; Bekiros et al., 2016; Ahmed et al., 

2017). 

 

Another strand of literature has concentrated on an intra stock market co-movement. 

Kallberg and Pasquariello (2008) report a significant and excess co-movement of 82 industry 

indexes in the US stock market and its negative correlation with market volatility and with the 

level of short-term interest rate, although that the co-movement is not directly used to predict 

future SMRs. Liu and Mei (1992) argue that there is “a single systematic factor affecting 

returns on all assets” (p. 415), therefore implying a potential co-movement of returns on 

individual assets. Pollet and Wilson (2010) draw on the systematic factor and contend that 

excess SMRs could be predicted by the correlation of returns on individual stocks as they are 

all affected by the systematic factor. Through algebraic arrangements, they substitute the 

return on unobservable market portfolio with a function of average correlation and average 

variance of returns on individual assets and propose that the average correlation is closely 

related to the invisible systematic factor shared by all assets. Despite the promising results 

reported by Pollet and Wilson (2010), the research on the co-movement of returns on 

individual asset portfolios and how such a co-movement could possibly predict future SMRs 

has not progressed much in recent years. 

 

Whereas the conventional measure of systematic risk or volatility of a stock market has 

long been variance, conditional variance, beta, or obtained from a stochastic volatility model, 

the SMR variance could be further decomposed into average variance and average correlation. 

Cenedese et al. (2012) argue that the decomposition of SMR variance is “critical for 

distinguishing the effect of systematic and idiosyncratic risk” (p. 6). As a basic concept in 

modern finance theory, expected return is only associated with systematic risk while 
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idiosyncratic risk should be diversified away and thus is unnecessary to bear. Although Goyal 

and Santa-Clara (2003) contend that average variance, which captures systematic but largely 

idiosyncratic risk, could predict future SMRs, Pollet and Wilson (2010) further assert that 

average variance is positively associated with systematic risk and negatively associated with 

idiosyncratic risk. Therefore, when stock return comprises both a systematic component and 

an idiosyncratic component, using average variance to predict future stock returns would be 

theoretically implausible, empirically unstable and interpretationally confusing. In contrast 

with average variance, average correlation has been argued as a measure of co-movement of 

stock returns, which could reveal the movement of the aggregate systematic risk. One might 

question what the aggregate systematic risk is and how it is defined and measured in an 

international finance context. 

 

The core of CAPM and many other asset pricing models is the existence of an 

aggregate systematic risk which could influence all the assets in one stock market to some 

extent (dependent on an asset’s beta). In an international finance context, an extended 

application of CAPM may include both a domestic and an international, or global, systematic 

risk. Indeed, how to price assets in an international finance context has been studies for more 

than three decades, arguably from Frankel (1982). Engel and Rodrigues (1989), Thomas and 

Wickens (1993), and Ng (2004), along with many other scholars, have included many 

international factors, for instance exchange rates or the intertemporal nature of asset pricing, 

and constituted an international version of CAPM, the ICAPM. The ICAPM has become 

relatively complicated in Ng (2004), including five factors: “co-variances with the world 

SMRs, with changes in a weighted real exchange-rate index vis-a-vis the reference currency, 

with reference currency inflation, with news about world future SMRs, and news about the 

future changes in the real exchange-rate index” (p. 193).  
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The scope of this thesis is not to price a portfolio comprises both domestic and foreign 

assets but to predict SMR in the international finance context. The complexity concerning 

exchange rates and currency values is omitted in this thesis and the focus has been 

concentrated on the assumption that SMRs comprise of both domestic and global systematic 

risk components. This assumption is in line with Richards (1995), who argues that stock 

return indices encompass a global com2ponent and two domestic components, one permanent 

and one transitory, and with Arouri et al. (2012), who proposes that investors “face both 

common and country-specific risks and price both of them” (p. 2473). 

 

As discussed in previous sections, increased correlation of international SMRs could be 

explained by the transmission of volatility, contagion effect or financial market integration 

(e.g., Li & Majerowska, 2008; Rua & Nunes, 2009; Didier et al., 2012; Loh, 2013) while 

many studies use the US SMRs as a proxy for the global influence (Bekiros, 2014; Baruník et 

al., 2016; Bekiros et al., 2016; Ahmed et al., 2017). Under the theoretical framework of 

CAPM and an explanation of transmission of volatilities and risks, the systematic risk of the 

US stock market might be a better proxy for a global risk, or a component of return, than the 

US SMRs per se. In measuring the systematic risk, Pollet and Wilson (2010) demonstrate that 

average correlation is a superior predictor of future SMRs compared with both average 

variance and the SMR variance. They contend this superiority is not a coincidence but a 

reflection of the aggregate systematic factor that is behind the co-movement of all assets. 

Through algebraic substitutions, Pollet and Wilson (2010) propose that the average 

correlation is closely related to the systematic factor of the true aggregate portfolio that 

comprises all assets, both observable and unobservable, in the world. Some studies, although 

not for testing average correlation, provide corollary evidence to support the predictability of 

average correlation. Liu and Mei (1992) unveil the systematic factor that affects the returns 
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on all assets. Hassan and Malik (2007) report that the volatility and shocks do transmit across 

different sectors causing a co-movement of sectoral returns. 

 

In addition to the common global factor, the domestic systematic factor should also be 

considered in the SMR prediction model. As supported by the findings of previous chapters, 

average correlation of pairwise industry portfolio returns could strongly predict future SMRs, 

with two-month lag in the US market and one-month lag in many other stock markets 

internationally. In this chapter, the previous test on the predictive power of average 

correlation has been extended into an international finance context. The theoretical 

framework follows that of previous chapters, all assets are hypothesised as having one 

systematic component in their returns (Pollet & Wilson, 2010). 

 

Additionally, the systematic component, in an international finance context, has a 

global component, representing the external influence from foreign financial markets, and a 

domestic component, revealed by the co-movement of all assets in that specific financial 

market. It is a prevalent assumption for many internationally contextualised studies that there 

are a global factor and a domestic, or local, factor while the factors are measured in various 

ways (Eun & Shim, 1989; Lin et al., 1994; Karolyi & Stulz, 2003; Mensi et al., 2014). A 

novel contribution made by this thesis is that the use of average correlation as a global risk 

factor avoids the effect of exchange rate in most international asset pricing models. The 

common risk factors, such as size (Fama & French, 1992), momentum (Carhart, 1997) or 

volatility, have to consider the effect of exchange rate as the fluctuation in the exchange rate 

creates additional risk for internationally diversified investors. However, the average 

correlation, a measure of co-movement of individual assets, is not internally linked to 

exchange rate as it is merely a trend. 
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To date, there is no evidence suggests that average correlation co-varies with the 

exchange rate. Again, the average correlation may not fully capture the global influence on 

the SMRs, implying less economic value for this predictor; it is sufficient to significantly 

predict future SMRs. Pollet and Wilson (2010) have demonstrated the strong power of 

average correlation in predicting subsequent SMR when further efforts should be exerted to 

scrutinise the applicability and generalisability of this relatively new predictor. To the best of 

the author’s knowledge, there is no follow-up studies that have been published to 

theoretically discuss or empirically examine this model, which leaves an obvious research gap 

in this area. This thesis therefore relies primarily on average correlation to forecasting future 

SMRs without discriminating other potential predictors. 

 

2.10 Research gaps  

This chapter provides a narrative of SMRP, starting from the discussion on the most 

commonly used predictors, financial ratios (Section 2.2) and macro-economic indicators 

(Section 2.3), and why they are no longer dominant predictors in the recent studies (Section 

2.4). Although financial ratios and macro-economic indicators have realised their full 

potential, they are still robust predictors and proper benchmarks. Those newly developed 

predictors should at least outperform the conventional ones to be considered as an 

improvement to the previous prediction models. 

 

Section 2.5 considers the effect of financial crisis on the SMRP in general. Whether the 

financial crisis itself affects global stock markets or it inflicts a contagion effect among all 

stock markets is beyond the scope of this thesis. What is relevant to this thesis is that financial 

crisis could cause an increase in correlation of the returns on all assets and, meanwhile, entail 

a fall in SMRs. 
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 Behaviour finance, discussed in Section 2.6, takes a different perspective and sees 

anomalies in the stock market as an outcome of investor irrationality rather than a stock 

market malfunction while traditional finance research assumes that investors are rational, 

well-informed and risk-averse. Indeed, SMRs are predictable partially due to the market 

participants are irrational and emotional. Such irrationality affects the SMRP as it is 

reasonable to expect a fall in SMRs if there is a pessimistic vibe among investors and vice 

versa. 

 

While the previous sections introduce individual factors that are relevant to SMRP, 

Section 2.7 reviews the development of prediction models. Although there is an ever-

expanding list of prediction models, the linear regression model and its varieties are still the 

most widely used methods. 

 

Section 2.8 broadens the SMRP to a global level, presenting literature on how a 

particular stock market is influenced by both local and international factors. There are three 

main threads in this strand of literature: the increasing correlation of international markets; 

the integration of financial markets; and the disruptive events which cause an increase in the 

correlation of multiple stock markets, also known as the contagion effect. These three theories 

attempt to explain the underlying principle behind the phenomenon that international or 

global factor could influence the SMR of local stock market. Again, what causes a 

convergence of the returns on global stock markets is beyond the scope of this thesis while 

the convergence itself offers an empirical justification for including global factors in a local 

SMR prediction model. 
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The main predictor proposed in this thesis, average correlation, is presented in Section 

2.9. The theoretical root and methodology of average correlation has been scrutinised 

thoroughly. In essence, co-movement of returns on all assets reveals and precedes the change 

in SMRs, arguably due to the co-movement is closely linked to the systematic component in 

all returns. Average correlation is a measure for the co-movement and, therefore, could 

predict future SMRs. 

 

 Various research gaps have been identified in this chapter. First, despite the 

overwhelming use, empirical studies still rely on conventional predictors, especially dividend 

yield or term spread, in predicting future SMRs. The predictive power of these conventional 

predictors could not be improved substantially even with more sophisticated prediction 

models. Consumption-aggregate wealth ratio (cay) is a considerably successful innovation in 

the predictors (Lettau & Ludvigson, 2001), although it still lies within the category of macro-

economic indicators and captures the information from the economic environment of a stock 

market. Additionally, the predictive power of conventional and long used predictors has been 

gradually destroyed since the market participants are familiar with those predictors (McLean 

& Pontiff, 2016). While the current stock price reflects the estimation on future SMRs based 

on these conventional predictors, it is no longer a “prediction” but rather an “expectation”. In 

this vein, the innovations in predictors are necessary but recently insufficient. 

 

Second, despite the importance of behavioural and financial crisis effects in SMRP, few 

studies incorporate behavioural factors and financial crisis in the research setting. Using 

behavioural factors, such as market sentiment or overconfidence, researchers have made 

successful prediction on future SMRs (e.g., Baker & Wurgler, 2006). Financial crisis, 

similarly, has long been argued as a pertinent factor in predicting future SMRs (e.g., Aloui et 
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al., 2011). A mix of behavioural and rational finance could potentially capture the different 

aspects of SMRs, which is yet less adopted. 

 

Third, despite the SMRP is market dependent and time-varying, most evidence is still 

based on the US stock market. The international SMRP differs substantially from the 

predictability of the US market; for instance, the market practitioners behave diversely, and 

the external environments of various stock markets are distinct. Consequentially, the findings 

from the US market may not be applicable to other non-US stock markets. To date, the issue 

that international evidence on SMRP has been much less than the US stock market need to be 

addressed. 

 

Fourth, despite the growing globalisation and financial market integration, many studies 

to date still consider predictors local to a particular stock market. International CAPM, 

although has been proposed in the 1980s (Engel & Rodrigues, 1989), is less popular among 

financial scholars, possibly due to its complexity. Recently, numerous factors, such as 

increased foreign investment or international trading, could intensify the influence of global 

factors on the returns of local stock markets. The global factor, used to be less economically 

significant, has gained more weight in determining the local SMRs. The inclusion of a global 

factor(s) is now imperative for constructing a local prediction model but has been less 

adopted in recently empirical studies. 

 

Fifth, despite the consensus on the central role of the US has played in the global 

economy, whether the US stock market has influence on the return predictability of a 

particular stock market and whether the US influence precedes the local influence has not 

been articulated. Many scholars contend the US stock market is the origin of a global 
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information transmission (e.g., Rapach et al., 2013), while others consider the transmission as 

being reciprocal rather than one-directional (e.g., Campbell & Hamao, 1992). The influence 

of the US stock market on local SMRs has not been fully explored in terms of its significance 

and whether it precedes or lags the local influences. 

 

This thesis is intended to fill the research gaps by (i) introducing average correlation, a 

less examined but both theoretically and empirically appealing predictor, in the prediction 

model; (ii) incorporating the effects of market sentiment and financial crisis in the prediction 

model to control for the behavioural and timely aspects of the SMRP; (iii) examining the 

average correlation in an international context; (iv) using the US average correlation as a 

proxy for the global influence; and (v) illustrating the time lag in using the US and local 

average correlation to predict future SMRs, expressed in month. The detailed procedures are 

presented in following chapters. 
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Chapter 3 

Research Framework, Methodology, and Data 

 

3.1 Introduction 

The research questions and hypotheses were discussed in Chapter 1. To test the 

hypotheses, this chapter presents the research framework and discusses the research 

methodology used in the thesis. It also outlines the sources of data used for the estimation of 

models. The research framework section addresses the fundamental questions: why average 

correlation is expected to predict future SMRs and how they are related. The methodology 

section defines all predictors in this research, the predictors specifically used for each study 

are discussed in the methodology section of that particular study. The data section provides 

details of the data sources, the time intervals of data and a brief review of all relevant 

databases used. 

 

An early study by Roll (1977) recognises the impossibility of including all assets in the 

world in the so-called well-diversified market portfolio. Therefore, the CAPM uses a large 

index, such as S&P 500 or Wilshire 5000, as a proxy for the fully diversified portfolio.  In 

such a scenario, when a portfolio of assets whose return is observable is the true market 

portfolio, its aggregated risk is identical to stock market risk. The variance of return on the 

market portfolio is directly observable and the market risk premium is related to this 

observable variable. However, when the stock market portfolio is only a subset of the true 

market portfolio, it is then unable to observe the variance of the market portfolios. In such a 

circumstance, the correlation between the stocks rather than the stock market variance may 

better reveal changes in the true aggregate risk and the stock market risk premium. Roll, 
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therefore, criticises the validity of the CAPM on the grounds that market portfolio returns are 

not directly observable. 

This research is not only useful for the cross-sectional tests of the CAPM but is also 

true for time-serial use since the variance in the returns on the “true market portfolio” may be 

only weakly related to “stock market variance” while stock market variance is widely 

recognised as a robust predictor of SMRs. Return on the true market portfolio is a common 

component of most returns on assets. On average, it positively correlates with individual asset 

returns. Pollet and Wilson (2010) first propose a positive relationship between stock excess 

return and average correlation. They argue that changes in aggregate risk are associated with 

changes in the correlation between individual stock returns (not any stock in particular but on 

average), while the stock market risk premium is hypothesised to be positively depending on 

the aggregate risk. Therefore, the stock market risk premium is positively linked to the 

tendency of stock returns to move together, which is the average correlation between 

individual stock returns, via the intermediate–aggregate risk. This chapter outlines a broad 

framework in terms of the model employed, the data used, and the econometric techniques 

applied to estimate the model.  

 

3.2 Research methodology: a broad framework  

The theoretical framework of this thesis is constructed on the basis of the CAPM, 

addresses the question why average correlation is expected to predict future SMRs. The 

theoretical framework starts from a variation of CAPM, Campbell’s model (1993), which 

decomposes the expected returns into two components, the covariance between portfolio 

returns and market returns and the covariance between portfolio returns and future news (see 

Equation (3.1)).  

         Et[rp,t+1]  −  rf,t+1 +  
σp,t

2

2
=  γ Covt[rp,t+1, rm,t+1] + (γ − 1)Covt[rp,t+1, ∆Et+1 ∑ ηj∞

j=1 rm,t+1+j]          (3.1) 
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where Et[rp,t+1] indicates the expected log return for portfolio p, 

           rf,t+1 indicates risk free rate, 

           
σp,t

2

 2
  indicates the variance of return for portfolio p, 

           γ indicates investors’ coefficient of relative risk aversion. 

In Equation (3.1), the left side is the expected excess log return on a portfolio p. The right 

side can be decomposed into two parts. First, γ Covt[rp,t+1, rm,t+1] indicates that the expected 

excess log return on portfolio p is positively related to the conditional covariance between the 

return on p and the (aggregate) market return. Second, (γ − 1)Covt[rp,t+1, ∆Et+1 ∑ ηj∞
j=1 rm,t+1+j] 

indicates that the expected excess log return on p is positively related to the covariance 

between the return on p and the news about future market returns whenever γ >1. The second 

term reflects another criticism of Roll (1977) that the CAPM should integrate future news, 

which may alter the expected returns of investors. Model (3.1) is therefore called 

intertemporal CAPM to highlight its intertemporal nature. 

 

Based on Campbell (1993), Pollet and Wilson (2010) assume that both parts are linearly 

related to the same underlying variable 𝑦𝑡 and that after a set of rearrangements, Model (3.1) 

transforms into the expression containing only average correlation ρt and average variance 

𝜎𝑡
2, with the average variance being a component of both the covariance between the return 

on p and the market returns and the covariance between the return on p and future news 

(Equation (3.2)). 

                      𝐸𝑡[𝑟𝑠,𝑡+1] − 𝑟𝑓,𝑡+1 +
𝑄𝑠,𝑡

2

2
 = ∅0 +

∅1

βt(1−θt)
ρtσt

2 −
∅1

βt(1−θt)
θtσt

2                   (3.2) 

Equation (3.2) explains the reason why average variance fails to predict market returns: an 

increase in average variance affects the first and second terms in opposite directions with 

similar magnitude. In comparison, an increase in average correlation affects only the first 

term. Consequently, if changes in the stock market variance (σs,t
2 = ρtσt

2) are mainly due to 
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changes in average variance, these changes in stock market variance are co-varying with the 

changes in shocks simultaneously, offsetting each other substantially. 

 

3.2.1 Variable description 

Average correlation 

The main predictor under examination is the average correlation of the individual 

industry portfolios with data sourced from the Kenneth R. French database in the first study 

and the DataStream in the second study. As per the description of those databases, each New 

York Stock Exchange (NYSE), American Stock Exchange (AMEX) and NASDAQ stock has 

been assigned to a particular industry portfolio and the returns on each portfolio are recorded 

on a daily basis. The sample data used to calculate average correlation matches the data used 

to measure excess market returns (i.e., from the same source), although the former is 

computed based on returns on individual industry portfolios and the latter is the excess return 

on the aggregated US stock market.  

 

Based on the study of Pollet and Wilson (2010), this study applies Equation (3.3) to 

calculate the equally weighted average correlation of the pairwise industry portfolio returns: 

                ACt(equally weighted average correlation) =  ∑ ∑ 𝐶𝑜𝑟𝑟𝑗,𝑘,𝑡k≠j
n
j=1 /𝑁             (3.3) 

where n = 48 in the first study, then N = 1128, and N is the number of pairwise correlations 

included. Mathematically, pick one industry from 48 industries and pair it with another from 

the rest, and the numbers of pair can be calculated as 𝐶(48,2) =  
48∗47

2!
= 1128. The average 

correlation of the individual industry returns has been adapted to fit the particular objectives 

of this research. The adaptation is twofold: first, using industry portfolio returns to calculate 

the average correlation and second, using equally weighted average correlations rather than 

value weighted ones. Previous studies prefer the value weighted average correlation of the 
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returns on individual stocks; however, it has a significant selection bias, in that only the 

stocks with the largest market capitalisation are included. In comparison, the industry return, 

which includes a substantial part of all the stocks in the market with less size discrimination, 

is therefore more effective in capturing the co-movement of all the stocks. Moreover, it is 

expected that the co-movement of individual industry returns reveals itself more quickly than 

for individual stocks.  A longer lag between the predictor and the subsequent SMR is 

expected.2 

 

Dividend yield 

Dividend yield is one of the earliest financial (valuation) ratios used to predict future 

market returns. Its importance in the development of a predicting model is evident in the large 

body of literature concerning the use and effectiveness of the D/P. Generally, the D/P ratio is 

calculated as the dividend divided by the price at the same time. Considering the long horizon 

of the data analysed in this research, the D/P ratio has been adjusted by the fraction of the CPI 

of the quarter D/P ratio calculated and the base quarter (here, the first quarter, 2016). 

 

Term spread and default spread 

While idiosyncratic firm features are reflected in the predictive model with the dividend 

yield, one may argue that the SMRs are heavily influenced by the external environment and 

the business cycle. Term spread and default spread are two pervasive measures among the 

economic indicators. Term spread is calculated as the difference between the return on 10-

year maturity government security and the return on 1-year maturity government security. 

Default spread is well documented as an economic indicator widely used in predicting future 

SMRs. In short, it captures the economic status of a particular country and is calculated as the 

                                                           
2 In principle, the movement in average correlation of industry portfolio is more likely to reflect, and more 

sensitive to, a change in systematic risk than the movement in average correlation of individual stocks. Based on 

this assumption, I expect a longer lag between the predictor and the subsequent SMR.   



89 
 

difference between the three-month return on Moody’s Baa ranked corporate security and the 

return on a three-month T-bill rate. The default spread assesses the economic situation based 

on a horizontal comparison between the returns of government bonds and company securities; 

the term spread relies on the vertical difference between short-term and long-term Treasury 

bill yields to identify the point in the business cycle where the economy is. 

 

CAPE 

The CAPE ratio, a P/E ratio adjusted for the business cycle, is also realised by the CPI. 

Therefore, the CAPE is first constructed by the aggregate P/E ratio of the stock market, then 

adjusted by the fraction of the CPI of the quarter P/E ratio calculated and the base quarter 

(here, the first quarter, 2016). Most measures are calculated on a monthly basis; those which 

have only quarterly data (e.g., D/P) are converted into monthly data by duplication. 

Descriptive statistics and empirical results, as well as the model employed in this research are 

presented and discussed in the methodology and results sections of each particular study in 

the thesis. 

 

Consumer price index 

Three new benchmark predictors have been added to the second and third studies: the 

CPI, the IP and the UR. These three variables could all be categorised into a broad genre of 

macroeconomic indicators, although each of them reflects only one aspect of the 

macroeconomic environment. The CPI is a widely used measurement for inflation. The CPI is 

defined as the change in the prices of a basket of goods and services that are typically 

purchased by specific groups of households. The data of CPI were directly retrieved from the 

OECD database and used in their original form. 
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Industrial production 

The IP index is a proxy for economic activities and a means of measuring the national 

output level (Mukherjee & Naka, 1995). The direction of SMRs is postulated to move along 

with the industrial production output level; thus, a positive correlation between these two is 

expected, and has been reported by Geske and Roll (1983), Chen, Roll and Ross (1986) and 

Sarantis (2001). The IP is an economic indicator that measures real output for all facilities 

located in a particular country manufacturing, mining, and electric, and gas utilities. The data 

of IP were retrieved from the DataStream and used in their original form. 

 

Unemployment rate 

Principally, the UR contains information similar to inflation or industrial production, 

which all influence the expectations of future economic growth and interest rates. The UR is 

the number of unemployed people as a percentage of the labour force, where the latter 

consists of the unemployed plus those in paid or self-employment. The data of IP were 

retrieved from the EIU database and used in their original form. 

 

Dependent variable 

The dependent variables in this research are the excess return in the first study (Chapter 

4) and the SMR in the second and third studies (Chapters 5 and 6). The excess return is 

denoted 𝑅𝑠 − 𝑅𝑓, the 𝑅𝑓 is to highlight the exclusion of the risk-free rate from the SMRs. The 

SMR is denoted 𝑅𝑠 . The market excess return (𝑅𝑠 − 𝑅𝑓 ) includes all NYSE, AMEX and 

NASDAQ firms. The data is retrieved from the Kenneth R. French database for the US stock 

market and from the DataStream for all the other 27 stock markets. The excess return on the 

market is the value-weighted return of all those CRSP firms listed on the NYSE, AMEX and 

NASDAQ that have a CRSP share code of 10 or 11 and whose financial figures are available 



91 
 

and calculable. 𝑅𝑓 denotes the risk-free rate and is measured by a one-month Treasury bill 

rate. 

 

3.3 Estimation methodology 

The main model used in the research is the OLS regression model with the Newey-West 

estimator (Newey & West, 1987), which has been used as a corrective method for 

heteroscedasticity and auto-correlation. The data used in the research are mainly time-series, 

potentially serial correlated. The Newey-West estimator is adopted specifically for correcting 

the latent bias caused by auto-correlation. A general prediction model is therefore specified as: 

                                         𝑅𝑠,𝑡 = 𝜇𝑡 + 𝛼1𝐴𝐶𝑡−𝑗 + ∑ 𝛽𝑖𝑗
𝑁
𝑖=1 𝑋𝑖,𝑡−1 + 𝜀𝑖,𝑡                                (3.4) 

In Model (3.4), the SMR at time t is predicted by the average correlation at time t-j and the 

conventional predictors at time t-1. As average correlation predicts US SMRs at a lag of two-

month (j=2) and returns of other stock markets at a lag of one-month (j=1), the time lag is 

denoted as t-j as a general form. Conventional predictors, denoted as 𝑋𝑖,𝑡−1, are different in 

the three studies; for instance, default spread is used in the first study; industrial production is 

used in the second and third studies; their time lag, to the SMR they predict, is set at one-

month (t-1).  

 

In addition to the OLS regression model, a variety of analytical methods is used as 

complements and robustness checks in the serial studies. Specifically, in Chapter 4 the long-

horizon test is used to explore the longest time horizon in which average correlation and other 

conventional predictors could still predict future SMRs. Chapter 5 adopts a panel regression 

model that pools the data of all 27 stock markets together and tests to see whether average 

correlation can significantly predict future SMRs. Chapter 6 employs analytical methods 
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similar to Chapter 5 but has two average correlations that capture both the global and the 

local factors. A prediction model for Chapter 6 is specified as: 

                             𝑅𝑠,𝑡 = 𝜇𝑡 + 𝛼1𝐴𝐶𝑢,𝑡−1 + 𝛼2𝐴𝐶𝑠,𝑡−1 + ∑ 𝛽𝑖𝑗
𝑁
𝑖=1 𝑋𝑖,𝑡−1 + 𝜀𝑖,𝑡                     (3.5) 

where, 𝐴𝐶𝑢,𝑡−1 is the US average correlation and 𝐴𝐶𝑠,𝑡−1 is the local average correlation.  

 

3.4 Data 

The thesis aims to examine the predictability of stock returns across a prolonged period 

from July 1963 to December 2016. The main criteria for selecting this specific time period 

are based on the grounds that major financial crises and global recessions have been captured 

within this time span except for the depression in the early 20th century. However, the 

inclusion of early historical data increases the risk of the predictors being time-sensitive, as 

noted by Goyal and Welch (2007). For instance, valuation ratios reported to be effective 

predictors in the early twentieth century lost their superiority contemporarily. Therefore, a 

period over a long window of time brings in confounding time effects and is associated with 

higher in-sample but lower OOS predictive power.  

 

The sample of periods and the frequency of the data are restricted by the availability of 

data. The data of the US stock market are available from July 1963 to December 2015 

whereas other stock markets have available data from January 1973 to December 2016 at the 

longest. The number of industries, the availability of data and the sample period all vary from 

one stock market to another. The model specification section (Chapter 5, Table 5.3) 

summarises and tabulates the data availability for all 27 stock markets. In the third study, the 

data of the US stock market is truncated to the same period as other stock markets, with one 

year of data (2016:1 – 2016:12) being added to the original dataset.   
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The data are retrieved from multiple databases: the Kenneth R. French Database, 

DataStream, Robert Shiller’s Database (based on Yale University), the Federal Reserve 

Economic Database (FRED-St. Louis), the OECD database, the IMF database and the EIU 

database. In the first study, the selection of French Database is a natural match for the use of 

Fama-French 48 industry data; it assigns each NYSE, AMEX and NASDAQ stock to an 

industry portfolio at the end of June of year t based on its four-digit SIC code at that time. 

Therefore, the main predictor in this thesis, the average correlation, is estimated using equally 

weighted of pairwise correlations between any two-industry returns in the 48 Fama-French 

industry daily returns. In the second and third studies, the SMRs and the industry portfolio 

returns are retrieved from DataStream, a Thomson Reuters based database. The database 

provides ready-to-use SMRs and industry portfolio returns of major stock markets. The SMRs, 

rather than the excess market returns used in the first study, are used due to the risk-free rates 

of the 27 stock markets are divergent. If using the return on three-month government bill of 

each sample country, it introduces unnecessary factor and impedes the comparison between 

different stock markets. 

 

In terms of the US data, Robert Shiller’s database is specialised in providing valuation 

ratios, therefore, the D/P and CAPE are retrieved from this archive. The FRED St Louis 

database offers a wealth of both national and international economic data and it has been 

widely relied on across literature in various disciplines. Term spread, default spread and 

relative short-term interest rate data of the US market is obtained from the FRED St. Louis 

Fed. 

 

In terms of the data of the other sample stock markets, DataStream provides the data for 

most of the conventional predictors: the D/P; PE; TS; and IP. The OECD database provides 
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the data for the CPI. The data for the other two predictors, UR and Relative Short-Term 

Interest Rate, were retrieved from the EIU database and the IMF database.   

 

3.5 Conclusions 

This chapter provided a theoretical and methodological background for the remainders 

of the thesis. It discussed the broader theoretical frameworks and provided an overview of the 

methodology used in the research. The thesis uses the newly developed predictor, average 

correlation, to forecast future SMRs. Conventional predictors have been added to the 

prediction models as benchmarks and control variables. All variables, both the predictors and 

the dependent variable, have been described and discussed in this chapter. In the model 

estimation section, analytical methods used in the research have been briefly reviewed, 

including the main regression model, the OLS with the Newey-West estimator, the long-

horizon test, the panel regression model and other robustness checks. As each study adopts 

different predictors and undertakes various models, the details of predictor and prediction 

models are specified in the methodology section of each study. The three core studies follow 

in sequence. Each chapter contains a methodology section specifying the variables and 

prediction models used in the chapter and a results section that presents the empirical results 

and compares the results with previous findings. 
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Chapter 4 

Predicting Stock Market Returns in the US:  

Evidence from an Average Correlation Approach 

 

4.1 Introduction 

The well-known efficient market theory posits that a perfect stock market adjusts each 

stock to its fair value in a timely manner. Investors, however, still make gains in the stock 

market by using various trading strategies. The core of these trading strategies is to form a 

portfolio in which the stocks are selected based on the forecast of their future performance 

(Hafer & Hein, 2007). Analysts and practitioners have endeavoured to make reliable and 

accurate prediction on future SMRs, possibly from the day when the stock market was 

established. Although the methods used for SMRP have become increasingly sophisticated, 

Goyal and Welch (2003) note that the reliability and precision of the prediction itself has not 

improved, at least not much, from those outcomes produced from historical data. 

 

Indeed, long and heated debates have revolved around the issue of stock return 

prediction; sceptics even contend that future SMRs are unpredictable as they change 

randomly. In contrast, empirical evidence suggests that future SMRs are predictable with a 

reasonable level of precision. During the last two decades, enormous endeavours have centred 

on two issues: the selection of most effective predictors and the construction of a predictive 

model with maximal predictive power. Although a range of predictors (e.g., financial ratios, 

economic indicators and variables gauging investor behaviours) have been considered, new 

theories and ideas have persistently emerged with evolving methods, which could predict 

future SMRs more effectively. 
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The conventional financial ratios and economic indicators seem to have reached their 

full potential as predictors, so researchers are shifting their attention to other prospective 

predictors. A strand of literature argues that the trend of future SMRs could be revealed by 

continuously observing the co-movement of returns on individual stocks (e.g., the correlation 

between returns on individual stocks), as the return on each stock shares a common 

component that changes with the SMRs (Aneja et al., 1989; Ang & Chen, 2002; Forbes & 

Rigobo, 2002). Using such correlation to predict future SMRs is theoretically appealing since 

it is endogenous to the stock market. The correlation measures the co-movement of returns on 

individual stocks, rather than the return itself, and it is thus less influenced by the 

idiosyncratic characteristics of individual stocks. The average correlation approach has its 

strength as being pertinent and idiosyncratic to a specific stock market. While financial ratios 

and economic indicators are exogenous to the stock markets, their predictive powers are 

concerned to be tentative and conditional (Welch & Goyal, 2007; Bahrami et al., 2016). 

Using the average correlation approach reduces the risk of model misspecification 

(Timmermann, 2006), especially along with financial ratios and economic indicators; and a 

clear lead-lag of average correlation and SMRs avoids any endogenous issue prevalent in a 

cross-sectional setting. 

 

Minimal but strong empirical evidence provided recently by Pollet and Wilson (2010) 

suggests that average correlation of pairwise returns on the largest 500 individual stocks in 

the US market effectively predicts future SMRs with a one-month lag. Although the study by 

Pollet and Wilson provides a useful framework, it seems to be beset with several snags. The 

use of value-weighted average correlation of the returns on individual stocks by Pollet and 

Wilson has a significant selection bias in that only the stocks with largest market 

capitalisation are included. In comparison, industry returns encompass a substantial portion of 
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returns on all stocks in the market with less size discrimination and, therefore, are more 

effective in capturing the co-movement of all the stocks. Moreover, it is possible that the co-

movement of individual industry returns may itself be slower than the individual stocks. 

Pollet and Wilson predict the stock market return of month 𝑡 + 1 with one-month lagged 

average correlation. Such an analysis ignores the possibility of the effects of longer time lags 

on the relationship between predictor and subsequent return. 

 

Pollet and Wilson do not take into account the investors’ behavioural perspective, and 

such perspective could potentially cause co-movement of the returns on all assets by 

increasing (decreasing) their level of investment (Baker & Wurgler, 2006; Barberis et al., 

1998; Ho & Hung, 2009). It is crucial to consider the effect of investors’ sentiments and thus 

to incorporate the behavioural aspects in the predictive model. Also, the Pollet and Wilson 

study predates the global financial crisis and, as such, the predictive power of average 

correlation approach has not been interfaced with such unusual shocks. A number of 

researchers have established a connection between time-varying stock market predictability 

and disruptive events, such as market crashes (Barro & Ursúa, 2017) or financial crises 

(Berkman et al., 2011). Financial crises, similar to investors’ sentiments, could coincide with 

co-movements of returns on all assets, as rational investors would take similar trading 

strategy during a crisis period (Berkman et al., 2011). 

 

The use of average correlation approach follows the recent trends in research, exploring 

how the internal linkage (e.g., the linkage of individual stock returns and variances or the 

linkage between stock market return and variance) of a stock market could affect its overall 

return and its predictability. A number of recent studies have used various predictors, such as 

variance risk premia (Bollerslev et al., 2014), stock variance and stock pressure (Bahrami et 
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al., 2017), price pressure and change in volume (Charles et al., 2017) and long memory in the 

returns (Tan et al., 2014; Lahmiri, 2015) to predict stock market returns. 

 

This chapter extends the previous literature and uses the average correlation approach to 

predict future SMRs. The model is extended to control for the effects of a number of variables, 

such as D/P, CAPE, TS, DS, risk-free rate returns (𝑅𝑓) and lagged excess market return (𝑅𝑠). 

It conducts a long-horizon test of using average correlation to predict future SMRs (up to 36 

months), in line with some recent studies on SMRP (e.g., Bollerslev et al., 2015; Cakici et al., 

2015; Bekiros et al., 2016). 

 

This chapter contributes to the literature on three major counts. First, average correlation 

has remained relatively unexplored after its introduction as a prospective predictor of future 

SMRs by Pollet and Wilson (2010). At a time when financial ratios and economic indicators 

have been examined intensively and any improvement towards this direction requires 

tremendous effort, using a correlation between returns on different portfolios adds a new 

perspective to the traditional methods of testing stock market predictability. This chapter uses 

stock returns on a comprehensive set of 48 Fama-French industry portfolios, which capture 

the industrial effects and reduce the confounding size effects. Whereas the time lag between 

the predictor and the dependent variable is conventionally set at one month in prior literature, 

this chapter specifically tests for the time lag between these two variables, with one-month to 

four-month lags. Second, the chapter uses a dataset for a long period spanning from 1963:7 to 

2015:12. The daily data are used to compute the monthly and equally weighted average 

correlation of the returns on 48 industry portfolios. The sample period covers multiple 

business cycles and coincides with the commencement of globalisation (Rennen & Martens, 

2003). The effects of a business cycle could be easily identified in a long sample period and 
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through sub-sample tests which are less considered and controlled for. Third, previous 

financial studies, especially in the SMR prediction field, have insufficiently incorporated the 

effects of investors’ sentiments in the prediction model, although the investors’ irrational 

decisions have a prominent impact on the expected returns (Huang et al., 2015). 

 

This chapter extends the analysis and incorporates the effects of investors’ sentiments 

into the future SMR prediction models. Such an analysis is intended to investigate whether 

investor sentiments affect both future SMRs and predictive power of the average correlation 

approach. The results indicate that the average correlation outperforms lagged excess market 

returns and other predictors, both in short- and long-horizon tests. The rest of the chapter 

proceeds as follows. Section 4.2 specifies the models and discusses the data used in the 

chapter. Section 4.3 reports and discusses the empirical results. Section 4.4 concludes the 

chapter. 

 

4.2 Model specification 

This chapter draws on Pollet and Wilson (2010) and uses equally weighted average 

correlation of returns on a comprehensive set of 48 Fama-French industry portfolios to predict 

the SMRs. The justification of using equally weighted average correlation of industry 

portfolio returns is threefold: first, this chapter uses this correlation instead of using value-

weighted average correlation as no evidence to date supports the correlation between larger 

companies being more likely to reveal the movement of SMRs. The use of an average 

correlation of industry portfolio returns effectively captures more stocks returns and reduces 

the confounding size effects. Second, this chapter envisages that any individual portfolio 

shares a common component or a systematic factor, which is the theoretical foundation of 

why average correlation is expected to predict future SMRs. So, the trend of future SMRs 
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could be revealed by the co-movement of any individual portfolio returns3 (given a sufficient 

size), not only of the individual stock returns. Third, the time lag of using the average 

correlation of industry portfolio returns to predict future SMRs remains unexplored. This 

chapter tests up to 4-month time lags of the average correlation. 

 

To determine the most effective lagged average correlation, the chapter evaluates the 

stock market return by one- to four-month lagged averaged correlation. The model employed 

to explain these effects is specified as follows: 

                                    𝑅𝑠,𝑡 = 𝜇 + ∑ 𝛽𝑖𝑗
4
𝑖=1 𝐴𝐶𝑡−𝑖 + 𝛽𝑠𝑅𝑠,𝑡−1, + 𝜀𝑖,𝑡       (4.1)  

where average correlation is calculated as 𝐴𝐶𝑡 =  ∑ ∑ 𝜌𝑖𝑗,𝑡 𝑁⁄𝑛
𝑗=1,𝑗≠𝑖

𝑛
𝑖=1 ,  𝐴𝐶𝑡  indicates the 

equally weighted pairwise average correlation of the 48 Fama-French industry portfolios, 𝜌𝑖𝑗,𝑡 

defines the correlation between the returns on any stock i and j (𝑖 ≠  𝑗), n=48 and 𝑁 =

𝑛(𝑛−1)

2
=

48×47

2
= 1128 , which is the number of pairs of returns on any two industries. 

𝑅𝑠,𝑡 represents the excess market return at time t, calculated as the difference between market 

return and risk-free rate. 𝐴𝐶𝑡−𝑖  implies the average correlation from one to four lags (𝑖 =

1, 2, 3, 4). 𝑅𝑠,𝑡−1 is used to estimates the effect of one-month lagged market return. 

 

The predictive power of the lagged average correlation is compared with other financial 

predict variables, such as DP, CAPE, TS and DS. The average correlation is individually and 

collectively examined with other predictors to observe whether its effectiveness becomes 

impaired. The extended model is specified as follows: 

                                𝑅𝑠,𝑡 = 𝜇 + 𝛽1𝐴𝐶𝑡−𝑖+𝛽2𝑋𝑘,𝑡−1 + 𝜀𝑖,𝑡                                          (4.2)  

                                                           
3 CAPM assumes that all asset returns are correlated with the market return to some extent and the extent is 

measure by beta. In a similar vein, if all asset returns are moving towards one direction, it is most likely that the 

market return is moving towards the same direction as well. 
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where 𝐴𝐶𝑡−𝑖  refers to the most effective average correlation as suggested by the estimates 

from Model (4.1). 𝑋𝑘,𝑡−1 indicates other k predicting and control variables including lagged 

excess market returns, risk-free rate, DP, CAPE ratio, TS or DS, respectively. All these 

predictors are calculated with a one-month lag. Model (4.2) incorporates both financial ratios 

and macroeconomic indicators to minimise the model miss-specification bias, maximise the 

predictive power, and facilitate the comparison between these predictors. 

 

4.2.1 Variable description and data 

Models (4.1) and (4.2) are estimated using monthly data from 1963:7 to 2015:12. All 

data are recorded daily and converted to monthly frequency, except for quarterly data, which 

are converted to monthly data through interpolation. The data are sourced from four databases: 

Kenneth R. French’s Data Library, Robert Shiller’s Database (based on Yale University), 

Federal Reserve Economic Database (FRED St. Louis) and the Baker and Wurgler Sentiment 

Indices. 

 

The dependent variable, excess market returns, is the value-weighted return of all the 

firms listed on the NYSE, AMEX and NASDAQ from the Centre for Research in Security 

Prices (CRSP). The risk-free rate is measured by the 1-month Treasury-bill rate. The Fama-

French 48 industry data are exclusively provided by French’s Data Library, which assigns 

each NYSE, AMEX and NASDAQ stock to a particular industry portfolio at the end of June 

every year, based on its four-digit SIC code at that time. Excess market return, risk-free rate, 

size premium – Small minus Big (SMB), value premium – High minus Low (HML), Robust 

Minus Weak (RMW), and Conservative Minus Aggressive (CMA) data are downloaded from 

French’s Data Library database. 
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As representatives of financial ratios, the independent variables include DP and CAPE 

ratio. Given the long horizon of the data analysed through 1963:7 – 2015:12, they are both 

retrieved from Robert Shiller’s database, and adjusted by CPI of the data period with a base 

CPI at the first quarter of 2016. In addition to financial ratios, two economic indicators, TS 

and DS, are estimated in predictive models and are obtained from Federal Reserve Economic 

Database (FRED St. Louis). The TS measures the difference between the interest rate of the 

same security with different maturities; DS originates from the investors’ expectation of 

default risk, which is a function of future economic condition. Market sentiments are 

considered to capture the effects brought by noise traders (De Long et al., 1990). Two indices, 

Market Sentiment 1 and Market Sentiment 2, are retrieved from Baker and Wurgler 

Sentiment Indices4. Details of each variable are provided in Table 4.1. 

 

 

 

 

 

 

                                                           
4Market Sentiment 1t = − 0.241CEFDt   +  0.242TURNt-1  +  0.253NIPOt  + 0.257RIPOt-1  + 0.112St  −  
0.283Pt-1D-ND, where CEFD stands for close-end fund discount: average difference between the net asset values 

of closed-end stock fund shares and their market prices; TURN: NYSE share turnover: the ratio of reported 

share volume to average shares listed from the NYSE Fact Book, NIPO: number of IPOs, RIPO: average first-

day returns, S represents equity share: gross equity issuance divided by gross equity plus gross long-term debt 

issuance, PD-ND means dividend premium: log difference of the average market-to-book ratios of payers and 

nonpayers. Market Sentiment 2t = − 0.198CEFDt* + 0.225TURNt-1* + 0.234NIPOt* + 0.263RIPOt-1* + 
0.211St* − 0.243Pt-1D-ND*, the proxies used in computing Sentiment 2 are obtained through regressing the six 

raw proxies used in computing Sentiment 1 on the growth in the industrial production index, growth in 

consumer durables, nondurables, and services and a dummy variable for NBER recessions. The residuals from 

these regressions are labelled with an asterisk. For full details, see Baker and Wurgler (2006). 
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Table 4.1 Variable description and data sources 

Variable (Acronym) Full Description Summary Description Data source 

Excess Market Return (𝑅𝑠,𝑡) Value-weighted return of all the firms listed on the NYSE, AMEX and 

NASDAQ that have a centre for research in security prices (CRSP) share 

code of 10 or 11, adjusted by risk-free rate, which is measured by 1-month 

Treasury bill rate. 

 𝑅𝑠,𝑡 = 𝑅𝑚,𝑡 − 𝑅𝑓  French’s Data Library 

Dividend Yield (DP) Dividend divided by the price at the same time, adjusted by the fraction of 

the consumer price index (CPI) of the quarter DP ratio calculated and the 

base quarter, which is the first quarter of 2016. 

𝐷𝑃 =    
𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑

𝑝𝑟𝑖𝑐𝑒
 ∗  

𝐶𝑃𝐼𝑡

𝐶𝑃𝐼16
  Robert Shiller Database 

Cyclically Adjusted Price 

Earnings Ratio (CAPE) 

The aggregate PE ratio of the stock market adjusted by the fraction of the 

CPI of the quarterly DP ratio and the base quarter – the first quarter of 

2016. 

𝐶𝐴𝑃𝐸 =  
𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠

𝑝𝑟𝑖𝑐𝑒
 ∗  

𝐶𝑃𝐼𝑡

𝐶𝑃𝐼16
  Robert Shiller Database 

Term Spread (TS) The difference between the return on 10-year maturity government 

security and the return on 3-month maturity government security. 
𝑇𝑆 = 𝑅𝑆ℎ𝑜𝑟𝑡 − 𝑅𝐿𝑜𝑛𝑔  Federal Reserve 

Economic Database 

(FRED St. Louis) 

Default Spread (DS) The difference between the average yields on a (closest to 20-year 

maturity) portfolio of corporate bonds rated Baa by Moody’s and a 

portfolio of bonds rated AAA. 

𝐷𝑆 = 𝑅𝐴𝐴𝐴 − 𝑅𝐵𝑎𝑎  Federal Reserve 

Economic Database 

(FRED St. Louis) 

Market Sentiment Index 

(Market Sentiment 1 & 

Market Sentiment 2) 

Market sentiment index 1 is computed from six raw proxies: CEFD, 

TURN, NIPO, RIPO, S and PD-ND and market sentiment index 2 is 

computed based on the residuals from regressing these raw proxies on 

business cycle variations. 

 

𝑀𝑎𝑟𝑘𝑒𝑡 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 1 𝑡 =   
−0.241𝐶𝐸𝐹𝐷𝑡 + 0.242𝑇𝑈𝑅𝑁𝑡−1 +
0.253𝑁𝐼𝑃𝑂𝑡 + 0.257𝑅𝐼𝑃𝑂𝑡−1 +
0.112𝑆𝑡 − 0.283𝑃𝑡−1

𝐷−𝑁𝐷  

 

𝑀𝑎𝑟𝑘𝑒𝑡 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 2 𝑡 =  

−0.198𝐶𝐸𝐹𝐷𝑡
∗ + 0.225𝑇𝑈𝑅𝑁𝑡−1

∗ +
0.234𝑁𝐼𝑃𝑂𝑡

∗ + 0.263𝑅𝐼𝑃𝑂𝑡−1
∗ +

0.211𝑆𝑡
∗ − 0.243𝑃𝑡−1

𝐷−𝑁𝐷∗
  

Baker and Wurgler 

Sentiment Index 
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4.3 Empirical results and analysis 

The empirical analysis begins by presenting the summary statistics for all the variables 

(Table 4.2). The mean of the average correlation between all pairs of the returns on 48 

industry portfolios is 0.51 in the sample period, with a standard deviation of 0.16. The mean 

of excess market returns is 0.01, with a standard deviation of 0.05 and minimum and 

maximum values of -0.26 and 0.16 respectively, indicating that excess market returns are 

relatively volatile. In terms of benchmark variables, DP, CAPE and DS are less volatile, 

while TS has a standard deviation of 1.18, which is larger than its mean of 1.04. The 

skewness and kurtosis of these variables are severely high. The highest value of skewness is 

0.88 for DS; the highest value of kurtosis is 5.79 for excess market returns. Despite the high 

values of skewness and kurtosis, these features are prevalent among financial literature and 

are shared by many other studies (e.g., Goyal & Welch, 2003; Lewellen, 2004). Outliers are 

those extremities that could not fit neatly into a reasonable range (e.g., -10% to 10% in 

returns). However, when seeking the best possible prediction model, this practice is 

essentially the same as including as many outliers as possible. Obviously, it would be 

convenient if there is no outlier but the existence of outliers, those extremely large positive or 

negative returns, could be signs of market inefficiency and an opportunity for observing how 

future SMRs are affected by these extremities. The autocorrelation of each variable is also 

reported in Table 4.2. Average correlation is persistent, with a first-order autocorrelation of 

0.60, whereas excess market returns are much less persistent, with a first-order 

autocorrelation of 0.08. 
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Table 4.2: Summary statistics for excess market returns and their 

predictors: 1963:7 – 2015:12 

Variable Mean SD Min Max Skewness Kurtosis Autocorrelation 

Rs,t  0.008 0.045 -0.257 0.154 -0.770 5.791 0.078 

Rf  0.004 0.003 0.000 0.013 0.568 3.791 0.968 

Rs,t−1  0.004 0.045 -0.263 0.149 -0.787 5.785 0.082 

AC 0.503 0.158 0.085 0.907 -0.257 2.787 0.599 

DP 0.030 0.012 0.011 0.062 0.509 2.526 0.994 

TS 1.044 1.182 -3.070 3.400 -0.162 2.554 0.972 

DS 2.053 0.809 0.290 6.010 0.879 5.631 0.968 

CAPE 19.822 8.055 6.639 44.198 0.667 3.513 0.995 

Note: 𝑅𝑠,𝑡 denotes stock market return – risk-free rate (excess market return); Rf: risk free rate; AC: 

average correlation; DP: dividend yield; TS: term spread; DS: default spread; CAPE: cyclically adjusted 

price earnings ratio; SD: standard deviation; Autocorrelation: first-order autocorrelation. 

 

To examine the possible problem of multi-collinearity among the model variables, the 

pairwise correlation matrix of variables is constructed (Table 4.3). The correlation between 

average correlation and excess market returns is 0.10. Risk-free rate and CAPE are negatively 

correlated with excess market returns, with correlations of -0.02 and -0.07. Even though the 

correlation between DP and CAPE is -0.90, correlations between other pairs of variables are 

quite low, less than 0.5 in most cases. Hence, the results of the correlation matrix suggest that 

there is no multi-collinearity problem in general. 

 

Table 4.3: Pair-wise correlation matrix of model variables 

Variable Rs, t Rf Rs, t-1 AC t-2 DPt-1 TSt-1 DS t-1 CAPEt-1 

Rs,t  1        

Rf  -0.021 1       

Rs,t−1  0.998 -0.079 1      

AC t-2 0.105 0.013 0.104        1     

DP t-1 0.083 0.702 0.042 0.273 1    

TS t-1 0.048 -0.673 0.087 0.078 -0.322 1   

DS t-1 0.039 -0.368 0.060 0.359 -0.161 0.533 1  

CAPE t-1 -0.066 -0.498 -0.037 -0.419 -0.900 0.080 0.001 1 

 

The estimates of the OLS regression of excess market return on various combination of 

one-month to four-month lagged average correlations and one-month lagged excess market 

returns are reported in Table 4.4. In this table, Model (1) reports the estimation of excess 
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market returns on two-month lagged average correlation. The two-month lagged average 

correlation is a significant predictor of excess market, with a t-statistic of 2.79. Model (2) 

includes the lagged excess market returns in the estimation. The lagged excess market returns 

statistically fail to predict the excess market returns; however, the adjusted R2 of this 

regression increases from 0.9% to 1.4%. Model (3) involves all the lagged average 

correlation (from one-month to four-month) to estimate excess market returns. Once again, 

the two-month lagged average correlation remains the most significant predictor, although the 

t-statistic declines to 2.41. The adjusted R2 of the regression is even lower than in Model (1), 

indicating that the inclusion of other lagged average correlations may reduce the explanatory 

power of the two-month lagged average correlation.  

 

In Model (4), which estimates all the lagged average correlations and the lagged excess 

market returns, the two-month lagged average correlation is the only significant predictor 

with t-statistics of 2.01. Among the four models, using only the two-month lagged average 

correlation produces the best results (t-statistics = 2.82) 5 . While its adjusted R2 is 

considerably low, this is consistent with prior literature (e.g., Lettau & Ludvigson, 2001; 

Pollet & Wilson, 2010). Additionally, the average correlation of industry portfolios returns 

captures the trend of future SMRs with a longer lag than the average correlation of individual 

stocks used in Pollet and Wilson (2010) (e.g., two-month compared to one-month lag). 

Possible explanations include that the industry returns contain more information of future 

SMRs than individual stock returns, or that the co-movement of individual stocks within one 

industry partially reflects the movement of industry returns, and thus the industry returns 

predict future SMRs with longer lags (e.g., earlier than individual stocks). 

 

                                                           
2 Two-month lagged average correlation (ACt-2) is the most significant predictor among lagged average 

correlations. This chapter therefore uses only ACt-2 in further tests; other lagged average correlations are not 

considered. 
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Table 4.4: OLS estimates of excess stock market returns 

                                           𝑹𝒔,𝒕 = 𝝁 + ∑ 𝜷𝒊𝒋
𝟒
𝒊=𝟏 𝑨𝑪𝒕−𝒊 + 𝜷𝒔𝑹𝒔,𝒕−𝟏 + 𝜺𝒊,𝒕 

Model Constant Rs, t-1 ACt-1 ACt-2 ACt-3 ACt-4 Adj. R2 

Model 1 -0.011   0.029***   0.009 

 (-1.94)   (2.79)    

Model 2 -0.011 0.078  0.028***   0.014 

 (-2.02) (1.69)  (2.82)    

Model 3 -0.012  -0.014 0.029** 0.000 0.017 0.008 

 (-1.69)  (-0.89) (2.41) (0.02) (1.16)  

Model 4 -0.013 0.075 -0.003 0.025** -0.004 0.015 0.011 

 (-1.91) (1.66) (-0.19) (2.01) (-0.30) (1.00)  

Note: ACt-i indicates the lagged average correlation (i=1, 2, 3, 4). t-statistics are adjusted using the Newey-

West (1987) standard errors. Figures in parentheses are the t-statistics. ***, ** indicate statistical significance 

at the 1% and 5% levels, respectively.  

 

Table 4.5 analyses the predictive ability of average correlation by benchmarking with 

DP, CAPE, TS and DS and controlling for risk-free rate and lagged excess market returns. 

The results are estimated using Model (4.2). In this table, Model (1) to Model (7) present the 

results of the estimation of excess market returns on each individual variable. Among all the 

predictors, benchmarks and control variables, average correlation and TS are the only two 

significant predictors with t-statistics of 2.79 and 2.10. Model (8) to Model (11) estimate 

excess market returns on the various combinations of average correlation, benchmarks and 

control variables. Average correlation is persistently significant with t-statistics of 2.75 at 

highest and 2.61 at lowest. Model (12) estimates all jointly.  

 

Average correlation becomes an even stronger predictor, with the highest t-statistic in 

all models of 3.16; DP and CAPE are the other two predictors, both significant at the 1% 

level. All the predictors and control variables account for 2.5% of the variation in excess 

market returns and forecast a 1.6% additional excess market return over the estimation by 

using average correlation alone. The results indicate that average correlation remains the 

most persistent and significant predictor among all predictors (t-statistics of at least 2.61). 

The adjusted R2 of Model 12 is highest, which indicates that the inclusion of all these 
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independent variables increases the explanatory power of the model, despite some of the 

variables being statistically insignificant. As evident in Tables 4.4 and 4.5, average 

correlation is significant in predicting future excess market returns with a relatively short-

term lag (e.g., two-month). 

 

Table 4.5: OLS estimates of excess market return with lagged average correlations and other 

predictors 
           𝑹𝒔,𝒕 = 𝝁 + 𝜷𝟏𝑨𝑪𝒕−𝟐 + 𝜷𝟐𝑿𝒌,𝒕−𝟏 + 𝜺𝒊,𝒕 

Model Constant AC t-2 Rs, 𝑡-1 Rf, t-1 DP t-1 TS t-1 DS t-1 CAPEt-1 Adj. R2 

Model 1 -0.011 0.029***       0.009 

 (-1.94) (2.79)        

Model 2 0.004  0.082      0.005 

 (1.99)  (1.91)       

Model 3 0.007   -0.833     0.001 

 (2.22)   (-1.17)      

Model 4 -0.001    0.161    0.000 

 (-0.15)    (0.97)     

Model 5 0.001     0.003**   0.006 

 (0.23)     (2.10)    

Model 6 -0.003      0.003  0.002 

 (-0.41)      (0.97)   

Model 7 0.008       0.000 0.000 

 (1.56)       (-0.85)  

Model 8 -0.012 0.028***   0.056    0.008 

 (-1.78) (2.63)   (0.34)     

Model 9 -0.013 0.028***    0.003   0.014 

 (-2.27) (2.61)    (1.87)    
Model 10 -0.012 0.030***      0.000 0.008 

 (-1.37) (2.72)      (0.17)  

Model 11 -0.013 

(-2.30) 

0.027*** 

(2.65) 

0.070 

(1.46) 

 

 

 

 

0.003 

(1.75) 

 

 

 

 

0.017 

 

Model 12 -0.086 

(-2.87) 

0.035*** 

(3.16) 

0.060 

(1.26) 

-1.636 

(-1.19) 

1.458*** 

(3.01) 

0.004 

(1.61) 

-0.001 

(-0.31) 

0.002** 

(2.72) 

0.025 

 
Note: ACt-2 refers to two-month lagged average correlation, Xk, t-1 represents the other predictors with one-month lag (Rs, t-1, Rf, t-1, DPt-1, 
CAPEt-1, TSt-1, DSt-1). Figures in parentheses are the t-statistics. ***, ** indicate statistical significance at the 1% and 5% levels, 

respectively. 

 

Table 4.6 addresses the performance of long-horizon excess market returns on 

individual predictors, following the same method as in Lettau and Ludvigson (2001). When 

the lagged average correlation (at time t-2) and other lagged predictors (at time t-1) are the 

individual predictors, the dependent variable is the excess market returns for return intervals 

of one to 36 months (time t to time t+k, k = 1 to 36) using overlapping data. The predictive 

ability of each predictor is therefore examined for time spanning up to 36 months. The results 
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of the estimation of long-horizon excess market returns on average correlation are reported in 

row 1. Up to 6 months, average correlation remains significant, although with a declining t-

statistic of 2.40. Average correlation marginally predicts 24-month-ahead excess market 

returns (t-statistic = 1.73) and the adjusted R2 of the regression is almost seven times as high 

as the adjusted R2 of the estimation of the one-month leading excess market returns. Another 

independent variable that could predict long-horizon excess market returns is TS, which 

retains its predictive ability of estimating future excess market returns for up to 36 months. 

 

Table 4.6: Excess market return predictions over different time horizons (k months) 

                     𝑹𝒔,𝒕→𝒕+𝒌 = 𝝁 +  𝜷𝑿 +  𝜺𝒊,𝒕 

Predictors  k=1  k=2  k=3  k=4  k=6  k=12  k=24  k=36 

ACt-2 0.029*** 0.050*** 0.077*** 0.093*** 0.127** 0.175 0.367 0.361 

 (2.83) (2.77) (2.87) (2.63) (2.40) (1.66) (1.73) (1.34) 

Adj.R2 0.009 0.013 0.021 0.023 0.028 0.026 0.063 0.046 

Rs,t-1 0.082 0.045 0.074 0.089 0.095 0.103 -0.149 -0.195 

 (1.76) (0.73) (0.93) (0.79) (0.95) (0.75) (-0.90) (-1.53) 

Adj.R2 0.005 -0.001 0.000 0.000 0.000 -0.001 -0.001 -0.001 

Rf -0.833 -1.782 -2.604 -3.266 -4.263 -7.905 -10.739 -12.876 

 (-1.17) (-1.30) (-1.23) (-1.16) (-1.05) (-1.42) (-0.95) (-0.76) 

Adj.R2 0.001 0.003 0.005 0.006 0.007 0.013 0.012 0.013 

DPt-1 0.161 0.342 0.515 0.722 1.164 2.186 3.377 3.977 

 (0.97) (1.09) (1.09) (1.15) (1.26) (1.35) (1.22) (1.45) 

Adj.R2 0.000 0.002 0.004 0.006 0.012 0.022 0.028 0.030 

TSt-1 0.003** 0.006 0.009 0.011 0.015 0.032*** 0.060*** 0.089*** 

 (2.13) (2.03) (1.94) (1.87) (1.82) (2.59) (3.10) (3.44) 

Adj.R2 0.006 0.010 0.014 0.017 0.022 0.052 0.094 0.155 

DSt-1 0.003 0.006 0.009 0.013 0.021 0.031 0.049 0.069 

 (1.02) (0.97) (1.07) (1.28) (1.53) (1.52) (1.44) (1.70) 

Adj.R2 0.002 0.004 0.007 0.012 0.019 0.021 0.029 0.044 

CAPEt-1 0.000 0.000 -0.001 -0.001 -0.001 -0.003 -0.007 -0.010 

 (-0.86) (-0.98) (-0.99) (-1.04) (-1.08) (-1.24) (-1.73) (-2.45) 

Adj.R2 0.000 0.001 0.003 0.005 0.009 0.023 0.062 0.093 
Note: The sample period of monthly excess market returns is from 1963:7 to 2015:12. Figures in parentheses are the t-

statistics. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 

 

Investor sentiments have been ignored in SMR prediction models, although the investor 

behaviours undoubtedly affect the estimation of and the expectations for future SMRs. To 

bridge this gap, the market sentimental index and recession period are included to consider 

the effects of investor behaviours and market downsides. Table 4.7 reports the results of the 

regression of excess market returns on average correlation and its interaction with recession 

and market sentiment indices. Row 1 indicates that the interaction of average correlation and 
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recession period is significant but negative with a t-statistic of -2.50. This negative interaction 

suggests that lower average correlation in the recession period could predict higher excess 

market returns. In contrast, there is no evidence that average correlation could interact with 

market sentiments in predicting future excess market returns. The interaction of market 

sentiments and average correlation is insignificant. This finding underpins other recent 

research findings that the effect of the business cycle has an impact on the predictive ability 

of average correlation and on the expected returns (e.g., Kenourgios et al., 2009; Samitas & 

Tsakalos, 2013). 

 

Table 4.7: Market sentiments and the estimates of excess market returns 

Rs,t = µ + β1ACt-2 + β2ACt-2*Sentiment + 𝜀i,t 

Sentiment Constant t-statistic   ACt-2 t-statistic ACt-2*Sentiment t-statistic Adj.R2 

Recession -0.014 (-2.62) 0.040*** (4.42) -0.029** (-2.50) 0.024 

Market Sentment1 -0.011 (-1.96) 0.030*** (2.66) -0.001 (-0.08) 0.008 

Market Sentment2 -0.011 (-1.93) 0.030*** (2.75) -0.001 (-0.16) 0.008 

Note: Recession is a dummy variable that indicates the period of economic downturns. Market Sentment1 indicates the 
investor sentiment index 1 provided in Baker and Wurgler (2006), Market Sentment2 indicates the investor sentiment index 

2. Independent variable is average correlation with 2 lags (𝐴𝐶𝑡−2). Figures in parentheses are the t-statistics. ***, ** 

indicate statistical significance at the 1% and 5% levels, respectively. 

 

The analysis is carried further, and the sample period is divided into three periods: (1) 

the recession period (Recession = 1) and the rest (Recession = 0); (2) the above median of 

investor sentiment 1 (Market sentiment1 = 1) and the below median (Market sentiment1 = 0); 

and (3) the above median of investor sentiment 2 (Market sentiment2 = 1) and the below 

median (Market sentiment2 = 0). The means of the excess market returns in each period are 

compared to assess whether these phases make any difference. Table 4.8 reports that the 

excess market returns in the recession period are on average 0.10 lower than those in the rest 

period, with a t-statistic of -6.94. The excess market returns in the high market sentiment 

periods are on average 0.07 and 0.08 higher than those in the low market sentiment periods, 

with t-statistics of 5.58 and 6.23, respectively. The evidence provided in Tables 4.7 and 4.8 

emphasises the effect of investor sentiment on the excess market returns. Investors could 
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accept lower returns in the recession period whereas higher returns are demanded when 

investors are optimistic about the future of the stock market. 

 

Table 4.8: Means test (t-test) of difference using different 

sentiment periods 

Sentiment Mean SD Mean  SD  Difference t-statistic 

Recession 0.489 0.159 0.592 0.120 -0.103*** (-6.94) 

Market Sentment1 0.541 0.144 0.473 0.162 0.068*** (5.58) 

Market Sentment2 0.540 0.146 0.463 0.162 0.077*** (6.23) 

Note: The means of excess market returns are compared based on three dichotomies: the 
recession period and the rest period; the above-median market sentiment 1 period and the 

rest period; and the above-median market sentiment 2 period and the rest period. Figures 

in parentheses are the t-statistics. *** indicates statistical significance at the 1% level. 

 

Overall, the results provide evidence that average correlation effectively predicts the 

trend of future excess market returns. After being controlled for the effects of financial ratios, 

economic indicators and investor sentiments, average correlation could still predict future 

excess market returns, both in a short-term and over a relatively long horizon (e.g., two years). 

Therefore, this chapter provides empirical evidence to support the proposition that the co-

movement of the returns on industry portfolios could predict future excess market returns. 

 

4.3.1 Robustness check and bootstrapping 

Several robustness checks are performed to compute the critical values for the test 

statistics and to cross-examine the statistical significance of the model variables. Three 

categories of tests are performed: first, using other measures of the co-movement of returns 

on industry portfolios, such as the median, 25 and 75 percentiles of the correlation; second, 

using returns other than excess market returns, such as individual returns on industry 

portfolios, returns on Fama-French 5 factors portfolios and the 10 deciles and 4 quantiles of 

the excess market returns; third, using sub-sample periods instead of the entire sample period. 

The first set of tests substitutes the average correlation with the median, the 25 and the 75 

percentiles of correlations of returns on industry portfolios and the difference between the 

average correlations of two adjacent periods. 
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Table 4.9 illustrates the use of alternatives measures with two-month lags to predict 

future excess market return. The median, the 25 and the 75 percentiles of correlations are all 

significant predictors of future market returns, with t-statistics ranging from 2.41 to 2.80. The 

results demonstrate that the use of the co-movement of returns on industry portfolios to 

predict future SMRs is not sensitive to the selection of the measure. Still, average correlation 

has the highest coefficient, t-statistic and explains most of the changes in the excess market 

return among all alternatives. 

 

Table 4.9: OLS estimates of excess market returns with 

different correlations 

                            Rs,t = µ + βXt-2 + 𝜀i, t 

Predictors Constant t-statistic   β t-statistic Adj. R2 

ACt-2  -0.011 (-1.94) 0.029*** (2.79) 0.009 

MCt-2  -0.010 (-1.79) 0.026** (2.57) 0.008 

QCt-2  -0.005 (-1.35) 0.024*** (2.80) 0.009 

TQCt-2  -0.016 (-1.92) 0.029** (2.41) 0.007 

∆ACt-2  0.004 (1.92) 0.003 (0.90) 0.001 

Note: Average correlation is the mean of pairwise correlations between any two industry 
returns in the all 48 industries. Xt-2 represents Median Correlation (MC), Quantile 

Correlation (QC) and Three Quantile Correlation (TQC), which are the median, 25 

percentiles and 75 percentiles of these correlations respectively. ∆ACt-2 is the difference 
between average correlation of month t-1 and t-2. Figures in parentheses are the t-

statistics. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 

 

Table 4.10 presents the outcomes of using average correlation to estimate the returns on 

48 industry portfolios individually. In more than half the cases, average correlation predicts 

the individual industry return reliably (t-statistics above 1.96). The result with the highest t-

statistic of 3.79 is that of the regression of the shipping containers industry portfolio returns 

on average correlation. The results in general suggest that average correlation could predict 

individual returns on industry portfolios.  
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Table 4.10: Estimates of returns on 48 industry portfolios 

                                                                        Ri,t = µ + βACt-2 + 𝜀i,t 

Industry Constant t-statistics      β t-statistics Adj. R2 

Agriculture -0.489 (-0.63) 2.992** (2.03) 0.004 

Food -0.714 (-1.26) 3.561*** (3.36) 0.015 

Soda 0.218 (0.25) 1.909 (1.12) 0.001 

Liquor 0.000 (0.00) 2.288 (1.75) 0.003 

Tobacco 0.232 (0.23) 2.315 (1.27) 0.002 

Recreation -0.552 (-0.52) 2.760 (1.42) 0.002 

Entertainment -0.803 (-1.02) 4.254** (2.57) 0.006 

Printing and Publishing -0.784 (-1.08) 3.450 (2.34) 0.007 

Consumer Goods 0.162 (0.28) 1.467 (1.23) 0.001 

Apparel -0.622 (-0.84) 3.449** (2.51) 0.005 

Healthcare -43.144 (-2.82) 65.502*** (2.82) 0.099 

Medical Equipment 0.413 (0.64) 1.415 (1.19) 0.000 

Pharmaceutical Products -0.037 (-0.06) 2.270** (2.22) 0.004 

Chemicals -1.118 (-1.85) 4.085*** (3.46) 0.012 

Rubber and Plastic Pori ducts -0.281 (-0.35) 2.693 (1.74) 0.003 

Textiles -1.398 (-1.52) 4.924*** (2.73) 0.010 

Construction Materials -1.507 (-2.00) 4.981*** (3.39) 0.015 

Construction -0.512 (-0.54) 2.936 (1.62) 0.002 

Steel works Etc -0.919 (-1.12) 3.179** (2.15) 0.003 

Fabricated Products -0.978 (-1.27) 3.243** (2.27) 0.003 

Machinery -0.461 (-0.64) 2.793** (2.04) 0.003 

Electrical Equipment -0.415 (-0.52) 3.117** (2.14) 0.005 

Automobiles and Trucks -1.318 (-1.68) 4.257*** (2.71) 0.008 

Aircraft -0.392 (-0.41) 3.119 (1.84) 0.004 

Ship Building, Railroad Equipment -1.164 (-1.38) 4.429*** (2.69) 0.008 

Defence -0.672 (-0.71) 3.717** (2.17) 0.006 

Precious Metals 0.965 (0.72) -0.177 (-0.06) -0.002 

Non-Metallic and Industrial Metal -0.203 (-0.21) 2.513 (1.37) 0.001 

Mining Coal 0.495 (0.34) 0.973 (0.34) -0.001 

Petroleum and Natural Gas 0.181 (0.32) 1.612 (1.45) 0.001 

Utilities -0.297 (-0.53) 2.204** (2.11) 0.006 

Telecom Communication -1.477 (-2.04) 4.652*** (3.64) 0.024 

Personal Services -1.283 (-1.29) 3.973** (2.38) 0.007 

Business Services -0.885 (-0.98) 4.014** (2.53) 0.008 

Computers -0.318 (-0.25) 2.508 (1.16) 0.002 

Electronic Equipment -0.668 (-0.53) 3.350 (1.56) 0.004 

Measuring and Control Equipment -0.449 (-0.44) 3.034 (1.69) 0.003 

Business Supplies -0.715 (-1.25) 3.349*** (2.71) 0.008 

Shipping Containers -1.385 (-1.99) 4.729*** (3.79) 0.016 

Transportation -1.154 (-1.45) 4.170*** (2.76) 0.011 

Wholesale -0.566 (-0.78) 3.199** (2.47) 0.006 

Retail -1.021 (-1.72) 4.133*** (3.63) 0.013 

Restaurants, Hotel, Motels 0.065 (0.08) 2.254 (1.62) 0.002 

Banking -0.299 (-0.36) 2.432 (1.42) 0.003 

Insurance -0.866 (-1.25) 3.738*** (2.70) 0.009 

Real Estate -0.875 (-0.93) 3.122 (1.65) 0.003 

Trading -0.393 (-0.55) 2.973** (2.22) 0.004 

Others -1.161 (-1.37) 3.544** (2.10) 0.005 
Note: Ri,t is the return on the individual industry portfolio i. Figures in parentheses are the t-statistics. ***, ** 

indicate statistical significance at the 1% and 5% levels, respectively. 
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Table 4.11 reports the results of the regression of returns on portfolios constructed by 

various factors. Average correlation could predict returns on portfolios constructed using 

single factors, such as size, book-to-market ratio, robust operating profitability and 

investment. For instance, average correlation estimates the returns on the prior low return 

portfolio (Loser) with a t-statistic of 3.34. In contrast, the differences of the returns on the 

two portfolios constructed using a single factor (e.g., HML is the difference of the returns on 

the portfolios constructed using high and low book-to-market ratios) could not be estimated 

by average correlation, except for the difference on the returns on portfolios constructed by 

momentum (t-statistic = -2.60, adjusted R2 = 1.2%). The results provide evidence that the use 

of average correlation could potentially be extended to predicting the returns on various 

factor portfolios. 

 

Table 4.11: Estimates of returns on different portfolios 

                               Rp,t = µ + βACt-2 + 𝜀 i,t 

Portfolio Constant t-statistic     β t-statistic Adj.R2 

SMB  0.191 (0.42) 0.139 (0.17) -0.002 

Small  0.102 (0.13) 2.012 (1.31) 0.001 

Big -0.589 (-1.10) 2.873*** (2.82) 0.010 

HML  0.970 (1.75) -1.258 (-1.29) 0.003 

Value  -0.242 (-0.42) 2.880** (2.49) 0.007 

Growth  -0.748 (-1.24) 3.193*** (2.92) 0.009 

RMW  0.509 (1.08) -0.521 (-0.65) 0.000 

Robust  -0.320 (-0.62) 2.648*** (2.71) 0.007 

Weak  -1.104 (-1.38) 3.772*** (2.60) 0.010 

CMA  0.483 (1.24) -0.352 (-0.50) -0.001 

Conservative  -0.803 (-1.43) 3.894*** (3.47) 0.015 

Aggressive  -0.855 (-1.06) 3.358** (2.33) 0.007 

Mom  2.262 (3.95) -3.096*** (-2.60) 0.012 

Winner  0.814 (0.89) 1.365 (0.79) 0.000 

Loser  -2.954 (-3.10) 6.164*** (3.34) 0.013 

Note: Small denotes the average return on the nine small stock portfolios; Big: the average 

return on nine large portfolios. SMB: Small – Big; High: companies with high book-to-
market ratio, known as value stocks; Low: companies with lower book-to-market values, 

known as growth stocks. HML: High – Low; Robust: the average return on the two robust 

portfolios; Weak: the average return on the two weak portfolios. RMW: Robust – Weak; 
Conservative: the average return on the two conservative portfolios; Aggressive: the 

average return on the two aggressive portfolios. CMA: Conservative – Aggressive; Mom: 

the equally weighted average of the highest performing companies minus equally weighed 
average of the lowest performing companies; Winner: the average return on two prior high 

return portfolios; Loser: the average return on two prior low return portfolios. Figures in 

parentheses are the t-statistics. ***, ** indicate statistical significance at the 1% and 5% 
levels, respectively.  
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Table 4.12 estimates predictive regressions for the excess market returns of intervals of 

4 quantiles and 10 deciles on average correlation. Average correlation is a significant 

predictor for the lower half and the 40th decile of excess market returns, with t-statistics 

higher than 1.96. This result indicates that lower excess market returns are more likely to be 

predicted by average correlation. Tables 4.10, 4.11 and 4.12 demonstrate that average 

correlation still predicts the returns on the factor portfolios and the lower section of the 

excess market returns with a reasonable level of reliability and accuracy. 

 

Table 4.12: Estimates of excess market returns by 

quintiles and deciles 

                                           Rs,t = µ + βACt-2 + 𝜀i,t 

Quintile (p) Constant t-statistic    β t-statistic Adj.R2 

≥0 -0.025 (-1.57) 0.054** (1.97) -0.004 

≥25 -0.023 (-2.41) 0.048*** (2.74) -0.004 

≥50 -0.005 (-0.55) 0.017 (0.80) -0.004 

≥75 0.003 (0.26) 0.005 (0.22) -0.004 

Decile (p) Constant t-statistic    β t-statistic Adj.R2 

≥0 -0.011 (-0.34) 0.036 (0.70) -0.004 

≥10 -0.018 (-1.04) 0.043 (1.36) -0.004 

≥20 -0.046 (-2.06) 0.078 (1.82) -0.004 

≥30 -0.018 (-1.13) 0.038 (1.37) -0.004 

≥40 -0.023 (-1.99) 0.059*** (2.65) -0.004 

≥50 -0.001 (-0.11) 0.010 (0.33) -0.004 

≥60 0.003 (0.24) 0.019 (0.52) -0.004 

≥70 -0.003 (-0.24) -0.009 (-0.26) -0.004 

≥80 0.001 (0.08) -0.001 (-0.03) -0.004 

≥90 -0.005 (-0.26) 0.030 (0.82) -0.004 

Note: Figures in parentheses are the t-statistics. ***, ** indicate statistical 
significance at the 1% and 5% levels, respectively. 

 

The third set of tests investigates the predictive ability of average correlation in the sub-

sample periods. Table 4.13 reports estimations for the 10 years and 25 years of the sample 

period and from 1963:7 until 2006:12. In the periods 1973:1–1982:12 and 1983:1–1992:12, 

average correlation has predictive ability for excess market returns, with t-statistics of 3.74 

and 2.31, and adjusted R2 of 6.2% and 0.3%. For the first half of the sample, it is also a 

significant predictor, with a t-statistic of 2.53. The results are also significant in the period 

from 1963:7 to 2006:12, with a t-statistic of 2.55 and a adjusted R2 of 0.9%, which is 

essentially the same as the result of the full sample (t-statistic = 2.79, adjusted R2 = 0.9%, 
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Table 4.5). Welch and Goyal (2008) find that many conventional predictors have little 

predictive ability during the period from 1976 until 2007 due to the first oil price shock in the 

early 1970s. This chapter demonstrates that the predictive ability of average correlation 

remains strong in this period, although it becomes less powerful in the other sample periods, 

with a t-statistic of 1.67 and adjusted R2 of 0.4% at highest. 

 

Table 4.13: Estimates of excess market returns by sub-

sample periods 

                                Rs,t = µ + βACt-2 + 𝜀i,t 

Period Constant t-statistic    β t-statistic  Adj.R2 

1963:7-1972:12 -0.006 (-0.94) 0.023 (1.67) 0.002 

1973:1-1982:12 -0.083 (-3.76) 0.140*** (3.74) 0.062 

1983:1-1992:12 -0.018 (-1.58) 0.046** (2.31) 0.003 

1993:1-2002:12 -0.010 (-0.98) 0.039 (1.51) 0.003 

2003:1-2015:12 -0.011 (-1.01) 0.030 (1.57) 0.003 

1963:7-1989:12 -0.018 (-2.06) 0.039*** (2.53) 0.013 

1990:1-2015:12 -0.006 (-0.78) 0.023 (1.50) 0.004 

1963:7-2006:12 -0.011 (-1.76) 0.030*** (2.55) 0.009 

Note: Figures in parentheses are the t-statistics. ***, ** indicate statistical 
significance at the 1% and 5% levels, respectively. 

 

Bootstrapping, a common technique to address issues such as heteroscedasticity of 

standard errors and possible modelling failure (Chernik, 2008), is performed to assess the 

small sample properties of the test statistics. The results from the bootstrapping simulation 

are presented in Table 4.14. The simulation times are set up to 20,000 runs. The z-statistics 

converge after 200 simulation runs. The results indicate that the model is robust, as the z-

value becomes stabilised after the stimulation has been performed more than 200 times.  
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Table 4.14: Bootstrapping with different draws 

Number of draws Constant z-value      β z-value Adj. R2 

50 -0.011 (-1.90) 0.029*** (2.48) 0.009 

100 -0.011 (-2.05) 0.029*** (2.94) 0.009 

200 -0.011 (-2.00) 0.029*** (2.73) 0.009 

500 -0.011 (-2.10) 0.029*** (2.75) 0.009 

1000 -0.011 (-2.01) 0.029*** (2.74) 0.009 

2000 -0.011 (-2.00) 0.029*** (2.74) 0.009 

5000 -0.011 (-2.00) 0.029*** (2.71) 0.009 

10000 -0.011 (-2.00) 0.029*** (2.71) 0.009 

20000 -0.011 (-2.00) 0.029*** (2.71) 0.009 
Note: Samples are randomly drawn through the bootstrap simulation and the estimation on 

subsequent market returns by lagged average correlation is performed based on the sub-

sample formed. After testing on 20,000 runs of random formation of samples, average 

correlation still significantly predicts the subsequent market returns. SE refers to standard 

error. Figures in parentheses are the z-values. *** indicates statistical significance at the 

1% level. 

 

4.4 Conclusions  

This chapter extends the previous literature by using the average correlation approach 

suggested recently by Pollet and Wilson (2010) to predict the SMRs. The chapter contributes 

to the literature on three major counts. First, this chapter controls for the financial ratios, the 

economic indicators and the investor sentiments when testing the predictive power of average 

correlation. Second, the model is estimated using long-horizon and monthly data from 1963:7 

to 2015:12 of a comprehensive set of portfolios comprising 48 Fama-French industries. Third, 

it concerns the effect of investors’ sentiments into SMRs prediction models and estimates if it 

affects the predictive power of average correlation approach. 

 

The results suggest that the two-month lagged average correlation of returns on 

individual industry portfolios predicts excess returns on the stock markets in an effective 

manner6 , estimated individually and collectively with financial predictors and economic 

indicators. It remains effective in predicting future excess market returns up to 24 months. 

The results remain consistent across all the full-sample, sub-sample and long-horizon tests as 

well as across various robustness checks. All estimations provide insights on how average 

                                                           
3 A longer time lag implies a more efficient market, in which the trend of future SMRs reveals itself in an earlier 

sign – two-month lagged average correlation. 
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correlation reveals the changes in market returns. The results support the stock market 

predictability theory by demonstrating that average correlation outperforms historical data 

(e.g., lagged excess market returns), in response to the concerns of Welch and Goyal (2008). 

 

The findings of this chapter have important implications for market practitioners, 

academics as well as policymakers. Market practitioners could include average correlation in 

their asset pricing methods and improve these predictions for the future trend in SMRs. The 

methodology and results are of interest to academics as they could further explore the use of 

average correlation to improve the predictive powers of their models. The finding that 

recession period and investor sentiments have influence on the SMRs would be useful for 

policymakers. Investors adjust their expected returns to a lower level when the average 

correlation is increased during recession periods. The understanding of the co-movement of 

returns on industry portfolios during the recession period would be useful for the formulation 

of policies aimed at ensuring the stability of financial markets. 
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Chapter 5 

Stock Return Predictability: 

International Application of Average Correlation Approach 

 

5.1 Introduction 

Chapter 4 explores the potential use of average correlation as a predictor for future 

stock market returns, based on the dataset from the US stock market. As a globally leading 

stock market in terms of market capitalisation, the US stock market has its idiosyncratic 

features, such as its sophisticated supervisory body, its highly enforceable legal system, its 

knowledgeable practitioners and the largest trading volume. Many scholars argue that shocks 

in the US stock market spill over the rest of the world (Bekiros, 2014; Baruník et al., 2016; 

Bekiros et al., 2016; Ahmed et al., 2017). Moreover, McLean and Pontiff (2016) report that 

investors in the US market learn from academic publications and use those post-publication 

predictors to correct their mispriced portfolios. The advanced financial system and the 

educated practitioners, as well as the status of being less affected but more affecting the rest 

of the world, make the US market its own kind. Concerns are raised as to whether the 

findings from the US market are generalisable to other markets or whether the results are 

valid and robust only in the US market (Bollerslev et al., 2014). 

 

The fundamental difference between the US equity market and other equity markets, 

and how such a difference contributes to the stock market returns have been well documented. 

Dewenter and Warther (1998) compare the dividend policy of Japanese firms and their US 

counterparts, reporting that a dividend change of Japanese firms causes a smaller reaction in 
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the stock price and attributes this phenomenon to less information asymmetry and agency 

conflict. Humpe and Macmillan (2009), who also compare the US and Japanese equity 

markets, focus on macroeconomic variables. They note distinct paths showing how 

macroeconomic variables affect both the stock prices and each other in the two equity 

markets, and postulate that the slump in the Japanese economy during the 1990s contributed 

to these contrasting results. Rapach, Strauss and Zhou (2013), who co-examine the stock 

market predictability in the US market and in some other equity markets, construct a new 

diffusion model. They argue that lagged return shocks in the US market are fully reflected in 

equity prices outside the US stock market, which is consistent with the gradual information 

diffusion model.  

 

International evidence suggests at least three implications for how international stock 

market predictability differs from the predictability of the US market: first, the practitioners 

in the stock markets, including the firms and the investors, behave differently to the 

practitioners in the US market; second, the diverse external environments of various equity 

markets enlarge such a difference; third, the link between the US market and other stock 

markets, particularly considering that what happens in the US has indicative power in other 

stock market, creates a natural lag in-between US stock predictability and the stock 

predictability in other markets. The first two considerations motivate the study conducted in 

this chapter; the third motivates the study conducted in Chapter 6. 

 

Compared to the large volume of research regarding the US stock market, the 

predictability of stock returns in other countries has been relatively less explored. To fill this 

research gap, this chapter embraces several strands of domestic and international asset pricing 

literature. This chapter endeavours to provide new evidence of the two main ways in which 
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the average correlation plays a role in predicting future stock market returns. First, this 

chapter aims to provide an overall assessment of average correlation and how well it predicts 

future stock market returns. It should be highlighted that the sample set of this chapter, which 

differs from previous studies, not only includes a wide range of stock markets, but also 

creates cross-country connections using data from 27 major stock markets, both developed 

and emerging. According to the MSCI market classification, the sample markets could be 

categorised into developed markets: Australia, Austria, Belgium, Canada, Denmark, France, 

Germany, Hong Kong, Italy, Japan, Netherlands, New Zealand, Norway, Portugal, Singapore, 

Switzerland, Spain and UK (18); and emerging markets: Brazil, China, Greece, India, 

Indonesia, Malaysia, Mexico, Pakistan and Thailand (9). The dataset contains more than 

10,000 monthly observations from 27 stock markets, geographically ranging from Asia and 

Asia-Pacific (10), European (14) and American (3). The sample period is set from 1 January 

1973 to 31 December 2016, and due to the availability of the data span, data collection is 

complete for 13 stock markets. For the other 14 stock markets, the sample periods vary; for 

example, the shortest span from 1 January 1994 to 31 December 2016 is for the Brazilian 

stock market. Second, researchers show concern about the generalisability of the existing 

findings because of the predominant use of US data. 

 

To address these concerns, this chapter extends the use of the average correlation of 

individual industry portfolios to predict future stock market returns into an international 

context with rich samples and diversified analytical tools. This chapter includes markets, both 

emerging and developed, from three major geographic regions. It accounts for a variety of 

characteristics: the total market capitalisation, the level of development of the economy, the 

sophistication of practitioners and the economic condition. There could be no coincidence if 

the average correlation could predict future stock market returns, through panel regression, 
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both in the majority of these stock markets and on an overall level. This chapter employs 

multiple regression models as the analytical means and established predictors used in 

previous studies as the benchmarks for examining the predictive power of average correlation. 

Such power should be thoroughly tested by using data from a wide range of stock markets, by 

comparing with other peer predictors and by adopting different analytical methods. 

 

The findings in this chapter show, after examining the predictive power of average 

correlation in individual stock markets, that it is an effective predictor. Compared with the 

conventionally and extensively researched predictors, such as dividend yield, price-earnings 

ratio and various economic indicators, average correlation demonstrates the strongest and 

most persistent predictive power in almost all stock markets. The results from the serial-

correlation model agree on the effectiveness of average correlation in predicting future stock 

market returns after controlling for correlation in the time-series stock market returns. Panel 

regression analyses, which take into consideration the heterogeneity of the 27 stock markets, 

report that average correlation is a significant predictor for stock market returns. The sub-

sample tests suggest that average correlation has more predictive power in recent periods than 

in those prior to the 21st century. The inclusion of financial crisis periods rejects the 

assumption that the increase in the correlation between returns on individual industry 

portfolios is caused by those financial crises. This chapter provides a large scale of evidence 

to justify the potential use of average correlation in predicting future stock market returns. 

 

These findings are of interest to diversified users, including market participants, policy 

setters, managers and academic researchers. Predicting the trend of future stock market 

returns has been one of the chief objectives of the stock market practitioners and remains a 

central research topic for finance and economic scholars. This wide testing of average 
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correlation in an international setting indicates that users could apply average correlation to 

any stock market to predict the trend of future stock market returns. This predictor is of a 

similar level of accuracy to, if not higher than other conventionally used predictors. 

Theoretically, it is derived from a perspective of the co-movement of returns on individual 

assets portfolios, rather than from the traditional perspectives, such as the fundamental value 

and the external economic environment. Average correlation, which is less correlated with 

other predictors, could provide a complementary, if not primary, method for predicting future 

stock market return, in addition to these well-established predictors. 

 

The rest of this chapter is organised as follows. Section 5.2 identifies the data source 

and explains the empirical model. Section 5.3 presents the results and discusses the role that 

average correlation plays in predicting stock market return. Section 5.4 concludes the chapter. 

 

5.2 Methodology 

5.2.1 Model specification 

Three regression methods are used in this chapter. First, the OLS regression model is 

employed to estimate the coefficients and t-statistics of all the parameters. The OLS 

regression model is then adopted to obtain the explanatory power, adjusted R2, of the 

estimation. Second, an up-to-12th-order serial correlation model is used to control for 

potential autocorrelation among the stock market returns. Third, a panel regression analysis is 

conducted on the unbalanced panel dataset (unbalanced on the sample period of each 

financial market). A random effects model and a fixed effects model are both used in the 

panel regression, as it could not predetermine whether the error term is correlated with the 

parameters and idiosyncratic characteristics. 
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Table 5.1: The major categories of estimation procedures  

Sets of tests Regression Models 

Included Variables 

ACt-1 ACt-2 ACt-3 ACt-4 D/P PE CPI UR TS RSTI IP FC Rt-i 

Identifying the most 

effective predictor 

OLS with 

Newey-West 
X X X X          

Comparing average 

correlation with other 

predictors 

OLS with 

Newey-West X    X X X X X X X   

Taking into account the 

serial correlation effect of 

stock market return 

Serial Correlation 

Test X            X 

Taking into account the 

sub-sample effect: 

financial crisis and decades 

OLS with  

Newey-West X    X X X X X X X X  

Pooled data from all 

market and form a panel 

dataset 

Random and Fixed 

Effects Models X    X X X X X X X X  

Note: D/P defined as Dividend Yield; PE: Price-Earnings ratio; CPI: Consumer Price Index; UR: Unemployment Rate; TS: Term Spread; RSTI: Relative short-term interest rate. 
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Table 5.1 presents the five stages of the main estimation procedure in this chapter: (i) 

using one- to four-month lagged average correlation to predict the current stock market return, 

thereby identifying the most effective average correlation; (ii) using the most effective 

average correlation along with other predictors to estimate the subsequent stock market return, 

thereby examining the predictive power of average correlation with reference to benchmarks; 

(iii) using serial correlation estimation to control for the autocorrelation among the stock 

market returns, thereby mitigating and detecting [via the Lagrange multiplier test (LM test)] 

the potential distortion on the results; (iv) incorporating the effects of major financial crises 

into the model, thereby exploring the possible links among average correlation, stock market 

returns and the financial crises; (v) performing panel regression analyses to test whether the 

average correlation is effective in predicting future stock market returns in a pooled dataset. 

The details and models for each step are provided as follows. 

 

(i) Although Chapter 4 revealed that two-month lagged average correlation is the most 

effective predictor for subsequent stock market returns in the US market, idiosyncratic 

characteristics of different financial markets could potentially influence the predictive power 

of the average correlation, as well as the time lag for making such a prediction. Both the stock 

market prediction and the time interval for realising such a prediction are of substantial 

interest in this chapter. In the first set of tests, average correlations with up to a four-month 

time lag are included in one estimation model to identify the most effective predictor. The 

model employed is specified as follows: 

                                   𝑅𝑠,𝑡 = 𝜇 + ∑ 𝛽𝑖𝑗
4
𝑖=1 𝐴𝐶𝑡−𝑖 + 𝛽𝑠𝑅𝑠,𝑡−1 + 𝜀𝑖,𝑡                                               (5.1) 

Based on the results from this estimation, the most effective average correlation should be 

unveiled and used for estimation throughout the rest of this chapter. From the primary 

analysis of the dataset, a one-month lagged average correlation (𝐴𝐶𝑡−1) is the most effective 
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predictor among its peers. The following analyses focus on this one-month lagged average 

correlation; other lagged average correlations are not included in the following models. 

 

(ii) In the second category of tests, average correlation is juxtaposed with other traditional 

predictors in predicting future stock market returns. D/P, PE and TS are included as they 

represent all the financial ratios and have been widely used in the prior literature. In contrast, 

the extensive economic indicators incorporated into the model to address the international 

settings of this chapter include the CPI, the UR, the IP, and the RSTI. The characteristics of 

the various financial markets, such as the sophistication of practitioners, the activeness of 

trading and the overall economic environment of a market, could easily affect the predictive 

power of average correlation, as the co-movement of the industry portfolio returns is subject 

to the effectiveness and efficiency of the financial market itself. These economic indicators, 

which control for the intrinsic link between the stock market itself and the SMRs, depict the 

economic environment in which the financial market operates. The model employed is 

specified as follows: 

𝑅𝑠,𝑡 = 𝜇 + 𝛽1𝐴𝐶𝑡−1 + 𝛽2𝐷𝑌𝑡−1 + 𝛽3𝑃𝐸𝑡−1 + 𝛽4𝐶𝑃𝐼𝑡−1 + 𝛽5𝑈𝑅𝑡−1 + 

   𝛽6𝐼𝑃𝑡−1 + 𝛽7𝑇𝑆𝑡−1 + 𝛽8𝑅𝑆𝑇𝐼𝑡−1 + 𝛽9𝑅𝑠,𝑡−1 + 𝜀𝑖,𝑡                                 (5.2) 

The results from the estimation could reveal whether the one-month lagged average 

correlation is at least as effective as these benchmarks in predicting future stock market 

returns. 

 

(iii) In the third set of tests, the serial correlation estimation is employed to specifically 

account for the possible autocorrelation of the stock market returns, which could possibly 

violate the OLS assumption of uncorrelated error terms and overestimate the t-statistic value. 

The serial correlation model is a “fail-safe” method for further addressing the autocorrelation 
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issue, as the Newey-West heteroscedasticity and autocorrelation consistent (HAC) estimator 

has been in place to correct the latent bias caused by autocorrelation. The LM test is also 

employed for detecting and indicating the potential autocorrelation (Breusch & Pagan, 1980; 

Ahlgren & Catani, 2017). Engle’s LM test detects the autoregressive conditional 

heteroscedasticity and allows for multiple lag orders to be tested (Engle, 1982). In this 

chapter, the LM test includes two lag orders, the results of which are presented in the columns 

next to the results from the serial correlation model. The serial correlation model (of 1st to 12th 

orders) is specified as follows: 

                                        𝑅𝑠,𝑡 = 𝜇𝑡 + 𝛼1𝐴𝐶𝑡−1 + ∑ 𝛽𝑖𝑗
12
𝑖=1 𝑅𝑠,𝑡−𝑖 + 𝜀𝑖,𝑡                                (5.3) 

when 𝑖 = 1, the model estimates the average correlation with one-month lagged SMR. For 

succinctness, the table of results only reports the coefficient (𝛼1) and t-statistics of average 

correlation. LM test is performed on the results of the estimation on the serial correlation 

model. The first-order LM test examines the correlation between the error term 𝜀𝑡 and the 

one-month lagged error term 𝜀𝑡−1 while the second-order LM test examines the correlation 

between the error term 𝜀𝑡 and the two-month lagged error term 𝜀𝑡−2. When 𝑖 = 1, 2, 4, the 

model estimates the average correlation with one-, two- and four-month lagged SMRs, 

respectively. The table of results reports the coefficient ( 𝛼1 ) and t-statistics of average 

correlation in the model accordingly. The LM test is also performed on the results of the 

estimation on multi-order serial correlation model. When 𝑖 = 1, 2, … 12, the model estimates 

the average correlation with one- to twelve-month lagged SMRs, respectively. The table of 

results reports the coefficient ( 𝛼1 ) and t-statistics of average correlation in the model 

accordingly and the LM test is again performed. The results from this set of tests are expected 

to detect if the outcomes of the previous analyses suffer from autocorrelation and 

heteroscedasticity problems. 
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(iv) The fourth set of tests incorporates the effect of financial crises within the period from 

1973 to 2016. There are numerous outbursts of financial crises, both regional and global, 

throughout the sample period of this chapter. Previous literature reports that the co-movement 

of stock portfolio returns exhibits an upsurge during the crisis period, especially the GFC 

period (Baur, 2012; Milunovich & Tan, 2013; Milunovich & Trück, 2013). It should be taken 

into consideration that if the increase in average correlation, which is a measure for co-

movement of industry portfolio returns, is a direct consequence of financial crises. This 

hypothesis could be tested by dichotomising the sample period into crisis period and stable 

period (other period) and comparing the average correlation of these two periods. If average 

correlation in the crisis period is significantly higher than in the stable period and the 

predictive power of average correlation during the crisis period is significantly higher than 

that during the stable period, an upsurge in average correlation could be a sign of the advent 

of a financial crisis. Alternatively, the co-movement of stock portfolio returns could be 

caused by intra-national and intra-market contagious effects rather than a contagious effect, 

such as an effect of the financial crisis, inflicted by international market co-integration. 

 

For causing a contagious effect, the influence of a financial crisis should at least spill 

over a region, if not to the rest of the world. This chapter follows Phylaktis and Xia (2009) 

and Cho, Hyde and Nguyen (2015) and identifies five financial crises during the sample 

period as having a regional, or even global, contagious effect, including Mexico peso collapse 

(1994:1–1995:12), East Asian financial crisis (1997:7–1998:12), Argentina debt crisis 

(1998:1–2002:12), GFC (2007:7–2009:6) and European debt crisis (2009:12–2012:6). These 

financial crises all emerge from one single nation and trigger a chain reaction across the entire 

region and to the rest of the world. All the periods in the parentheses constitute the crisis 

periods in the sample and are denoted by a “1” in the dummy variable “crisis period”. The 
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rest of the sample period is denoted by a “0” in the dummy variable, representing a relatively 

stable phase. 

 

The tests of the impact of financial crises on the average correlation – stock market 

return estimation model is twofold. The first model, in which the dummy variable “crisis 

period” is added as a control variable is specified as follows: 

   𝑅𝑠,𝑡 = 𝜇 + 𝛽1𝐴𝐶𝑡−1 + 𝛽2𝐷𝑌𝑡−1 + 𝛽3𝑃𝐸𝑡−1 + 𝛽4𝐶𝑃𝐼𝑡−1 + 𝛽5𝑈𝑅𝑡−1 + 

𝛽6𝐼𝑃𝑡−1 + 𝛽7𝑇𝑆𝑡−1 + 𝛽8𝑅𝑆𝑇𝑡−1 + 𝛽9𝑅𝑠,𝑡−1 + 𝛽10𝐶𝑟𝑖𝑠𝑖𝑠 𝑝𝑒𝑟𝑖𝑜𝑑𝑡 + 𝜀𝑖,𝑡      (5.4) 

If the average correlation is a direct consequence of financial crises and if the predictive 

power of average correlation solely hinges on the occurrence of financial crises, the predictive 

power of average correlation should decline with the presence of financial crises. Although 

the results of this test could potentially reveal the cause of the co-movement of individual 

portfolio returns, the focus of this chapter is intended to be on examining whether the lagged 

co-movement of stock portfolio returns and the average correlation of industry portfolio 

returns could predict stock market returns; thus, the cause of such a co-movement is beyond 

the scope of this chapter. The purpose of conducting such a test in this chapter is to identify 

whether the predictive power of average correlation is significantly impaired by the financial 

crises and during the crisis periods. 

 

The second model uses the same equation as the second set of tests Equation (5.2) but 

uses only the sample observations from the crisis period, as follows: 

𝑅𝑠,𝑡 = 𝜇 + 𝛽1𝐴𝐶𝑡−1 + 𝛽2𝐷𝑌𝑡−1 + 𝛽3𝑃𝐸𝑡−1 + 𝛽4𝐶𝑃𝐼𝑡−1 + 𝛽5𝑈𝑅𝑡−1 + 

𝛽6𝐼𝑃𝑡−1 + 𝛽7𝑇𝑆𝑡−1 + 𝛽8𝑅𝑆𝑇𝐼𝑡−1 + 𝛽9𝑅𝑠,𝑡−1 + 𝜀𝑖,𝑡                                 (5.2)  

Extensive literature suggests that the stock predictability and the performance of those 

predictors demonstrate distinct patterns in the crisis periods and stable periods (Hartmann et 
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al., 2004; Lim et al., 2008; Phylaktis & Xia, 2009; Zouaoui et al., 2011). The average 

correlation during the financial crisis period is expected to be discernibly different from that 

during the stable period. The results of these two tests could provide a sensitivity test on 

whether the predictive power of average correlation is sensitive to financial crisis periods, 

could contribute collateral evidence to the current investigation on global market co-

integration and on the contagious effects of the financial crises. 

 

A sub-sample test on the stock market predictability and the predictive power of 

average correlation of the decades is performed after considering the effect of financial crises. 

The model uses the same equation as the second set of tests Equation (5.2), with the sample 

observations from each decade in the sample period. This test is intended to investigate 

whether the predictive power of average correlation is sensitive to a particular decade. It is 

common that the co-movement of stock portfolio returns fluctuates over time. However, this 

test could demonstrate, at least partially, the repeated pattern that is useful for predicting 

future stock market returns. In summary, these three tests on the predictive power of average 

correlation during specific time periods are conducted to detect whether the predictive power 

is time-dependent or time-sensitive. 

 

(v) The last set of tests combines all the data from different markets in this chapter and 

uses a panel-data-processing method to give an evaluation on whether average correlation is 

efficient for predicting future stock market returns, generally and after controlling for the 

heterogeneity across various financial markets and in various time periods. There two 

conventional methods of panel regression analysis are the random effects model and the fixed 

effects model. A fixed effects model eliminates the unique attributes of individuals (i.e.; the 

characteristics of the financial markets in this chapter), which do not vary over time and 
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which could be correlated with the individual regressors (i.e.; average correlation and other 

predictors), whereas a random effects model is efficient under the assumption that the 

unobserved attributes are not correlated with the individual regressors (Hedges & Vevea, 

1998). In terms of the stock market return predictability, it is relatively difficult to 

predetermine whether the unobserved attributes, which are incorporated in the error term, are 

correlated with the individual predictors. Therefore, the two models are both adopted as 

analytical methods, which model is more efficient could be determined by post-estimation 

tests such as the Durbin-Wu-Hausman test (Durbin, 1954; Wu, 1973; Hausman, 1978). The 

random effects model and the fixed effects model are specified as follows: 

𝑅𝑠,𝑡 = 𝜇 + 𝛽1𝐴𝐶𝑡−1 + 𝛽2𝐷𝑌𝑡−1 + 𝛽3𝑃𝐸𝑡−1 + 𝛽4𝐶𝑃𝐼𝑡−1 + 𝛽5𝑈𝑅𝑡−1 + 

𝛽6𝐼𝑃𝑡−1 + 𝛽7𝑇𝑆𝑡−1 + 𝛽8𝑅𝑆𝑇𝐼𝑡−1 + 𝛽9𝑅𝑠,𝑡−1 + 𝑣𝑖 + 𝜀𝑖,𝑡                        (5.5) 

where: 𝑣𝑖 is the time-invariant attributes and 𝜀𝑡 is a random error term. 

 

Further, panel data with clear clusters (e.g., individual financial markets) show a 

tendency that the within-cluster errors across different sample periods could be correlated. 

Failure to control for such a correlation could potentially lead to an overestimation of the 

width of confidence interval and of the value of t-statistics (Cameron & Miller, 2015). 

Therefore, panel data are also estimated separately, by both fixed and random effects models, 

by using Equation (5.5), with standard errors clustered in countries for a robustness check. In 

addition, the pooled OLS regressions have been controlled for year effect, but the results are 

not tabulated. 

 

5.2.2 Variable description 

As discussed, the main predictor under examination is the average correlation of 

individual industry portfolio returns. The calculation of average correlation ( 𝐴𝐶𝑡 ) is 
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formulated as follows: 

                                                     𝐴𝐶𝑡 =  ∑ ∑ 𝜌𝑖𝑗,𝑡 𝑁⁄𝑛
𝑗=1,𝑗≠𝑖

𝑛
𝑖=1                                            (5.6) 

where i and j denote any two industry portfolios (within the level 4 sectors provided in the 

DataStream), N is the number of times that calculations need to be done, given a specific 

number of industries. For instance, as Australia has 55 industries included in this chapter, the 

algorithm for calculating the average correlation of pairwise industry portfolio returns in the 

Australian market is: 

                                                  𝐴𝐶𝑡 =  ∑ ∑ 𝜌𝑖𝑗,𝑡 𝑁⁄54
𝑗=1,𝑗≠𝑖

55
𝑖=1                                             (5.7) 

                                                         𝑁 =
55×54

2
= 1,485                                                     (5.8)  

Except for the average correlation, data on other variables in this chapter are directly 

retrieved from the DataStream. Table 5.2 presents a summary description of all the variables, 

including both the dependent variable and the forecasting variables. 
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Table 5.2: Variable description 
Variable (Acronym) Description Equation 

Market Return, 

Monthly (𝑅𝑠,𝑡) 

Value weighted return of all the firms 

listed on the financial markets of 

individual sample countries 

Not applicable 

Dividend Yield, 

Monthly (DP) 

Anticipated dividend for the rolling 

12-months divided by the average 

monthly price 

𝐷𝑃 =    
𝑡ℎ𝑒 𝑎𝑛𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑒𝑑 𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑  

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑚𝑎𝑟𝑘𝑒𝑡 𝑝𝑟𝑖𝑐𝑒
 

Price-Earnings Ratio, 

Monthly (PE) 

Latest annualised rate may reflect the 

last financial year or may be derived 

from an aggregation of interim period 

earnings 

𝑃𝐸 =
𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑚𝑎𝑟𝑘𝑒𝑡 𝑝𝑟𝑖𝑐𝑒

𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑝𝑒𝑟 𝑠ℎ𝑎𝑟𝑒
 

Consumer Price 

Index, Quarterly 

(CPI) 

Consumer price index (CPI) is defined 

as the change in the prices of a basket 

of goods and services that are 

typically purchased by specific groups 

of households. 

𝐶𝑃𝐼      

=
𝑝𝑟𝑖𝑐𝑒 𝑜𝑓 𝑚𝑎𝑟𝑒𝑘𝑡 𝑏𝑎𝑠𝑘𝑒𝑡 𝑖𝑛 𝑝𝑎𝑟𝑡𝑖𝑐𝑢𝑙𝑎𝑟 𝑦𝑒𝑎𝑟

𝑝𝑟𝑖𝑐𝑒 𝑜𝑓 𝑚𝑎𝑟𝑘𝑒𝑡 𝑏𝑎𝑠𝑘𝑒𝑡 𝑖𝑛 𝑏𝑎𝑠𝑒 𝑦𝑒𝑎𝑟
× 100 

Unemployment Rate, 

Quarterly (UR) 

Unemployment rate is the number of 

unemployed people as a percentage of 

the labour force, where the latter 

consists of the unemployed plus those 

in paid or self-employment. 

𝑈𝑅 =
𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛

𝑡𝑜𝑡𝑎𝑙 𝑙𝑎𝑏𝑜𝑢𝑟 𝑓𝑜𝑟𝑐𝑒
 

Term Spread, 

Monthly (TS) 

The difference between the return on 

10-year maturity government security 

and the return on 3-month maturity 

government security. 

𝑇𝑆 = 𝑅3‐𝑚𝑜𝑛𝑡ℎ 𝑇−𝑏𝑖𝑙𝑙  

           −𝑅10‐𝑦𝑒𝑎𝑟 𝑔𝑜𝑣𝑒𝑟𝑛𝑚𝑒𝑛𝑡 𝑏𝑜𝑛𝑑  

Relative Short-term 

Interest Rate, 

Monthly (RSTI) 

The difference between the short-term 

interest rate (3-month Treasury bill 

rate) and the average short-term 

interest rate of the previous 12 months 

𝑅𝑆𝑇𝐼 = 𝑅𝑡 − ∑ 𝑅𝑡−𝑖

12

𝑖=1

12⁄  

Industry Production 

Index, Quarterly (IP) 

The Industrial Production Index (IP) is 

an economic indicator that measures 

real output for all facilities located in a 

particular country manufacturing, 

mining, and electric, and gas utilities 

(excluding those in the US territories) 

Not applicable 

 

Most of the variables are calculated using the widely accepted formulas noted in Table 

5.2 (see the DataStream fact sheet provided on the Thomson Reuters website for further 

detailed information). Note that not all the forecasting variables are used in the estimation 

models or applied on all the sample financial markets: the inclusion of forecasting variables is 

subject to the availability of data on that particular market. Those forecasting variables not 

included in the estimation of particular market returns are indicated by a dash in the 

presentation of the results. All the data in this chapter are processed by STATA, including the 

initial input from Excel worksheets, as well as sorting and coding data if necessary, producing 

descriptive statistics and performing regression analyses. 
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5.2.3 Data sources  

The entire dataset of this chapter is retrieved from the DataStream, a database provided 

by Thomson Reuters. This is one of the most prestigious worldwide database used by 

financial analysts, market researchers and universities (Harvard Business School, 2017). The 

historical equity data, available from 1973, includes sources from government release, the 

OECD, the EIU, the IMF, and the Worldscope and MCSI. In all variables, CPI is sourced 

from the OECD and UR is sourced from the EIU. RSTI is archived from the IMF database. 

Worldscope and MSCI are part of the DataStream database. The most recent studies fuelled 

by the DataStream in the financial market area include those by Ahmad et al., (2017), 

Narayan and Bannigidadmath (2017), Rahman et al., (2017) and Gan et al., (2017). Ince and 

Porter (2006) compare the data from the DataStream with similar data provided by the Centre 

for Research in Security Prices (CSRP) to evaluate the use of the DataStream in studies 

involving extensive equity prices and indices in markets outside the US. They conclude that 

the inferences drawn from the DataStream are not statistically different from those drawn 

from the CRSP. In summary, the DataStream is a reliable, well-established and commonly 

used database, and its analytical output has comparability with the outcomes drawn from 

other databases. 

 

The objectives and contributions of this chapter hinge on the extended application of 

the average correlation of various industry portfolio returns in predicting future stock market 

returns. The large-scale use of average correlation in various stock markets could potentially 

address the concern that average correlation is effective only in US markets due to the 

idiosyncratic characteristics of the US stock market, such as being an advanced and highly 

developed financial market. This chapter includes 27 major financial markets worldwide, 

geographically categorised into three regions: Asia and Asia-Pacific, Europe and America. As 
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the use of average correlation has been extensively examined in Chapter 4, the US market is 

excluded from the sample of this chapter. 

 

The industry classification used in this chapter is based on the Industry Classification 

Benchmark (ICB), a guidance jointly released by Financial Times Stock Exchange (FTSE) 

and Dow Jones (Thomson Reuters, 2017). According to the definition provided in the 

DataStream user guide, there are 6 levels of market indices, in which the constituents rang 

from a large group of companies in a broad sector to a relatively small group of companies 

with similar operating activities in a narrow sub-industry. This chapter adopts the fourth level 

of the market indices, in which the numbers of industries in each financial market vary from 

12 (Austria) to 105 (Japan). The volatility in industry numbers is unable to be controlled for 

and should not form a selection bias. A similar issue arises in the time span of the data from 

different financial markets: some financial markets have long been established, such as Japan, 

Singapore, Australia, Canada and most of European countries, whereas others may have a 

comparatively brief history. In the sample period, from 1973:1 to 2016:12, a total of 13 stock 

markets have complete datasets covering the entire sample period. Both the industry 

classifications and the sample period in this chapter are in line with the provisions in the 

DataStream. 

 

Multiple predictors of future stock market returns, from the theoretical framework, are 

included in this chapter, although the average correlation is the main predictor under 

examination. These predictors could serve as sound benchmarks for the effectiveness of the 

average correlation, are selected from two broad categories of conventional forecasting 

variables – financial ratios and economic indicators. Financial figures such as DY and PE 

ratio have been extensively employed as predictors in previous studies. Scholars hold the 
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belief that financial ratios reflect the fundamental values of stocks and therefore should have 

an impact on the valuation of the stocks in the future. In contrast, the economic indicators, 

such as CPI, IP, TS, RSTI and UR, depict the overall business environment of a particular 

market. All the business activities operating in this environment will be influenced, including 

the activities in the financial market. While all the forecasting variables are designated to be 

used as benchmarks in this chapter, one or more variables can be omitted from the model, due 

to the lack of data. All details are presented in Table 5.3. The first column summarises the 

time span of the sample period, the second column provides detailed financial markets and 

the third column presents the total number of industries (sectors) used for calculating the 

average correlation. The remaining columns illustrate the availability of the data relating to all 

the forecasting variables employed in this chapter. Overall, the availability of data, in terms of 

both sample period and variables, should not introduce a systematic bias in the estimation of 

future stock market returns.  
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5.2.4 Contributions and rationale 

The dependent variable in this chapter is the stock market returns; the primary 

independent variable is average correlation of the returns on pairwise industry portfolios; 

other conventional independent variables include financial and economic indicators. Three 

regression models and five sets of tests are conducted to examine and validate the power of 

the average correlation in predicting future stock market returns. 

 

The novelty and potential contributions of this chapter are threefold. First, this chapter 

investigates the stock market return predictability in 27 financial markets, including both 

developed and emerging markets, across three geographic regions. Studies based on data 

Table 5.3: List of 27 sample countries, 3 regions, number of industries and model variables 

Sample Period 

Asia & Asia- 

Pacific Region 

No. of 

Industries 

Industry 

Portfolio 

Return 

Stock 

Market 

Return DP PE CPI UR TS RSTI IP 

1973:1-2016:12 Australia 55 x x x x x x x x x 

1992:7-2016:12 China 38 x x x x x x    

1973:1-2016:12 Hong Kong 24 x x x x x x   x 

1990:1-2016:12 India 59 x x x x x x x x x 

1973:5-2016:12 Japan 105 x x x x x x x x x 

1986:1-2016:12 Malaysia 48 x x x x x x x x x 

1988:1-2016:12 New Zealand 20 x x x x x x x x  

1992:7-2016:12 Pakistan 20 x x x x x x x x x 

1973:1-2016:12 Singapore 26 x x x x x    x 

1987:1-2016:12 Thailand 14 x x x x x x   x 

 European Region           

1973:1-2016:12 Austria 12 x x x x x x x x x 

1973:1-2016:12 Belgium 31 x x x x x x x x x 

1973:1-2016:12 Denmark 18 x x x x x x  x x 

1988:3-2016:12 Finland 27 x x x x x x x x x 

1973:1-2016:12 France 58 x x x x x x x x x 

1973:1-2016:12 Germany 56 x x x x x x x x x 

1990:1-2016:12 Greece 21 x x x x x x x x x 

1973:1-2016:12 Italy 45 x x x x x  x x x 

1973:1-2016:12 Netherlands 51 x x x x x x x x x 

1980:1-2016:12 Norway 24 x x x x x x   x 

1990:1-2016:12 Portugal 33 x x x x x  x x x 

1987:3-2016:12 Spain 22 x x x x x x x x x 

1973:1-2016:12 Switzerland 34 x x x x x x    

1973:1-2016:12 UK 87 x x x x x x   x 

 American Region           

1973:1-2016:12 Canada 45 x x x x x x x x x 

1994:7-2016:12 Brazil 35 x x x x x x   x 

1988:1-2016:12 Mexico 27 x x x x x x   x 
Note: DP defined as Dividend Yield; PE: Price-Earnings ratio; CPI: Consumer Price Index; UR: Unemployment Rate; TS: Term Spread; 

RSTI: Related Short-term Interest Rate; IP: Industry Production.  
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from the US market have provided the strongest evidence to support the predictability of 

SMRs (e.g., Cochrane, 2007; Pástor & Stambaugh, 2009; Kim et al., 2011), leading to 

concern about whether the stock market return predictability is a US-specific phenomenon 

(Rapach et al., 2005). International evidence has emerged to suggest a commonality of stock 

market return predictability across various countries (Rapach et al., 2013; Bollerslev et al., 

2014; Siliverstovs, 2017), although the evidence is still largely obtained from developed 

markets and industrialised countries. On the demand side, McLean and Pontiff (2016) report 

that investors do learn from academic publications, in predicting future returns and 

constructing their portfolios, thereby creating a demand for the development of predictive 

variables. To amplify the empirical evidence and to bridge the potential gap, this chapter 

provides a relatively large-scale examination of stock market return predictability, across both 

developed and emerging market, which could detect any diminishing predictability in a 

particular market and could identify possible causes. 

 

Second, this chapter tests the applicability of average correlation on various financial 

markets. Average correlation has already been tested by using US datasets in Chapter 4, while 

its applicability on other financial markets that are less developed than the US markets is 

arguable. Although average correlation is a relatively novel predictor for SMRs, it has 

attracted academic attention over recent years (e.g., Jones & Kincaid, 2014; Maio, 2016). 

While many studies rely on average correlation as a predictor, its generalisability to other 

financial markets has not been tested. This chapter contributes to the application of average 

correlation on various financial markets, as well as with the comparison of average 

correlation and other traditional predictors in an international context. 
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Third, this chapter has adopted multiple regression models and different sets of tests to 

comprehensively examine the predictive power of average correlation. The three regression 

models employed in this chapter are for distinct purposes: the use of OLS regression model 

with Newey-West standard error estimation is a common practice for predictive regression in 

financial literature (e.g., Lettau & Ludvigson, 2001; Campbell & Thompson, 2007), while the 

Newey-West standard error estimation is a remedy for autocorrelation and heteroscedasticity; 

the serial correlation model incorporates the concerns about the autocorrelation contained in 

stock market returns, as reported by Ding et al. (1993) and Brown and Cliff (2004). Panel 

regression models give an overarching assessment of the predictive power of average 

correlation throughout all the financial markets, although the panel is unbalanced and is 

subject to the availability of data. Panel regression has been applied widely on studies of 

international financial markets (e.g., Bollerslev et al., 2014) and domestic financial markets 

(e.g., Hu, 2014; Westerlund et al., 2015), with consideration been given to the heterogeneity 

of individual groups. 

 

These five sets of tests follow a logical order: first, identifying the most effective 

predictor among the one- to four-month lagged average correlations; second, juxtaposing the 

average correlation with conventional predictors; third, considering the serial correlation in 

the stock market returns and testing whether the predictive power of average correlation is 

affected by the inclusion of previous stock market returns; fourth, introducing the time effect 

and examining whether the predictive power of average correlation fluctuates along with the 

changing time period; fifth, pooling all the data from various financial markets and forming 

an overall assessment on how effectively the average correlation predicts future stock market 

returns. All these tests provide detailed reports on the predictive power of average correlation 

and future researchers could use average correlation with greater confidence. The next section 
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presents the outcomes of all these tests, then discusses these results and compares them with 

previous findings. 

 

5.3 Empirical result and analysis 

5.3.1 Descriptive statistics 

As noted, the two main variables in this chapter are stock market returns (the dependent 

variable) and average correlation (the main predictor). Table 5.4 presents the mean, standard 

deviation (SD), skewness, kurtosis and autocorrelation of both variables in all the financial 

markets. These financial markets are classified into three geographic regions. 

 

The highest mean of monthly stock market return is 0.020 (Mexico); the lowest mean is 

0.002 (Portugal). From a regional perspective, most stock markets in the European region 

have a mean of monthly stock market return less than 0.010 whereas those in Asia-Pacific 

and America regions have visibly higher average monthly returns. An analysis of the standard 

deviation suggests that the variability of the SMRs is high, whereas the autocorrelation 

among stock market returns is, on average, lower than 0.1. 
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Table 5.4: Statistics summary for 27 sample countries and their predictors 

Asia & Asia-Pacific 

Region Variable Mean SD Skewness Kurtosis Autocorrelation 

Australia Rs,t 0.007 0.052 -0.689 10.357 0.055 
 AC 0.284 0.152 0.627 2.919 0.679 

China Rs,t 0.010 0.106 2.628 22.735 0.110 
 AC 0.639 0.191 -0.371 2.417 0.216 

Hong Kong Rs,t 0.011 0.093 0.354 9.462 0.080 
 AC 0.551 0.133 0.039 2.849 0.439 

India Rs,t 0.015 0.098 1.171 11.249 0.122 
 AC 0.376 0.127 0.282 2.499 0.211 

Japan Rs,t 0.004 0.053 -0.118 4.410 0.099 
 AC 0.425 0.197 0.031 2.015 0.730 

Malaysia Rs,t 0.009 0.073 0.104 8.619 0.064 
 AC 0.326 0.142 0.688 3.133 0.389 

New Zealand Rs,t 0.004 0.044 0.283 5.189 0.035 
 AC 0.175 0.096 1.356 6.473 0.136 

Pakistan Rs,t 0.011 0.089 -0.101 5.107 0.040 
 AC 0.279 0.120 0.646 3.581 0.158 

Singapore Rs,t 0.006 0.077 0.691 10.360 0.129 
 AC 0.418 0.145 0.231 2.378 0.409 

Thailand Rs,t 0.011 0.095 0.892 8.679 0.069 
 AC 0.395 0.141 0.437 3.242 0.247 

European Region       

Austria Rs,t 0.006 0.057 0.542 9.299 0.279 
 AC 0.298 0.203 0.195 2.656 0.394 

Belgium Rs,t 0.006 0.050 -0.506 6.424 0.177 
 AC 0.257 0.142 0.815 3.346 0.569 

Denmark Rs,t 0.010 0.055 0.108 5.599 0.137 
 AC 0.356 0.205 0.268 3.118 0.211 

Finland Rs,t 0.009 0.081 0.011 4.500 0.198 
 AC 0.259 0.153 0.665 2.907 0.620 

France Rs,t 0.008 0.059 -0.205 4.166 0.083 
 AC 0.393 0.144 0.657 3.143 0.548 

Germany Rs,t 0.006 0.052 -0.514 4.663 0.084 
 AC 0.326 0.122 0.560 3.095 0.491 

Greece Rs,t 0.004 0.104 1.208 8.670 0.099 
 AC 0.380 0.157 0.358 2.543 0.539 

Italy Rs,t 0.008 0.069 0.498 4.730 0.110 
 AC 0.406 0.124 0.245 2.636 0.367 

Netherlands Rs,t 0.006 0.051 -0.678 6.142 0.093 
 AC 0.317 0.132 0.540 2.950 0.451 

Norway Rs,t 0.009 0.069 -0.570 4.792 0.087 
 AC 0.327 0.138 0.350 2.530 0.379 

Portugal Rs,t 0.002 0.054 0.135 5.948 0.162 
 AC 0.128 0.071 1.596 8.700 0.346 

Spain Rs,t 0.006 0.061 -0.238 4.177 0.093 
 AC 0.345 0.136 0.627 3.272 0.408 

Switzerland Rs,t 0.005 0.045 -0.614 6.353 0.143 
 AC 0.328 0.133 0.716 3.523 0.388 

UK Rs,t 0.008 0.053 0.938 15.538 0.117 
 AC 0.399 0.141 0.115 2.681 0.493 

American Region       

Canada Rs,t 0.006 0.044 -0.409 5.714 0.045 
 AC 0.247 0.119 0.806 3.570 0.388 

Brazil Rs,t 0.012 0.073 -0.166 4.811 0.091 
 AC 0.377 0.133 0.282 2.819 0.346 

Mexico Rs,t 0.020 0.079 1.459 12.341 0.113 
 AC 0.370 0.137 0.281 2.333 0.345 

Note: SD: standard deviation; Autocorrelation: first-order autocorrelation. 

 

Following Lei and Lomax (2005), a simple rule of thumb has been applied when 

determining the non-normality condition: for skewness and kurtosis, the absolute values less 
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than 1.0 are slightly non-normal, the values between 1.0 and 2.3 are moderately non-normal 

and the values greater than 2.3 are severely non-normal. According to this categorisation, 

these two variables (e.g., SMRs and average correlation) for most financial markets are 

slightly skewed and have a severe kurtosis. Although the severe non-normality could increase 

the bias of the standard error in generalised least squares, empirical studies contend that non-

normality has little effect on parameter estimates (Fan & Wang, 1998), and that a larger 

sample size tends to produce more precise parameters estimates than a smaller sample size 

(Lei & Lomax, 2005). This chapter, with its more than 10,000 observations, fully recognises 

the risk of biased parameters estimates, but considers that this risk is controlled and should 

not cause a substantial bias in the overall estimation. 

 

5.3.2 Country-by-country time-series analysis 

Estimates based on four-lags of average correlation 

The main predictor in this chapter is the lagged average correlation of individual 

industry portfolio returns. Although the two-month lagged average correlation is the most 

empirically effective predictor among the one- to four-month lagged average correlations in 

the US market, as revealed in Chapter 4, this finding may not be generalisable to all other 

financial markets. Up to four-month lagged average correlations are examined on their 

predictive power. The results are summarised in Table 5.5.  
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Table 5.5: OLS estimates of lagged average correlation of 27 sample countries 

                                                              𝑹𝒔,𝒕 = 𝝁 + ∑ 𝜷𝒊𝒋
𝟒
𝒊=𝟏 𝑨𝑪𝒕−𝒊 + 𝜷𝒔𝑹𝒔,𝒕−𝟏 + 𝜺𝒊,𝒕 

Asia & Asia- 

Pacific  ACt-1 Adj. R2 ACt-2 Adj. R2 ACt-3 Adj.R2 ACt-4 Adj. R2 

Australia 0.002 0.000 0.009 0.001 -0.002 0.000 0.004 0.000  
(0.11) 

 
(0.53) 

 
(-0.10) 

 
(0.28) 

 

China 0.032 0.003 0.022 0.002 0.014 0.001 0.040 0.005  
(0.88) 

 
(0.66) 

 
(0.41) 

 
(1.26) 

 

Hong Kong -0.125*** 0.032 -0.022 0.001 0.016 0.001 -0.001 0.000  
(-4.10) 

 
(-0.78) 

 
(-0.54) 

 
(-0.02) 

 

India -0.190*** 0.060 -0.043 0.003 -0.040 0.003 -0.028 0.001  
(-4.53) 

 
(-1.07) 

 
(-0.65) 

 
(-0.64) 

 

Japan -0.068*** 0.065 -0.019 0.005 -0.012 0.002 0.005 0.000  
(-5.51) 

 
(-1.62) 

 
(-1.09) 

 
(-0.40) 

 

Malaysia 0.013 0.001 0.040 0.006 0.066*** 0.016 0.038 0.005  
(0.49) 

 
(0.96) 

 
(3.13) 

 
(1.45) 

 

New Zealand -0.114*** 0.062 -0.038 0.007 -0.003 0.000 -0.010 0.001  
(-4.49) 

 
(-1.50) 

 
(-0.10) 

 
(-0.41) 

 

Pakistan -0.089** 0.014 0.045 0.004 0.016 0.001 0.031 0.002  
(-2.00) 

 
(1.07) 

 
(0.40) 

 
(0.70) 

 

Singapore -0.047* 0.008 0.021 0.002 0.039* 0.006 0.042* 0.006  
(-1.66) 

 
(1.04) 

 
(1.91) 

 
(1.82) 

 

Thailand -0.167*** 0.062 -0.091*** 0.019 -0.004 0.000 -0.053 0.006  
(-4.36) 

 
(-3.07) 

 
(-0.10) 

 
(-1.59) 

 

European Region 
        

Austria -0.034** 0.014 -0.014 0.003 -0.008 0.001 -0.013 0.002  
(-2.54) 

 
(-1.15) 

 
(-0.65) 

 
(-1.13) 

 

Belgium -0.063*** 0.033 0.004 0.000 0.011 0.001 0.013 0.001  
(-2.96) 

 
(0.19) 

 
(0.66) 

 
(0.67) 

 

Denmark -0.036*** 0.019 -0.005 0.000 -0.009 0.001 0.006 0.001  
(-2.60) 

 
(-0.37) 

 
(-0.84) 

 
(0.52) 

 

Finland 0.014 0.002 0.020 0.003 -0.020 0.003 -0.010 0.001  
(-0.66) 

 
(-0.95) 

 
(-0.88) 

 
(-0.57) 

 

France -0.115*** 0.079 0.003 0.000 0.016 0.002 0.006 0.000  
(-5.84) 

 
(0.19) 

 
(0.81) 

 
(0.32) 

 

Germany -0.116*** 0.075 0.030* 0.005 0.038** 0.008 0.024 0.003  
(-4.90) 

 
(1.57) 

 
(2.44) 

 
(1.50) 

 

Greece -0.106*** 0.003 -0.058* 0.008 -0.060 0.008 -0.052 0.006  
(-2.50) 

 
(-1.90) 

 
(-1.57) 

 
(-1.56) 

 

Italy -0.176*** 0.100 -0.036 0.004 -0.018 0.001 -0.051** 0.008  
(-7.16) 

 
(-1.55) 

 
(-0.78) 

 
(-2.18) 

 

Netherlands -0.112*** 0.084 0.008 0.001 0.037** 0.009 0.030** 0.006  
(-5.85) 

 
(0.49) 

 
(2.34) 

 
(1.97) 

 

Norway -0.098*** 0.038 -0.011 0.001 0.009 0.000 0.008 0.000  
(-2.72) 

 
(-0.46) 

 
(0.36) 

 
(0.35) 

 

Portugal -0.064 0.007 0.037 0.002 0.015 0.000 -0.012 0.000  
(-1.44) 

 
(0.73) 

 
(0.31) 

 
(-0.23) 

 

Spain -0.135*** 0.091 0.032 0.005 0.048* 0.012 0.008 0.000  
(-6.89) 

 
(1.47) 

 
(1.82) 

 
(0.26) 

 

Switzerland -0.088*** 0.069 -0.001 0.000 0.030** 0.008 0.009 0.001  
(-4.97) 

 
(-0.04) 

 
(2.02) 

 
(0.56) 

 

UK -0.053** 0.019 0.012 0.001 0.011 0.001 0.008 0.001  
(-2.02) 

 
(0.86) 

 
(0.73) 

 
(0.51) 

 

American Region 
        

Canada -0.106*** 0.081 0.013 0.001 0.048 0.016 -0.001 0.000  
(-4.66) 

 
(0.77) 

 
(0.00) 

 
(-0.06) 

 

Brazil -0.099*** 0.033 0.023 0.002 0.006 0.000 0.011 0.000  
(-3.06) 

 
(0.55) 

 
(0.17) 

 
(0.32) 

 

Mexico -0.090*** 0.025 -0.032 0.004 -0.028 0.003 -0.061** 0.014  
(-2.97) 

 
(-1.13) 

 
(-1.00) 

 
(-2.38) 

 

Note: ACt-I indicates the lagged average correlation (i=1, 2, 3, 4). t-statistics are adjusted using the Newey-West (1987) standard 

errors. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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Generally, three patterns have emerged during the analysis shown in Table 5.5. First, 

one-month lagged, rather than two-month lagged, average correlation is the most effective 

predictor for subsequent stock market returns across all the financial markets analysed in this 

chapter. The one-month lagged average correlation makes a useful prediction at a significance 

level of 1% in 18 out of 27 stock markets and fails to predict the subsequent stock market 

return in only 5 markets. Therefore, the one-month lagged average correlation is a primarily 

effective predictor of stock market returns. 

 

Second, the one-month lagged average correlation performs better within the European 

region than in the Asia-Pacific and American regions. It could not be pure coincidence that 

this result is largely in line with the market efficiency rating reviewed by Kristoufek and 

Vosvrda (2013), who argue that the Japanese financial market is the most efficient and that 

the Eurozone financial markets are predominantly efficient, whereas the Latin American 

markets are less efficient. This evidence could imply a latent relationship between stock 

market return predictability and market efficiency, as posited by many researchers (e.g., 

Hawawini & Keim, 1995; Richards, 1995; Lim & Brooks, 2011). 

 

Third, there is a negative relationship between the one-month lagged average 

correlation and the subsequent stock market returns 7 . It is not rare that predictors are 

negatively associated with stock market returns. Hong, Torous and Valkanov (2007) and 

Chen (2009), who report a negative relation between individual industry portfolio returns 

(e.g., petroleum and metal) and stock market returns, attribute this negative sign to the 

economic indication that the increase in raw material prices might lead to an economic 

downturn. Yu (2011) uses the disagreement among the analyst forecast as a predictor, 

                                                           
7 A positive and systematic innovation, news or a shock, would cause an increase in average correlation and 

entails a positive change in future SMRs and a negative and systematic innovation would still cause an increase 

in average correlation but entails a negative change in future SMRs. 
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reporting a negative association between it and subsequent stock returns. Bekaert and 

Hoerova (2014) use conditional variance to robustly and significantly predict stock market 

return of European markets with a negative sign; however, they do not provide sufficient 

explanation for the sign being negative. Their further examination reveals that conditional 

variance could predict financial instability, especially a financial crisis, which is normally 

associated with lower stock market returns (Chaudhury, 2014). Chava et al. (2015), who use 

credit standards to predict stock market returns have similar findings, suggesting that a 

tightening of standards predicts lower future stock returns. Cochrane (2007) notes a negative 

yet strong association between dividend-growth and long-horizon return. Both Fama and 

French (1988) and Cochrane (2007) attribute this negative relationship to the intrinsic link 

between dividend and expected return. In principle, a negative shock on dividend growth (e.g., 

a decrease in dividend payment) would cause increased demand on risk premium. Increased 

risk premium would thus cause increased expected returns as risk premium is a component of 

expected return. In a similar vein, a negative average correlation of pairwise industry 

portfolio returns indicates divergent expected returns on different industry portfolios (i.e., 

some industry portfolio returns are higher when returns on other industry portfolios are lower 

and the difference between the returns is big). Rational investors tend to re-construct their 

portfolios and turn to those industries with higher returns (i.e., sell the industry portfolios with 

lower returns and buy those with higher returns). It follows the same principle as the 

relationship between dividend and expected returns that investors who find that their 

investment yields less return will demand more or they will invest into elsewhere otherwise. 

Such a change will eventually cause those industries with lower returns to increase the returns 

they are willing to offer, which will drive up the overall level of stock market returns. 

 

 



 

146 
 

From a mathematical view, the fundamental equation of how average correlation is 

associated with excess market returns should be re-visited. According to Pollet and Wilson 

(2010), the relationship between excess market return and average correlation is expressed as: 

                 𝐸𝑡[𝑟𝑠,𝑡+1] − 𝑟𝑓,𝑡+1 ≈ 𝐶0 + (
∅1𝐸[𝜎𝑡

2]

𝛽(1−𝜃)
−

𝐸[𝜎𝑡
2]

2
) 𝜌𝑡 + (

∅1(𝐸[𝜌𝑡]−𝜃)

𝛽(1−𝜃)
−

1

2
) 𝜎𝑡

2                   (5.9) 

where: 

∅1: Relative risk aversion  

𝛽 =  
𝐶𝑜𝑣(𝑅𝑖,𝑡+1,𝑅𝑚,𝑡+1)

𝑉𝑎𝑟𝑡(𝑅𝑚,𝑡+1)
 

𝜃: A common component of stock market shock, systematic factor 

𝜌𝑡: Average correlation 

𝜎𝑡
2: Average variance 

 

The coefficient of average correlation could possibly be negative if 
∅1

𝛽(1−𝜃)
 is smaller 

than 
1

2
. When 𝛽 is largely determined by the covariance between the returns on stock market 

portfolio and the returns on the true market portfolio, ∅1 in CAPM is assumed to be time-

invariant (Semenov, 2006). In contrast, 𝜃 is largely influenced by the status of the market. 

When the proportion of market-wide shock is relatively small, the coefficient could thus be 

negative. The proportion of market wide-shock is also referred to as a systematic factor, or a 

systematic component, as it is reflected in the return on any asset (Pollet & Wilson, 2010). 

With an increase in the asset portfolios available in the market, it is reasonable to assume that 

the systematic component shared by all asset portfolios should decrease, making 

mathematical sense that the decrease in the systematic shock would lead to a negative sign 

before the coefficient of average correlation. Theoretically, it should be clarified that an 

increase in the co-movement of returns on pairwise industry portfolios is not equivalent to an 

increase in the returns on industry portfolios. An increase or a decrease in the systematic 

factor could each cause an increase in the co-movement of returns on all assets portfolios, 

leading to an increase or a decrease in the overall stock market returns accordingly. The 

direction of movement in the systematic factor should be the same as that of the stock market 
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returns but could be opposite to the co-movement of all individual portfolios. In this regard, 

either a positive or a negative relation between average correlation and stock market returns is 

theoretically plausible. 

 

Alternatively, the negative association between average correlation and stock market 

returns could be explained by the financial downturns. Financial downturn is generally 

associated with the heightened co-movement of all individual assets, especially as a 

downward movement, and with lower stock returns. Baruník, Kočenda and Vácha (2016) 

draw on an assumption that the volatility of one asset portfolio has spill-overs on other asset 

portfolios and that this connection among various portfolios collectively leads to an upward 

or a downward drift in the stock market returns, in lieu of assuming a common component 

shared by all asset portfolio. They report that the overall intra-market connectedness 

substantially increases during the periods of lower stock market returns, especially for the 

financial crisis period, because the asset portfolios influence each other, and eventually move 

together. Whether the co-movement of returns on individual portfolios is caused by the 

change of the common component shared by all portfolios or by the contagious effect of 

volatility spill-overs of one particular asset portfolio is beyond the scope of this chapter. The 

findings of this chapter explicitly demonstrate an asymmetric pattern in which the lagged 

average correlation predicts lower, rather than higher, stock market returns. 

 

In summary, the coefficient, t-statistics and adjusted R2 all suggest that the one-month 

lagged average correlation, among the one- to four-month lagged average correlations, is the 

most effective predictor of subsequent stock market returns across all financial markets. To 

further illustrates the relationship between one-month lagged average correlation and stock 

market returns, two plots are made: a line plot depicts how lagged average correlation and 
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stock market returns (both monthly) move along with the time periods (See Appendix; 

Figures A5.1, A5.2 and A5.3); a scatter plot demonstrates how stock market returns and 

lagged average correlation correlate with each other (See Appendix; Figures A5.4, A5.5, 

A5.6). Both the line plot and scatter plot figures have 27 graphs, representing the plots for 

each stock market. 

 

Test of average correlation with conventional predictors 

Table 5.6 presents the results of OLS regression analyses using a model that includes a 

one-month lagged average correlation and other traditional predictors as benchmarks. 
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Note: ACt-1 refers to one-month lagged average correlation, 𝑋𝑘,𝑡−1 represents the other predictors with one-month lag (Rs,t-1, Rf,t-1, DPt-1, CAPEt-1, TSt-1, DSt-1). ***, 

** indicate statistical significance at the 1% and 5% levels, respectively. 

Table 5.6: OLS estimates of lagged average correlation and other predictors in the Asia & Asia-Pacific region 

𝑹𝒔,𝒕 = 𝝁 + 𝜷𝟏𝑨𝑪𝒕−𝟏 + 𝜷𝟐𝑫𝒀𝒕−𝟏 + 𝜷𝟑𝑷𝑬𝒕−𝟏 + 𝜷𝟒𝑪𝑷𝑰𝒕−𝟏 + 𝜷𝟓𝑼𝑹𝒕−𝟏 + 𝜷𝟔𝑰𝑷𝒕−𝟏 + 𝜷𝟕𝑻𝑺𝒕−𝟏 + 𝜷𝟖𝑹𝑺𝑻𝑰𝒕−𝟏 + 𝜷𝟗𝑹𝒔,𝒕−𝟏 + 𝒗𝒊 + 𝜺𝒊,𝒕 

Country ACt-1 𝐃𝐘𝐭−𝟏 𝐏𝐄𝐭−𝟏 𝐂𝐏𝐈𝐭−𝟏 𝐔𝐑𝐭−𝟏 𝐈𝐏𝐭−𝟏 𝐓𝐒𝐭−𝟏 𝐑𝐒𝐓𝐈𝐭−𝟏 Rs, t-1  Adj.R2 

Australia 0.013 0.004 0.001 0.025 0.000 0.007 0.000 -0.001 0.031 0.023 

 (0.79) (0.92) (0.53) (1.85) (-0.69) (1.55) (-0.09) (-1.38) (0.69)  

China 0.009 -0.042*** -0.001 -0.001 0.000    0.111 0.143 

 (0.26) (-2.70) (-0.39) (-0.04) (2.88)    (1.44)  

Hong Kong -0.108*** -0.001 0.004 -0.013 0.000*** 0.010   0.015 0.096 

 (-3.36) (-0.24) (1.46) (-1.55) (-2.60) (1.50)   (0.24)  

India -0.234*** 0.056 0.010*** 0.004 0.000 0.008*** -0.005 -0.012 -0.084 0.284 

 (-7.51) (1.95) (3.31) (0.33) (-1.52) (3.88) (-0.99) (-1.87) (-1.56)  

Japan -0.039** 0.001 0.000 0.008 0.000 0.003 0.001 0.001 0.096** 0.045 

 (-2.13) (0.13) (0.54) (0.74) (0.37) (1.20) (0.76) (0.20) (2.09)  

Malaysia 0.006 0.006 -0.011*** -0.005 0.000 0.000 0.016 -0.006 0.020 0.182 

 (0.24) (0.24) (-3.73) (-0.67) (0.96) (-0.18) (1.31) (-0.43) (0.18)  

New Zealand -0.113*** -0.018 0.001 0.038 0.000  -0.003 -0.012*** -0.091 0.196 

 (-4.29) (-4.70) (1.84) (1.61) (1.97)  (-1.27) (-4.98) (-1.43)  

Pakistan -0.054 -0.024 -0.002 0.002 0.000 0.000 0.001 0.001 -0.068 0.080 

 (-1.30) (-1.28) (-0.30) (0.29) (0.32) (0.26) (0.48) (0.65) (-0.70)  

Singapore -0.061*** -0.001 0.002** 0.007 - 0.000   0.101 0.074 

 (-2.98) (-0.18) (2.50) (1.01) - (0.18)   (1.61)  

Thailand -0.144*** -0.005 0.004 0.026 0.000 0.004***   -0.222** 0.231 

 (-3.61) (-0.63) (1.69) (2.21) (1.26) (3.62)   (-2.48)  
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Table 5.7: OLS estimates of lagged average correlation and other predictors in the European region 

                                       𝑹𝒔,𝒕 = 𝝁 + 𝜷𝟏𝑨𝑪𝒕−𝟏 + 𝜷𝟐𝑫𝒀𝒕−𝟏 + 𝜷𝟑𝑷𝑬𝒕−𝟏 + 𝜷𝟒𝑪𝑷𝑰𝒕−𝟏 + 𝜷𝟓𝑼𝑹𝒕−𝟏 + 𝜷𝟔𝑰𝑷𝒕−𝟏 + 𝜷𝟕𝑻𝑺𝒕−𝟏 + 𝜷𝟖𝑹𝑺𝑻𝑰𝒕−𝟏 + 𝜷𝟗𝑹𝒔,𝒕−𝟏 + 𝒗𝒊 + 𝜺𝒊,𝒕  

Country  ACt-1 𝐃𝐘𝐭−𝟏 𝐏𝐄𝐭−𝟏 𝐂𝐏𝐈𝐭−𝟏 𝐔𝐑𝐭−𝟏 𝐈𝐏𝐭−𝟏 𝐓𝐒𝐭−𝟏 𝐑𝐒𝐓𝐈𝐭−𝟏  Rs, t-1 Adj R2 

Austria -0.122** -0.041** -0.001 0.058** 0.000 0.002 0.012 -0.048*** -0.161*** 0.261 

 (-2.41) (-1.98) (-0.29) (2.51) (0.99) (0.41) (0.53) (-3.06) (-2.75)  

Belgium -0.134*** -0.007** 0.002** 0.016 0.000*** -0.001 0.001 -0.021** 0.006 0.313 

 (-6.61) (-1.99) (2.00) (0.94) (3.46) (-0.61) (0.25) (-2.36) (0.08)  

Denmark -0.046 -0.027** 0.000 0.017 0.000 0.000  -0.012 0.082 0.142 

 (-1.70) (-1.89) (0.48) (0.67) (1.08) (-0.40)  (-1.54) (1.26)  

Finland 0.063 -0.012 0.004 -0.038 0.000 -0.001 -0.002 -0.003 0.087 0.160 

 (1.23) (-1.63) (1.66) (-1.41) (1.30) (-0.44) (-0.44) (-0.70) (1.10)  

France -0.098*** -0.002 0.002 0.036 0.000 0.000 -0.001 -0.004 -0.066 0.161 

 (-4.77) (-0.30) (1.37) (1.50) (2.10) (0.01) (-0.54) (-1.25) (-1.39)  

Germany -0.086*** -0.003 0.002 0.027 0.000 0.003 0.006 -0.002 -0.021 0.121 

 (-3.28) (-0.38) (1.24) (1.97) (-0.88) (1.75) (2.13) (-0.31) (-0.42)  

Greece -0.139 -0.029** 0.004 0.028 0.000 0.003 0.002 -0.047*** -0.078 0.146 

 (-1.82) (-2.29) (1.38) (1.29) (-0.60) (1.96) (1.05) (-3.98) (-1.29)  

Italy -0.154*** 0.006 0.004*** 0.045***  0.002 0.000 -0.007 -0.063 0.202 

 (-7.04) (1.08) (3.15) (2.74)  (1.28) (0.08) (-1.80) (-1.70)  

Netherlands -0.188*** -0.040*** 0.001 -0.009 0.000*** 0.000 0.010 -0.027 -0.176*** 0.332 

 (-6.61) (-3.58) (1.53) (-0.48) (-3.15) (0.02) (1.60) (-1.95) (-2.77)  

Norway -0.111*** -0.008 0.002 0.000 0.000 -0.001   -0.064 0.105 

 (-2.88) (-1.92) (1.70) (0.00) (1.47) (-1.48)   (-1.59)  

Portugal -0.198** -0.006 0.003 0.071  -0.002** -0.008 -0.006 0.034 0.201 

 (-1.99) (-0.73) (0.81) (1.92)  (-1.98) (-0.69) (-0.47) (0.43)  

Spain -0.142*** -0.004 0.003** 0.018 0.000*** -0.001 -0.004 -0.003 -0.027 0.156 

 (-6.18) (-0.79) (2.05) (1.03) (2.89) (-0.22) (-1.75) (-0.91) (-0.42)  

Switzerland -0.104*** -0.003 0.002** 0.009 0.000    0.049 0.143 

 (-6.01) (-0.87) (2.16) (0.88) (0.06)    (1.04)  

UK -0.074*** -0.017*** -0.002 0.022** 0.000** 0.000   -0.086** 0.106 

 (-3.13) (-2.92) (-1.60) (2.39) (2.49) (-0.05)   (-2.43)  
Note: ACt-1 refers to one-month lagged average correlation, 𝑋𝑘,𝑡−1 represents the other predictors with one-month lag (Rs,t-1, Rf,t-1, DPt-1, CAPEt-1, TSt-1, DSt-1). ***, ** indicate 

statistical significance at the 1% and 5% levels, respectively. 
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Table 5.8: OLS estimates of lagged average correlation and other predictors in the American region 

           𝑹𝒔,𝒕 = 𝝁 + 𝜷𝟏𝑨𝑪𝒕−𝟏 + 𝜷𝟐𝑫𝒀𝒕−𝟏 + 𝜷𝟑𝑷𝑬𝒕−𝟏 + 𝜷𝟒𝑪𝑷𝑰𝒕−𝟏 + 𝜷𝟓𝑼𝑹𝒕−𝟏 + 𝜷𝟔𝑰𝑷𝒕−𝟏 + 𝜷𝟕𝑻𝑺𝒕−𝟏 + 𝜷𝟖𝑹𝑺𝑻𝑰𝒕−𝟏 + 𝜷𝟗𝑹𝒔,𝒕−𝟏 + 𝒗𝒊 + 𝜺𝒊,𝒕  

Country ACt-1 𝐃𝐘𝐭−𝟏 𝐏𝐄𝐭−𝟏 𝐂𝐏𝐈𝐭−𝟏 𝐔𝐑𝐭−𝟏 𝐈𝐏𝐭−𝟏 𝐓𝐒𝐭−𝟏 𝐑𝐒𝐓𝐈𝐭−𝟏  Rs, t-1  Adj. R2 

Canada -0.125*** -0.010 0.000 0.016** 0.000 0.003 0.000 -0.002 -0.031 0.150 

 (-5.08) (-1.93) (-0.33) (1.97) (1.56) (1.82) (0.03) (-0.73) (-0.85)  

Brazil 0.020 -0.077*** -0.003 0.050 0.000 0.001   -0.167** 0.242 

 (0.39) (-4.98) (-0.43) (1.73) (0.05) (0.75)   (-2.22)  

Mexico -0.085 -0.004 -0.003** -0.024 0.000 -0.004   -0.116 0.109 

 (-1.69) (-0.52) (-2.53) (-1.03) (1.18) (-0.72)   (-1.73)  
Note: ACt-1 refers to one-month lagged average correlation, 𝑋𝑘,𝑡−1 represents the other predictors with one-month lag (Rs,t-1, Rf,t-1, DPt-1, CAPEt-1, TSt-1, DSt-1). ***, 

** indicate statistical significance at the 1% and 5% levels, respectively. 
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The major findings are threefold: (1) one-month lagged average correlation 

outperforms the most traditional predictors across all financial markets; (2) many of the 

traditional predictors also have a significant and negative coefficient; (3) the adjusted R2 of 

the estimation for stock market returns in all financial market is on average more than 15%, 

which is relatively high in a prediction model. Consistent with the pattern manifested in this 

test, the one-month lagged average correlation has the strongest predictive power among all 

the predictors in most of the European financial markets. On average, dividend yield, PE ratio 

and unemployment rate are robust predictors for stock market returns in nearly half of the 

European financial markets. In the Asia and Asia-Pacific region, the one-month lagged 

average correlation, although not as effective as its performance in the European markets, 

still predicts subsequent stock market returns in 6 out of 10 sample stock markets. In the 

American region, average correlation predicts the Canadian stock market returns with a high 

significance level and outperforms all the other predictors. Comparatively, in the emerging 

stock markets such as the Brazilian and Mexican, average correlation is less significant. 

 

Average correlation with lagged stock market returns 

The literature suggests that previous stock returns contain information for predicting 

future stock returns. Researchers such as Campbell and Thompson (2007) and Welch and 

Goyal (2007) even contend that many predictors could not outperform historical stock market 

returns in predicting future returns. These comments express the concerns over the 

autocorrelation among the serial stock market returns. To address such concerns, this chapter 

employs a serial correlation model for further analyses regarding whether previous stock 

market returns could predict future stock market returns and whether the predictive power of 

average correlation is inferior to previous stock market returns. This chapter performed an 

LM test on the results of the serial correlation model to evaluate the serial correlation in the 



 

153 
 

1st and 2nd order error terms, in order to detect any potential serial correlation that has not 

been incorporated in the proposed model (Breusch & Pagan, 1980). The results of the serial 

correlation model and the LM test are presented in Table 5.9. 

 

Columns 2, 4 and 6 present the coefficient and t-statistics of average correlation in the 

1st; 1st, 2nd and 4th; and 1st to 12th order serial correlation models. In comparison with the 

results in Table 5.6, lagged average correlation remains a strong predictor, with higher levels 

of significance in most stock markets. The up-to-12-month lagged stock market returns 

neither significantly affect nor demonstrate a predictive power superior to the average 

correlation. Although the previous stock market returns do possess predictive power, they are 

less effective predictors. Comparison of the performances of average correlation in Tables 5.6 

and 5.7 shows that it is relatively independent from the previous stock market returns 

regarding the prediction of future stock market returns. The results of the LM test suggest that 

there is a serial correlation in the error term of the proposed model in almost half of the 

financial markets. This finding further supports and justifies the use of the Newey-West 

standard error estimation in addressing the issue of serial correlation. 
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Table 5.9: Serial correlation test 
                                                     𝑹𝒔,𝒕 = 𝝁 + ∑ 𝜷𝟏𝒋

𝟏𝟐
𝒊=𝟏 𝑹𝒔,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒕−𝟏 + 𝜺𝒊,𝒕 

Asia & Asia-Pacific 

Region 1st order LM test 

1st, 2nd & 4th 

order LM test 1st -12th order LM test 

Australia 0.899 0.484(1) 0.001 0.008(1) 0.003 0.024(1) 
 (0.13) 0.425(2) (0.05) 0.593(2) (0.17) 0.111(2) 

China 0.037 0.642(1) 0.031 0.270(1) 0.020 0.916(1) 
 (1.11) 0.230(2) (0.95) 0.120(2) (0.75) 0.185(2) 

Hong Kong -0.117*** 0.067(1) -0.109*** 0.407(1) -0.115*** 0.066(1) 
 (-3.91) 0.784(2) (-3.90) 0.654(2) (-4.22) 0.265(2) 

India -0.186*** 0.832(1) -0.186*** 0.302(1) -0.187*** 0.947(1) 
 (-4.42) 0.361(2) (-4.39) 0.753(2) (-4.37) 0.947(2) 

Japan -0.033*** 0.001(1) -0.033*** 0.000(1) -0.033*** 0.000(1) 
 (-2.82) 0.587(2) (-2.85) 0.000(2) (-2.73) 0.002(2) 

Malaysia 0.019 0.004(1) 0.029 0.777(1) 0.024 0.016(1) 
 (0.71) 0.017(2) (1.08) 0.324(2) (0.92) 0.614(2) 

New Zealand -0.114*** 0.653(1) -0.113*** 0.699(1) -0.120*** 0.289(1) 
 (-4.79) 0.391(2) (-4.80) 0.821(2) (-5.11) 0.250(2) 

Pakistan -0.088** 0.439(1) -0.095** 0.164(1) -0.108** 0.271(1) 
 (-2.02) 0.839(2) (-2.18) 0.835(2) (-2.36) 0.494(2) 

Singapore -0.046** 0.064(1) -0.044* 0.000(1) -0.037* 0.002(1) 
 (-2.03) 0.664(2) (-1.94) 0.008(2) (-1.72) 0.001(2) 

Thailand -0.166*** 0.230(1) -0.169*** 0.032(1) -0.161*** 0.139(1) 
 (-4.79) 0.435(2) (-4.81) 0.784(2) (-4.64) 0.962(2) 

European Region 
   

   

Austria -0.026** 0.871(1) -0.025** 0.591(1) -0.023* 0.502(1) 
 (-2.16) 0.916(2) (-2.11) 0.485(2) (-1.85) 0.922(2) 

Belgium -0.054*** 0.004(1) -0.052*** 0.005(1) -0.052*** 0.003(1) 
 (-3.55) 0.265(2) (-3.47) 0.311(2) (-3.42) 0.100(2) 

Denmark -0.036*** 0.273(1) -0.036*** 0.888(1) -0.037*** 0.377(1) 
 (-3.25) 0.168(2) (-3.27) 0.125(2) (-3.36) 0.551(2) 

Finland 0.014 0.336(1) 0.015 0.094(1) 0.018 0.028(1) 
 (0.50) 0.204(2) (0.55) 0.344(2) (0.63) 0.622(2) 

France -0.113*** 0.000(1) -0.115*** 0.000(1) -0.115*** 0.000(1) 
 (-6.36) 0.330(2) (-6.49) 0.000(2) (-6.48) 0.000(2) 

Germany -0.113*** 0.000(1) -0.113*** 0.000(1) -0.113*** 0.000(1) 
 (-6.29) 0.733(2) (-6.29) 0.000(2) (-6.36) 0.000(2) 

Greece -0.097*** 0.258(1) -0.080** 0.917(1) -0.074** 0.589(1) 
 (-2.68) 0.131(2) (-2.30) 0.000(2) (-2.25) 0.062(2) 

Italy -0.172*** 0.031(1) -0.171*** 0.040(1) -0.166*** 0.068(1) 
 (-7.46) 0.822(2) (-7.40) 0.328(2) (-7.24) 0.042(2) 

Netherlands -0.109*** 0.000(1) -0.108*** 0.000(1) -0.108*** 0.000(1) 
 (-6.64) 0.007(2) (-6.57) 0.000(2) (-6.58) 0.000(2) 

Norway -0.095*** 0.254(1) -0.096*** 0.473(1) -0.097*** 0.157(1) 
 (-4.02) 0.682(2) (-4.12) 0.059(2) (-4.16) 0.120(2) 

Portugal -0.060 0.839(1) -0.060 0.348(1) -0.079* 0.060(1) 
 (-1.42) 0.786(2) (-1.40) 0.222(2) (-1.82) 0.725(2) 

Spain -0.132*** 0.000(1) -0.137*** 0.000(1) -0.146*** 0.000(1) 
 (-5.80) 0.477(2) (-6.01) 0.001(2) (-6.57) 0.000(2) 

Switzerland -0.083*** 0.004(1) -0.084*** 0.000(1) -0.090*** 0.004(1) 
 (-5.80) 0.668(2) (-5.87) 0.009(2) (-6.35) 0.000(2) 

UK -0.048*** 0.000(1) -0.048*** 0.000(1) -0.047*** 0.001(1) 
 (-3.22) 0.012(2) (-3.18) 0.862(2) (-3.13) 0.126(2) 

American Region 
   

   

Canada -0.106*** 0.000(1) -0.107*** 0.000(1) -0.106*** 0.000(1) 
 (-6.71) 0.037(2) (-6.73) 0.000(2) (-6.66) 0.000(2) 

Brazil -0.085** 0.611(1) -0.087*** 0.115(1) -0.079** 0.029(1) 
 (-2.51) 0.545(2) (-2.58) 0.967(2) (-2.35) 0.257(2) 

Mexico -0.085*** 0.002(1) -0.095*** 0.006(1) -0.068** 0.601(1) 
 (-3.02) 0.066(2) (-3.49) 0.033(2) (-2.56) 0.899(2) 
Note: 1st order indicates the SMR at lag 1. 1st, 2nd &4th order indicates the SMRs at lag 1, 2 and 4. ***, ** indicate 

statistical significance at the 1% and 5% levels, respectively. 
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Estimate of average correlation: financial crises and sub-sample test 

Stock market predictability fluctuates as time elapses (Greenwald et al., 2014). Within a 

strand of literature which links economic conditions and productions to stock market return 

predictability (e.g., Wachter, 2013; Mensi et al., 2014; Bekiros et al., 2016), financial crises 

as a crossover event of both financial market crashes and economic depressions (Barro & 

Ursúa, 2017) have been presented as a factor for the stock market return predictability (Sui & 

Sun, 2016). To incorporate the time-varying property of stock market predictability, two sets 

of sub-sample period analyses have been conducted. The first set of analyses includes a 

dummy variable in the model to indicate the financial crises period (see full details of 

financial crises periods in Section 5.3.1, Model Specification). Additionally, the sample data 

belonging to the crisis periods are selected and analysed with the same model as used in the 

main test, Equation (5.2). Table 5.8 presents the results of the first set of analyses, with the 

left two columns reporting the coefficients and t-statistics of the average correlation and the 

dummy variable, financial crises, and the right-hand column reporting the coefficients and t-

statistics of the average correlation by using only the sample data of the financial crises 

periods. 
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Table 5.10: Estimates of lagged average correlation by sub-

sample periods 

Asia & Asia- 

Pacific Region 

Model Estimates 

(with FC Dummy) 

Model Estimates 

(FC Period only) 

ACt-1 Financial Crisis  ACt-1 

Australia 0.013 0.001 0.063** 
 (0.79) (0.23) (1.99) 

China -0.141 -0.018 0.025 
 (-0.55) (-1.51) (0.50) 

Hong Kong -0.101*** -0.027*** -0.070 
 (-3.34) (-2.72) (-1.21) 

India -0.127*** -0.010 -0.128* 
 (-3.44) (-0.81) (-1.79) 

Japan -0.040** -0.028*** -0.017 
 (-2.25) (-4.30) (-0.35) 

Malaysia 0.006 0.001 -0.028 
 (0.23) (0.15) (-0.76) 

New Zealand -0.073*** -0.010** -0.129*** 
 (-3.00) (-2.10) (-3.66) 

Pakistan -0.006 -0.011 -0.004 
 (-0.18) (-1.16) (-0.05) 

Singapore -0.068*** -0.007 -0.063 
 (-3.04) (-0.78) (-1.24) 

Thailand -0.090** -0.003 -0.081 
 (-2.32) (-0.32) (-1.02) 

European Region    

Austria -0.100** -0.003 -0.293** 
 (-2.11) (-0.10) (-2.38) 

Belgium -0.118*** -0.012 -0.206*** 
 (-5.00) (-1.27) (-4.43) 

Denmark -0.050** -0.009 -0.018 
 (-2.54) (-1.23) (-0.65) 

Finland 0.008 -0.013* 0.123* 
 (0.32) (-1.95) (1.74) 

France -0.095*** -0.004 -0.102** 
 (-4.24) (-0.55) (-2.04) 

Germany -0.090*** -0.014 -0.119** 
 (-3.50) (-1.63) (-2.32) 

Greece -0.066* -0.017 -0.087 
 (-1.69) (-1.38) (-0.95) 

Italy -0.155*** -0.007 -0.153*** 
 (-7.24) (-0.76) (-3.14) 

Netherlands -0.182*** -0.009 -0.220** 
 (-5.93) (-0.87) (-2.62) 

Norway -0.107*** -0.015* -0.130** 
 (-2.81) (-1.81) (-2.24) 

Portugal 0.003 -0.017 -0.140 
 (0.09) (-1.23) (-1.58) 

Spain -0.125*** -0.007 -0.114** 
 (-6.59) (-1.13) (-2.38) 

Switzerland -0.103*** -0.012** -0.105*** 
 (-5.98) (-2.52) (-2.61) 

UK -0.064*** -0.015*** -0.139*** 
 (-2.84) (-3.34) (-3.28) 

American Region    

Canada -0.124*** 0.001 -0.185*** 
 (-4.93) (0.28) (-4.94) 

Brazil 0.017 -0.002 0.080 
 (0.61) (-0.16) (1.03) 

Mexico -0.061 -0.013 -0.027 
 (-1.47) (-1.56) (-0.60) 

Note: FC indicates financial crisis periods. ***, ** indicate statistical significance at the 1% 

and 5% levels, respectively. 
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The results presented in the left two columns, show that the predictive power of average 

correlation is not significantly influenced by the financial crises periods. Comparison of the 

coefficients and t-statistics of the average correlation in previous tables and in Table 5.10 

shows no discernible difference between the predictive powers of average correlation in the 

two models. The right column presents the predictive power of the average correlation in the 

financial crisis periods. Average correlation has less predictive power, judged by both lower 

coefficient and t-statistics, in the financial crises periods, compared with the results presented 

in Table 5.6. One plausible explanation is that the financial crises are a latent variable in the 

relationship between average correlation and future SMRs. This is theoretically sound that all 

returns on industry portfolios tend to drop in financial crises. Therefore, financial crises 

would cause an increase in average correlation and predict future negative SMRs. In other 

words, the predictive power of average correlation is reduced with the presence of the 

variable of financial crises in the forecasting model. 

 

Another perspective is provided by Hwang and Sitorus (2014), which is that country 

contagion, or market integration, contributes more than industry integration to the variances 

in the stock market returns during the crisis periods. These researchers manage to isolate a 

“pure country effect” from a “pure industry effect” when examining the variance in returns. 

A further analysis in their study reveals a convergence of the industry and country effects 

during the period from 2002 to 2006, and a divergence of these two during the period from 

2007 to 2010. Therefore, their findings suggest that higher country-level co-movement 

substantially coincides with the financial crisis period while industry co-movement is 

increased with a lower magnitude. Similar evidence could also be found in the studies by 

Forbes and Rigobon (2002), Kenourgios, Samitas and Paltalidis (2011), and Bekaert, 

Ehrmann and Fratzscher (2014), that inter-country, or inter-market co-movement, will be 
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intensified during the crises periods whereas intra-country, or intra-market, co-movement is 

less significant comparatively. 

 

To further explore the time effects on stock market return predictability, this chapter 

uses one decade as a unit for a sub-sample analysis, except for the last period which spans 

from 2003 to 2016. Those countries that do not have full data during the whole period are 

analysed based on the available data. Table 5.11 presents the predictive power of average 

correlation in the four sub-sample periods (e.g., 1973–1982; 1983–1992; 1993–2002; 2003–

2016). 
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Table 5.11: Estimates of lagged average correlation by sub-sample of 

decades 
Asia & Asia-  

Pacific Region 

1973:1–1982:12 1983:1–1992:12 1993:1–2002:12 2003:1–2016:12 

ACt-1 ACt-1 ACt-1 ACt-1 

Australia 0.122 -0.010 0.020 -0.008 
 (1.33) (-0.23) (1.00) (-0.45) 

China   0.072 -0.015 
   (1.06) (-0.47) 

Hong Kong -0.694 -0.186*** -0.043 -0.134*** 
 (-1.46) (-3.69) (-0.58) (-3.99) 

India 0.122 -0.009 -0.144 -0.234*** 
 (1.33) (-0.18) (-1.65) (-7.51) 

Japan -0.025 -0.073** -0.020 -0.023 
 (-0.98) (-2.08) (-0.56) (-0.86) 

Malaysia   -0.050* 0.042** 
   (-1.68) (1.99) 

New Zealand   -0.158*** -0.077** 
   (-3.63) (-2.50) 

Pakistan   -0.089 -0.126** 
   (-0.94) (-1.96) 

Singapore -0.049 -0.054 -0.021 -0.067*** 
 (-0.43) (-1.12) (-0.37) (-2.71) 

Thailand   -0.148** -0.134*** 
   (-1.99) (-3.23) 

European Region     

Austria -0.015* 0.075 -0.059** -0.104** 
 (-1.69) (1.05) (-2.16) (-2.09) 

Belgium 0.307*** -0.072 -0.250*** -0.094*** 
 (2.42) (-1.05) (-2.99) (-3.90) 

Denmark 0.012 -0.057 -0.095*** -0.064** 
 (0.47) (-1.56) (-3.20) (-2.05) 

Finland   0.030 0.060** 
   (0.51) (1.99) 

France -0.115 -0.070 -0.067* -0.112*** 
 (-1.49) (-1.57) (-1.70) (-4.17) 

Germany -0.091* 0.016 -0.125** -0.123*** 
 (-1.89) (0.32) (-2.38) (-3.73) 

Greece   -0.131** -0.139** 
   (-2.50) (-1.82) 

Italy -0.335** -0.185*** -0.159*** -0.154*** 
 (-2.49) (-3.22) (-3.16) (-6.76) 

Netherlands -0.126*** -0.128*** -0.113*** -0.173*** 
 (-3.49) (-2.92) (-3.12) (-5.71) 

Norway  0.151 -0.104* -0.187*** 
  (1.45) (-1.76) (-3.75) 

Portugal   -0.020 -0.147*** 
   (-0.25) (-3.83) 

Spain   -0.151*** -0.151*** 
   (-3.24) (-6.05) 

Switzerland 0.019 -0.171*** -0.173*** -0.087*** 
 (0.74) (-5.59) (-4.68) (-4.15) 

UK -0.204*** 0.030 -0.011 -0.092*** 
 (-3.22) (0.32) (-0.14) (-3.29) 

American Region     

Canada -0.180*** -0.146** -0.130*** -0.138*** 
 (-4.73) (-2.31) (-3.32) (-5.17) 

Brazil   -0.136*** -0.069 
   (-3.01) (-1.66) 

Mexico   -0.022 -0.085 
   (-0.29) (-1.69) 

Note: ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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The sub-sample period analysis demonstrates a general trend that the predictive power 

of average correlation has been increasing along with the decades. If the sample period is set 

in a period from 2003 to 2016, average correlation could predict the SMRs in the subsequent 

month with a significant level of 5% in 22 markets out of 27 (representing 81.5%), especially 

for the stock markets in the European region. In contrast, average correlation only predicts 

future returns in 5 stock markets out of 15 (representing 33.3%) with the same significant 

level in the sample period from 1973 to 1982. When the sample period is restricted in the last 

sub-sample period, average correlation could predict future SMRs with a significant level of 

5% in all European markets and 7 Asia and Asia-Pacific markets out of 10.    

 

5.3.3 Panel data estimates 

The dataset used in chapter is technically called time-series cross-sectional (TSCS) data, 

which is defined as time-series data observed on different units (Beck, 2008). It is commonly 

suggested that the TSCS dataset has two levels – or hierarchies – of variances: one level of 

variance is related to the difference in the characteristics of the entities or units whereas the 

other level of variance is derived from the difference in a specific case (Bell & Jones, 2015). 

Applying this general setting to this chapter means that a higher level refers to a specific 

market and a lower level refers to the status of that market at a specific point in time. If the 

characteristic of a specific stock market 𝑖 is denoted as 𝑐𝑖, the return on that market at time 𝑡 

is denoted as 𝑦𝑖,𝑡, and the explanatory variables are denoted as 𝑥𝑖,𝑡, a simple standard random 

effects model would be: 

                                            𝑦𝑖,𝑡 = 𝛽0 + 𝛽1𝑥𝑖,𝑡 + 𝛽2𝑐𝑖 + (𝜇𝑖 + 𝜀𝑖,𝑡)                                   (5.10) 

the error term 𝜇𝑖 allows different intercepts for different markets and captures the difference 

“between” stock markets while the error term 𝜀𝑖,𝑡 is a case-specific residual which captures 

the difference “within” a stock market and between different time periods. This model could 
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be easily expanded to include multiple explanatory variables 𝑥 and multiple markets 𝑖. One 

underlying assumption is that the 𝜇𝑖 and 𝜀𝑖,𝑡 are normally distributed; however, another much 

stricter condition to be satisfied is that both error terms should be independent from the 

explanatory variables 𝑥𝑖,𝑡 and the market specific features 𝑐𝑖  (Bartels, 2008). Such an 

exogeneity assumption leads to a large-scale abandonment of the random effects model and is 

in favour of the fixed effects model, as the higher-level variance has been controlled out by 

using dummy variables 𝐷𝑗  and by taking out the “fixed” individual effect (Allison, 2009). A 

standard simple fixed effects model would be: 

                                                 𝑦𝑖,𝑡 = ∑ 𝛽𝑜𝑖𝐷𝑖
𝑖
𝑖=1 + 𝛽1𝑥𝑖,𝑡 + 𝜀𝑖,𝑡                                        (5.11) 

The procedures for taking away the individual effect could be formularised as: 

                                           (𝑦𝑖,𝑡 − �̅�𝑖) =  𝛽1(𝑥𝑖,𝑡 − �̅�𝑖) + (𝜀𝑖,𝑡 − 𝜀�̅�)                                 (5.12) 

 

As the fixed effects model uses relative values which measures only “within effect” 

(e.g., each value represents its distance from the arithmetic average), it suffers less from a 

heterogeneity bias (Greene, 2011). It seems that the fixed effects model is more appropriate 

for use in economics and finance (Schurer & Yong, 2012); however, Bell and Jones (2015) 

contend that the endogeneity, once being controlled, could take into consider the “between” 

effect among different stock markets; as well, Beck and Katz (2011) report that the random 

effects model performs better than the fixed effects model in working with the TSCS dataset. 

Moreover, the models used in this chapter, and throughout this chapter, suffer less from the 

endogeneity due to their predictive nature and to the lead-lag relationship between the 

dependent variable and the predictors. Therefore, this chapter uses both the random effects 

model and the fixed effects model in estimating the parameters of these predictors to obtain 

an overall assessment of how average correlation performs after pooling data from all stock 

markets together and controlling for the individual characteristics of each stock market. 
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Estimates of random effects model 

The final analysis forms an overall assessment of the predictive power of average 

correlation with two panel data regression models. Table 5.12 presents the results of 

regressing average correlation (the left column in a set of two columns) and all the predictors 

(the right column) on the stock market returns. Both random effects and fixed effects models 

are employed with optional clusters on the developed countries and emerging markets. 

Because of the data availability, only 12 countries are included if all the variables are to be 

used in the panel regression. 
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Table 5.12: Estimates of panel data models 

Panel regression Random effects Fixed effects 
Random effects 

(with cluster robust) 

Fixed effects 

(with cluster robust) 

ACt-1 -0.049*** -0.074*** -0.070*** -0.081*** -0.049*** -0.085*** -0.070*** -0.081*** 

 (-13.40) (-9.70) (-16.58) (-10.00) (-5.04) (-4.19) (-6.48) (-3.78) 

PE  0.001***  0.002***  0.001***  0.002*** 

  (5.36)  (5.09)  (2.72)  (3.02) 

DY  0.002***  0.001***  0.002***  0.001*** 

  (6.26)  (4.51)  (3.26)  (2.71) 

CPI  0.011***  0.011***  0.011***  0.011*** 

  (3.52)  (3.01)  (3.75)  (4.26) 

UR  0.000  0.000  0.000  0.000 

  (1.90)  (1.31)  (1.74)  (1.66) 

IP  0.001  0.001  0.001  0.001 

  (1.78)  (1.66)  (1.08)  (1.02) 

TS  0.000  0.000  0.000  0.000 

  (0.12)  (0.79)  (0.16)  (0.77) 

RSTI  -0.002***  -0.002***  -0.002***  -0.002*** 

  (-2.78)  (-2.73)  (-4.43)  (-5.18) 

Financial Crisis  -0.009***  -0.010***  -0.009***  -0.009*** 

  (-4.20)  (-4.06)  (-3.86)  (-3.55) 

Diagnostic test statistics 

Within Adj.R2 0.023 0.063 0.023 0.064 0.023 0.062 0.023 0.064 

Between Adj.R2 0.124 0.383 0.124 0.138 0.124 0.383 0.124 0.138 

Overall Adj.R2 0.014 0.063 0.014 0.059 0.014 0.063 0.014 0.059 

Number of Obs. 11746 3191 11746 3191 11746 3191 11746 3191 

Number of groups 27 12 27 12 27 12 27 12 

Wald chi2 (F for FE) 179.62 213.77 274.98 21.55 25.44 1236.27 41.94 97.77 

Prob>chi2 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Note: Fixed Effects: 𝑅𝑠,𝑡 = 𝜇 + 𝛽1𝐴𝐶𝑡−1 + 𝛽2𝑃𝐸 + 𝛽3𝐷𝑌 + 𝛽4𝐶𝑃𝐼 + 𝛽5𝑈𝑅 + 𝛽6𝐼𝑃 + 𝛽7𝑇𝑆 + 𝛽8𝑅𝑆𝑇 + 𝑣𝑖 + 𝜀𝑖,𝑡  where 𝑣𝑖  refers to time-invariant/fixed effects, 

unobserved heterogeneity, unit-specific error term. If 𝑣𝑖 is correlated with x’s, x is endogenous, it then needs to get rid of 𝑣𝑖, this leads to apply Fixed Effects. 

Otherwise, Random Effects could be employed. Therefore, the Random Effects displays as 𝑅𝑠,𝑡 = 𝜇 + 𝛽1𝐴𝐶𝑡−1 + 𝛽2𝑃𝐸 + 𝛽3𝐷𝑌 + 𝛽4𝐶𝑃𝐼 + 𝛽5𝑈𝑅 + 𝛽6𝐼𝑃 +
𝛽7𝑇𝑆 + 𝛽8𝑅𝑆𝑇 + 𝜀𝑖,𝑡 where DY is defined as Dividend Yield; PE: Price-Earnings ratio; CPI: Consumer Price Index; UR: Unemployment Rate; TS: Term Spread; 

RSTI: Related Short-term Interest Rate; IP: Industry Production. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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Estimates of fixed effects model 

Overall, the one-month lagged average correlation could significantly predict the 

subsequent stock market returns, with a t-statistic of 3.78 at the lowest. In the fixed effects 

model, country dummies are included to control for the heterogeneity across countries. Other 

significant predictors include the PE ratio, the DY, CPI and RSTI whilst financial crises 

periods are associated with a lower stock market return. Among all the significant predictors, 

average correlation has the highest coefficient and the highest t-statistics in all four models. 

The overall adjusted R2 is relatively low (approximately 1.4% for one variable model and 6.3% 

for all variables model), but is acceptable, given the large number of observations (e.g., 

11746 and 3191) and the predictive nature of these models. 

 

The key findings of this chapter can be briefly summarised into four focal points. First, 

the one-month lagged average correlation could significantly predict the stock market return 

of the subsequent month, albeit in a negative way. An increase in the average correlation, or 

fundamentally in the co-movement of industry portfolio returns, signals a decrease in the 

stock market return of the next month. Second, the inclusion of other predictors does not 

substantially influence the predictive power of average correlation. Through a simple 

comparison of the coefficient and t-statistics of each predictor, average correlation is seen to 

perform better than all the other predictors in the sample countries and during the sample 

period. Third, the predictive power of average correlation is not destroyed by any time effect, 

although it is stronger in the most recent period and weaker in the financial crises periods. 

Fourth, the panel data regression analyses suggest that average correlation, which is overall 

an effective predictor in a pooled dataset incorporating all the stock markets and is 

statistically more effective than all the other predictors. Additional robustness checks are 

taken to test whether the relationship is sensitive to the measure of stock market returns. 
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Instead of using the percentage change in stock market index (r) as the measure of return, the 

log return [ln(1+r)] has been used for regression analyses and the results are essentially the 

same (not tabulated). 

 

5.4 Conclusions 

The major contribution is that this chapter attests the predictive power of average 

correlation through multiple analytical techniques and extends the use of average correlation 

to an international context. The sample used encompasses both developed and emerging 

stock markets, different geographic regions, and distinct economic and institutional 

characteristics. The heterogeneity of various stock markets could easily cause a loss of 

generalisability of any single predictor. This chapter serves as an extension of Chapter 4 and 

re-examines the findings in different stock markets. Through extensive investigation of the 

predictive power of average correlation in 27 different stock markets globally, it could have 

concluded with a certain level of confidence that average correlation is a robust and effective 

predictor for the stock market returns in the subsequent month. The robustness and 

effectiveness of average correlation is supported by both the scale of the tests (of 27 markets) 

and the completeness of the tests (using various analytical methods).  

 

The average correlation has been tested against itself (with different time lags), against 

its peer predictors, against historical returns, against financial crisis periods and against time 

effect (through sub-sample analysis). Multiple testing techniques, including Newey-West 

standard error estimation, a serial correlation model and panel regression, address the 

complexity of the dataset in terms of heteroscedasticity, autocorrelation and heterogeneity. 

Therefore, this chapter contributes to the extant literature with an extensively tested and 

relatively less explored predictor, average correlation and with empirical evidence that 
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supports and justifies the use of this predictor. 

 

This chapter contributes to the research field of stock market predictability. Instead of a 

conventionally positive prediction, this chapter reports that an increase in the average 

correlation (that is, a measure of the co-movement of industry portfolio returns), predicts a 

lower stock market returns. Although Chapter 4 clearly indicates that an increased co-

movement of industry portfolio returns could predict a higher stock market return in two 

months, this chapter reveals an opposite pattern that such a co-movement predicts a lower 

stock market return internationally. For each stock market, this chapter uses returns on all 

tier-4 industry portfolios, with different numbers of industry portfolios in all stock markets.  

The relation between the average correlation of returns on industry portfolios and the 

subsequent stock market returns could [surely] not be purely spurious and negative. The 

results produced by using the data from the US market and from other financial markets are 

unsynchronised in the time lag between the average correlation and the subsequent stock 

market returns and are in conflict over how these two correlate. This conflict could be 

addressed by investigating whether the co-movement of returns on industry portfolios in the 

US market predicts the stock market returns of other financial markets (the topic of Chapter 

6). Co-integration among markets may itself reveal how the leading change in the US market 

could cause subsequent changes in the other financial markets and may explain the different 

time lag and the opposite prediction made by the average correlation. 

 

The results of this chapter have implications for market participants, researchers and 

policy setters. Average correlation, which has been tested against an international backdrop, 

could be used to predict a downward trend in stock market returns. For market participants, 

heightened average correlation could be a sign of lower stock market returns and should be as 
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important as those indicators which predict higher future stock market returns, on the grounds 

that avoiding losses is as crucial to investors as making gains. Both indicators could be useful 

for selecting trading strategies, so investors could still take advantage of the lower future 

stock market returns, for instance, by shorting a particular asset portfolio. As average 

correlation is not significantly influenced by any predictor, researchers could add it into most 

prediction models to serve as a primary predictor or for benchmarking. For policy makers, 

predicting lower stock market returns is essential for preventing possible market crashes. 

Policy setters could use the average correlation as an indicator of detecting a downward trend 

of stock market return and therefore prepare for possible market crashes. Overall, the findings 

of this chapter should provide valuable implications to all users and should facilitate the 

further use of average correlation as a predictor for future stock market returns. 
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Chapter 6 

Interdependence between the US Stock Market and  

the International Stock Markets: A Lead–Lag Analysis 

 

6.1 Introduction 

Chapter 4 introduced the features and potentials of average correlation as a predictor of 

future stock market returns by using the US dataset; Chapter 5 extended the examination of 

average correlation to an international context, showing that average correlation is a 

significant predictor, not only in the US stock market, but also in other international financial 

markets, both developed and emerging. Although average correlation has already been 

investigated in an international context, the investigation conducted so far has focused on 

each financial market domestically, without considering any “foreign” factors. Such isolation 

helps to simplify the predictive models and to highlight the predictive performance of 

average correlation in juxtaposition with other conventional predictors. However, one might 

question the usefulness of average correlation as a predictor in a “real” international finance 

context, considering both domestic and foreign factors. 

 

Stock market return predictability has so far been a prolific research topic stemming 

from three streams of literature. These streams, seen through different theoretical lenses, are 

dedicated to three broad categories of latent predictors: i) financial ratios, such as dividend 

yield or price-earnings ratio (Welch & Goyal, 2007; Rapach et al., 2010; Gupta et al., 2014); 

ii) macro variables, such as inflation rate or aggregate output (Boyd et al., 2005; Zolotoy et 

al., 2017); and iii) other factors, such as investor sentiment or financial crisis (Huang et al., 

2015; Mensi et al., 2016). In contrast, international stock market return predictability, as an 
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extension of stock market return predictability, has attracted far less academic attention. To 

date, many studies, which claim to be examining predictability in an international context, 

actually use one or a combination of multiple predictors to predict the stock market returns of 

individual stock markets continuously, similar to the practice outlined in Chapter 6 (e.g., 

Rapach et al., 2005; Herwartz & Morales-Arias, 2009; Jordan et al., 2014; Bahrami et al., 

2016; Charles et al., 2017). A small number of studies do consider the “foreign” influence in 

examining cross-national stock market return predictability (e.g., Lin, 2015; Sousa et al., 

2016; Siliverstovs, 2017; Narayan et al., 2018). Among these studies, only Lin (2015) uses 

returns of the Singapore stock market as a regional factor; the other three use the figures of 

the US stock market as a global factor, with two adopting the US stock market return and the 

other adopting the macro-economic variables of the US economy. 

 

Ng (2004) comments that international asset pricing should include five factors in 

addition to the traditional CAPM. Of these five factors, three factors are apropos of risks 

associated with foreign currency exchange rate; the other two factors are the covariate with 

world stock returns and the future news on world stock returns. If US stock market returns 

are used directly as a proxy for global influence on a domestic stock market, it is inevitable 

that the returns should be adjusted for the fluctuation in the currency exchange rate (Dolde et 

al., 2011; Guesmi & Teulon, 2014). It is understandable that investors would price an 

innovation from the US stock market, based on both the return or other macro-economic 

variable and the currency exchange rate, if the US stock market return is used as a proxy for 

global influence. However, technical indicators, such as the average correlation of individual 

assets in the US stock market, may be independent from the fluctuation of foreign currency 

exchange rate, as average correlation is an indicator for the movement of systematic risk per 

se rather than a measure of expected return. In this vein, the average correlation of individual 
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assets in the US stock market should be a better proxy for global influence if the influence is 

originated from the US stock market. 

 

The two main constraints on the generalised use of the ICAPM are the complexity of 

the model and the compensation, or premium, on the risks associated with exchange rate. The 

use of average correlation is arguably a solution for avoiding the inclusion of the exchange 

rate, which is technically not a “return”. Moreover, average correlation could be used for 

measuring both global and domestic systematic risk. Multi-collinearity has long been a 

concern for researchers, as overfitting many predictors into a predictive model could possibly 

boost the significance level, due to the correlations between those predictors. Although using 

the average correlation of the industry portfolio returns in the US market as a measure for 

global influence as well as using average correlation of industry portfolio returns in local 

market as a measure for domestic systematic risk, it is less likely that these two measures 

would have a high correlation. Testing the lag between the predictors and the future stock 

market returns they predict also provides additional evidence on the lead–lag relationship 

among global financial markets. If the current theoretical assumptions hold, the global factor 

(e.g., the average correlation of the US market) should have a longer lag than its domestic 

counterpart in predicting subsequent stock market returns. 

 

This chapter studies the international stock market return predictability by using 

average correlation of industry portfolio returns in the US market as a measure of the global 

factor and average correlation of industry portfolio returns in the domestic market as a 

measure of the local factor. Theoretically, the correlation between these two average 

correlations should be at least bigger than the correlation between the returns of two stock 

markets. Under the framework given by Markowitz (1952), Sharpe (1963), Lintner (1965) 
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and Fama (1968), and according to Roll’s (1977) critic, the return on a portfolio could be 

decomposed into a systematic component and an unsystematic component, while the 

systematic component is perfectly correlated with the return of the stock market portfolio. 

Considering that the portfolio p is the same as the stock market portfolio s, the return of the 

stock market portfolio 𝑅𝑠  should also comprise both a systematic component and an 

unsystematic component if the stock market portfolio is treated as a constituent of one true 

aggregate market portfolio, encompassing any individual asset. 

 

From a broad view, the return of one true aggregate market portfolio encompasses the 

returns of any stock market portfolio on the planet; this is similar to the relationship between 

the return of one single stock and the return of the stock market portfolio. As a result, the 

systematic component of any stock market should be perfectly correlated with the systematic 

component of other stock markets, while the uncorrelated component (e.g., the unsystematic 

one) is the idiosyncratic factor in the return of any stock market. In contrast, the underlying 

assumption behind average correlation is that it measures the co-movement of individual 

assets in a financial market while such a co-movement reveals the movement of the 

systematic factor, or risk, of that financial market (Pollet & Wilson, 2010). If this theoretical 

assumption holds, the average correlation of one stock market, by nature, should correlate 

with the average correlation of other stock markets. In modern finance theories, the return is 

exclusively associated with the systematic risk, whereas the unsystematic risk should be 

diversified and should bear no price implication. The use of average correlation thus avoids 

the unsystematic component embodied in the returns of the stock market portfolio and 

provides a more pertinent pricing factor to predict future returns. Additionally, the adjustment 

on the lag n between the average correlation of month t and the future return of month t+n 

provides a clear indication of the lead–lag relationship among the global stock markets. The 
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advocates of the leading role of the US stock market (e.g., Bekiros, 2014; Baruník et al., 2016; 

Bekiros et al., 2016; Ahmed et al., 2017) posit that the global factor should have a longer lag 

than the domestic factor in predicting future stock market returns. 

 

The research here, which first establishes the lag between the two main predictors, the 

US average correlation and the domestic average correlation, and the future stock market 

returns, subsequently tests the predictability of those stock market returns using the US stock 

market and 27 developed and emerging markets located across America, Europe, Asia and 

Africa that were used in Chapter 5. The data spans from 1 January 1973 to 31 December 2016. 

The selection of this sample data period is in line with this chapter’s research objective of 

international stock market return predictability. Connections of global financial markets at the 

early stages may not be sufficient to support the international return prediction. During the 

sample period, the global financial markets are more integrated with the level of the cross-

border activities, such as foreign shareholding or cross-listing (Yu et al., 2010; Jacks et al., 

2011). The tightening on regional economic bounds, such as of North American Free Trade 

Agreement, the emergence of the Euro and the increase of economic integration within the 

European Union, also promotes the financial market integration at a regional level. Three 

groups of estimation are conducted in this chapter: i) establishing the lag between the two 

main predictors (the US average correlation and the domestic average correlation) and the 

future stock market returns; ii) estimating the future stock market returns using average 

correlations and conventional predictors as benchmarks; iii) robustness checks. 

 

The main results reported in this chapter find that both the US and local average 

correlations could significantly predict future stock market returns in a one-month lag: in 

some stock markets, the average correlations have predictive power in multiple lags. 
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Geographically, the European countries are more influenced by both the US market and the 

domestic market: 11 out of 14 European stock market returns are predicted by both the US 

and local average correlations in a model with only average correlation. Asia and Asia-

Pacific stock market returns have less predictability in general, as the results of both average 

correlation and conventional predictors are less significant than those in the European 

markets. Both the US and the local average correlation predict 5 out of 10 Asia and Asia-

Pacific stock market returns using a model with only average correlation; this drops to 3 for 

the US average correlation and remains unchanged for the local average correlation after 

including conventional predictors. In the American region, Canada has higher stock market 

return predictability than those of Brazil and Mexico, while both the US and the local average 

correlations are significant in predicting the future returns of the Canadian stock market. It is 

rational to propose that the factor behind the stock market return predictability is either the 

geographic location or the status of development.  

 

Another general pattern is that the US and the local average correlations both have 

predictive power, or neither has. The finding indicates that stock market predictability is 

market dependent. On a time horizon, the latest period (e.g., 2003–2016) sees a most 

significant stock market return predictability across all regions. In the earliest sample period 

(e.g., 1973–1982) the US and local average correlation, with other conventional predictors, 

have the least predictive power. On average, the predictability of all stock market returns has 

increased along with the time horizon. Three factors – the increasing intensity of international 

trading, globalisation and the integration of financial markets – may contribute to the higher 

level of stock market return predictability, which is found to be higher in recent years than in 

the earlier period. 
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This chapter contributes to the current literature on four counts. First, it provides 

empirical evidence of the influence of both a global factor and a local factor on the stock 

market returns, as both the US and the local average correlations predict one-month lagged 

stock market returns in more than half of the 27 stock markets. Second, it provides a 

convenient way of including the global factor in a predictive model without being overly 

affected by the fluctuation in the exchange rate. In previously used predictive models with 

international influences, the use of absolute value, such as the US stock market returns or the 

US interest rate, introduces additional risk for the exchange rate between the US dollar and 

the local currency. The use of average correlation as a measure of global systematic risk 

avoids the inclusion of exchange rate risk, as this is a technical indicator rather than an 

absolute value.  

 

Third, the sub-sample test provides evidence of the time-varying stock market return 

predictability. Although conventional predictors have more dominant predictive power for 

instance, sub-sample periods for the US and local average correlations have stronger 

predictive power in the latest decade. This challenges the previous findings of conventional 

predictors, suggesting a dynamic nature for the constituents of a most efficient predictive 

model. Fourth, it suggests revisiting the connection between geographic location and stock 

market return predictability. The findings of this chapter suggest that the overall stock market 

return predictability is higher in some markets than in others. For example, the European 

stock markets generally have a higher predictability than the Asia-Pacific and American stock 

markets. Whether this finding could be attributed to the underlying international trading, the 

status of development or the increase in the integration of financial markets within the same 

region needs to be further explored. 
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The rest of this chapter is organised as follows. Section 6.2 identifies the data source 

and empirical model. Section 6.3 displays the results and discusses the role that US average 

correlation plays in predicting stock market return on international markets. Section 6.4 

concludes this chapter. 

 

6.2 Methodology and data 

6.2.1 Model specification 

To investigate the lead–lag relationship of the US and the other 27 stock markets, the 

analytical procedures include three categories. First, this research identifies the most effective 

lagged average correlation by undertaking the following procedures: (i) estimating each 

lagged average correlation of 48 US industry portfolio returns (𝐴𝐶𝑢,𝑡−𝑗 ) and that of the 

industry portfolio returns in each country (𝐴𝐶𝑖,𝑡−𝑗), by employing one- to four-month lags 

separately; (ii) aggregately using both one- to four-month lagged average correlation of 48 

US industry portfolios and that of the industry portfolio returns in each country to predict the 

current stock market return; (iii) using one-month lagged domestic stock return as a control 

variable (𝑅𝑠,𝑡−1). Hereafter, the following abbreviations apply: average correlation of the US 

industry portfolio returns (US average correlation); the average correlation of the industry 

portfolio returns of each country (local average correlation). Model (6.1) is specified as 

follows: 

                              𝑅𝑖,𝑡 = 𝛽0 + 𝛽1 𝐴𝐶𝑢,𝑡−𝑗 + 𝛽2 𝐴𝐶𝑖,𝑡−𝑗+ 𝛽3𝑅𝑖,𝑡−1 + 𝜀𝑖.𝑡                            (6.1) 

                   𝑅𝑖,𝑡 = 𝛽0 + ∑ 𝛽1𝑗
 𝐴𝐶𝑢,𝑡−𝑗

4
𝑗=1 + ∑ 𝛽2𝑗𝐴𝐶𝑖,𝑡−𝑗

4
𝑗=1 + 𝛽3 𝑅𝑖,𝑡−1 + 𝜀𝑖,𝑡                  (6.2) 

where 𝐴𝐶𝑢,𝑡−𝑗  denotes the US average correlation and 𝐴𝐶𝑖,𝑡−𝑗  denotes the local average 

correlation in the stock market 𝑖, both testing on one- to four-month lags (𝐿𝑎𝑔 𝑡 − 𝑗, 𝑗 =

1,2,3,4). In the first test, the US and local average correlation are modelled in pairs and 
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examined separately using Model (6.1); for example, the one-month lagged US average 

correlation and the one-month lagged local average correlations are examined in one 

estimation. 

 

In the second test, the one- to four-month lagged US and local average correlations are 

modelled together and examined aggregately using Model (6.2). Results from this model 

should identify the most effective average correlation that would be used throughout the rest 

of this chapter. The second category of tests applies the most effective average correlation 

revealed in the first category of tests while incorporating other conventional predictors as 

benchmarks. The comprehensive test with all conventional predictors uses Model (6.3), 

which is specified as follows: 

           𝑅𝑖,𝑡 = 𝛽0 + 𝛽1 𝐴𝐶𝑢,𝑡−𝑗 + 𝛽2 𝐴𝐶𝑖,𝑡−𝑗 + ∑ 𝛽3𝑗 𝑋𝑖,𝑡−1
7
𝑖=1 + 𝛽4 𝑅𝑖,𝑡−1 + 𝜀_(𝑖, 𝑡)             (6.3) 

In Model (6.3), 𝑋𝑖,𝑡−1 denotes all conventional predictors, for example PE, DY, TS, RSTI, 

CPI, UR, and IP. All these predictors are local to the stock market 𝑖. As noted, PE and DY are 

the two common variables from the category of financial ratios; TS and RSTI are measures 

for volatilities in the interest rate; and CPI, UR and IP are macro-economic indicators. The 

results from the estimation reveal whether lagged US and international average correlations 

are at least as effective as these benchmarks for predicting future stock market returns 𝑅𝑖,𝑡 . 

 

Third, a sub-sample test on stock market predictability is performed to specifically 

account for the impact of the year effect and major financial crisis. The entire dataset has 

been divided into four decades, 1973–1982, 1983–1992, 1993–2002, and 2002–2016. A 

dummy variable is included to indicate the periods of major financial crises. The sub-sample 

test uses the same model as the second test, Model (6.3). The results of conventional 

predictors are not reported as it requires spaces to report all the results and it distracts from 
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the major focus on the US and local average correlations. This test is intended to analyse 

whether the predictive power of lagged US average correlation is sensitive to a particular 

decade in relation to the lagged local average correlation. 

 

6.2.2 Model variables and the data sources 

The main predictors used in this chapter are classified into four broad categories. The 

first category is the proxy for global influence on a domestic stock market. Conventionally, 

previous studies consider the US stock market as a source, or maybe the source, of a global 

factor (e.g., Sousa et al., 2016; Siliverstovs, 2017; Narayan et al., 2018). This chapter agrees 

that the US stock market will be a primary source of global influence but innovatively uses 

the average correlation of pairwise industry portfolio returns in the US stock market as a 

measure of the global factor. Pollet and Wilson (2010) contend that average correlation 

reveals the movement of the true systematic risk in one stock market. In CAPM and other 

asset pricing models, the expected return is correlated with the systematic risk component. In 

this vein, the expected returns of domestic stock markets should be more closely associated 

with average correlation rather than with the stock market returns of the US market, which 

are co-determined by numerous factors other than systematic risk.  

 

Table 6.1 presents the pairwise correlation among both the returns of the 28 stock 

markets and the average correlation of the 28 stock markets. Below the diagonal border, the 

lower half shows the pairwise correlation among the 28 stock market returns; above the 

border, the upper half shows the pairwise correlation among the 28 stock market average 

correlations. Correlation coefficients higher than a significance level of 5% are presented, 

otherwise blank. Theoretically, expected return comprises both systematic risk and 

unsystematic risk whereas average correlation is associated only with systematic risk, as it 
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measures the co-movement of returns on individual asset portfolios. In this sense, the 

pairwise correlation between the average correlations of the 28 stock market returns should 

all be significant as, by definition, the systematic component of any stock market portfolio 

should be perfectly correlated with each other, as they are all correlated with the return on a 

true aggregate portfolio. 
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Table 6.1 Pairwise correlation of stock market returns and average correlations in 28 stock markets (including the US) 

 𝐀𝐂𝟐𝟖 𝐀𝐂𝟐𝟕 𝐀𝐂𝟐𝟔 𝐀𝐂𝟐𝟓 𝐀𝐂𝟐𝟒 𝐀𝐂𝟐𝟑 𝐀𝐂𝟐𝟐 𝐀𝐂𝟐𝟏 𝐀𝐂𝟐𝟎 𝐀𝐂𝟏𝟗 𝐀𝐂𝟏𝟖 𝐀𝐂𝟏𝟕 𝐀𝐂𝟏𝟔 𝐀𝐂𝟏𝟓 𝐀𝐂𝟏𝟒 𝐀𝐂𝟏𝟑 𝐀𝐂𝟏𝟐 𝐀𝐂𝟏𝟏 𝐀𝐂𝟏𝟎 𝐀𝐂𝟗 𝐀𝐂𝟖 𝐀𝐂𝟕 𝐀𝐂𝟔 𝐀𝐂𝟓 𝐀𝐂𝟒 𝐀𝐂𝟑 𝐀𝐂𝟐 𝐀𝐂𝟏  

𝑅1  0.45 0.22 0.26 0.35 0.19 0.23  0.11 0.28 0.34 0.24 0.12  0.24 0.20 0.09  0.31 0.37 0.39 0.13  0.30 0.28 0.19 0.10 0.14 𝐴𝐶28 

𝑅2   0.19 0.42 0.56 0.22 0.30 0.17 0.45 0.36 0.55 0.35 0.17 0.16 0.50 0.26 0.22  0.58 0.61 0.60 0.28 0.20 0.33 0.46 0.35 0.18 0.31 𝐴𝐶27 

𝑅3  0.48  0.19 0.20 0.18 0.15 0.15  0.13 0.20 0.25 0.19 0.22 0.16 0.15 0.15 0.11 0.16 0.22 0.14 0.19  0.19 0.24 0.26 0.21 0.21 𝐴𝐶26 

𝑅4  0.47 0.41  0.60 0.22 0.41  0.46 0.38 0.63 0.31 0.34 0.44 0.40 0.24 0.39  0.63 0.59 0.49 0.36  0.51 0.32 0.63 0.38 0.55 𝐴𝐶25 

𝑅5  0.42 0.49 0.60  0.24 0.51  0.47 0.41 0.63 0.38 0.29 0.39 0.65 0.27 0.32  0.63 0.63 0.54 0.55 0.13 0.47 0.45 0.64 0.50 0.53 𝐴𝐶24 

𝑅6   0.14 0.29 0.13  0.29 0.17 0.23 0.25 0.30 0.15 0.60  0.26 0.20 0.39  0.22 0.10  0.16 0.16 0.18 0.25 0.14   𝐴𝐶23 

𝑅7  0.38 0.50 0.41 0.46   0.13 0.21 0.30 0.41 0.23 0.32  0.37 0.20 0.23 0.16 0.34 0.38 0.33 0.38  0.36 0.29 0.48 0.40 0.35 𝐴𝐶22 

𝑅8  0.12 0.18 0.24 0.17 0.13 0.13  0.13 0.12 0.13 0.15 0.13   0.13  0.13 0.12 0.16 0.14 0.12  0.12 0.24 0.16   𝐴𝐶21 

𝑅9  0.45 0.66 0.55 0.58 0.16 0.45 0.25  0.33 0.52 0.31 0.19 0.42 0.50 0.18 0.40 -0.17 0.51 0.49 0.38 0.37 0.16 0.39 0.44 0.47 0.39 0.48 𝐴𝐶20 

𝑅10  0.56 0.64 0.50 0.52 0.14 0.52 0.18 0.68  0.35 0.29 0.18 0.29 0.42 0.19 0.34  0.37 0.37 0.36 0.45 0.14 0.38 0.33 0.39 0.36 0.44 𝐴𝐶19 

𝑅11  0.44 0.40 0.44 0.39 0.18 0.36 0.20 0.49 0.46  0.23 0.29 0.35 0.49 0.27 0.44  0.71 0.63 0.52 0.46 0.14 0.51 0.38 0.58 0.32 0.50 𝐴𝐶18 

𝑅12  0.32 0.33 0.51 0.42 0.19 0.31 0.15 0.36 0.41 0.32  0.17 0.31 0.31 0.30 0.24  0.31 0.40 0.45 0.37  0.38 0.54 0.39 0.34 0.41 𝐴𝐶17 

𝑅13  0.28 0.24 0.43 0.29  0.23  0.32 0.33 0.24 0.33   0.23 0.14 0.41  0.19 0.12  0.11  0.24 0.21 0.27  0.11 𝐴𝐶16 

𝑅14  0.38 0.51 0.47 0.44  0.42 0.25 0.61 0.55 0.46 0.29 0.26  0.23 0.17 0.28 -0.17 0.42 0.47 0.38 0.25  0.38 0.28 0.59 0.50 0.67 𝐴𝐶15 

𝑅15                0.27 0.31  0.53 0.53 0.51 0.31 0.13 0.32 0.47 0.41 0.30 0.35 𝐴𝐶14 

𝑅16      0.19  0.24 0.10   0.17     0.23  0.24 0.28 0.35 0.23  0.28 0.34 0.26 0.25 0.33 𝐴𝐶13 

𝑅17  0.32 0.39 0.66 0.44 0.18 0.31 0.14 0.41 0.37 0.25 0.37 0.27 0.27 -0.14   -0.23 0.38 0.29 0.20 0.24 0.20 0.35 0.31 0.37 0.18 0.40 𝐴𝐶12 

𝑅18  0.51 0.73 0.49 0.64 0.17 0.57 0.17 0.73 0.77 0.44 0.44 0.36 0.57   0.41            𝐴𝐶11 

𝑅19 -0.13 0.37 0.43 0.40 0.50  0.42  0.46 0.43 0.31 0.43 0.14 0.38   0.24 0.49  0.71 0.60 0.41 0.22 0.49 0.48 0.59 0.42 0.55 𝐴𝐶10 

𝑅20  0.47 0.56 0.61 0.60 0.19 0.52 0.20 0.58 0.57 0.42 0.45 0.28 0.39   0.42 0.64 0.45  0.72 0.34 0.16 0.50 0.43 0.61 0.44 0.56 𝐴𝐶9 

𝑅21  0.27 0.14 0.26 0.20  0.23 0.18 0.19 0.17 0.14 0.25 0.18 0.18  0.15 0.25 0.20 0.24 0.18  0.61  0.48 0.47 0.55 0.57 0.62 𝐴𝐶8 

𝑅22  0.51 0.59 0.51 0.57 0.20 0.55 0.19 0.72 0.62 0.48 0.41 0.30 0.65   0.33 0.64 0.46 0.54 0.27   0.34 0.43 0.38 0.27 0.37 𝐴𝐶7 

𝑅23  0.31 0.40 0.46 0.47 0.15 0.36 0.17 0.38 0.42 0.34 0.60 0.32 0.35  0.18 0.41 0.52 0.46 0.51 0.22 0.38  0.11 0.14 0.13   𝐴𝐶6 

𝑅24  0.55 0.63 0.50 0.60 0.13 0.56 0.25 0.70 0.67 0.54 0.51 0.24 0.67 -0.14  0.44 0.69 0.46 0.59 0.17 0.70 0.53  0.47 0.55 0.35 0.57 𝐴𝐶5 

𝑅25  0.49 0.49 0.44 0.58  0.53 0.20 0.65 0.71 0.41 0.37 0.25 0.52   0.39 0.74 0.52 0.59 0.23 0.62 0.47 0.68  0.38 0.37 0.35 𝐴𝐶4 

𝑅26  0.38 0.37 0.36 0.44 0.15 0.31  0.34 0.43 0.20 0.54 0.25 0.30  0.20 0.32 0.41 0.33 0.38 0.22 0.26 0.58 0.34 0.37  0.52 0.66 𝐴𝐶3 

𝑅27  0.38 0.60 0.57 0.59 0.15 0.43 0.25 0.61 0.55 0.44 0.44 0.30 0.48   0.44 0.70 0.53 0.63 0.19 0.57 0.59 0.66 0.65 0.46  0.51 𝐴𝐶2 

𝑅28      0.15 0.12 0.51   0.11 0.10    0.47     0.17 0.12 0.11 0.17     𝐴𝐶1 

 𝑅1 𝑅2 𝑅3 𝑅4 𝑅5 𝑅6 𝑅7 𝑅8 𝑅9 𝑅10 𝑅11 𝑅12 𝑅13 𝑅14 𝑅15 𝑅16 𝑅17 𝑅18 𝑅19 𝑅20 𝑅21 𝑅22 𝑅23 𝑅24 𝑅25 𝑅26 𝑅27 𝑅28  
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Control variables used in this chapter are the same as those used in Chapter 5. Data 

used in this chapter are a combination of the data used in Chapter 4 and Chapter 5. For 

computing the average correlation of the US stock market return and the 48 industry portfolio 

return, the data are sourced from Kenneth French’s Data Library. The stock market return, 

industry portfolio return, financial ratios and macroeconomic variables data of the other 27 

stock markets are sourced from DataStream. A detailed introduction has been provided in 

Chapter 5 and is not reiterated here. 

 

6.3 Empirical results and discussion 

Following the proposed methods, the most effective US and local average correlation 

are examined first separately and in pairs, e.g., one-month lagged US and local average 

correlation as one pair, and later aggregately. Due to the length of the table, the table is 

divided into three sub-table to highlight the geographic areas: Table 6.2 shows the predictive 

power of the US and the local average correlations in the Asia-Pacific region in Model (6.1); 

Table 6.3 shows the results in the European region; Table 6.4 shows the results in the 

American region. 

 

The results could easily be categorised into four types: the US average correlation 

dominates the predictability of local future stock market returns; the local average correlation 

dominates the predictability of local future stock market returns; both the US and local 

average correlations have predictive powers; and neither the US nor the local average 

correlation has predictive power. As a general pattern, the US average correlation, a proxy for 

global systematic risk, has less influence on local stock markets in the Asia-Pacific region 

and the American region but more influence on stock markets in Europe. Returns of Indian, 

Japanese, Thailand, and Mexican stock markets are mainly predicted by the local average 
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correlation but not by the US average correlation. This finding is particularly counter-

intuitive to the common perception that the US and Japan economies are strongly bound. 

 

Previous studies have reported that the connection of the US and Asia stock markets 

may not be as strong as perceived. Liu and Pan (1997) report that the US has been more 

influential than Japan in transmitting the returns and volatilities in the Asia region, although 

the transmission is unstable and is affected by the contagion effect. Ng (2000) suggests that 

the regional spill-overs from Japan are more significant than the global spill-overs from the 

US market. Zhang and Zhuang (2017) argue that there are no significant spill-overs between 

the US and China, but that volatility spill-overs from the US do transmit among East Asia 

markets.  

 

In contrast, there is also evidence to support the significant influence of the US stock 

market on the Asia stock markets. Rapach et al. (2013) contend that the lagged US returns 

could predict the returns of non-US industrialised countries. Li and Giles (2015) report a 

unidirectional shock and volatility spill-overs from the US market to both the Japanese and 

other Asia markets and note that the spill-overs between the US and the Asia stock markets 

become stronger and bidirectional during the Asian financial crisis. Chen et al. (2017) use 

daily international volatility index innovations from seven stock markets, including the US, 

significantly but negatively predict the overnight stock market returns of Chinese stock 

market and among which the US index has the dominant predictive power. This 

insignificance of the US, or global in general, influence could be possibly explained by the 

dominance of local systematic factor. The results for the stock markets in Hong Kong, India, 

Thailand, Japan, Malaysia, and Mexico demonstrate that domestic average correlation could 

significantly predict future stock market returns at a one-month lag while the US average 
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correlation has no influence on the future stock market returns of these economies. 

 

In the Europe region, the influence of the US stock market has been prominent 

compared with the Asia-Pacific and American regions. The returns of 11 out of 14 stock 

markets could be predicted by the US average correlation whereas 9 out of those 11 stock 

market returns are co-predicted by the domestic average correlation. The significance of both 

global and local influences is underpinned by previous research. Rapach et al. (2013) and 

Aye et al. (2017) report that the US returns could have a prediction for non-US industrial 

countries, most of which are in Europe. Baele (2005) reports that the spill-overs from both 

the EU and the US affect 13 local European equity markets; Kenourgios and Samitas (2011) 

show long-run co-integrating relations, both among the Balkan stock markets and between 

these stock markets and the US stock market. Economically, the European economies have 

long been regarded as being tied to the US economy (Wojcik, 2018). Therefore, there is no 

surprise that the US average correlation has more predictive power in the European stock 

markets. Comparatively, the local average correlation also predicts future returns of 11 out of 

14 European stock markets at a one-month lag. In Europe, neither the global factor nor the 

domestic factor is in a position of dominance; they both predict future returns at a one-month 

lag in most European stock markets. The most common time lag between the predictor and 

the predicted returns is a one-month lag, which rejects the assumption that the US influence 

leads the domestic influence. Otherwise, the US average correlation should significantly 

predict individual stock market returns at a longer lag than that predicted by the local average 

correlation. 
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Table 6.2 Estimates of lagged average correlation of the US market on the SMR in the Asia and Asia-Pacific region 

                                                  𝑹𝒔,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖,𝒕−𝒋 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝒋 + 𝜷𝟑𝑹𝒔,𝒕−𝟏 + 𝜺i,t 

Asia-Pacific 

Region 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟐 𝐀𝐂𝐢,𝐭−𝟐 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟑 𝐀𝐂𝐢,𝐭−𝟑 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟒 𝐀𝐂𝐢,𝐭−𝟒 𝐑𝟐 

Australia -0.004 

(-0.25) 

0.002 

(0.10) 

0.00 -0.006 

(-0.40) 

0.011 

(0.69) 

0.01 0.011 

(0.69) 

-0.001 

(-0.06) 

0.00 -0.008 

(-0.50) 

0.006 

(0.41) 

0.00 

New Zealand -0.050*** 

(-2.79) 

-0.082*** 

(-3.03) 

0.09 -0.001 

(-0.12) 

-0.051 

(-1.92) 

0.01 -0.001 

(-0.04) 

-0.010 

(-0.33) 

0.00 -0.006 

(-0.53) 

-0.006 

(-0.53) 

0.00 

Asia Region             

China -0.055 

(-1.34) 

0.039 

(0.99) 

0.02 -0.022 

(-0.78) 

0.023 

(0.67) 

0.02 -0.011 

(-0.39) 

0.023 

(0.74) 

0.01 -0.034 

(-1.05) 

0.044 

(1.30) 

0.02 

Hong Kong -0.099*** 

(-2.87) 

-0.100*** 

(-3.03) 

0.06 -0.015 

(-0.49) 

-0.013 

(-0.42) 

0.01 0.008 

(0.28) 

0.015 

(0.46) 

0.00 0.034 

(1.51) 

-0.012 

(-0.39) 

0.01 

India -0.034 

(-0.95) 

-0.175*** 

(-3.71) 

0.07 0.007 

(0.19) 

-0.022 

(-0.53) 

0.02 0.024 

(0.73) 

-0.040 

(-0.63) 

0.02 0.020 

(0.64) 

-0.033 

(-0.65) 

0.02 

Japan -0.003 

(-0.17) 

-0.033*** 

(-2.62) 

0.03 -0.034 

(-1.69) 

-0.062*** 

(-4.79) 

0.07 -0.044** 

(-2.10) 

-0.063*** 

(-4.92) 

0.08 0.006 

(0.37) 

-0.015 

(-1.21) 

0.01 

Malaysia 0.013 

(0.51) 

0.016 

(0.66) 

0.01 0.012 

(0.50) 

0.035 

(0.82) 

0.01 0.031 

(1.25) 

0.057*** 

(2.60) 

0.02 0.026 

(0.93) 

0.031 

(1.15) 

0.01 

Pakistan -0.015 

(-0.38) 

-0.089 

(-1.89) 

0.02 -0.007 

(-0.24) 

0.057 

(1.21) 

0.01 -0.007 

(-0.20) 

0.000 

(0.01) 

0.00 0.030 

(1.13) 

0.026 

(0.59) 

0.01 

Singapore -0.083*** 

(-3.22) 

-0.026 

(-0.94) 

0.05 0.030 

(1.35) 

0.017 

(0.89) 

0.02 0.035 

(1.62) 

0.026 

(1.21) 

0.03 0.033 

(1.82) 

0.028 

(1.18) 

0.02 

Thailand -0.037 

(-1.13) 

-0.164*** 

(-4.04) 

0.07 0.049 

(1.66) 

-0.098*** 

(-3.09) 

0.03 0.038 

(1.21) 

-0.005 

(-0.14) 

0.01 0.096*** 

(2.63) 

-0.074** 

(-1.96) 

0.04 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗 denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗 denotes the local average correlation in each country i, j= {1,2,3,4}. The 

control variable 𝑅𝑖,𝑡−1 denotes the one-month lagged historical return. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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Table 6.3 Estimates of lagged average correlation of the US market on the SMR in the European region 

                                   𝑹𝒔,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖,𝒕−𝒋 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝒋 + 𝜷𝟑𝑹𝒔,𝒕−𝟏 + 𝜺𝒊,𝒕 

Country 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟐 𝐀𝐂𝐢,𝐭−𝟐 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟑 𝐀𝐂𝐢,𝐭−𝟑 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟒 𝐀𝐂𝐢,𝐭−𝟒 𝐑𝟐 

Austria -0.064*** 

(-3.55) 

-0.021** 

(-2.14) 

0.11 -0.005 

(-0.35) 

-0.005 

(-0.50) 

0.08 0.013 

(1.00) 

-0.007 

(-0.59) 

0.08 0.024** 

(2.02) 

-0.012 

(-1.20) 

0.08 

Belgium -0.061*** 

(-3.45) 

-0.035** 

(-2.02) 

0.08 0.011 

(0.93) 

0.017 

(0.97) 

0.04 0.016 

(1.14) 

0.004 

(0.21) 

0.03 0.014 

(0.90) 

0.007 

(0.36) 

0.03 

Denmark -0.063*** 

(-3.73) 

-0.023** 

(-2.00) 

0.07 0.027 

(1.45) 

-0.002 

(-0.18) 

0.03 0.027 

(1.65) 

-0.012 

(-1.04) 

0.03 0.009 

(0.63) 

0.006 

(0.51) 

0.03 

Finland -0.011 

(-0.28) 

0.024 

(0.67) 

0.04 -0.039 

(-1.21) 

0.051 

(1.50) 

0.04 -0.048 

(-1.61) 

0.049 

(1.72) 

0.05 -0.034 

(-1.04) 

0.042 

(1.23) 

0.04 

France -0.043 

(-1.89) 

-0.088*** 

(-3.86) 

0.08 -0.003 

(-0.16) 

0.021 

(0.98) 

0.01 -0.002 

(-0.12) 

0.017 

(0.68) 

0.01 0.003 

(0.14) 

0.009 

(0.32) 

0.01 

Germany -0.053*** 

(-2.57) 

-0.079*** 

(-3.44) 

0.09 -0.012 

(-0.73) 

0.056*** 

(3.04) 

0.02 -0.018 

(-1.15) 

0.049*** 

(2.83) 

0.02 0.015 

(0.92) 

0.015 

(0.76) 

0.01 

Greece -0.118*** 

(-3.01) 

-0.102** 

(-2.03) 

0.07 -0.040 

(-1.25) 

-0.044 

(-1.26) 

0.02 -0.033 

(-1.29) 

-0.068 

(-1.75) 

0.02 -0.012 

(-0.44) 

-0.036 

(-1.01) 

0.01 

Italy -0.039 

(-1.39) 

-0.152*** 

(-5.07) 

0.11 0.029 

(1.26) 

-0.031 

(-1.15) 

0.02 0.016 

(0.78) 

-0.023 

(-0.83) 

0.01 0.029 

(1.51) 

-0.066*** 

(-2.64) 

0.02 

Netherlands -0.063*** 

(-3.04) 

-0.072*** 

(-4.28) 

0.11 -0.002 

(-0.13) 

0.026 

(1.43) 

0.01 -0.005 

(0.30) 

0.040** 

(2.01) 

0.02 -0.010 

(-0.58) 

0.036 

(1.95) 

0.02 

Norway -0.072*** 

(-2.93) 

-0.075** 

(-2.22) 

0.06 0.004 

(0.22) 

-0.006 

(-0.25) 

0.01 0.009 

(0.48) 

0.003 

(0.12) 

0.01 -0.006 

(-0.28) 

0.006 

(0.27) 

0.01 

Portugal -0.057*** 

(-2.65) 

-0.016 

(-0.40) 

0.06 -0.014 

(-0.61) 

0.045 

(0.87) 

0.03 -0.011 

(-0.53) 

0.023 

(0.51) 

0.03 -0.001 

(-0.09) 

-0.015 

(-0.30) 

0.03 

Spain -0.048** 

(-1.96) 

-0.102*** 

(-4.59) 

0.10 -0.019 

(-0.91) 

0.068*** 

(2.69) 

0.03 -0.002 

(-0.08) 

0.040 

(1.38) 

0.02 -0.000 

(-0.01) 

0.013 

(0.43) 

0.01 

Switzerland -0.071*** 

(-3.66) 

-0.055*** 

(-3.52) 

0.12 -0.005 

(-0.30) 

0.019 

(1.02) 

0.02 -0.007 

(-0.47) 

-0.035 

(1.95) 

0.03 -0.011 

(-0.85) 

0.010 

(0.63) 

0.02 

UK -0.056** 

(-2.15) 

-0.016 

(-0.37) 

0.04 0.007 

(0.35) 

0.019 

(0.99) 

0.02 0.022 

(1.41) 

0.000 

(0.01) 

0.02 0.020 

(1.33) 

-0.006 

(-0.28) 

0.01 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗 denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗 denotes the local average correlation in each country i, j= {1,2,3,4}. The 

control variable 𝑅𝑖,𝑡−1 denotes the one-month lagged historical return. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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Table 6.4 Estimates of lagged average correlation of the US market on the SMR in the American region 

𝐑𝐬,𝐭 = 𝛃𝟎 + 𝛃𝟏𝐀𝐂𝐮,𝐭−𝐣 + 𝛃𝟐𝐀𝐂𝐢,𝐭−𝐣 + 𝛃𝟑𝐑𝐬,𝐭−𝟏 + 𝜺𝒊,𝒕 

Country 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟐 𝐀𝐂𝐢,𝐭−𝟐 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟑 𝐀𝐂𝐢,𝐭−𝟑 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟒 𝐀𝐂𝐢,𝐭−𝟒 𝐑𝟐 

Canada -0.05*** 

(-2.67) 

-0.079*** 

(-3.35) 

0.10 -0.010 

(-0.70) 

0.026 

(1.35) 

0.01 0.006 

(0.39) 

0.043*** 

(2.70) 

0.02 0.018 

(1.14) 

-0.010 

(-0.57) 

0.00 

Brazil -0.052 

(-1.62) 

-0.061 

(-1.68) 

0.05 0.010 

(0.42) 

0.020 

(0.44) 

0.01 -0.002 

(-0.09) 

0.000 

(0.01) 

0.00 0.004 

(0.17) 

0.008 

(0.19) 

0.00 

Mexico -0.030 

(-1.11) 

-0.074** 

(-2.12) 

0.04 0.052** 

(2.00) 

-0.042 

(-1.35) 

0.03 -0.005 

(-0.22) 

-0.029 

(-0.93) 

0.00 0.014 

(0.59) 

-0.063** 

(-2.14) 

0.02 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗 denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗 denotes the local average correlation in each country i, j= 

{1,2,3,4}. The control variable 𝑅𝑖,𝑡−1  denotes the one-month lagged historical return. ***, ** indicate statistical significance at the 1% and 5% levels, 

respectively. 
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Next, the US and local average correlation are examined aggregately: one- to four-

month lagged US and local average correlation are both involved in one model. Tables 6.5 to 

6.7 report the results of the second test of the first set, the US and local average correlations 

in aggregation Model (6.2). Table 6.5 shows the predictive power of the US and the local 

average correlations in the Asia and Asia Pacific region; Table 6.6 shows the results in the 

European region; and Table 6.7 shows the results in the American region. 

 

The results of this test mainly support the preliminary findings of the first test. In four 

countries, Australia, China, Malaysia and Finland, neither US average correlations nor local 

average correlations have significantly predictive power. Generally, the US average 

correlation could predict returns of more stock markets than in the first test, whereas the local 

average correlation could predict similar or even fewer than in the first test. For example, 13 

out of 14 European stock market returns and all three American stock market returns are 

predictable by using US average correlation, which is higher than the results showed in Table 

6.2. In contrast, the predictive power of the local average correlation diminishes in 9 out of 

14 European stock markets. One assumption is that the loss of the predictive power of the 

local average correlation could be attributed to the inclusion of one- to four-month lagged US 

average correlation. This may explain the former rejection that the US effect leads the 

domestic effect. The two-month lagged US average correlation mediates the predictive power 

of the one-month lagged local average correlation. This is a plausible assumption as it 

supports two outcomes: (i) the US, or global, influence leads the local influence; and (ii) both 

influences are essentially from the same source, and therefore, including both would diminish 

the effect of one of them. 
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The explanatory power of these predictors sees a dramatic increase in the aggregated 

model compared with the separated model. The 𝑅2statistics of the separated model range 

from 0.00 to 0.12 with most figures below 0.10. In the aggregated model, the 𝑅2 statistics 

increase to the highest of 0.20, with more than half of the figures are above 0.10. Although 

including more time-lagged average correlation does increase the explanatory power of the 

prediction model, this chapter considers the potential drawbacks of the multi-collinearity and 

complexity of the model and using one-month lagged US and local average correlations to 

represent the global and local influences, as they are yet the most commonly significant 

predictors. 

 

 

 

 

 

Table 6.5 Estimates of lagged average correlation of the US market on the SMR in the Asia and 

Asia-Pacific region (aggregated) 

                                          𝐑𝐢,𝐭 = 𝛃𝟎 + ∑ 𝛃𝟏𝐣𝐀𝐂𝐮,𝐭−𝐣
𝟒
𝐣=𝟏 + ∑ 𝛃𝟐𝐣𝐀𝐂𝐢,𝐭−𝐣

𝟒
𝐣=𝟏 + 𝛃𝟑𝐑𝐢,𝐭−𝟏 + 𝜺𝒊,𝒕 

Asia-Pacific 

Region 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐮,𝐭−𝟐 𝐀𝐂𝐮,𝐭−𝟑 𝐀𝐂𝐮,𝐭−𝟒 𝐀𝐂𝐢,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟐 𝐀𝐂𝐢,𝐭−𝟑 𝐀𝐂𝐢,𝐭−𝟒 𝐑𝟐 

Australia 0.003 

(0.13) 

-0.006 

(-0.30) 

0.009 

(0.35) 

-0.012 

(-0.51) 

-0.011 

(-0.52) 

0.025 

(1.13) 

-0.018 

(-0.90) 

0.010 

(0.43) 
0.01 

New Zealand -0.100*** 

(-3.61) 

0.037** 

(2.46) 

0.024 

(0.96) 

0.022 

(1.46) 

-0.065*** 

(-2.64) 

-0.037 

(-1.62) 

0.010 

(0.37) 

-0.012 

(-0.49) 
0.13 

Asia Region          

China -0.077 

(-1.00) 

0.011 

(0.20) 

0.019 

(0.33) 

-0.008 

(-0.13) 

0.030 

(0.70) 

0.016 

(0.46) 

0.006 

(0.16) 

0.037 

(1.09) 
0.03 

Hong Kong -0.180*** 

(-3.72) 

0.035 

(0.84) 

0.023 

(0.60) 

0.092** 

(2.44) 

-0.081** 

(-2.19) 

0.006 

(0.20) 

0.029 

(0.73) 

-0.016 

(-0.49) 
0.09 

India -0.104** 

(-2.22) 

0.027 

(0.50) 

0.049 

(0.95) 

0.036 

(0.90) 

-0.175*** 

(-3.69) 

0.020 

(0.48) 

-0.020 

(-0.31) 

0.014 

(0.28) 
0.09 

Japan 0.012 

(0.55) 

-0.027 

(-1.08) 

-0.046** 

(-1.96) 

0.032 

(1.72) 

0.025 

(1.17) 

-0.073*** 

(-3.98) 

-0.075*** 

(-3.34) 

0.070*** 

(3.37) 
0.13 

Malaysia -0.014 

(-0.34) 

-0.017 

(-0.53) 

0.036 

(1.07) 

0.026 

(0.75) 

0.001 

(0.03) 

0.025 

(0.50) 

0.050 

(1.74) 

0.003 

(0.10) 
0.03 

Pakistan -0.056 

(-1.12) 

0.005 

(0.11) 

-0.030 

(-0.59) 

0.081** 

(2.43) 

-0.096** 

(-1.96) 

.063 

(1.26) 

-0.007 

(-0.20) 

0.034 

(0.75) 
0.04 

Singapore -0.199*** 

(-5.15) 

0.081** 

(1.99) 

0.058 

(1.83) 

0.059** 

(2.22) 

-0.035 

(-1.01) 

0.026 

(1.11) 

0.013 

(0.52) 

0.013 

(0.47) 
0.12 

Thailand -0.0160*** 

(-3.13) 

0.073 

(1.43) 

-0.013 

(-0.40) 

0.148*** 

(2.84) 

-0.120*** 

(-2.66) 

-0.062 

(-1.60) 

0.052 

(1.07) 

-0.066 

(-1.75) 
0.14 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗 denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗 denotes the local average correlation in each 

country i, j= {1,2,3,4}. The control variable 𝑅𝑖,𝑡−1 denotes the one-month lagged historical return. ***, ** indicate statistical significance at the 

1% and 5% levels, respectively. 
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Table 6.6 Estimates of lagged average correlation of the US market on the SMR in the European 

Region 

                                        𝑹𝒊,𝒕 = 𝜷𝟎 + ∑ 𝜷𝟏𝒋𝑨𝑪𝒖,𝒕−𝒋
𝟒
𝒋=𝟏 + ∑ 𝜷𝟐𝒋𝑨𝑪𝒊,𝒕−𝒋

𝟒
𝒋=𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕  

Country 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐮,𝐭−𝟐 𝐀𝐂𝐮,𝐭−𝟑 𝐀𝐂𝐮,𝐭−𝟒 𝐀𝐂𝐢,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟐 𝐀𝐂𝐢,𝐭−𝟑 𝐀𝐂𝐢,𝐭−𝟒 𝐑𝟐 

Austria -0.123*** 

(-4.94) 

0.012 

(0.53) 

0.035 

(1.61) 

0.059*** 

(2.85) 

-0.013 

(-1.11) 

0.007 

(0.63) 

0.001 

(0.06) 

-0.014 

(-1.27) 
0.15 

Belgium -0.129*** 

(-5.39) 

0.043** 

(2.34) 

0.032 

(1.43) 

0.041 

(1.66) 

-0.038 

(-1.71) 

0.037 

(1.49) 

0.007 

(0.30) 

-0.010 

(-0.44) 
0.14 

Denmark -0.150*** 

(-6.18) 

0.078*** 

(3.34) 

0.046** 

(2.29) 

0.022 

(1.17) 

-0.020 

(-1.69) 

0.015 

(1.13) 

-0.012 

(-1.23) 

0.002 

(0.20) 
0.15 

Finland 0.019 

(0.35) 

-0.025 

(-0.61) 

-0.043 

(-1.00) 

-0.008 

(-0.19) 

-0.006 

(-0.14) 

0.036 

(0.80) 

0.023 

(0.55) 

0.017 

(0.35) 
0.05 

France -0.095*** 

(-3.46) 

0.030 

(1.20) 

0.018 

(0.73) 

0.023 

(0.76) 

-0.129*** 

(-4.86) 

0.061** 

(2.39) 

0.030 

(1.04) 

0.018 

(0.56) 
0.15 

Germany -0.111*** 

(-5.14) 

0.019 

(0.97) 

-0.011 

(-0.61) 

0.067*** 

(3.09) 

-0.123*** 

(-4.53) 

0.091*** 

(3.57) 

0.061*** 

(2.72) 

-0.007 

(-0.31) 
0.20 

Greece -0.180*** 

(-3.51) 

0.027 

(0.55) 

0.015 

(0.35) 

0.058 

(1.35) 

-0.095 

(-1.46) 

0.028 

(0.44) 

-0.053 

(-0.90) 

0.024 

(0.44) 
0.09 

Italy -0.123*** 

(-4.05) 

0.081*** 

(2.59) 

0.014 

(0.54) 

0.043 

(1.87) 

-0.150*** 

(-4.73) 

0.028 

(0.95) 

0.030 

(0.99) 

-0.043 

(-1.55) 
0.15 

Netherlands -0.129*** 

(-5.26) 

0.047** 

(2.41) 

0.023 

(1.02) 

0.019 

(0.95) 

-0.095*** 

(-5.05) 

0.031 

(1.51) 

0.042 

(1.81) 

0.036 

(1.72) 
0.20 

Norway -0.127*** 

(-3.82) 

0.052 

(1.63) 

0.047 

(1.37) 

0.000 

(0.01) 

-0.078 

(-1.81) 

0.007 

(0.19) 

-0.005 

(-0.16) 

0.030 

(1.01) 
0.10 

Portugal -0.105*** 

(-3.92) 

0.028 

(0.82) 

0.008 

(0.20) 

0.037 

(1.76) 

-0.036 

(-0.75) 

0.062 

(0.96) 

0.026 

(0.51) 

0.031 

(-0.58) 
0.09 

Spain -0.108*** 

(-3.41) 

0.011 

(0.31) 

0.038 

(1.34) 

0.026 

(0.93) 

-0.146*** 

(-5.04) 

0.093*** 

(3.15) 

0.055 

(1.65) 

0.002 

(0.05) 
0.20 

Switzerland -0.122*** 

(-6.26) 

0.045** 

(2.38) 

0.015 

(0.75) 

0.021 

(1.33) 

-0.061*** 

(-3.01) 

0.019 

(0.91) 

0.051 

(2.55) 

-0.010 

(-0.57) 
0.19 

UK -0.130*** 

(-3.85) 

0.036 

(1.30) 

0.043** 

(2.32) 

0.040** 

(2.06) 

-0.033 

(-0.71) 

0.047 

(1.89) 

0.003 

(0.14) 

-0.013 

(-0.65) 
0.11 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗 denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗 denotes the local average correlation in each 

country i, j= {1,2,3,4}. The control variable 𝑅𝑖,𝑡−1 denotes the one-month lagged historical return. ***, ** indicate statistical significance at the 

1% and 5% levels, respectively. 
. 

 

Table 6.7 Estimates of lagged average correlation of the U.S Market on the SMR in the 

American Region 

                                      𝑹𝒊,𝒕 = 𝜷𝟎 + ∑ 𝜷𝟏𝒋𝑨𝑪𝒖,𝒕−𝒋
𝟒
𝒋=𝟏 + ∑ 𝜷𝟐𝒋𝑨𝑪𝒊,𝒕−𝒋

𝟒
𝒋=𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 

Country 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐮,𝐭−𝟐 𝐀𝐂𝐮,𝐭−𝟑 𝐀𝐂𝐮,𝐭−𝟒 𝐀𝐂𝐢,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟐 𝐀𝐂𝐢,𝐭−𝟑 𝐀𝐂𝐢,𝐭−𝟒 𝐑𝟐 

Canada -0.096*** 

(-5.36) 

-0.008 

(-0.52) 

0.030 

(1.61) 

0.056*** 

(3.21) 

-0.094*** 

(-3.58) 

0.050** 

(2.41) 

0.059*** 

(2.75) 

-0.027 

(-1.50) 
0.19 

Brazil -0.136*** 

(-2.76) 

0.081** 

(2.03) 

-0.014 

(-0.46) 

0.054 

(1.35) 

-0.072** 

(-2.00) 

0.045 

(1.09) 

0.014 

(0.38) 

-0.004 

(-0.10) 
0.09 

Mexico -0.104** 

(-2.33) 

0.115*** 

(2.97) 

-0.023 

(-0.66) 

0.021 

(0.69) 

-0.053 

(-1.29) 

-0.023 

(-0.71) 

0.009 

(0.21) 

-0.045 

(-1.54) 
0.08 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗  denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗  denotes the local average 

correlation in each country i, j= {1,2,3,4}. The control variable 𝑅𝑖,𝑡−1 denotes the one-month lagged historical return. ***, ** 

indicate statistical significance at the 1% and 5% levels, respectively. 

 

In the second set of tests, the one-month lagged US and local average correlation are 

examined in different sample periods. The principle of the sub-sample test is based on the 

concerns over contagion effects and time-varying predictive power reported in previous 

studies (e.g., Gupta & Modise, 2012; Gupta et al., 2014; Aye et al., 2017). Tables 6.8 to 6.10 

report the results of the sub-sample test, the one-month lagged US and local average 
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correlations in four sample periods, with the applied model being the same as the first model, 

Model (6.1). As in the previous tables, the sub-sample estimation is divided into three tables: 

Table 6.8 shows the predictive power of the US and the local average correlation in the Asia 

and the Asia-Pacific regions; Table 6.9 shows the results in the European region; and Table 

6.10 shows the results in the American region. 

 

In general, average correlations, both US and local, have more predictive power in the 

most recent sample period. On average, the significant level of predictors and the explanatory 

power of the models are the highest in the period spanning from 2003 to 2016. The predictive 

power of average correlations is relatively weak during the first two sample periods, 

especially in the European region. This finding seemingly lends support to recent studies that 

claim the post-GFC period sees a dramatic increase in financial market linkages (e.g., Forbes 

& Rigobon, 2002; Bekaert et al., 2014; Jin & An, 2016). However, this could also be 

explained by the financial market integration assumption, which argues that financial markets 

have gradually integrated as the underlying cross-national financial activities have increased 

in recent years. The result per se demonstrates the fact that the global influence on local stock 

markets is stronger in the recent sample period, without favouring any particular theoretical 

explanation.  
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. 

 

Table 6.8: Sub-sample test in Asia and Asia-Pacific region 

                                              𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 

 1973:1-1982:12 1983:1-1992:12 1993:1-2002:12 2003:1-2016:12 

Asia-Pacific Region 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 

Australia 0.028 

(0.51) 

0.109 

(1.03) 

0.02 0.058 

(1.95) 

-0.021 

(-0.59) 

0.01 -0.034 

(-1.18) 

0.038 

(1.64) 

0.02 -0.051 

(-1.28) 

0.024 

(0.97) 

0.02 

New Zealand    -0.156*** 

(-2.66) 

-0.106 

(-1.62) 

0.13 -0.124** 

(-2.16) 

-0.080 

(-1.93) 

0.21 -0.053*** 

(-3.98) 

-0.061 

(-1.51) 

0.12 

Asia Region             

China       -0.121 

(-0.95) 

0.097 

(1.29) 

0.03 -0.033 

(-0.60) 

-0.000 

(-0.01) 

0.07 

Hong Kong -0.321** 

(-2.14) 

-0.110 

(-0.83) 

0.08 -0.104 

(-0.99) 

-0.176*** 

(-3.09) 

0.09 -0.244*** 

(-2.82) 

-0.020 

(-0.36) 

0.13 -0.054 

(-1.57) 

-0.113** 

(-2.29) 

0.09 

India       -0.076 

(-1.26) 

-0.117 

(-1.41) 

0.04 -0.083** 

(-1.98) 

-0.239*** 

(-5.91) 

0.20 

Japan -0.042 

(-1.08) 

-0.031 

(-1.19) 

0.02 0.049 

(1.26) 

-0.088*** 

(-4.61) 

0.10 -0.010 

(-0.29) 

-0.015 

(-0.47) 

0.01 -0.044 

(-1.28) 

0.002 

(0.06) 

0.06 

Malaysia    0.168 

(1.67) 

-0.145** 

(-2.52) 

0.06 -0.020 

(-0.22) 

0.050 

(1.19) 

0.01 0.004 

(0.16) 

0.045 

(1.92) 

0.08 

Pakistan       -0.078 

(-0.82) 

-0.056 

(-0.83) 

0.02 -0.043 

(-0.93) 

-0.124 

(-1.85) 

0.04 

Singapore -0.299** 

(-2.28) 

0.002 

(0.02) 

0.07 -0.180** 

(-2.30) 

0.006 

(0.17) 

0.11 -0.183*** 

(-4.75) 

0.024 

(0.57) 

0.11 -0.057** 

(-2.02) 

-0.049 

(-1.72) 

0.12 

Thailand    -0.099 

(-1.27) 

-0.179*** 

(-2.93) 

0.18 -0.210** 

(-2.36) 

-0.114 

(-1.33) 

0.06 0.007 

(0.33) 

-0.173*** 

(-3.39) 

0.13 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗 denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗 denotes the local average correlation in each country i, j= {1,2,3,4}. The 

control variable 𝑅𝑖,𝑡−1 denotes the one-month lagged historical return. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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Table 6.9: Sub-sample test in the European region 

                                          𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 

           1973:1-1982:12                 1983:1-1992:12             1993:1-2002:12             2003:1-2016:12  

Country 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 

Austria -0.024 

(-1.14) 

-0.015 

(-1.68) 
0.05 

-0.102 

(-1.38) 

0.027 

(0.58) 
0.15 

-0.113** 

(-2.17) 

-0.044 

(-1.71) 
0.13 

-0.009*** 

-(2.86) 

-0.082*** 

-(3.40) 
0.20 

Belgium -0.101** 

(-2.31) 

0.063 

(0.54) 
0.04 

-0.116 

(-1.91) 

-0.052 

(-1.04) 
0.12 

-0.083*** 

(-2.76) 

-0.02 

(-0.63) 
0.07 

-0.029 

(-0.87) 

-0.091*** 

(-2.94) 
0.19 

Denmark -0.106*** 

(-3.21) 

-0.013 

(-0.72) 
0.08 

-0.023 

(-0.58) 

-0.057 

(-1.61) 
0.04 

-0.159*** 

(-3.24) 

-0.017 

(-0.55) 
0.17 

-0.097*** 

(-2.72) 

-0.031 

(-0.82) 
0.16 

Finland 
   

0.038 

(0.55) 

0.106 

(1.24) 
0.08 

0.083 

(1.04) 

-0.001 

(-0.01) 
0.05 

0.000 

(0.01) 

0.013 

(0.37) 
0.02 

France -0.141** 

(-2.09) 

-0.111** 

(-2.06) 
0.08 

-0.066 

(-1.32) 

-0.183** 

(-2.59) 
0.16 

-0.113** 

(-1.99) 

-0.019 

(-0.33) 
0.07 

-0.059 

(-1.95) 

-0.094*** 

(-3.56) 
0.17 

Germany -0.105*** 

(-2.76) 

-0.069 

(-1.28) 
0.09 

-0.087 

(-1.58) 

-0.189*** 

(-3.10) 
0.21 

-0.106** 

(-2.10) 

-0.058 

(-1.11) 
0.09 

-0.067** 

(-2.41) 

-0.089*** 

(-3.32) 
0.13 

Greece 
      

-0.106 

(-1.56) 

-.089 

(-1.52) 
0.05 

-0.192*** 

(-4.44) 

-0.141** 

(-2.61) 
0.12 

Italy -0.100 

(-1.56) 

-0.241** 

(-2.34) 
0.14 

-0.115 

(-1.77) 

-0.163*** 

(-4.00) 
0.14 

-0.071 

(-1.22) 

-0.116** 

(-2.45) 
0.08 

-0.067** 

(-2.10) 

-0.115*** 

(-3.92) 
0.17 

Netherlands -0.109** 

(-2.24) 

-0.087 

(-1.86) 
0.10 

-0.093 

(-1.68) 

-0.060 

(-1.56) 
0.13 

-0.151*** 

(-2.67) 

-0.005 

(-0.11) 
0.13 

-0.055 

(-1.71) 

-0.128*** 

(-4.18) 
0.17 

Norway 
   

-0.131** 

(-2.26) 

-0.049 

(-0.95) 
0.05 

-0.204*** 

(-3.00) 

0.008 

(0.18) 
0.17 

-0.021 

(-0.46) 

-0.193*** 

(-2.68) 
0.18 

Portugal 
   

-0.137*** 

(-4.48) 

0.098** 

(2.49) 
0.19 

-0.088 

(-1.54) 

0.073 

(0.81) 
0.03 

-0.069*** 

(-3.43) 

-0.106** 

(-2.25) 
0.14 

Spain 
   

0.123** 

(-2.22) 

0.000 

(0.01) 
0.13 

-0.105 

(-1.80) 

-0.066** 

(-1.96) 
0.10 

-0.041 

(-1.65) 

-0.150*** 

(-5.11) 
0.15 

Switzerland -0.135*** 

(-2.81) 

0.037 

(1.55) 
0.08 

-0.095** 

(-2.22) 

-0.121*** 

(-5.09) 
0.27 

-0.112** 

(-2.26) 

-0.041 

(-1.12) 
0.13 

-0.072*** 

(-2.75) 

-0.059** 

(-2.61) 
0.16 

UK -0.202*** 

(-2.76) 

0.094 

(0.79) 
0.10 

-0.076 

(-1.83) 

-0.112 

(-1.50) 
0.12 

-0.095** 

(-2.58) 

-0.042 

(-0.88) 
0.13 

-0.038 

(-1.76) 

-0.075*** 

(-3.44) 
0.11 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗 denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗 denotes the local average correlation in each country i, j= {1,2,3,4}. The control variable 

𝑅𝑖,𝑡−1 denotes the one-month lagged historical return. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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Table 6.10: Sub-sample test in the American region 

         𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 

         1973:1-1982:12          1983:1-1992:12           1993:1-2002:12          2003:1-2016:12  

Country 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 𝐀𝐂𝐮,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝟐 

Canada -0.137** 

(-2.61) 

-0.056 

(-0.54) 

0.09 -0.056 

(-1.62) 

-0.113** 

(-2.11) 

0.16 -0.073 

(-1.59) 

-0.075** 

(-2.21) 

0.14 -0.013 

(-0.46) 

-0.132*** 

(-3.06) 

0.14 

Brazil       -0.218** 

(-2.49) 

-0.102 

(-1.89) 

0.13 -.019 

(-0.62) 

-0.087 

(-1.73) 

0.05 

Mexico    -0.170 

(-1.35) 

-0.234** 

(-2.48) 

0.09 -0.126** 

(-2.15) 

-0.001 

(-0.01) 

0.05 -0.006 

(-0.15) 

-0.074 

(-1.68) 

0.06 

Note: Independent variables: 𝐴𝐶𝑢,𝑡−𝑗 denotes the US average correlation, j= {1,2,3,4} and 𝐴𝐶𝑖,𝑡−𝑗 denotes the local average correlation in each country i, j= {1,2,3,4}. The control 

variable 𝑅𝑖,𝑡−1 denotes the one-month lagged historical return. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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In the third set of tests, the one-month lagged US and local average correlations are 

examined, along with conventional predictors. These conventional predictors, noted to be 

commonly used in many previous studies, are used in this chapter as benchmarks and control 

variables. Tables 6.11 to 6.13 report the results of the comprehensive test: the one-month 

lagged US and local average correlations are juxtaposed with conventional predictors from 

different categories (e.g., financial ratios, macro-economic indicators) using Model (6.3). 

These tables show three sub-tables by regions: Table 6.11 shows the predictive power of the 

US and local average correlations in the Asia-Pacific region; Table 6.12 shows the results in 

the European region; and Table 6.13 shows the results in the American region. 

 

The results of the third set of tests show that the predictive power of both the US and 

the local average correlations are not substantially affected by the inclusion of conventional 

variables. First, the findings, which provide evidence regarding the assumption that average 

correlation is not significantly associated with conventional predictors, are in line with the 

studies on how technical indicators perform in predicting future stock market returns or 

equity premium (Neely et al., 2014; Baetje & Menkhoff, 2016; Yin & Yang, 2016). 

Technical indicators, as defined by Neely et al. (2014), “rely on past price and volume 

patterns to identify price trends believed to persist into the future” (p. 1773). Average 

correlation is clearly one type of technical indicator. These recently emerged studies contend 

that technical indicators, although not specifically average correlation, could provide a 

complement, if not an alternative, to the conventional stock market return prediction models 

as the extensively used predictors have lost their power. Further, technical indicators are 

widely used among practitioners. The results from this chapter underpin previous findings 

that the average correlations complement the conventional prediction models although the 

commonly used predictors still have significant predictive power. Second, the results lend 
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support to the proposition that the predictive power of forecasting variables is stock market 

dependent. In each stock market, some predictors are significant, and others are not. 

 

Generally, financial ratios, including dividend yield and price-earnings ratio, perform 

better than interest rate related indicators such as term spread and relative short-term interest 

rate; the macro-economic indicators, consumer price index, unemployment rate and industrial 

production, perform worst depending on how many stock markets they could have significant 

predictive power over. Applying the same criterion, the US and local average correlations are 

the best predictors, in terms of the number of stock markets in which they could predict 

future returns significantly. The US average correlation has predictive power in 14 out of 27 

stock markets; the local average correlation, in 17 out of 27 stock markets; and both 

outperform the third best predictor, dividend yield, which has predictive power in 7 out of 27 

stock markets. In 9 stock markets, both the US average correlation and the local average 

correlation predict future stock market returns with a one-month lag. 

 

The results of the main test support the three major proposals in this chapter. First, both 

the US and the local average correlations significantly predict local future stock market 

returns. The predictive power of these two measures for global and domestic systematic 

factors has been substantially supported in all tests. Although in some stock markets neither 

of the average correlation has predictive power, it is noted that most other conventional 

predictors in markets such as China, Pakistan, Finland, or Mexico do not have any predictive 

power either. Second, as posited, the inclusion of other conventional predictors has only 

marginal influence on the predictive power of the US and local average correlations. With 

conventional predictors as control variables, the US average correlation has predictive power 

in 14 stock markets, one fewer than without these variables. Similarly, the local average 
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correlation could significantly predict future stock market returns in 18 stock markets without 

control variables, but with control variables still predicts future returns in 17 stock markets. 

The average correlations are not substituted by any conventional predictors. Third, the 

explanatory power of the with-control-variable model, Model (6.3), is remarkably higher than 

that of the average correlation model, Model (6.1). The 𝑅2 statistic of Model (6.1) is 12% at 

its highest, while the 𝑅2  statistic of Model (6.3) is 30% at its highest. This increase in 

explanatory power implies that average correlations are auspicious complements to the 

conventional predictors and vice versa. 



 

196 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 6.11: Estimates of one lagged average correlation of the US market with control variables in the Asia and Asia- Pacific 

region 

                                    𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖𝒔,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜷𝟒𝑿𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 , where, 𝑿𝒊,𝒕−𝟏 = {𝑷𝑬, 𝑫𝒀, 𝑻𝑺, 𝑹𝑺𝑻, 𝑪𝑷𝑰. 𝑼𝑬𝒓𝒂𝒕𝒆, 𝑰𝑵𝑫𝑷𝑹𝑶} 

Asia- Pacific  

Region 𝐀𝐂𝐮𝐬,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝐢,𝐭−𝟏 𝐃𝐘𝐢,𝐭−𝟏 𝐏𝐄𝐢,𝐭−𝟏 𝐓𝐒𝐢,𝐭−𝟏 𝐑𝐒𝐓𝐈𝐢,𝐭−𝟏 𝐂𝐏𝐈𝐢,𝐭−𝟏 𝐔𝐄𝐢,𝐭−𝟏 𝐈𝐍𝐏𝐢,𝐭−𝟏 𝐑𝟐 

Australia -0.030 

(-1.40) 

0.027 

(1.49) 

0.029 

(0.64) 

0.002 

(0.51) 

0.000 

(0.04) 

-0.000 

(-0.03) 

-0.001 

(-1.32) 

0.023** 

(2.29) 

-0.000 

(-1.29) 

0.005 

(1.16) 

0.03 

New Zealand -0.067*** 

(-3.53) 

-0.072*** 

(-2.65) 

-0.073 

(-1.03) 

-0.008** 

(-2.55) 

-0.001 

(-0.74) 

0.004** 

(1.98) 

-0.010*** 

(-4.18) 

0.018 

(0.73) 

-0.000 

(-1.21) 

 0.16 

Asia Region            

China -0.057 

(-0.88) 

0.012 

(0.30) 

0.177** 

(2.14) 

-0.017 

(-1.04) 

-0.000 

(-0.12) 

  0.001 

(0.03) 

0.000 

(1.81) 

 0.09 

Hong Kong -0.118*** 

(-3.02) 

-0.102*** 

(-3.27) 

0.047 

(0.81) 

0.003 

(0.63) 

-0.004** 

(-2.42) 

  -0.004 

(-0.32) 

0.000 

(1.04) 

0.009 

(1.56) 

0.12 

India -0.093 

(-1.86) 

-0.214*** 

(-5.41) 

-0.012 

(-0.17) 

0.025 

(0.43) 

-0.004 

(-0.83) 

0.009 

(1.10) 

-0.002 

(-0.28) 

0.007 

(0.71) 

-0.000 

(-1.45) 

-0.002 

(-0.91) 

0.26 

Japan -0.017 

(-0.74) 

-0.058*** 

(-2.96) 

0.107** 

(2.13) 

0.006 

(0.78) 

-0.000 

(-1.35) 

-0.000 

(-0.12) 

-0.001 

(-0.14) 

0.004 

(0.40) 

-0.000 

(-0.59) 

0.002 

(1.14) 

0.05 

Malaysia 0.016 

(0.35) 

-0.002 

(-0.08) 

-0.217** 

(-2.38) 

0.023 

(0.90) 

-0.011*** 

(-3.36) 

0.027** 

(2.15) 

0.012 

(1.34) 

-0.011** 

(-1.99) 

0.000 

(0.66) 

0.000 

(0.20) 

0.19 

Pakistan -0.043 

(-0.75) 

-0.010 

(-0.26) 

0.086 

(0.78) 

0.031*** 

(2.66) 

0.004 

(0.54) 

-0.001 

(-1.11) 

-0.001 

(-0.44) 

-0.016 

(-1.43) 

 0.000 

(1.75) 

0.14 

Singapore -0.110*** 

(-4.11) 

-0.020 

(-1.03) 

0.153*** 

(2.75) 

0.020** 

(2.35) 

-0.000 

(-0.10) 

  -0.005 

(-0.57) 

 -0.000 

(-0.67) 

0.11 

Thailand -0.044 

(-0.96) 

-0.166*** 

(-3.40) 

-0.122 

(-1.10) 

0.006 

(0.68) 

0.001 

(0.46) 

  0.002 

(0.19) 

0.000 

(0.65) 

-0.000 

(-0.20) 

0.13 

Note: Independent variable, 𝐴𝐶𝑢,𝑡−1  refers to average correlation of the 48 US industry portfolio returns, 𝐴𝐶𝑖,𝑡−1  refers to average correlation of the industry portfolios in each 

country i, representing the intra market systematic factor. 𝑅𝑠,𝑡−1 refers to historical return. 𝑋𝑖,𝑡−1 denotes the following control variables. DP = Dividend Yield; PE = Price-Earnings 

ratio; TS = Term Spread; RSTI = Related Short-term Interest Rate; CPI = Consumer Price Index; UE = Unemployment Rate; IP = Industry Production. ***, ** indicate statistical 
significance at the 1% and 5% levels, respectively. 

 



 

197 
 

 

Table 6.12: Estimates of one lagged average correlation of the US market with control variables in the European region 

                               𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖𝒔,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜷𝟒𝑿𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 , where, 𝑿𝒊,𝒕−𝟏 = {𝑷𝑬, 𝑫𝒀, 𝑻𝑺, 𝑹𝑺𝑻, 𝑪𝑷𝑰. 𝑼𝑬𝒓𝒂𝒕𝒆, 𝑰𝑵𝑫𝑷𝑹𝑶} 

Country 𝐀𝐂𝐮𝐬,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝐢,𝐭−𝟏 𝐃𝐘𝐢,𝐭−𝟏 𝐏𝐄𝐢,𝐭−𝟏 𝐓𝐒𝐢,𝐭−𝟏 𝐑𝐒𝐓𝐈𝐢,𝐭−𝟏 𝐂𝐏𝐈𝐢,𝐭−𝟏 𝐔𝐄𝐢,𝐭−𝟏 𝐈𝐍𝐏𝐢,𝐭−𝟏 𝐑𝟐 

Austria -0.072 

(-1.51) 

-0.136** 

(-2.16) 

-0.079 

(-0.92) 

0.007 

(0.21) 

-0.005 

(-0.10) 

0.026 

(1.08) 

-0.008 

(-0.50) 

0.022 

(0.83) 

0.000 

(1.03) 

-0.01 

(-1.37) 

0.28 

Belgium -0.050 

(-1.40) 

-0.082*** 

(-3.10) 

0.060 

(0.74) 

-0.002 

(-0.58) 

0.001 

(1.56) 

0.007 

(1.30) 

-0.011 

(-1.64) 

-0.034** 

(-2.61) 

0.000*** 

(2.76) 

0.001 

(0.74) 

0.30 

Denmark -0.083** 

(-1.99) 

-0.006 

(-0.18) 

0.143** 

(2.13) 

-0.023 

(-1.79) 

-0.003 

(-1.77) 

 -0.012 

(-1.25) 

-0.039 

(-1.73) 

0.000 

(0.94) 

0.001 

(0.51) 

0.15 

Finland -0.007 

(-0.10) 

0.030 

(0.51) 

0.086 

(0.94) 

-0.003 

(-0.34) 

-0.002 

(-0.82) 

-0.002 

(-0.48) 

0.010 

(1.42) 

-0.052 

(-1.74) 

0.000 

(1.01) 

0.001 

(0.40) 

0.14 

France -0.058 

(-1.47) 

-0.096*** 

(-3.79) 

0.010 

(0.21) 

0.020** 

(2.43) 

0.000 

(0.17) 

0.002 

(0.60) 

0.006 

(1.82) 

-0.015 

(-0.93) 

0.000 

(2.78) 

0.001 

(0.45) 

0.17 

Germany -0.098*** 

(-3.23) 

-0.059** 

(-2.21) 

0.038 

(0.79) 

0.028** 

(2.63) 

-0.000 

(-0.15) 

0.004 

(1.33) 

0.007 

(0.94) 

-0.006 

(-0.49) 

0.000 

(1.07) 

0.006** 

(2.13) 

0.14 

Greece -0.217*** 

(-3.71) 

-0.130** 

(-2.19) 

-0.007 

(-0.07) 

0.032*** 

(2.70) 

0.001 

(0.67) 

-0.004** 

(-2.54) 

-0.003 

(-0.18) 

0.034** 

(2.30) 

0.000** 

(2.58) 

-0.005*** 

(-3.42) 

0.21 

Italy -0.079*** 

(-3.38) 

-0.107*** 

(-5.26) 

0.040 

(0.85) 

0.005 

(0.76) 

-0.000 

(-0.13) 

-0.003 

(-0.70) 

-0.002 

(-0.58) 

-0.026 

(-1.45) 

 -0.000 

(-0.01) 

0.13 

Netherlands -0.049 

(-1.15) 

-0.112** 

(-2.64) 

0.070 

(0.62) 

0.019 

(1.38) 

0.002 

(1.51) 

0.005 

(0.79) 

0.026 

(1.18) 

0.022 

(0.84) 

0.000 

(1.44) 

0.004 

(2.43) 

0.26 

Norway -0.084** 

(-2.16) 

-0.080 

(-1.81) 

-0.043 

(-1.13) 

0.011 

(1.75) 

0.001 

(0.75) 

  -0.029*** 

(-2.84) 

0.000 

(1.56) 

-0.001 

(-1.22) 

0.12 

Portugal -0.079*** 

(-2.76) 

-0.302*** 

(-2.90) 

0.166 

(1.09) 

0.011 

(0.83) 

0.001 

(0.16) 

-0.006 

(-0.44) 

0.034 

(1.56) 

-0.093*** 

(-2.69) 

 0.003 

(1.91) 

0.20 

Spain -0.079** 

(-2.29) 

-0.112*** 

(-4.33) 

0.027 

(0.45) 

0.008 

(1.26) 

0.001 

(0.57) 

-0.001 

(-0.70) 

0.004 

(1.11) 

-0.037** 

(-2.62) 

0.000 

(0.37) 

-0.000 

(-0.26) 

0.15 

Switzerland -0.083*** 

(-4.33) 

-0.058*** 

(-3.78) 

0.088** 

(2.13) 

0.007 

(1.72) 

-0.002** 

(-2.00) 

  -0.006 

(-0.93) 

0.000*** 

(2.85) 

 0.17 

UK -0.082*** 

(-3.90) 

-0.063** 

(-2.55) 

-0.037 

(-0.91) 

-0.001 

(-0.24) 

-0.005 

(-4.76) 

  -0.023*** 

(-2.74) 

0.000 

(0.20) 

0.005 

(1.70) 

0.16 

Note: Independent variable, 𝐴𝐶𝑢,𝑡−1  refers to average correlation of the 48 US industry portfolio returns, 𝐴𝐶𝑖,𝑡−1  refers to average correlation of the industry portfolios in each 

country i, representing the intra market systematic factor. 𝑅𝑠,𝑡−1 refers to historical return. 𝑋𝑖,𝑡−1 denotes the following control variables. DP = Dividend Yield; PE = Price-

Earnings ratio; TS = Term Spread; RSTI = Related Short-term Interest Rate; CPI = Consumer Price Index; UE = Unemployment Rate; IP = Industry Production. ***, ** 

indicate statistical significance at the 1% and 5% levels, respectively. 
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Table 6.13: Estimates of one lagged average correlation of the US Market with control variables in the 

American region 

𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖𝒔,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜷𝟒𝑿𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 , where, 𝑿𝒊,𝒕−𝟏 = {𝑷𝑬, 𝑫𝒀, 𝑻𝑺, 𝑹𝑺𝑻, 𝑪𝑷𝑰. 𝑼𝑬𝒓𝒂𝒕𝒆, 𝑰𝑵𝑫𝑷𝑹𝑶} 

Country 𝐀𝐂𝐮𝐬,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝐢,𝐭−𝟏 𝐃𝐘𝐢,𝐭−𝟏 𝐏𝐄𝐢,𝐭−𝟏 𝐓𝐒𝐢,𝐭−𝟏 𝐑𝐒𝐓𝐈𝐢,𝐭−𝟏 𝐂𝐏𝐈𝐢,𝐭−𝟏 𝐔𝐄𝐢,𝐭−𝟏 𝐈𝐍𝐏𝐢,𝐭−𝟏 𝐑𝟐 

Canada -0.051** 

(-2.45) 

-0.091*** 

(-3.31) 

-0.001 

(-0.02) 

0.001 

(0.24) 

-0.002** 

(-2.35) 

0.000 

(0.18) 

0.002 

(1.02) 

-0.006 

(-0.94) 

0.000** 

(2.13) 

0.003 

(1.48) 

0.1

4 

Brazil -0.025 

(-0.48) 

0.019 

(0.30) 

0.109 

(0.67) 

0.076*** 

(2.77) 

0.003 

(0.73) 

  0.019 

(0.60) 

-0.00 

(-0.11) 

0.007 

(1.81) 

0.2

2 

Mexico -0.019 

(-0.47) 

-0.081 

(-1.51) 

-0.143** 

(-2.10) 

-0.008 

(-0.79) 

-0.004** 

(-2.24) 

  -0.018 

(-0.92) 

0.000 

(1.20) 

0.004 

(0.87) 

0.1

1 

Note: Independent variable, 𝐴𝐶𝑢,𝑡−1  refers to average correlation of the 48 US industry portfolio returns, 𝐴𝐶𝑖,𝑡−1  refers to average correlation of the industry 

portfolios in each country i, representing the intra market systematic factor. 𝑅𝑠,𝑡−1 refers to historical return. 𝑋𝑖,𝑡−1 denotes the following control variables. DP 

= Dividend Yield; PE = Price-Earnings ratio; TS = Term Spread; RSTI = Related Short-term Interest Rate; CPI = Consumer Price Index; UE = Unemployment 

Rate; IP = Industry Production. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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In the last set of tests, the one-month lagged US and local average correlations are 

examined along with conventional predictors in the four sub-sample periods. Tables 6.14 to 

6.16 report the results of the sub-sample test: the one-month lagged US and local average 

correlations, along with all conventional predictors, are tested in four sub-sample periods; the 

applied model is the same as the last model, Model (6.3). These tables show three sub-tables 

by regions: Table 6.14 shows the predictive power of the US and local average correlation in 

the Asia-Pacific region; Table 6.15 shows the results in the European region; and Table 6.16 

shows the results in the American region. 

 

The results of the last set of tests show that the predictive power of both the US and the 

local average correlations and the other conventional predictors is time-varying. As suspected 

by previous researchers (e.g., Rapach et al., 2013; Aye et al., 2017), predictors do have their 

high and low times. A series of studies suggest that the dividend yield and the price-earnings 

ratio have their heyday in the last two decades of the 20th century, whereas the economic 

indicators take over in the first decade of the 21st century (Rapach et al., 2005; Welch & 

Goyal, 2007; Rapach et al., 2010; Neely et al., 2014; Baetje & Menkhoff, 2016). Moreover, 

McLean and Pontiff (2016) report that investors and market practitioners do learn from 

academic research and it is not surprising that these well-known predictors have recently lost 

their predictive power. While the market learns that the conventional predictors could signal 

future returns, these predictors are known information to the market and no longer bear future 

return implications.  

 

The empirical findings are in line with this strand of literature. The predictive power of 

dividend yield and of price-earnings ratio is most significant in the sample period spanning 

1973–1982 and 1993–2002. Interest rate related measures and economic indicators, despite 
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rarely being significant, have predictive power in the last two sub-sample periods. In terms of 

the average correlation, a general pattern revealed is that the US average correlation, once the 

sample was broken down to decades, significantly predicts future stock returns in multiple 

decades, whereas the local average correlation the strongest predictive power in the sub-

sample period spanning 2003–2016, the latest period (see Canada and a majority of European 

countries). The adjusted R2 statistic tells the same story. For instance, the prediction model 

explains 57% of the variance in future stock returns in the sub-sample period from 1993 to 

2002. Such a high adjusted R2 statistics is of enormous economic significance in prediction 

models. However, the same prediction model could explain only 9% of the variance in the 

period from 1983 to 1992. The dramatic increase is beyond statistical explanations such as 

model mis-specification, omitted variables or structural break. A conclusion can be drawn, 

confidently, that the predictive power of any predictor should be time-varying. Further, the 

global systematic factor could predict future stock market returns for a relatively long period 

and is thus more consistent, while the local systematic factor has its predictive power 

consistent for a shorter period.  
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Table 6.14: Sub-sample test with control variables in the Asia and Asia-Pacific region 

                                                 𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜷𝟒𝑿𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 

Asia-Pacific 

Region 
𝐀𝐂𝐮𝐬,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝐢,𝐭−𝟏 𝐃𝐘𝐢,𝐭−𝟏 𝐏𝐄𝐢,𝐭−𝟏 𝐓𝐒𝐢,𝐭−𝟏 𝐑𝐒𝐓𝐢,𝐭−𝟏 𝐂𝐏𝐈𝐢,𝐭−𝟏 𝐔𝐄𝐢,𝐭−𝟏 𝐈𝐍𝐏𝐢,𝐭−𝟏 𝐑𝟐 

Australia            

1973-1982 0.043 

(0.61) 

0.140 

(1.51) 

-0.059 

(-0.74) 

0.049*** 

(2.63) 

0.025** 

(2.39) 

0.007*** 

(3.17) 

 0.065 

(1.84) 

-0.000 

(-1.56) 

0.016 

(1.12) 

0.20 

1983-1992 0.018 

(0.31) 

-0.005 

(-0.10) 

.006 

(0.09) 

-0.011 

(-1.25) 

-0.006 

(-1.54) 

-0.002 

(-1.72) 

-0.002 

(-1.14) 

-0.015 

(-0.77) 

-0.000 

(-0.28) 

0.012 

(1.28) 

0.04 

1993-2002 -0.020 

(-0.62) 

0.032 

(1.04) 

-0.080 

(-1.65) 

0.018 

(1.50) 

0.003 

(1.49) 

-0.001 

(-0.11) 

-0.001 

(-0.20) 

0.027** 

(2.25) 

0.000 

(0.21) 

-0.014 

(-1.70) 

0.07 

2003-2016 -0.057 

(-1.68) 

0.003 

(0.10) 

-0.007 

(-0.07) 

-0.024 

(-1.55) 

-.005 

(-1.25) 

-0.003 

(-0.60) 

-0.026*** 

(-2.77) 

0.059 

(1.86) 

0.000 

(0.07) 

0.006 

(1.03) 

0.12 

Asia Region            

China            

1994-2002 -0.116 

(-0.85) 

0.076 

(0.89) 

0.027 

(0.44) 

0.010 

(1.20) 

0.001 

(0.42) 

  0.009 

(0.40) 

  0.04 

2003-2016 -0.057 

(-0.88) 

0.012 

(0.30) 

0.177** 

(2.14) 

-0.017 

(-1.04) 

-0.000 

(-0.12) 

  0.001 

(0.03) 

0.000 

(1.81) 

- 0.09 

Hong Kong            

1973-1982 -0.336** 

(-2.09) 

-0.089 

(-0.67) 

0.110 

(1.53) 

0.003 

(0.36) 

-0.002 

(-1.49) 

     0.11 

1983-1992 -0.117 

(-1.42) 

-0.180*** 

(-3.33) 

-0.003 

(-0.05) 

0.023 

(0.79) 

0.001 

(0.06) 

  -0.038*** 

-(2.76) 

-0.001 

(-1.51) 

0.008 

(0.73) 

0.18 

1993-2002 -0.251*** 

(-2.67) 

-0.125** 

(-2.41) 

-0.023 

(-0.35) 

0.047*** 

(3.29) 

-0.001 

(-0.45) 

  -0.022 

(-0.89) 

-0.000 

(-0.66) 

0.019 

(1.64) 

0.26 

2003-2016 -0.040 

(-1.34) 

-0.086** 

(-2.41) 

-0.014 

(-0.15) 

0.018 

(0.89) 

-0.001 

(-0.31) 

  0.015 

(1.14) 

0.000 

(0.80) 

0.028*** 

(3.17) 

0.20 

India            

1990-2002 -0.072 

(-1.27) 

-0.109 

(-1.17) 

0.167** 

(2.25) 

-0.019 

(-0.69) 

-0.002 

(-1.50) 

  -0.006 

(-0.52) 

  0.06 

2003-2016 -0.093 

(-1.86) 

-0.214*** 

(-5.41) 

-0.012 

(-0.17) 

0.025 

(0.43) 

-0.005 

(-0.83) 

0.009 

(1.10) 

-0.002 

(-0.28) 

0.007 

(0.71) 

-0.000 

(-1.45) 

-0.002 

(-0.91) 

0.26 
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Japan            

1973-1982 -0.067 

(-1.62) 

0.000 

(0.01) 

-0.001 

(-0.02) 

0.026** 

(2.29) 

-0.004** 

(-2.34) 

-0.003 

(-0.95) 
  

0.000*** 

(5.11) 

0.002 

(1.34) 
0.14 

1983-1992 0.090 

(1.54) 

-0.133*** 

(-3.29) 

-0.002 

(-0.03) 

0.083 

(0.68) 

-0.001 

(-0.78) 

-0.015** 

(-2.47) 

-0.004 

(-0.56) 

0.010 

(0.43) 

0.000 

(1.59) 

-0.005 

(-0.98) 
0.24 

1993-2002 0.011 

(0.31) 

-0.082** 

(-2.22) 

0.060 

(0.91) 

0.203*** 

(3.04) 

0.001 

(1.03) 

0.021*** 

(2.89) 

-0.034** 

(-2.60) 

0.032** 

(2.51) 

0.000 

(0.73) 

0.001 

(0.17) 
0.19 

2003-2016 -0.059 

(-1.28) 

-0.003 

(-0.09) 

0.135** 

(2.12) 

-0.010 

(-0.80) 

-0.002 

(-1.64) 

0.016 

(1.17) 

-0.039 

(-1.42) 

-0.002 

(-0.14) 

0.000 

(0.56) 

0.004** 

(2.60) 
0.12 

. 0.199 

(1.73) 

-0.166*** 

(-2.67) 

-0.076 

(-1.26) 

0.009 

(1.44) 

-0.003 

(-1.67) 
  

0.021 

(0.91) 
  0.14 

1993-2002 -0.091 

(-1.23) 

-0.031 

(-0.78) 

-0.083 

(-1.16) 

0.094*** 

(4.34) 

0.007** 

(2.54) 

-0.001 

(-0.38) 

-0.006 

(-0.82) 

0.006 

(0.20) 
  0.11 

2003-2016 0.015 

(0.35) 

-0.002 

(-0.08) 

-0.217** 

(-2.38) 

0.023 

(0.90) 

-0.011*** 

(-3.36) 

0.027** 

(2.15) 

0.012 

(1.34) 

-0.011** 

(-1.99) 

0.000 

(0.66) 

0.000 

(0.20) 
0.19 

New Zealand            

1988-1992 -0.167** 

(-2.42) 

-0.016 

(-0.23) 

0.017 

(0.16) 

-0.004 

(-0.22) 

-0.002 

(-0.18) 

0.015** 

(2.09) 

-0.021*** 

(-5.21) 

0.092** 

(2.60) 

-0.001 

(-1.72) 
 0.42 

1993-2002 -0.127** 

(-2.53) 

-0.100** 

(-2.61) 

-0.235*** 

(-3.78) 

-0.006 

(-1.60) 

-0.001 

(-1.49) 

-0.001 

(-0.20) 

-0.011** 

(-2.14) 

-0.034 

(-0.59) 

0.000 

(0.53) 
 0.32 

2003-2016 -0.075*** 

(-3.73) 

-0.050 

(-1.39) 

-0.071 

(-0.88) 

0.002 

(0.36) 

0.000 

(0.54) 

0.003 

(0.90) 

-0.000 

(-0.01) 

-0.012 

(-1.03) 

0.000 

(0.09) 
 0.16 

Pakistan            

1992-2002 -0.060 

(-0.67) 

-0.092 

(-1.20) 

0.053 

(0.49) 

0.008 

(1.39) 

0.001 

(0.42) 
-- -- -- -- 

0.000 

(0.03) 
0.05 

2003-2016 -0.066 

(-1.14) 

-0.017 

(-0.36) 

0.073 

(0.63) 

0.031*** 

(2.67) 

0.004 

(0.54) 

-0.001 

(-1.08) 

-0.000 

(-0.10) 

-0.016 

(-1.40) 

0.000 

(1.58) 

0.002** 

(2.00) 
0.16 

(Continued…) 
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Singapore            

1973-1982 -0.344** 

(-2.55) 

0.024 

(0.29) 

0.100 

(0.74) 

0.015 

(0.56) 

-0.004 

(-1.94) 
  

0.014 

(1.31) 
  0.18 

1983-1992 -0.157 

(-1.88) 

-0.005 

(-0.13) 

0.177** 

(2.24) 

-0.001 

(-0.06) 

-0.001 

(-0.84) 
  

-.0.013 

(-0.92) 
 

-0.001 

(-1.14) 
0.13 

1993-2002 -0.191*** 

(-4.60) 

0.018 

(0.47) 

-0.021 

(-0.21) 

0.046 

(1.90) 

0.002 

(0.77) 
  

0.019 

(0.63) 
 

-0.001 

(-0.82) 
0.16 

2003-2016 -0.062** 

(-2.13) 

-0.050 

(-1.73) 

0.214** 

(2.07) 

0.026** 

(2.12) 

.0.003 

(1.72) 
  

-0.013 

(-1.19) 
 

-0.000 

(-0.19) 
0.20 

Thailand            

1987-1992 -0.089 

(-1.01) 

-0.156** 

(-2.44) 

0.251** 

(2.13) 

0.018 

(1.67) 

-0.004 

(-1.23) 
  

-0.019 

(-0.14) 
  0.25 

1993-2002 -0.822*** 

(-3.62) 

-0.020 

(-0.14) 

-0.493*** 

(-4.28) 

0.064 

(1.31) 

0.007 

(0.71) 
  

0.020 

(0.43) 

-0.000 

(-0.28) 

0.001 

(0.06) 
0.55 

2003-2016 0.008 

(0.29) 

-0.165*** 

(-3.13) 

-0.059 

(-0.42) 

0.004 

(0.48) 

0.001 

(0.31) 
  

0.008 

(0.69) 

0.000 

(0.55) 

-0.000 

(-0.09) 
0.13 

Note: Independent variable, 𝐴𝐶𝑢,𝑡−1  refers to average correlation of the 48 US industry portfolio returns, 𝐴𝐶𝑖,𝑡−1  refers to average correlation of the industry portfolios 

in each country i, representing the intra market systematic factor. 𝑅𝑠,𝑡−1 refers to historical return. 𝑋𝑖,𝑡−1 denotes the following control variables. DP = Dividend Yield; 

PE = Price-Earnings ratio; TS = Term Spread; RSTI = Related Short-term Interest Rate; CPI = Consumer Price Index; UE = Unemployment Rate; IP = Industry 

Production. ***, ** indicate statistical significance at the 1% and 5% levels, respectively. 
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Table 6.15: Sub-sample test with control variables in the European region 

                                               𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜷𝟒𝑿𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕 
Country 𝐀𝐂𝐮𝐬,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝐢,𝐭−𝟏 𝐃𝐘𝐢,𝐭−𝟏 𝐏𝐄𝐢,𝐭−𝟏 𝐓𝐒𝐢,𝐭−𝟏 𝐑𝐒𝐓𝐢,𝐭−𝟏 𝐂𝐏𝐈𝐢,𝐭−𝟏 𝐔𝐄𝐢,𝐭−𝟏 𝐈𝐍𝐏𝐢,𝐭−𝟏 𝐑𝟐 

Australia            

1973-1982 -0.025 

(-1.27) 

-0.015 

(-1.75) 

0.042 

(0.47) 

0.002 

(0.67) 

0.002 

(0.82) 

  0.001 

(0.17) 

0.000 

(1.05) 

 0.06 

1983-1992 -0.159** 

(-2.57) 

0.102 

(1.49) 

0.304*** 

(3.06) 

-0.017 

(-0.84) 

-0.009 

(-1.28) 

  0.009 

(0.32) 

-0.000 

(-0.57) 

 0.22 

1993-2002 -0.157*** 

(-3.00) 

-0.046** 

(-1.97) 

-0.082 

(-0.87) 

-0.000 

(0.00) 

-0.003 

(-0.69) 

-0.008 

(-1.41) 

-0.001 

(0.19) 

-0.004 

(-0.27) 

0.001** 

(2.00) 

 0.20 

2003-2016 -0.072 

(-1.51) 

-0.136** 

(-2.16) 

-0.079 

(-0.92) 

0.007 

(0.21) 

-0.005 

(-1.00) 

-0.026 

(-1.08) 

-0.008 

(-0.50) 

0.002 

(0.83) 

0.000 

(1.03) 

-0.010 

(-1.37) 

0.28 

Belgium           

1973-1982 -0.114*** 

(-3.00) 

-0.079 

(-0.71) 

0.001 

(0.01) 

0.021*** 

(4.00) 

0.005*** 

(4.54) 

0.005*** 

(2.70) 

 -0.001 

(-0.06) 

  0.12 

1983-1992 -0.234*** 

(-4.36) 

-0.003 

(0.06) 

0.131 

(1.60) 

0.005 

(0.80) 

-0.004 

(-0.85) 

0.019*** 

(4.49) 

 -0.004 

(-0.25) 

-0.000 

(-1.64) 

 0.27 

1993-2002 -0.061** 

(1.96) 

-0.049 

(-0.92) 

-0.067 

(-0.80) 

-0.021 

(-1.24) 

-0.004 

(-1.17) 

-0.002 

(-0.44) 

0.001 

(0.23) 

-0.001 

(-0.09) 

0.000** 

(2.51) 

 0.13 

2003-2016 -0.052 

(-1.43) 

-0.065** 

(-2.53) 

0.104 

(1.32) 

-0.005 

(-1.80) 

0.001 

(0.66) 

0.003 

(0.75) 

-0.022*** 

(-2.81) 

-0.041*** 

(-2.73) 

0.000*** 

(2.87) 

0.001 

(0.72) 

0.32 

Denmark            

1973-1982 -0.107*** 

(-3.40) 

-0.011 

(-0.58) 

0.142 

(1.44) 

0.012 

(1.68) 

0.000 

(0.44) 

  -0.010** 

(-2.14) 

  0.12 

1983-1992 -0.049 

(-1.27) 

-0.076** 

(-2.32) 

0.148 

(1.53) 

0.029 

(1.41) 

-0.001 

(-1.04) 

  0.016 

(1.25) 

-0.000 

(-0.05) 

 0.09 

1993-2002 -0.271*** 

(-3.66) 

-0.143** 

(-2.61) 

-0.312** 

(-2.12) 

0.027 

(1.16) 

-0.007*** 

(-6.64) 

 0.016 

(1.79) 

0.051 

(1.51) 

0.002 

(1.23) 

0.001 

(0.30) 

0.57 

2003-2016 -0.141*** 

(-3.29) 

-0.010 

(-0.27) 

0.051 

(0.57) 

-0.024 

(-1.82) 

-0.000 

(-0.35) 

 -0.023*** 

(-2.97) 

-0.049** 

(-2.48) 

0.000 

(0.75) 

0.001 

(0.62) 

0.28 

Finland            

1988-1992 0.025 

(0.22) 

0.038 

(0.47) 

0.287*** 

(3.87) 

0.016 

(1.42) 

-0.002 

(-1.37) 

  0.087** 

(2.24) 

0.000** 

(2.07) 

 0.18 

1993-2002 0.102 

(0.98) 

-0.032 

(-0.31) 

0.183** 

(2.22) 

0.005 

(0.38) 

-0.000 

(-0.52) 

0.002 

(0.30) 

-0.009 

(-1.33) 

0.027 

(0.74) 

0.000 

(0.15) 

 0.10 

2003-2016 -0.007 

(-0.10) 

0.030 

(0.51) 

0.086 

(0.94) 

-0.003 

(-0.34) 

-0.002 

(-0.82) 

-0.002 

(-0.48) 

0.010 

(1.42) 

-0.051 

(-1.74) 

0.000 

(1.00) 

0.001 

(0.40) 

0.14 

(Continued…) 



 

205 
 

 

Table 6.15: Sub-sample test with control variables in the European region                                                         (Continued) 

France            

1973-1982 -0.036 

(0.47) 

-0.170** 

(2.32) 

0.039 

(0.39) 

0.017 

(0.92) 

-0.008 

(-1.78) 

0.005 

(0.42) 

-0.000 

(-0.06) 

 -0.000 

(-1.41) 

-0.003 

(0.52) 

0.17 

1983-1992 -0.010 

(-0.08) 

0.000 

(0.00) 

0.359 

(1.92) 

0.116*** 

(3.80) 

0.022 

(1.90) 

0.034 

(1.09) 

0.048** 

(2.10) 

-0.054 

(-1.38) 

-0.000 

(-1.49) 

-0.015*** 

(-2.98) 

0.40 

1993-2002 -0.097 

(-1.60) 

-0.064 

(-1.23) 

-0.130** 

(-2.15) 

0.087*** 

(2.99) 

0.013*** 

(3.15) 

0.002 

(0.62) 

0.006 

(1.75) 

-0.018 

(-0.58) 

0.000 

(2.77) 

-0.004 

(-0.72) 

0.21 

2003-2016 -.071 

(-1.79) 

-0.106*** 

(-3.53) 

-0.039 

(-0.65) 

0.013 

(1.08) 

-0.001 

(-0.50) 

0.003 

(0.64) 

0.006 

(0.65) 

-0.011 

(-0.43) 

0.000*** 

(2.73) 

0.004 

(1.70) 

0.28 

Germany            

1973-1982 -0.108** 

(-2.42) 

-0.038 

(0.80) 

-0.032 

(0.27) 

0.035*** 

(2.93) 

0.001 

(0.88) 

0.001 

(0.94) 

0.001 

(0.61) 

-0.021 

(-1.85) 

0.000*** 

(2.67) 

 0.22 

1983-1992 0.048 

(0.66) 

-0.019 

(-0.22) 

0.696*** 

(3.02) 

0.409*** 

(2.80) 

0.015 

(1.53) 

0.036 

(1.09) 

0.115 

(1.79) 

0.004 

(0.21) 

0.000 

(0.31) 

-0.001 

(-0.31) 

0.48 

1993-2002 -0.180*** 

(-3.83) 

-0.065 

(-1.42) 

-0.132 

(-1.17) 

0.094*** 

(3.22) 

0.008 

(1.39) 

0.008 

(0.89) 

-0.010 

(-1.07) 

0.002 

(0.13) 

0.000*** 

(3.27) 

0.009** 

(2.26) 

0.26 

2003-2016 -0.098** 

(-2.36) 

-0.083** 

(-2.40) 

0.012 

(0.18) 

0.022 

(1.45) 

0.000 

(0.19) 

0.009 

(1.25) 

0.013 

(1.43) 

-0.019 

(-0.91) 

0.000 

(0.27) 

0.003 

(0.89) 

0.18 

Greece            

1990-2002 -0.139** 

(-2.06) 

-0.124 

(-1.57) 

0.084 

(1.24) 

-0.017 

(-0.98) 

-0.001 

(-0.75) 

  -0.010 

(-0.86) 

  0.06 

2003-2016 -0.216*** 

(-3.71) 

-0.130** 

(-2.19) 

-0.007 

(-0.07) 

0.032*** 

(2.70) 

0.001 

(0.67) 

-0.004** 

(-2.54) 

-0.002 

(-0.18) 

0.034** 

(2.30) 

0.000** 

(2.58) 

-0.005*** 

(-3.42) 

0.21 

Italy            

1973-1982 -0.094 

(-1.35) 

-0.265 

(-1.83) 

0.150** 

(1.99) 

-0.005 

(-0.51) 

 -0.002 

(-0.27) 

-0.004 

(-0.81) 

0.022 

(1.65) 

 -0.000 

(-0.16) 

0.16 

1983-1992 -0.128** 

(-2.49) 

-0.152** 

(-2.59) 

0.047 

(0.79) 

0.012 

(0.68) 

0.000 

(0.22) 

-0.017 

(-1.79) 

-0.003 

(-0.25) 

-0.016 

(-0.37) 

 -0.001 

(-0.35) 

0.22 

1993-2002 -0.111** 

(-2.00) 

-0.095 

(-1.90) 

-0.076 

(-1.32) 

-0.012 

(-1.13) 

-0.002 

(-1.60) 

-0.006 

(-0.54) 

-0.009** 

(-1.99) 

-0.028 

(-0.61) 

 0.000 

(0.07) 

0.14 

2003-2016 -0.099** 

(-2.33) 

-0.119*** 

(-3.99) 

-0.012 

(-0.19) 

0.020** 

(2.35) 

0.004 

(1.93) 

0.010** 

(2.61) 

0.013 

(1.57) 

-0.031 

(-1.30) 

 0.003 

(1.01) 

0.27 

 (Continued…) 
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Table 6.15: Sub-sample test with control variables in the European region                                                                                   (Continued) 

Netherlands 

1973-1982 -0.133** 

(-2.60) 

-0.093 

(-1.75) 

-0.007 

(-0.08) 

0.035*** 

(3.30) 

0.007 

(1.55) 

-0.000 

(-0.17) 

-0.003 

(-1.41) 

0.010 

(0.90) 

 0.000 

(0.21) 

0.26 

1983-1992 -0.119** 

(-2.38) 

-0.059 

(-1.92) 

0.080 

(1.19) 

0.031*** 

(4.48) 

-0.004 

(-1.19) 

0.006 

(1.01) 

0.017**

* 

(4.00) 

-0.011 

(-0.59) 

 -0.001 

(-1.14) 

0.32 

1993-2002 -0.164** 

(-2.59) 

-0.007 

(-0.17) 

-0.117 

(-1.28) 

0.013 

(0.75) 

0.001 

(0.44) 

0.008 

(1.76) 

0.003 

(0.35) 

-0.022 

(-0.93) 

 0.001 

(0.25) 

0.17 

2003-2016 -0.047 

(-1.11) 

-0.114*** 

(-2.73) 

0.064 

(0.56) 

0.019 

(1.40) 

0.002 

(1.51) 

0.005 

(0.79) 

0.027 

(1.21) 

0.022 

(0.83) 

0.000 

(1.44) 

0.004** 

(2.25) 

0.26 

Norway 

1980-1992 -0.209 

(-1.68) 

0.179 

(1.26) 

-0.007 

(-0.04) 

0.162** 

(2.63) 

0.014*** 

(3.72) 

  0.076 

(0.55) 

-0.005 

(-1.95) 

-0.005 

(-1.74) 

0.29 

1993-2002 -0.221*** 

(-2.67) 

-0.017 

(-0.29) 

-0.049 

(-0.70) 

0.010 

(0.63) 

-0.003 

(-1.16) 

  0.016 

(0.84) 

0.000 

(1.12) 

0.002 

(0.91) 

0.24 

2003-2016 -0.021 

(-0.46) 

-0.194*** 

(-2.83) 

-0.052 

(-1.06) 

0.000 

(0.00) 

0.001 

(0.64) 

  -0.044*** 

(-4.59) 

-0.000 

(-0.02) 

-0.003 

(-1.49) 

0.25 

Portugal 

1990-1992 -0.088 

(-1.95) 

0.076** 

(2.45) 

0.169** 

(2.34) 

-0.004 

(-0.57) 

-0.005 

(-0.97) 

  -0.006 

(-1.11) 

  0.24 

1993-2002 -0.107 

(-1.68) 

0.134 

(0.89) 

0.051 

(0.43) 

0.012 

(1.28) 

0.000 

(0.25) 

  -0.011 

(-1.02) 

  0.05 

2003-2016 -0.079*** 

(-2.76) 

-0.302*** 

(-2.90) 

0.166 

(1.09) 

0.011 

(0.83) 

0.001 

(0.16) 

-0.006 

(-0.44) 

0.034 

(1.56) 

-0.093*** 

(-2.69) 

 0.003 

(1.91) 

0.20 

Spain 

1987-1992 -0.220** 

(-2.04) 

-0.010 

(-0.12) 

0.250*** 

(2.97) 

0.021 

(0.84) 

-0.008 

(-0.97) 

0.001 

(0.34) 

0.004 

(0.87) 

-0.021 

(-0.81) 

0.000*** 

(2.76) 

-0.000 

(-0.12) 

0.36 

1993-2002 
-0.147** 

(-2.29) 

-0.128** 

(-2.54) 

-0.142 

(-1.95) 

-0.009 

(-0.42) 

0.000 

(0.03) 

-0.006 

(-1.39) 

-0.003 

(-0.40) 

-0.062 

(-1.75) 

0.000 

(1.66) 

-0.004 

(-1.23) 

0.26 

2003-2016 
-0.029 

(-0.85) 

-0.167*** 

(-7.50) 

-0.059 

(-0.75) 

0.014** 

(2.00) 

0.004** 

(2.38) 

0.003 

(0.59) 

0.005 

(0.58) 

-0.031 

(-1.78) 

-0.000 

(-1.71) 

0.002 

(0.67) 

0.21 

 (Continued…)  
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Table 6.15: Sub-sample test with control variables in the European region                                                          (concluded) 

Switzerland            

1973-1982 -0.073** 

(-2.11) 

0.029 

(1.19) 

0.086 

(1.09) 

0.024 

(1.40) 

-0.001 

(-0.24) 

  -0.011 

(-1.25) 

0.001 

(0.64) 

 0.13 

1983-1992 -0.145*** 

(-3.39) 

-0.108*** 

(-4.42) 

0.092 

(1.57) 

0.001 

(0.05) 

-0.004 

(-0.76) 

  -0.012 

(-0.96) 

-0.000** 

(-2.26) 

 0.32 

1993-2002 -0.139*** 

(-3.20) 

-0.083 

(-1.81) 

-0.132** 

(-2.27) 

0.031 

(1.21) 

0.004** 

(2.62) 

  0.003 

(0.17) 

0.000*** 

(4.34) 

 0.26 

2003-2016 -0.104*** 

(-3.25) 

-0.030 

(-0.97) 

-0.001 

(-0.03) 

0.011 

(1.83) 

-0.001 

(-1.24) 

  -0.005 

(-0.37) 

0.001** 

(2.19) 

 0.24 

UK            

1973-1982 -0.226*** 

(-2.81) 

0.058 

(0.54) 

0.203*** 

(3.15) 

0.030** 

(2.56) 

0.004 

(0.80) 

   0.000 

(0.37) 

0.001 

(0.47) 

0.23 

1983-1992  -0.152** 

(-2.44) 

0.006 

(0.06) 

0.157** 

(2.29) 

0.020 

(1.25) 

-0.021*** 

(-4.48) 

  -0.012 

(-0.84) 

0.000*** 

(2.97) 

-0.002 

(-0.57) 

0.26 

1993-2002 -0.100** 

(-2.24) 

-0.104 

(-1.82) 

-0.106 

(-1.15) 

0.040 

(1.87) 

-0.000 

(-0.15) 

  -0.018 

(-0.91) 

-0.000 

(-1.42) 

0.005 

(1.31) 

0.27 

2003-2016 -0.226*** 

(-2.81) 

0.058 

(0.54) 

0.203*** 

(3.15) 

0.030** 

(2.56) 

0.004 

(0.80) 

   0.000 

(0.37) 

0.001 

(0.47) 

0.23 

Note: Independent variable, 𝐴𝐶𝑢,𝑡−1  refers to average correlation of the 48 US industry portfolio returns, 𝐴𝐶𝑖,𝑡−1  refers to average correlation of the industry portfolios in each 

country i, representing the intra market systematic factor. 𝑅𝑠,𝑡−1 refers to historical return. 𝑋𝑖,𝑡−1 denotes the following control variables. DP = Dividend Yield; PE = Price-Earnings 

ratio; TS = Term Spread; RSTI = Related Short-term Interest Rate; CPI = Consumer Price Index; UE = Unemployment Rate; IP = Industry Production. ***, ** indicate statistical 

significance at the 1% and 5% levels, respectively. 
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Table 6.16: Sub-sample test with control variables in the American region 

                               𝑹𝒊,𝒕 = 𝜷𝟎 + 𝜷𝟏𝑨𝑪𝒖,𝒕−𝟏 + 𝜷𝟐𝑨𝑪𝒊,𝒕−𝟏 + 𝜷𝟑𝑹𝒊,𝒕−𝟏 + 𝜷𝟒𝑿𝒊,𝒕−𝟏 + 𝜺𝒊,𝒕, where, 𝑿𝒊,𝒕−𝟏 = {𝑷𝑬, 𝑫𝒀, 𝑻𝑺, 𝑹𝑺𝑻, 𝑪𝑷𝑰. 𝑼𝑬𝒓𝒂𝒕𝒆, 𝑰𝑵𝑫𝑷𝑹𝑶} 

Country 𝐀𝐂𝐮𝐬,𝐭−𝟏 𝐀𝐂𝐢,𝐭−𝟏 𝐑𝐢,𝐭−𝟏 𝐃𝐘𝐢,𝐭−𝟏 𝐏𝐄𝐢,𝐭−𝟏 𝐓𝐒𝐢,𝐭−𝟏 𝐑𝐒𝐓𝐢,𝐭−𝟏 𝐂𝐏𝐈𝐢,𝐭−𝟏 𝐔𝐄𝐢,𝐭−𝟏 𝐈𝐍𝐏𝐢,𝐭−𝟏 𝐑𝟐 

Brazil            

1994-2002 -0.313*** 

(-4.24) 

-0.065 

(-0.61) 

-0.247** 

(-2.56) 

-0.001 

(-0.13) 

-0.008*** 

(-2.88) 

  0.037*** 

(3.29) 

 0.003 

(0.50) 

0.22 

2003-2016 -0.025 

(-0.48) 

0.019 

(0.30) 

0.109 

(0.67) 

0.076*** 

(2.77) 

0.003 

(0.73) 

  0.019 

(0.60) 

-0.000 

(-0.11) 

0.007 

(1.81) 

0.22 

Canada            

1973-1982 -0.158*** 

(-3.00) 

-0.158 

(-1.56) 

-0.153 

(-1.67) 

-0.033** 

(-2.56) 

-0.005** 

(-2.24) 

0.001 

(0.49) 

.003 

(0.87) 

-0.014 

(-0.95) 

0.000*** 

(4.93) 

0.005 

(0.83) 

0.25 

1983-1992 -0.094*** 

(-3.42) 

-0.092 

(-1.61) 

0.072 

(1.07) 

0.049*** 

(2.97) 

0.002 

(0.57) 

-0.000 

(-0.14) 

-0.002 

(-0.94) 

-0.014 

(-1.65) 

-0.000 

(-1.22) 

0.003 

(1.39) 

0.28 

1993-2002 -0.097** 

(-2.45) 

-0.058 

(-1.53) 

0.030 

(0.39) 

-0.002 

(-0.10) 

-0.002 

(-1.43) 

0.004 

(0.68) 

0.002 

(0.34) 

0.004 

(0.27) 

0.000 

(0.24) 

0.014** 

(2.18) 

0.18 

2003-2016 -0.043 

(-1.38) 

-0.122*** 

(-2.97) 

-0.112 

(-1.81) 

-0.012 

(-0.75) 

-0.004*** 

(-3.94) 

-0.001 

(-0.10) 

0.003 

(0.29) 

0.009 

(0.73) 

0.000 

(0.98) 

-0.001 

(-0.13) 

0.20 

Mexico            

1988-1992 -0.200 

(-1.16) 

-0.201 

(-1.84) 

0.074 

(0.53) 

-0.003 

(-0.13) 

-0.001 

(-0.21) 

  0.004 

(0.12) 

  0.13 

1993-2002 -0.127** 

(-2.00) 

-0.004 

(-0.05) 

-0.016 

(-0.27) 

0.018 

(0.98) 

0.001 

(0.19) 

  0.010** 

(2.21) 

 0.011** 

(1.97) 

0.11 

2003-2016 -0.019 

(-0.47) 

-0.081 

(-1.51) 

-0.143** 

(-2.10) 

-0.008 

(-0.79) 

-0.004** 

(-2.24) 

  -0.018 

(-0.92) 

0.000 

(1.20) 

0.004 

(0.87) 

0.11 

Note: Independent variable, 𝐴𝐶𝑢,𝑡−1  refers to average correlation of the 48 US industry portfolio returns, 𝐴𝐶𝑖,𝑡−1  refers to average correlation of the industry portfolios in 

each country i, representing the intra market systematic factor. 𝑅𝑠,𝑡−1 refers to historical return. 𝑋𝑖,𝑡−1 denotes the following control variables. DP = Dividend Yield; PE = 

Price-Earnings ratio; TS = Term Spread; RSTI = Related Short-term Interest Rate; CPI = Consumer Price Index; UE = Unemployment Rate; IP = Industry Production. ***, 

** indicate statistical significance at the 1% and 5% levels, respectively. 
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6.4 Conclusions 

This chapter uses the US average correlation as a measure for global systematic factor, 

and the local average correlation as a measure for domestic systematic risk, to predict the 

future stock market returns in 27 financial markets globally. In the previous two chapters 

(Chapters 4 and 5), empirical evidence has been provided to support the role of average 

correlation as a proxy for the co-movement of all assets in one stock market, in predicting 

future stock market returns. This chapter takes a step further, proposing that the movement of 

the global systematic factor could be revealed by the average correlation of the US stock 

market. While local average correlation could predict future stock market returns, the US 

average correlation should have its predictive power independent to the local predictors; in 

other words, it should capture some information which is not captured in the local predictors 

and should provide “extra” predictive power. Based on this proposition, this chapter tests the 

predictive power of the US and local average correlations and uses conventional predictors as 

control variables and benchmarks. Additionally, sub-sample tests are performed to investigate 

the predictive power of the predictors in each sub-sample period and to account for the time-

varying property reported in previous studies.  

 

The empirical results are substantially supportive. First, both the US and local average 

correlations could significantly predict future stock market returns in a one-month lag. In 

some stock markets, the average correlations have predictive power in multiple lags. For the 

simplicity of the prediction model, only one-month lagged US and local average correlations 

are included in the later tests. Second, overall, the US and local average correlations 

outperform the conventional predictors. They have predictive power in more stock markets, 

almost twice as the predictor next to them. Third, sub-sample tests reveal that the US average 

correlation is more consistent in predicting future stock market returns and the local average 
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correlation has stronger predictive power in the latest sub-sample period but is less consistent. 

The predictive power of any predictor, either average correlation or conventional, is time-

varying. Fourth, while combining conventional predictors with average correlations, the 

explanatory power of the prediction model increases, indicating average correlations and 

conventional predictors could complement each other, forming a comprehensive prediction 

model with higher predictive power. 

 

The findings of this chapter are of interest to researchers in this area. International stock 

market return predictability has faced one major predicament of complexity, due to the 

inclusion of the risk of currency exchange rate, the uncertainties associated with international 

trading, and other factors caused by cross-border transactions. This chapter provides a 

convenient way of simplifying the predictive model by using the US average correlation as a 

measure of the global systematic factor. Future studies could explore on how to capture the 

global influence without overcomplicating the prediction model. Moreover, the findings on 

the time-varying property of predictors prompt concern over the use of long sample periods 

and data from a relatively early age. The sub-sample tests clearly show that conventional 

predictors have significant predictive power in the first two sub-sample periods and that local 

average correlation has strong predictive power mostly in the latest decade. Using long 

sample periods, such as a half century, may conceal the predictive power of newly developed 

predictors and may overrate the predictive power of conventional predictors, as they had been 

successful in a relatively long period. Additionally, the geographic location of a financial 

market contributes to the stock market return predictability of that market. Further 

exploration is needed to define whether the geographic location is a true factor behind the 

varying predictability or whether the status of development is the factor behind the 

geographic location. 
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The results of this chapter are also of interest to investors and market practitioners. The 

average correlation is a convenient tool for investors to use that could capture the influence 

from other stock markets, not just from the US. Evidence also shows that those 

conventionally used predictors, such as dividend price ratio or term spread, are no longer very 

significant in predicting future stock market returns. Investors may find difficult to predict 

future trends using these predictors. The time-varying property compels investors and market 

practitioners to develop new predictors as the old ones will gradually but inevitably lose their 

predictive power. Investors may think they do not need to consider international factors if 

they are trading domestically; however, the findings in this chapter suggest the need for 

having second thoughts. That US average correlation could predict local stock market returns 

implies that local returns are also influenced by the movement of the global systematic factor. 

 

One limitation of this chapter is the frequency of data. While the global systematic 

factor loses its predictive power and the local average correlation gains its power in the latest 

decade, it is difficult to detect whether the global systematic risk has been transmitted into the 

domestic systematic risk. If this is the case, it is not surprising that the global systematic 

factor no longer predicts the local stock market returns, as the influence has been absorbed 

into the local systematic factor. As the transmission usually happens overnight or within 

several days, monthly data could barely capture such a transmission. In a similar vein, it is 

hard to detect whether the US influence leads the local influence, as the lag between these 

two influences should be no longer than one week, if not one day. It is recognised that if data 

with a higher frequency, such as hourly or even minutely returns, is used, there could be more 

meaningful findings. However, the frequency is an issue inherent to average correlation, as it 

takes one-month daily returns to compute the correlation between returns. Restrained by the 

available data, one month is a reasonable frequency for computing the average correlation. 
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Chapter 7 

Summary and Conclusions 

7.1 Introduction 

This research examines the use of average correlation as a main predictor for future 

SMRs. The average correlation has been applied in three research contexts, the US stock 

market, non-US stock markets, and both the US and non-US stock markets. The examination 

of the predictive ability of average correlation has been conducted in three steps.  The first 

study concentrates on average correlation’s prediction of future US SMRs; the second study 

generalises average correlation’s predictive power for the future returns of 27 non-US stock 

markets. The third study uses the US and the local average correlations, as measures of the 

global and local factor, to predict local future SMRs.  

 

The research also includes a wide range of conventional predictors that could be 

essentially classified in four broad categories: financial ratios, economic indicators, behaviour 

factors and the effect of financial crises. In each broad category, some widely accepted, 

widely used predictors were adopted as control variables and, more importantly, as 

benchmarks to assess whether average correlation outperforms these conventional predictors 

in their predictive ability. In the category of financial ratios, the dividend yield and price-

earnings ratio were selected as they are among the most common predictors reported in 

previous literature. Economic indicators, term spread, and default spread were employed in 

Chapter 4 and term spread, relative short-term interest, consumer price index, unemployment 

rate and industrial production were included in Chapters 5 and Chapter 6. Market sentiment 



 

213 
 

was adopted only in Chapter 4, whereas the effects of financial crises were considered in all 

three chapters. Depending on the availability of data, some predictors were removed or 

replaced with others in the same category. Moreover, some predictors were adopted to meet 

the specific needs of one study, such as the inclusion of more economic indicators in the 

multi-national studies, rather than in the US-focused study, to address the heterogeneity in the 

data. 

 

Briefly, this thesis uses average correlation as a main predictor, along with financial 

ratios, economic indicators, behavioural factors and the effect of financial crises as control 

variables and benchmarks. The main prediction model is the OLS regression model with the 

Newey-West estimator. Additionally, panel analysis, the long-horizon test, the sub-sample 

test, the boot-strap test and robustness checks were performed in the three studies. This 

research features a comprehensive set of predictors and a variety of analytical methods.  

 

7.2 Contribution of the thesis 

This thesis contributes to the current body of literature on four counts. The findings 

contribute to current literature by providing substantial evidence of the predictive ability of a 

less used predictor, average correlation. The findings encourage future use of average 

correlation and future examination of the relationship between the co-movement of returns on 

individual assets and the movement in future SMRs. Since average correlation was 

introduced as a predictor for future SMRs by Pollet and Wilson (2010), no research has 

thoroughly examined the use of average correlation in a broad research context until this 

study. The use of average correlation as a predictor has been examined in this research 

through various analytical methods and with a wide range of conventional predictors in 28 

major stock markets globally. The proposed relationship between the co-movement of returns 
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on individual assets and the movement in future SMRs sheds new light on SMRP research by 

adding an emerging but valid and reliable forecasting variable to the well-established set of 

predictors. The kitchen-sink regressions in all three studies suggest that the inclusion of 

average correlation in addition to other conventional predictors has higher explanatory power 

than those of regressions on any individual predictor. Therefore, rather than substituting any 

known predictor, average correlation instead adds a new angle, capturing information which 

has not been fully reflected in any predictor. This is an improvement for current prediction 

models. 

 

Moreover, a novel contribution made by this thesis is the use of this recently developed 

average correlation in an international context. When considering foreign influence on a local 

stock market, the prediction model needs to include more factors, not only the influence itself 

but also the risk associated with the influence, such as fluctuation in exchange rate, and so 

becomes much more complicated. Average correlation is a measure for the co-movement of 

all asset returns, thus being a proxy for a trend, for example the trend of how the returns on 

all assets go on average, rather than an absolute value or a relative measure. The use of the 

US average correlation as a proxy for a global influence, therefore, provides implications to 

circumvent the confounding risks that are relevant to the influence but irrelevant to the local 

SMRs. Potentially, this method could pave the way for future researchers to develop a 

prediction model including both global and local factors without the confounding factors 

associated with the global factor. 

 

The findings of the thesis lend support to the proposition that predictors and 

predictability are market-dependent and time-varying. All conventional predictors included in 

this thesis demonstrate different predictive abilities in various stock markets (Chapters 5 and 



 

215 
 

6) and in discrete time intervals (see sub-sample tests). Few predictors, including average 

correlation, have a consistent predictive ability across multiple stock markets, but their 

predictive ability still diminishes in particular stock markets and in specific decades. Early 

studies debated whether there is SMRP, mainly because it has been assumed that predictors 

could consistently predict future SMRs in all stock markets, persistently in all time. Evidence 

supporting or rejecting SMRP in one stock market or in a specific sample period should not 

be overly generalised to other stock markets or to other time intervals. 

 

Further, this thesis contributes to current literature by supporting the concept of 

simultaneous impacts from both the global and local factors on local future SMRs, rather than 

a lead-lag relationship between the global and local factors and a sequential influence from 

the two factors on local future SMRs. This research quantifies the lags of information 

transmission from the US market to other stock markets on a monthly basis. While the lag 

between average correlation and the returns it can predict is approximately two months in the 

US stock market, both the US and local average correlation predict local future SMRs one 

month in advance. No evidence shows that the US average correlation leads the local average 

correlation in the prediction, although some scholars argue that major global shocks originate 

from the US market and later diffuse to other stock markets. Both the US and the local factors 

predict future SMRs in a one-month lag in most of the sample stock markets, indicating that 

the US factor does not lead the local factor in the prediction, at least not on a monthly basis. 

Thus, the theory that the global shocks are diffused in a sequence from the US to other stock 

markets is not supported on a monthly basis. Future research could either shorten the time lag 

in the prediction to explore whether the US factor leads the local factor in a shorter time 

interval or assume that their impacts on local future SMRs are substantially simultaneous. 
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7.3 Empirical findings 

A number of findings emerge from the research. The results provide evidence that 

average correlation effectively predicts the trend of future SMRs. Average correlation could 

predict future SMRs, both in the US and non-US stock markets, after being controlled for the 

effects of financial ratios, economic indicators, market sentiment and the effect of financial 

crises. This result could be further divided into the findings from the US and those from other 

stock markets. In the US stock market, average correlation significantly predicts future SMRs 

at a two-month lag and in a positive manner. Specifically, a higher average correlation 

indicates a higher future SMR, on average two months in advance. In most of the 27 non-US 

stock markets, average correlation significantly predicts future SMRs at a one-month lag but 

in a negative manner, for instance a higher average correlation indicates a lower future SMR, 

on average one month in advance. As discussed in previous chapters, both findings have their 

theoretical support and are not contradictory. 

 

The results clearly show that average correlation outperforms all conventional 

predictors, both in the US and the non-US stock markets. The predictive ability of average 

correlation has been consistent in all models, regardless of individual or collective analysis, 

and is persistently superior to all other predictors. Dividend yield and the price-earnings ratio 

also have predictive power in the US market, both at one-month lag; term spread has a long-

horizon predictive ability. In other stock markets, there is a general pattern that some 

conventional predictors have been effective in a particular stock market where other 

predictors have no predictive ability. This observation echoes previous findings on the 

market-dependency of SMRP: for instance, that the SMRP and effective predictors change 

across various stock markets. Average correlation again, with predictive ability in a majority 

of those non-US stock markets, outperforms all other predictors. 
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The empirical findings do not agree with one common proposition that the US stock 

market leads other stock markets; they favour another theory that simultaneous effects from 

both US and the domestic stock market (any non-US stock market) have influenced the 

returns of that market. Both the US and the local average correlations have significantly 

predicted future SMRs in a majority of the 27 non-US stock markets, on average one month 

in advance. The local average correlation predicts local SMRs in slightly more stock markets 

than does the US average correlation. These findings provide preliminary evidence on the 

existence of a global influence on the local SMRs, but this influence does not lead the local 

influence, and the two influences have no time lag (in month) under the research setting of 

this thesis. Empirically, both the US and local average correlations are negatively correlated 

with future SMRs, one month in advance. In general, the higher US and local average 

correlations signal coming lower SMRs in all stock markets except for the US.  

 

7.4 Policy implications 

This thesis also has policy implications for stock market participants and policy setters. 

Average correlation could assist market practitioners with forecasting the future trend of 

SMRs. The inclusion of average correlation into capital asset pricing models would improve 

the precision of forecasting and, more importantly, would indicate the direction that future 

SMRs will go. Heightened average correlation could be a sign of higher SMRs in the US 

stock market (Chapter 4) and a sign of lower stock market returns in other stock markets 

(Chapters 5 and 6). Forecasting a potential rise or fall should be of the same importance that 

avoiding losses is, to investors, as crucial as making gains. Average correlation could be a 

useful signal for selecting a particular trading strategy. Investors could still take advantage of 

a lower future SMR, for instance, by short selling. 
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In an international context, average correlation is a convenient tool for investors to use 

to capture the influence from other stock markets, not limited to the US. For instance, 

investors of Asia stock markets may consider the influence of the Japanese, Chinese and 

Singaporean stock markets as well. Average correlation is easy to calculate and could be 

applied to any stock market based on the same algorithm. Evidence also shows that those 

most reliant predictors, such as the dividend price ratio, have a diminishing ability for 

predicting future SRMs in many stock markets. The market-dependent and time-varying 

properties of SMRP make forecasting with those conventional predictors even less plausible. 

Investors and market practitioners should adopt new predictors as the old ones will gradually 

but inevitably lose their predictive power. The findings that US average correlation could 

predict local SMRs have implications to those local investors who are not involved in 

international transactions as they also will need to consider the global factors. 

 

The finding that both recession periods and investor sentiments have influence on the 

SMRs should be useful for policy makers (Chapter 4). In general, the policy makers could 

deepen their understanding on what factors have influences on SMRs. This study provides 

statistical evidence to support that SMRs are influenced by the economic status, i.e., 

economic recession, and the investor sentiments, i.e., optimistic or pessimistic. Even though 

the policy makers could not manage the economic status or how investors feel about the 

future, they could predict the future trend of SMRs by observing the current economic status 

and the investor sentiments. They could possibly act in advance to prevent, or at least 

mitigate, the negative impact of future low SMRs. Investors adjust their expected returns to a 

lower level when the average correlation is increased during recession periods. The 

understanding of the co-movement of returns on industry portfolios during the recession 

period would be useful for the formulation of policies that are aimed at ensuring the stability 
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of financial markets. Predicting lower stock market returns is also essential for preventing 

possible market crashes. Policy setters could use the average correlation as an indicator of a 

downward trend of future SMRs and thus prepare for possible market crashes. Overall, the 

findings of this research should provide valuable implications to all users, including fellow 

researchers, market participants and policy setters. 

 

7.5 Limitations and future research directions 

Even with careful design, this research is not free from limitations and has room for 

further improvements. This also provides future research opportunities to fellow researchers. 

One potential improvement could be using shorter time intervals of the data. One limitation 

of this research is the predominant use of monthly data, such as the monthly average 

correlation calculated from daily returns on individual industry portfolios. It is reasonable to 

expect that if hourly returns, or even minute-by-minute returns, are used and daily average 

correlation is calculated, the results would provide more information on the precision of the 

prediction. Moreover, the role of the US stock market could be further explored if a short 

time interval is used as the US average correlation may lead the local average correlation, not 

on a monthly basis but on a weekly basis or a daily basis.  

 

Another potential improvement could be made with the analytical methods. Despite the 

OLS regression model being most widely used, other linear- or non-linear regression models 

could be used to correct for any possible bias. Discovering whether average correlation could 

fit into other analytical models could provide more empirical evidence for the use of average 

correlation and improve that prediction model as well.  
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Appendix   

Figure A5.1: Time-Series Plots of Stock Market Returns: Asia & Asia–Pacific Region 

Australia                                                                                China 

  

Hong Kong                                                                            India 

 

Japan                                                                               Malaysia 
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                                      New Zealand                                                                 Pakistan                (Concluded…) 

 

Singapore                                                                          Thailand 

  

(Note:y1 = return; y2 = L1. average correlation; x = month) 
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Figure A5.2: Time-Series Plots of Stock Market Returns: European Region 

Austria                                                                            Belgium 

  

Denmark                                                                               Finland 

 

France                                                                            Germany 

   

(Continued…) 
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                                        Greece                                                                                 Italy                    (Continued) 

 

Netherlands                                                                        Norway 

 

Portugal                                                                              Spain 

                                                                       

(Continued…) 
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                                     Switzerland                                                                      UK                            (Concluded) 

  

(Note:y1 = return; y2 = L1. average correlation; x = month) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

-.
2

4
0

1
0

6
.8

5
5

1
0

9
7

1973m1 2016m12

return L1Corravg

meanreturn meanL1AC

-.
2

7
2

5
6

5
6

.8
3
1

3
1

3
6

1965m1 2016m12

return L1Corravg

meanreturn meanL1AC



 

225 
 

Figure A5.3: Time-Series Plots of Stock Market Returns: American Region 

Brazil                                                                               Canada 

 

                                       Mexico 

 

(Note:y1 = return; y2 = L1. average correlation; x = month) 
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Figure A5.4: Scatter Plots of Stock Market Returns: Asia & Asia–Pacific Region 

Australia                                                                                China 

  

Hong Kong                                                                             India 

  

Japan                                                                             Malaysia 

  

  (Continued…) 
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                                   New Zealand                                                                        Pakistan                (Concluded) 

  

Singapore                                                                          Thailand 

  

(Note:y = return;  x = L1. average correlation) 

 

 

 

 

 

 

 

 

 

 

 

 

-.
1

5
9

8
1

6
3

.1
8
9

6
2

0
3

.0071317 .7002062

return meanreturn

-.
3

5
2

5
0

2
7

.3
5
5

4
6

2
6

.0091243 .7490626

return meanreturn

-.
3

6
0

4
1

1
9

.5
5
9

5
1

3
4

.1209439 .785504

return meanreturn

-.
3

1
3

3
2

6
9

.5
9
9

1
2

3
5

.069994 .9172738

return meanreturn



 

228 
 

Figure A5.5: Scatter Plots of Stock Market Returns: European Region 

Austria                                                                              Belgium 

  

Denmark                                                                             Finland 

  

France                                                                             Germany 

  

(Continued…) 
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                                     Greece                                                                                     Italy                  (Continued) 

  

Netherlands                                                                         Norway 

  

Portugal                                                                             Spain 

  

(Continued…) 
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                                  Switzerland                                                                           UK                      (Concluded) 

  

(Note:y = return x = L1. average correlation) 
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Figure 5.6: Scatter Plots of Stock Market Returns: American Region 

Brazil                                                                               Canada 

  

                                      Mexico 

 

(Note:y = return x = L1. average correlation) 
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