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Abstract
This paper examines the impact of macroeconomic factors, microstructure factors, uncer-
tainty indexes, the investor sentiment, and global shock factors on the dynamic efficiency 
of G7 stock markets. We use a non-Bayesian Generalized least squares-based time-varying 
model by Ito et al. (Appl Econ 46(23):2744–2754, 2014; Appl Econ 48(7):621–635, 2016) 
and the time-varying adjusted market efficiency method. The results show using the aug-
mented mean group estimator and heterogeneous panel causality method a strong relation-
ship between stock market efficiency and oil prices. In addition, all stock markets became 
more inefficient during COVID-19 crisis and upward trend in oil prices. Furthermore, by 
means of the heterogeneous panel causality test, we find evidence of unidirectional from all 
the considered factors, except for the consumer confidence index variable, to stock market 
efficiency. Moreover, we show a significant bidirectional causality between the time-var-
ying market efficiency and both interest rates, exchange rates, market volatility, economic 
policy uncertainty, and the composite leading indicator. The implications of our findings 
for investors and policymakers are discussed.
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1  Introduction

The concept of market efficiency, pioneered by Fama (1970), has been a fundamental 
aspect of financial theory. A market is defined efficient if past prices are fully reflected 
on the current price, resulting in an optimal allocation of scarce capital resources (Fama 
1970; Lim et al. 2008a, 2008b). The Efficient Market Hypothesis (EMH) indicates that 
future prices follow a random walk and are modeled through a stochastic process. Sup-
ported by the behavioral finance hypothesis, previous studies challenge the EMH’s 
unrealistic assumptions and the existence of profitable strategies to beat the market (De 
Bondt and Thaler 1985; Lakonishok et  al. 1994; Shi and Zhou  2017; Shleifer 2000). 
Another criticism pertains to a static market efficiency (Ghazani and Araghi 2014). 
To address these criticisms, Lo (2004, 2005) proposes the Adaptive Market Hypoth-
esis (AMH) which aims to reconcile the behavioral finance with the EMH in a coherent 
manner. The AMH advocates for an evolutionary approach, acknowledging an evolv-
ing market efficiency (Lim and Brooks 2011). The adaptation to innovation and natural 
selection can lead to a time-varying market efficiency due to fundamental changes in 
market conditions (Lo 2005). AMH studies have explored the stock return predictabil-
ity and ranked markets according to their relative efficiency levels in both developed 
(Zebende et al. 2022; Choi 2021; Ozkan 2021; Okorie and Lin 2021; Mensi et al. 2019) 
and emerging markets (Hirmath and Narayan 2016; Al-Khazali and Mirzaei 2017; 
Gyamfi 2017; Chang et al. 2023).

More interestingly, identifying the drivers of stock market efficiency is of para-
mount importance for portfolio managers, policymakers, and regulatory authorities. The 
empirical studies have tested the EMH using various statistical tests (Escanciano and 
Lobato 2009; Ghazani and Araghi 2014; Kim et al. 2011a; Ghazani and Araghi 2014). 
Additionally, another strand of empirical studies has examined the stock price predict-
ability over time by relying on the role of macroeconomic variables (Baltratti et  al. 
2016; Easley and O’Hara 1992), interest rates (Gay 2008), turnover (Barber and Odean 
2000), market volatility (Hameed et  al. 2006), investor sentiment (Baker et  al. 2016), 
and market liquidity (Amihud 2002; Linton 2012; Danyliv et al. 2014; Sarra and Lyberk 
2002; Stoll 1984). However, these studies fail to identify whether the underlying factors 
affects the pattern of stock market efficiency.

This paper aims to address this gap in the literature by examining the key drivers 
of stock market efficiency. To the best of our knowledge, this is the first study to ana-
lyze the impacts of macroeconomic factors (exchange rates [EXCHG], 3-month Treas-
ury bills [INTER], Europe Brent crude oil prices [OIL]), microstructure factors (market 
liquidity [LIX] and market volatility), uncertainty indexes (the economic policy uncer-
tainty index [EPU] and the Composite Leading Indicator [CLI]), sentiment factors (Sen-
timent Endurance index [SE] and Consumer Confidence Index [CCI]), and global shock 
factors (2008 global financial crisis [GFC] and COVID-19 pandemic [COVID19]) on 
the dynamic efficiency of stock markets of G7 economies, namely Canada, France, Ger-
many, Italy, Japan, UK, and US.

Using the augmented mean group (AMG) estimator and heterogeneous panel cau-
sality method, our results show that both oil price changes and COVID-19 outbreak 
contribute to the inefficiency of G7 stock markets. Moreover, the causality test results 
exhibit a significant unidirectional causality from both oil prices and COVID-19 pan-
demic to market efficiency. Furthermore, we find a significant bidirectional causality 
between time-varying market efficiency and various factors, including interest rates, 
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exchange rates, market volatility, Economic Policy Uncertainty and the Composite 
Leading Indicator. These findings shed light on the driving forces that influence stock 
market efficiency.

This study contributes to the existing literature in different fronts. First, it provides 
a comprehensive analysis on the dynamic efficiency of G7 stock markets during differ-
ent turbulent periods. Second, it extends the TV-AR approach of Ito et  al. (2014, 2016) 
to estimate time-varying stock market efficiency. This approach provides a more accurate 
assessment than the traditional statistical tests based on the rolling window method (Noda 
2016). Third, it explores the dynamic relationships between potential macroeconomic ad 
microeconomic factors and stock market efficiency, bridging the gap in the existing litera-
ture, which often overlooks the effects of macroeconomic and firm-specific variables on 
stock market efficiency. Our investigation considers five important groups of driving forces 
affecting stock market efficiency namely macroeconomic, microstructure, uncertainty, sen-
timent, and global shock factors.

We notice that our investigation has important practical implications for both regula-
tory authorities and investors. The former gains a better understanding of the key drivers 
of market behavior and efficiency which help to implement the appropriate regulations to 
enhance the stock market efficiency (Antoniou et al. 1997). The latter can effectively track 
arbitrage opportunities and exploit them until an equilibrium is established.

The remaining paper is structured as follows. Section 2 presents the literature review 
and hypothesis formulation. Section 3 outlines the variable descriptions and Sect. 4 pre-
sents the empirical design. Section 5 reports and discusses the empirical results. Section 6 
concludes the paper.

2 � Literature review and hypothesis development

While a large body of existing literature has focused on the effects of macroeconomic vari-
ables on stock market returns and volatility, limited studies have explored the determinants 
of stock market efficiency.

2.1 � Macroeconomic factors and market efficiency

Macroeconomic variables encompass various indicators reflecting general economic con-
ditions, monetary policy, price levels, and international activity. In this study, we specifi-
cally focus on three important macroeconomic variables. Namely interest rates, exchange 
rates, and oil prices. These variables have been selected due to their relevance in explaining 
stock price movements (Sensoy and Tabak 2016; Breugem et al. 2020). Interest rates and 
exchange rates are both financial prices affecting resource allocation, production levels, 
and stock prices (Coleman Kyereboah and Agyire-Tettey 2008). Oil prices affect the mar-
ket value of stocks through the expected cash flows and the discount rates. In addition, the 
impact of oil prices on stock market efficiency can vary depending on whether a country 
is an oil exporter or importer (Al-hakimi 2022). While changes in macroeconomic vari-
ables have been extensively studied in relation to stock returns (Dabbous and Tarhini 2021; 
Rabushka and Kress 2019; Chen et al. 1986), they have received less attention concerning 
their effects on stock market efficiency.

Hypothesis (H1a) Stock market efficiency is positively influenced by interest rates.



2858	 M. M. Belhoula et al.

1 3

Yi (2019) emphasizes that a prudent monetary policy supports the stability of finan-
cial market. Gopinath et  al. (2017) show that a decrease in real interest rates negatively 
affects capital allocation efficiency in Southern European countries. Conversely, Breugem 
et al. (2020) find that stock price efficiency increases when long-run interest rates are high, 
indicating a positive relationship between the long-run interest rates and stock market effi-
ciency. Their analysis demonstrates how monetary policies impact information efficiency 
in the stock market through their influence on the bond market.

Hypothesis (H1b) Stock market efficiency is positively influenced by the exchange 
rates.

However, the relationship between exchange rates and stock market efficiency has been 
relatively underexplored, while previous research mostly focusing either on the cointegra-
tion and causality between exchange rates and stock prices (Brahmasrene and Jiranyakul 
2007; Sui and Sin 2016; Akel et al. 2015; Tang and Yao 2018; Nguyen 2019), or on the 
negative association between exchange rates and stock returns (Chen et al. 2022; Morales-
Zumaquero and Sosvilla-Rivero 2018; Warshaw 2020). Indeed, If the stock market effi-
ciency incorporates exchange rate information, then only a short-run relationship should 
exist between changes in the exchange rate and stock returns. If on the other hand, the vari-
ables are cointegrated, then the stock market is inefficient. A depreciation in currency leads 
to increased demand for exports, causing investors to shift funds from domestic assets to 
foreign currency assets, ultimately impacting stock prices (Kotha and Sahu 2016).

Hypothesis (H1c) Stock market efficiency is negatively influenced by oil price increase.
Oil price is another fundamental macroeconomic variable having a significant impact 

on stock prices. It must be pointed out that oil market reveals valuable information about 
the stock’s prices, allowing investors to gather a vital information about the payoffs from 
its price. Although, the oil price nexus with stock market efficiency has been unexplored, 
previous research mostly focusing on its relation to stock prices.

Hence, the literature suggests that higher oil prices have a dulling influence on stock 
market indexes by lowering the expected growth rate of economic activity, increasing input 
prices, reducing company cash flows, and raising the general price level. Besides, empiri-
cal studies show that crude oil prices play a significant role when it comes to economic 
well-being as well as the health of financial markets (Varghese and Madhavan 2019). Ham-
ilton (1983) shows that crude oil price shock influences the US stock returns. Bani and 
Ramli, (2019), Echchabi and Azouzi (2017), Jebran et al. (2017), Ekong and Ebong (2016), 
and Sharma et al. (2018) show a negative relationship between oil prices and stock returns. 
Al-hakimi (2022) find a long-run relationship between oil prices and Saudi stock market 
efficiency. However, Coronado et al. (2018) conclude that the direction between stock mar-
ket index and oil prices are tightly linked and uncertain. Huang et  al. (1996) affirm the 
existence of a significant link between US stock returns and oil future price returns. Using 
a multivariate VAR model, Park and Rotti (2008) find a positive and significant between 
oil prices and European stock returns at the short run. Bharn and Nikoloua (2010) use a 
bivariate EGARCH model to examine the dynamic correlation between Russian stock 
market returns and oil prices. The results exhibit that global shocks such as the US ter-
rorist attack and the 2003 Iraq war cause a negative correlation between oil prices and 
stock returns. Basher et al. (2012) show that positive oil price shocks tend to lower emerg-
ing markets’ stock prices at the short run. Khalifa et al. (2021) examine the impact of oil 
returns on the systematic risk of financial institutions in petroleum-based economies and 
show an increase in risk levels when oil returns are included in the risk function. Mokni 
et al. (2021) find an asymmetric causality between oil prices and the MSCI stock prices of 
the G7 countries.
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2.2 � Microstructure factors and market efficiency

Market microstructure economics examines how stock prices adjust to new informa-
tion which include market liquidity, market volatility, degree of competition, and market 
transparency. In this study, we focus on market liquidity and market volatility as the 
main determinants of market microstructure.

Previous studies show that market liquidity positively affects the efficiency of the 
stock market by influencing its ability to handle orders (Chordia et  al. 2005). A low 
degree of competition can negatively impact market efficiency by causing prices to devi-
ate from their fundamental values (Blavy 2002). Lagearde et al. (2008) show that mar-
ket liquidity and market volatility may hinder information flow and market efficiency. 
Hodera (2015) finds that higher liquidity facilitates arbitrage profits and speeds up price 
convergence to their fundamental values. This result is consistent with the findings of 
Chung and Hrazdil (2010) in the US framework.

Hypothesis (H2a) Stock market efficiency is positively influenced by market 
liquidity.

Regarding market volatility, the excess volatility of stock prices can harm stock mar-
ket efficiency (Shiller 2015). Return-volatility relationships have been examined in the 
literature, with longer-term volatility reflecting risk premiums and having a positive 
relationship with returns. Conversely, the short-term volatility indicates leverage effects 
and has a negative volatility-return relationship (Harvey 1995; Kim and Singal 1995; 
Haque and Hassan 2000). Smales (2017) and Schiereck et al. (2016) demonstrate that 
the implied volatility of financial markets increases with the rise of political uncertainty. 
Arshad et al. (2020) reveal that the efficiency of the UK stock market worsens during 
high volatility periods. An increased volatility may adversely affect investor wealth. 
According to Abid and Hammad (2006), if the increased volatility is not explained by 
the levels indicated by the fundamental economic factors, there is a tendency for stocks 
to be mispriced, which negatively affects stock market efficiency.

Hypothesis (H2b) Stock market efficiency is negatively influenced by market 
volatility.

2.3 � Uncertainty factors and market efficiency

Economic policy uncertainty (EPU) index proposed by Baker et  al. (2016), the com-
posite leading indicator (CLI) of OECD, and the implied volatility index (VIX) have 
implications on asset allocation and portfolio risk management. A higher economic 
uncertainty rises the stock market volatility (Goodell 2020; Pastor and Veronesi 2013), 
leading to a higher risk premium to bear systematic risk by investors (Hansen 1992). 
Economic uncertainty (e.g., monetary uncertainty, policy uncertainty, output uncer-
tainty, exchange rate uncertainty, and inflation uncertainty) plays a significant role in 
understanding stock market efficiency (Gan 2014; Yeap and Gan 2017). The economic 
uncertainty affects stock markets in different ways, including creating anxiety and dis-
tress among global investors, potentially jeopardizing the global investment environ-
ment (Chen and Chiang 2020).

Hypothesis (H3a) Stock market efficiency is negatively influenced by EPU.
Hypothesis (H3b) Stock market efficiency is negatively influenced by CLI 

uncertainty.
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2.4 � Investor sentiment and market efficiency

Investor psychology and sentiment play a crucial role in the stock market efficiency. 
Behavioral factors such as overreaction and underreaction to information can lead to 
a temporary mispricing in stock markets (Shiller 2015; Baker and Wurgler 2007; De 
Bondt 1985). During periods of positive sentiment, investors may be overconfident 
noise traders, while during negative sentiment periods, they may rely more on funda-
mentals to value securities (Shen et  al. 2017; Baker et  al. 2016; Baker and Wurgler 
2007).

Sentiment endurance index (SE) by He (2012) and the consumer confidence index 
(CCI) are among the most important proxies of investor sentiment that have been used in 
the literature. The SE index quantifies the impact of optimistic and pessimistic sentiments 
on stock prices, while the CCI reflects the relationship between consumer confidence and 
investor sentiment. Investors may become more hesitant and risk-averse during periods of 
low consumer confidence, leading to a decrease in the efficiency of stock markets. High 
levels of sentiment endurance may result in market participants relying more on emotions 
rather than fundamental information, leading to temporary mispricing and reduced market 
efficiency.

Hypothesis (H4a) Stock market efficiency is negatively influenced by consumer 
confidence.

Hypothesis (H4b) Stock market efficiency is negatively influenced by the Sentiment 
Endurance index (SE).

2.5 � Global financial and pandemic crises and market efficiency

Previous studies demonstrate that financial crises significantly contribute to stock market 
inefficiency (Gormsen and Koijen 2020; Zhang et al. 2018). Okorie and Lin (2021) con-
clude that COVID-19 pandemic crisis plays an important role in the nature of the market’s 
information efficiency. Using a martingale spectral test, the authors show that the Indian 
stock markets became more information inefficient after the COVID-19 outbreak and in 
the long term. Conversely, the efficiency of Russian stock market enhances. However, they 
do not report any change in the levels of information efficiency for both the Brazilian and 
the US stock markets. Okorie and Lin (2020) show that stock markets are highly inter-
connected where the spillovers and contagion intensify during the pandemic period. Using 
the detrended Moving Cross-Correlation technique, they demonstrate that the COVID-19 
pandemic has led to significant uncertainty and additional stress on the financial markets, 
thereby triggering spillovers in global financial markets. Lazar et al. (2012) investigate the 
impact of the 2008 GFC on the degree of information efficiency in currency markets using 
the generalized spectral test. The authors find that the global crisis adversely affectes the 
efficiency of Central and Eastern European currency markets. This result supports the find-
ings of Lim et  al. (2008a, 2008b) who show a negative relationship between the Asian 
economic crisis and the efficiency of Asian stock markets. In contrast, Kim and Shamsud-
din (2006) show in significant effect of economic crisis on the degree of efficiency in Hong 
Kong, Japanese, Korean, and Taiwan stock markets. The uncertainties and market disrup-
tions caused by financial crises can lead to mispricing and reduced information efficiency 
in the stock markets.

Hypothesis (H5a) Stock market efficiency is negatively influenced by 2008 GFC.
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Hypothesis (H5b) Stock market efficiency is negatively influenced by the COVID-19 
crisis.

3 � Empirical design

The research method proposed in this study can be summarized as follows:
(1) Computation of Time Series Market Efficiency Measure
The first step involves computing the time series market efficiency measure using the 

non-Bayesian Generalized least squares-based time-varying model (GLS-TV) by Ito et al. 
(2014, 2016). This model allows for the estimation of time-varying parameters that capture 
the dynamic efficiency of the stock markets.

(2) Verification of Cross-Section Interdependence and Slope Homogeneity
The next step is to check whether the cross-sections of the data are interdependent, and 

if the slopes of the variables are homogeneous. This step is important for selecting unbi-
ased panel root tests and cointegration techniques.

(3) Panel Unit Root Tests and Long-Run Elasticity Examination
Panel unit root tests are applied to establish the order of integration for each variable 

and examine the long-run elasticity among the variables. This step helps in understanding 
the long-term relationships among variables.

(4) Panel Autoregressive Distributed Lag (ARDL) Model
The data is then analyzed using the Panel Autoregressive Distributed Lag (ARDL) 

model. This model allows for mixed-order stationarity, making it suitable for examining 
the long-run and short-run effects of the macroeconomic, microstructure, uncertainty, sen-
timent, and global shocks variables on stock market efficiency.

(5) Augmented Mean Group (AMG) Estimator
The AMG estimator by Eberhardt and Bondt (2009) and Eberhardt and Teal (2010) is 

employed as a second-generation estimator that considers mixed-order stationarity, cross-
section tendency, and slope heterogeneity with panel data. This estimator produces more 
reliable results compared to first-generation estimators, especially when the cross-sectional 
dependence is present.

(6) Non-Causality Test
To examine causal connections among variables, the non-causality test of Dumitrescu 

and Hurlin (2012) (D–H) is applied. This test accounts for heterogeneous panels and cross-
section dependence.

3.1 � Measuring the evolving degree of stock markets efficiency:

We employ the Generalized least squares-based time-varying model (GLS-TV) by Ito et al. 
(2014, 2016) to analyze the evolving degree of G7 stock market efficiency and compute 
their time-series adjusted market efficiency measures, using a time-varying data generat-
ing process framework. Ito et al. (2014) introduce the GLS-based TV-VAR model which is 
presented in the form of an equation system in which we can represent stock returns at time 
t (xt) as an AR(q) process with time-varying coefficients ( ∝q ). With k-dimensional vector 
represents the rates of returns of the k market indexes.

where μt is an error term that satisfies  E
(
ut
)
= E

(
u2
t

)
= E

(
utut−m

)
= 0 for all m.

(1)xt =∝0 + ∝1,t xt−1+ ∝2,t xt−2 +⋯+ ∝q,t xt−q + μt t = 1, 2… T
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While Hansen (1992) rejects the constancy of the VAR coefficient matrix and explains 
that the VAR is unsuitable for the time series with structural breaks as the stock returns. 
Then, Ito et  al. (2014) use a time-varying vector autoregressive (TV-VAR) model that 
allows parameters of the VAR matrix to be time varying according to the following 
equation:

where vl,t satisfies E
(
vl,t

)
= E

(
v2
l,t

)
= E

(
vl,tvl,t−m

)
= 0 for all m.

We then solve the system of the following simultaneous equations using Eqs.  (1) and 
(2):

Using the GLS-based TV-VAR model of Ito et  al (2014, 2016), we first compute the 
time-varying degree of market efficiency (MEt) as the deviation from the zero coefficient 
on the corresponding TV-MA model to the TV-AR model (Noda 2020). We define the 
time-varying degree of market efficiency based on Ito et al. (2014, 2016) as:

MEt measures how close to or far from the efficient market the actual market is. This 
implies that large deviations from zero of ( MEt ) are evidence of market inefficiency. There-
fore, MEt is known to be subject to sampling errors hence, we employ the bootstrap proce-
dure to construct the confidence interval for MEt under the null hypothesis of market effi-
ciency (zero autocorrelation). However, if the estimates of MEt exceed the 95% confidence 
intervals, that implies a rejection of the null hypothesis of no return autocorrelation at a 
5% significance level. This adjustment allows considering the stock market at the time t as 
inefficient when MEt exceeds the upper limit at the t period of the intervals. therefore, we 
can compute the time-varying adjusted market efficiency (TV-AdjME) measure at time t as 
follows:

Then, if the estimates of the TV-AdjMEt > 0, we reject the null hypothesis of market 
efficiency at time t. If not, we accept the efficiency of the stock market at this time.

Noda (2020) points out four advantages of using the GLS-TV to measure the time-var-
ying degree of market efficiency: (1) it does not depend on sample size, (2) it does not 
require iterations by Markov chain Monte Carlo algorithm or Kalman filtering smoothing, 
(3) the method applies to a wide range of time-varying models, and (4) it does not require 
prior distribution of parameters as the GLS-TV approach can estimate the time-varying 
parameters even with non-Gaussian errors in the model. Then, according to (GLS-TV) 
model, we can employ the residual-based bootstrap method and the time-varying estimates 
to conduct statistical interference (Noda 2019).

“Appendix” displays the driving forces of market efficiency which are categorized into 
five groups: (1) macroeconomic (2) microstructure, (3) uncertainty, (4) sentiment, and (5) 
global shock factors.

(2)∝l,t=∝l,t−1 +vl,t (l = 1, 2,… q)

(3)
{

xt =∝0,t + ∝1,t xt−1+ ∝2,t xt−2 +⋯+ ∝q,t xt−q
∝1=∝1,t +v1,t

(4)MEt =

�������

∑p

j=1
âj,t

1 −
�∑p

j=1
âj,t

�

�������

(5)TV Adj −MEt = MEt− The upper limitt of the 95% confidence intervals
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3.2 � Cross‑sectional dependency and slope homogeneity test

Ertur and Musolesi (2017) show that ignoring cross-sectional dependence in panel data 
will have severe implications, specifically it makes traditional panel estimation methods 
inaccurate. We use Pesaran (2004) cross-sectional dependence (CD) test. the CD equation 
is given as:

Another issue of importance in panel data is the slope heterogeneity which indicates 
that significant economic occurrences found in one country are not necessarily replicated 
in the other countries. In this study, we test for the slope homogeneity by using Pesaran 
et al. (2008) methodology. The standard dispersion statistic is captured as:

Alternatively, the bias adjusted version of the standard dispersion statistics may be com-
puted as follows:

Both Δ̃ and Δ̃Adj are tested under the null hypothesis of slope homogeneity.

3.3 � Panel unit root tests and cointegrations tests

The normal unit root tests in models presume cross-sectional independence and therefore 
can yield misleading consequences. In this paper, we use a second-generation unit root test, 
which checks the problem of cross-sectional dependency across socio-economic structures 
in the model. The CADF and CIPS panel unit root test proposed by Pesaran (2007) are 
used to establish the order of integration of each variable. These tests overcome the cross-
section independence by introducing heterogeneous impact into multiple unobservable fac-
tor models, making the test results more consistent. As with Pesaran (2007), the CIPS unit 
root test is specified as follows:

where CADFi is the cross-sectional augmented dickey Fuller test; N is the number of obser-
vations. We run each test with variables in both levels and first differences.

After demining the panel unit root, we use the panel cointegration tests of panel data 
developed by Westerlund (2008) to examine the long-run elasticity among variables being 
studied in our paper. The choice of Westerlund cointegration test is motivated by its rele-
vance by considering the dependence of panel cross-section unlike the conventional cointe-
gration test proposed by Pedroni (1999, 2004) and Kao (1999). This method fully considers 

(6)CD =

√
2T

N(N − 1)

(
N−1∑

i=1

N∑

j=i+1

�ij

)

(7)Δ̃ =
√
N

�
N−1S − k

2k

�

(8)Δ̃Adj =
√
N

�
N−1S.E(�zit)
√
Var(�zit)

�

(9)CIPS = N−1

N∑

i=1

CADFi
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the dependence of panel cross-section. The cointegration test of the error correction base is 
presented as follows:

where N (i = 1,…,N) denotes the number of cross-sections, and T(t = 1,…,T) denotes 
the number of observations.

3.4 � Heterogeneous panel causality test

Although the Granger causality test is one of the most popular cointegration technique, 
it has shown some drawbacks. Up till now, Dumitrescu and Hurlin’s (2012) approach has 
been an efficient method to determine the direction of the causal linkages among variables. 
It is particularly useful for estimating a model with a cross-section dependence and a slope 
heterogeneity. The D-H technique can be written as follows:

where �k
i
 and �k

i
 are the coefficient of estimator, which fluctuate across countries. x and y 

measure the causality. The statistics of the D-H causality test are computed as follows:

where Wi,t is the Wald statistic and WHNC
N,T

 statistic is obtained with averaging each Wald sta-
tistics for cross-sections. In this context, the null hypothesis states that there is no Granger 
causality between variables, whereas the alternative hypothesis states that one or more var-
iables have a Granger causal link.

3.5 � Panel autoregressive distributed lag (ARDL) model and AMG estimator

Following Pesaran et al. (2001), the panel ARDL approach is a powerful technique to deal 
with relationships between I(1) and I(0) variables. Equation (14) indicates the general form 
of the ARDL model.

where Yit denotes the dependent variable,.Xit−1 . is the independent variable, and Δ denotes 

de difference operator. 
n2∑

k=0

�1ΔXit−k represents the short-run dynamics and �2Xit−1 repre-

sentes the long-run equilibrium relationship.

(10)Δyt = �idt + �i
(
yi,t−1 − �ixi,t−1

)
+

�i∏

j=1

�ijΔyi,t−j +

�i∏

j=0

�ijΔyxi,t−j + �it

(11)yit = �i +

K∑

k=1

�k
i
yi,t−k +

K∑

k=1

�k
i
xi,t−k + �it

(12)WHNC
N,t

=
1

N

N∑

i=1

Wi,t

(13)ZHNC
N,T

=

√
N

2K

(
WHNC

N,T
− k

)
∼ N(0, 1)

(14)ΔYit = �0 + �1Yit−1 + �2Xit−1 +

n1∑

k=1

�1ΔYit−k +

n2∑

k=0

�1ΔXit−k + �it
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To account for cross sectional dependence as well as differences in the impact of observ-
ables and unobservable across panel groups, we use the Augmented Mean Group (AMG) 
estimator introduced by Eberhardt and Bondt (2009) and Eberhardt and Teal (2010).

The estimation using the AMG estimator takes place in two steps. In the first step, a 
pooled regression model is used using the first difference OLS:

The second step of AMG is specified as follows:

where Δ is the first difference operator, D is the time variable, and  ct is a coefficient.

4 � Data and basic statistics

This study uses monthly closing prices data of G7 stock markets, including the S&P/TSX 
for Canada, DJIA for the US, FTSE 100 for the UK, CAC 40 for France, FTSE-Italia all 
shares for Italy, DAX 30 for Germany, and NIKKEI 225 for Japan. Further, we consider 
the consumer confidence index, Economic Policy Index, Composite Leading Indicator, 
interest rates, exchange rates, and crude oil prices. The sample period spans from June 1, 
2005, to June 1, 2022, covering major events such as the Global Financial Crisis (GFC), 
the European debt crisis, the oil price crash in mid-2014, and the COVID-19 crisis. The 
stock returns are defined as the first differences in natural log levels between two consecu-
tive prices. Table 1 provides a summary of the data description and sources.

The correlation matrix in Table  2 shows the relationships between the adjusted mar-
ket efficiency measure (ADJME) and various other variables. Notably, market efficiency 
is positively related to macroeconomic factors (INTER) and financial indicators (CLI) 
but negatively and significantly related to the EPU index, COVID-19 pandemic crisis 
(COVID19), market volatility (VOLAT), and market liquidity (LIX).

Table 3 presents the summary statistics of the adjusted market efficiency measure yield 
by the TV-AR approach of Ito et al. (2014) for the G7 stock markets. Individual degree of 
efficiency for each country shows time-varying patterns with positive maximum and nega-
tive minimum for all G 7 markets, except for the UK. The average market efficiency is neg-
ative for all markets, except for the US. All market efficiency series are positively skewed 
and leptokurtic. Table 4 presents the summary statistics of macroeconomic variables. For 
the interest rates, the mean is positive for all G7 countries. The standard deviation is high-
est for the UK. As for the exchange rate, the standard deviations indicate a high volatility 
from the mean values for all the G7 countries. For oil price, the maximum price is 132 
US dollars per barrel and the minimum is 18.38 US dollars. All variables exhibit positive 
skewness. The kurtosis values are higher than the specified threshold, underlying a devia-
tion from the normal distribution.

Tables 5, 6 and 7 present the summary statistics of the uncertainty, microstructure, and 
sentiment variables. The results show that most variables exhibit non-normal distribution 
characteristics, with high skewness and kurtosis values. This implies that the time series 
data for these variables do not follow a normal distribution pattern.

(15)Δyit
= �i + �iΔxit +

T∑

t=2

ctΔDt + �it

(16)𝛽AMG = N−1
∑

i

𝛽i
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5 � Results

Previous studies employ a time-varying autoregressive (TV-AR) model to compute the 
time-varying degree of G7 stock market efficiency and conduct statistical inference. The 
first step is to measure the stock market’s deviation from the efficient condition, given 
by Eq. (4). We use the BIC and AIC criteria to select the optimal lag order of the AR (q) 
estimation (see Table 17).

Table  8 provides descriptive statistics of the monthly returns, showing the range 
of returns from Italy’s − 0.15% to the US’s 0.57%. The UK stock market exhibits the 

Table 3   Summary statistics of market efficiency

USA Canada UK France Italy Germany Japan

Mean 0.003131 − 0.084664 − 0.137278 − 0.146819 − 0.157115 − 0.160438 − 0.166385
Maximum 0.692250 0.109811 − 0.010119 0.128273 0.141606 − 0.005953 0.117951
Minimum − 0.247429 − 0.199709 − 0.279722 − 0.276366 − 0.272957 − 0.254032 − 0.360961
Std. Dev 0.184822 0.098797 0.075235 0.106751 0.100202 0.049924 0.109258
Skewness 1.843438 0.629436 − 0.614190 0.854322 1.097558 1.268054 0.291722
Kurtosis 7.074474 2.107135 2.105052 2.552126 3.311721 4.521264 2.274884
Total obs 204

Table 4   Summary statistics of macroeconomic factors

USA Canada UK France Italy Germany Japan

Panel A: Intert rates
Mean 1.107006 1.321098 1.341044 0.534603 0.219001 0.471873 0.055172
Maximum 5.114000 4.550000 5.897000 4.333000 5.203000 4.332000 0.666000
Minimum − 0.010000 0.065000 − 0.083000 − 0.965000 − 0.762000 − 0.989000 − 0.380000
SD 1.550828 1.217967 1.841724 1.507216 0.707057 1.529785 0.236247
Skewness 1.449121 1.344059 1.554588 1.352934 2.394412 1.360150 0.860409
Kurtosis 3.844026 3.647696 3.596203 3.445827 15.12099 3.472436 3.299862
Panel B: Exchange rates
Mean 107.9797 90.51618 106.5339 97.50922 98.52657 98.95240 83.44618
Maximum 129.7200 106.7600 130.1700 105.9900 105.2200 107.2100 106.8500
Minimum 93.06000 76.38000 93.90000 89.19000 91.53000 91.54000 58.70000
SD 8.666366 8.038680 9.378664 4.316129 3.444929 4.050698 11.65967
Skewness 0.021862 0.154421 1.118770 0.351552 0.181085 0.553083 0.397464
Kurtosis 1.845571 1.532237 3.104319 1.849735 1.896776 2.097305 2.042284
Total obs 204

Mean Maximum Minimum SD Skewness Kurtosis Total obs

Panel C: Oil 
price

Oil price 75.97789 132.7200 18.38000 25.45295 0.316852 2.060280 204



2869Impacts of investor’s sentiment, uncertainty indexes, and…

1 3

lowest volatility among the G7 markets (3.89%), while Italy experiences the highest 
volatility (6.01%).

Before carrying the estimations of the TV-VAR model, it is important to ensure that 
all variables under investigation are stationary. For this purpose, we employ the ADF-
GLS (Augmented Dickey–Fuller with Generalized Least Squares) test introduced by 
Elliott et al. (1996). According to Ito et al. (2014), the ADF-GLS test is more powerful 

Table 5   Summary statistics of uncertainty indexes

USA Canada UK France Germany Italy Japan

Panel A: Economic policy uncertainty (EPU)
Mean 4.888421 5.193977 5.346533 5.308573 5.066939 4.672794 4.668347
Maximum 6.222504 6.520352 7.040357 6.353732 6.665716 5.632606 5.470923
Minimum 3.801823 3.801120 3.416703 3.818333 3.347585 3.456365 3.862815
SD 0.434331 0.596899 0.639620 0.506362 0.557859 0.389570 0.284015
Skewness 0.172427 − 0.372385 − 0.479959 − 0.808169 0.177184 − 0.422946 0.144940
Kurtosis 3.218429 2.463147 3.136580 3.387559 3.517427 3.206448 3.085179
Panel B: Composite leading indicator (CLI)
Mean 4.603064 4.602335 4.602955 4.603229 4.605936 4.605737 4.605729
Maximum 4.627025 4.621877 4.633615 4.635684 4.632703 4.631687 4.621895
Minimum 4.525147 4.557309 4.468571 4.475376 4.509974 4.500040 4.567588
SD 0.015776 0.013029 0.022661 0.018634 0.018307 0.018317 0.010428
Skewness − 1.938667 − 1.272478 − 2.147177 − 2.034626 − 1.897179 − 1.663801 − 1.408199
Kurtosis 8.126130 4.696402 10.89616 13.67500 8.490612 8.813053 5.713949
Total obs 204

Table 6   Summary statistics of microstructure factors

USA Canada UK France Germany Italy Japan

Panel A: Market liquidity
Mean 10.88482 9.266412 11.50679 10.50417 10.47481 11.30354 10.48411
Maximum 11.45891 9.938503 12.10458 10.94622 10.95355 11.82359 11.01555
Minimum 10.31588 8.685008 10.01194 9.120204 9.981519 9.681952 9.911759
SD 0.244782 0.225427 0.250384 0.198693 0.185066 0.227455 0.203657
Skewness 0.065102 0.273606 − 1.154188 − 1.723105 − 0.196612 − 2.791019 − 0.214121
Kurtosis 2.449235 3.004990 9.705917 13.23721 2.766997 21.71713 2.993797
Panel B: Market volatility
Mean 0.001814 0.001587 0.001527 0.002480 0.002863 0.003612 0.003085
Maximum 0.005565 0.013781 0.005566 0.005695 0.006264 0.004142 0.013940
Minimum 0.000706 0.000606 0.000789 0.001588 0.001120 0.001581 0.001826
SD 0.001032 0.001569 0.000821 0.000854 0.000878 0.000510 0.001328
Skewness 1.720503 4.401147 2.366828 1.491055 1.571625 − 2.144601 4.220105
Kurtosis 5.727642 27.07712 9.690453 4.920712 5.289330 6.964191 29.37654
Total obs 204
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compared to other existing unit root tests. Table 8 shows that the ADF-GLS test rejects 
the null hypothesis of the unit root test at the 1% significance level for all variables.

Next, the stability of the estimated parameters is checked using Hansen’s (1992) test 
under the random parameter’s hypothesis. Panel A in Table 9 shows that the AR(1) esti-
mates are statistically significant at the conventional levels for all stock markets. The Lc 
(Lagrange multiplier) results strongly reject the null hypothesis of parameter stability at the 
1% significance level for all the G7 countries except for both the UK and Japan. However, 

Table 7   Summary statistics of sentiment indexes

USA Canada UK France Germany Italy Japan

Panel A: sentiment index
Mean − 0.051241 0.099057 0.051620 0.089212 0.104507 0.067108 0.084561
Maximum 0.500000 0.500000 0.500000 0.500000 0.500000 0.500000 0.500000
Minimum − 0.500000 − 0.487654 − 0.500000 − 0.500000 − 0.490325 − 0.500000 − 0.500000
SD 0.308392 0.254593 0.286492 0.301412 0.296814 0.312352 0.300125
Skewness 0.166339 − 0.437932 − 0.315542 − 0.405211 − 0.382392 − 0.224450 − 0.365950
Kurtosis 1.749347 2.268005 1.927714 1.875712 1.840906 1.703581 1.951539
Panel B: Consumer confidence index
Mean 99.42003 99.84000 99.52272 98.97306 100.5161 99.46098 99.42799
Maximum 101.6702 101.9700 102.6473 101.8368 102.0978 103.1288 102.0559
Minimum 95.85287 96.05000 93.56740 96.42959 96.61540 95.91658 95.35836
SD 1.498471 1.381144 2.023244 1.296072 1.197704 1.677572 1.427098
Skewness − 0.278904 − 0.452326 − 0.664170 0.058668 − 1.028755 − 0.301847 − 0.605328
Kurtosis 2.042677 2.805607 2.430296 2.126272 3.556953 2.354942 3.198646
Total obs 204

Table 8   Descriptive statistics and unit root tests of stock market returns

ADF-GLS denotes ADF-GLS test statistics; Lags denote the lag order selected by the AIC criterion. The 
critical value at the 1% significance level for the ADF-GLS test is − 3.460. In computing the ADF-GLS test, 
a model with constant and a time trend is considered

USA Canada UK France Italy Germany Japan

Mean 0.0057 0.0038 0.0017 0.0019 − 0.0015 0.0048 0.0044
Median 0.0096 0.0092 0.0079 0.0071 0.0052 0.0089 0.0093
Maximum 0.1118 0.1184 0.1164 0.1833 0.2015 0.1549 0.1401
Minimum − 0.1515 − 0.1866 − 0.1485 − 0.1888 − 0.2526 − 0.2130 − 0.2721
SD 0.0417 0.0390 0.0389 0.0494 0.0601 0.0532 0.0552
Skewness − 0.7827 − 1.2014 − 0.7170 − 0.4785 − 0.4903 − 0.7827 − 0.8864
Kurtosis 4.7264 7.4735 4.5449 4.4861 4.6472 5.0137 5.4794
Jarque–

Bera
46.617 221.33 38.141 26.818 31.543 55.844 79.745

Probability 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
ADF-GLS − 3.715*** − 5.300*** − 5.140*** − 4.660*** − 4.969*** − 10.704*** − 12.196***
Lags 6 2 3 3 3 1 0
Observa-

tions
206 206 206 206 206 206 206
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the results for the multivariate AR process for the G7 countries in Panel B of Table 9 show 
that the null hypothesis of parameter stability is rejected at the 1% significance level, sug-
gesting the time-varying parameters hypothesis.

Second, we check the stability of the estimated parameters using the Hansen’s (1992) 
test under the random parameter hypothesis. Panel A in Table 9 shows that the AR(1) esti-
mates are statistically significant at the conventional levels for all stock markets. The Lc 
results strongly reject the null hypothesis of parameters stability at the 1% significance 
level for all the G7 countries except for the UK and Japan. Results for the multivariate AR 
process for the G7 countries are reported in Panel B of Table 9. The results show that the 
null hypothesis of parameter stability is rejected at the1% significance level, supporting the 
hypothesis of the time-varying parameters.

To overcome the problem of sampling errors, we use the bootstrap method to compute 
the confidence bands for the market efficiency (MEt) under the null hypothesis of stock 
market efficiency. The Adjusted Market efficiency is then computed according to Eq. (5).

Table 9   AR (1) estimates and Hansen’s parameter constancy test

L
C
 denotes the Hansen (1992) joint L statistic with variance test. p values are in brackets

*** 1% significance level, ** 5% significance level, * 10% significance level

Const R
USA

t−1
R
CANADA

t−1
R
UK

t−1
R
FRANCE

t−1
R
ITALY

t−1
R
GERMANY

t−1
R
JAPAN

t−1
L
C

Panel A: Results for univariate AR process for each country

RUSA
t

0.004
(0.077)

0.124***
(0.060)

– – – – – – 2.387***
(0.000)

RCANADA
t

0.002
(0.296)

– 0.224***
(0.001)

– – – – – 1.299***
(0.000)

RUK
t

0.001
(0.591)

– – 0.097
(0.100)

– – – – 0.115
(0.20)

RFRANCE
t

0.001
(0.657)

– – – 0.171***
(0.009)

– – – 1.003***
(0.000)

RITALY
t

–0.001
(0.710)

– – – – 0.152**
(0.027)

– – 0.344***
(0.000)

RGERMANY
t

0.004
(0.218)

– – – – – 0.147**
(0.018)

– 0.772**
(0.017)

RJAPAN
t

0.003
(0.386)

– – – – – – 0.213***
(0.000)

0.228
(0.20)

Panel B: Results for multivariate AR process for the G7 countries

RUSA
t

0.004*
(0.092)

0.003
(0.980)

0.004
(0.973)

− 0.001
(0.991)

0.216
(0.285)

− 0.115
(0.316)

− 0.075
(0.568)

0.120
(0.109)

4.043***
(0.000)

RCANADA
t

0.003
(0.266)

− 0.076
(0.541)

0.118
(0.309)

0.111
(0.442)

0.003
(0.987)

0.018
(0.871)

− 0.014
(0.909)

0.084
(0.244)

6.866***
(0.000)

RUK
t

0.001
(0.847)

0.110
(0.364)

0.016
(0.887)

− 0.129
(0.363)

0.329*
(0.086)

− 0.146
(0.180)

− 0.123
(0.328)

0.075
(0.290)

2.844***
(0.000)

RFRANCE
t

0.001
(0.690)

0.035
(0.816)

0.131
(0.350)

− 0.145
(0.408)

0.440*
(0.063)

− 0.077
(0.568)

− 0.350*
(0.091)

0.110
(0.340)

3.842***
(0.000)

RITALY
t

− 0.002
(0.533)

0.109
(0.562)

0.159
(0.362)

− 0.348
(0.112)

0.712**
(0.016)

− 0.149
(0.375)

− 0.350*
(0.073)

0.110
(0.316)

4.210***
(0.000)

RGERMANY
t

0.003
(0.243)

0.059
(0.697)

0.129
(0.363)

− 0.149
(0.403)

0.014*
(0.096)

− 0.104
(0.443)

− 0.169
(0.283)

0.075
(0.395)

5.322***
(0.000)

RJAPAN
t

0.003
(0.402)

− 0.175
(0.292)

0.263*
(0.088)

− 0.126
(0.510)

0.496*
(0.057)

− 0.188
(0.204)

− 0.195
(0.254)

0.219**
(0.023)

4.759***
(0.000)
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Figure  1 displays the evolving market efficiency of the G7 countries. The graphical 
evidence shows that market efficiency is time-varying and sensitive to market conditions, 
which supports the Adaptive Market Hypothesis (AMH). The results reveal a higher inef-
ficiency during the 2008 GFC for Italy, France, US, and Japan. This is not surprising as 
chaotic financial environments during crisis periods can lead to higher inefficiencies in the 
markets. The US market is shown to be the worst hit by the crisis in terms of market effi-
ciency. However, all the G7 stock markets remain globally efficient and display smaller 
deviations from efficiency for the whole sample period.

After determining the stock market efficiency measure, we test for cross-section depend-
ence of all G7 stock markets. The results reported in Table 10 show that the null hypoth-
esis of cross-sectional independence is strongly rejected at the 1% significance level for 
all market, implying a shock transmission from one market to the others. Moreover, we 
test the hypothesis of slope homogeneity using the test proposed by Pesaran et al. (2008). 
The results presented in Table 11 indicate that the null hypothesis of homogeneity can be 
rejected for all markets. This reveals that the slope coefficients are not homogeneous across 
the G7 markets.

Given the results of the cross-section dependency and slope dependency tests, it is 
appropriate to employ heterogenous panel techniques that take into account the cross-sec-
tional dependency.

Secondly, we apply second-generation panel unit root tests, namely the cross-section 
augmented Dicky Fuller (CADF) and the cross-section Im–Pesaran (CIPS) unit root tests. 
The results summarized in Table 12 exhibit that the variables are either I(0) (stationary) or 
I(1) (integrated of order 1) at different levels of significance, and they become stationary 
at first difference. None of the variables are integrated of an order greater than one. This 
implies that the Panel ARDL model can be used to examine the long-run and short-run 
effects of macroeconomic, microstructure, uncertainty, sentiment, and global shocks vari-
ables on G7 stock market efficiency. The use of the Panel ARDL model accounts for cross-
sectional dependency, slope heterogeneity, and mixed-order stationarity with panel data, 
providing a robust framework for analyzing the relationships among variables.

Since the conventional cointegration tests (for example the Pedroni test and Kao test) 
fail to capture the cross-section dependence, we use the Westerlund (2007) cointegration 

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8
Time-varying efficiency of G7 stock markets U.S.A.

Canada
U.K.
France
Italy
Germany
Japan

Fig. 1   Time-varying market efficiency in the G7 countries. We run the bootstrap sampling 2.000 times to 
calculate the confidence intervals. R version 3.6.1 was used to compute the statistics. Market efficiency is 
computed using Eq. (5)
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test, which is suitable where a correlation between cross-section units exist, to examine 
the long-run relationships among market efficiency of G7 economies. Table 13 shows that 
the null hypothesis of no cointegration relationship is strongly rejected by three out of four 
statistics, indicating that some panels are cointegrated.

The econometric method used in the study allowed for examining the relationship 
between stock market efficiency and each of the selected variables at the country level. The 
AMG estimator allows one to obtain unique slope coefficients for each of the G7 coun-
tries. Tables 14 and 15 present the long-run estimates using the AMG estimator to capture 
the elasticity of the coefficients and assess the impact of macroeconomic, microstructure, 
uncertainty, sentiment, and global shocks factors on G7 stock market efficiency.

The results demonstrate that exchange rates and interest rates have insignificant effects 
on market efficiency. However, there is a negative and significant relationship between oil 
prices and stock market efficiency, suggesting that changes in oil prices represent a relevant 
driving force of stock market efficiency of the G7 countries. Contrary to the expectations, 

Table 11   Pesaran et al. (2008) 
slope homogeneity tests

***Significance at 1% level

Slope homogeneity tests Δ statistic p value

Δ̃ test 65.457*** 0.000

Δ̃Adj test 67.666*** 0.000

Table 12   Panel Unit root test results

***, **, and * Significance at 1%, 5% and 10% levels respectively

Variable Level First difference

CADF CIPS CADF CIPS

AdjME − 1.32180 − 2.13540 − 5.18958*** − 4.61857***
INTER − 2.888 − 2.84950*** − 4.38086*** − 7.36670***
Exch − 1.75047 − 2.4147** − 5.66147*** − 11.18591***
LIX − 3.25178** − 4.14728*** − 10.52178*** − 10.03590***
VOLAT − 5.12663*** − 6.17022*** − 10.0765*** − 10.66984***
EPU − 4.82149*** − 3.72247*** − 12.45839*** − 10.18979***
CLI − 1.33252 − 2.02218 − 3.55908** − 3.94040***
SE − 14.64070*** − 13.26631*** − 8.69338*** − 10.78529***
CCI − 2.85519 − 2.58121*** − 8.50378*** − 6.61734***

Table 13   Results of the 
Westerlund panel cointegration 
test

***, **, and * significance at 1%, 5% and 10% levels respectively. 
G� and G� are group mean tests. P� and P� are panel tests

Statistics Coefficient P value

G� − 3.363 0.001
G� − 13.000 0.330
P� − 10.438 0.000
P� − 14.890 0.011
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microstructure factors such as market volatility and market liquidity have an insignificant 
impact on stock market efficiency. The economic policy uncertainty (EPU) is signifi-
cantly and positively related to the adjusted market efficiency measure. Regarding global 
shock factors, the results varyacross countries. For both Canada and Germany, the GFC 
has a negative and significant coefficient with the adjusted market efficiency, while for the 
remaining countries (USA, UK, France, Italy, and Japan), it had a positive and significant 
coefficient. These differences indicate variations in price informativeness during the GFC 
across the G7 countries.

However, the COVID-19 pandemic is negatively and significantly related to the adjusted 
market efficiency variable for all countries except Canada. This suggests that the stock mar-
ket efficiency of the G7 countries decreased considerably during the COVID-19 pandemic.

In summary, the study provides valuable insights into the determinants of stock mar-
ket efficiency in the G7 countries and highlights the importance of considering macro-
economic, microstructure, uncertainty, and global shock factors to better understand the 
dynamics of market efficiency under different economic conditions and major events.

For a deepen analysis, we examine the causal relationship among market efficiency 
and its leading factors using the heterogeneous panel causality method. The results are 
presented in Table  16. According to the estimates of the D–H Granger non-causality 
test, all macroeconomic, microstructure, uncertainty, and global shock factors, except 
for the GFC, are Granger cause the market efficiency of the G7 stock markets. This 
result suggests that past values of these factors contribute to predict future values of 

Table 16   Results of D–H Granger non-causality test

The notion “X ↛Y  ” denotes the null hypothesis that “X does not homogenously cause Y”
*,**,***Significance at 10%,5% and 1% levels respectively

Null hypothesis (H0) W-bar (p value) Null hypothesis (H0) W-bar (p value)

EXCHG ↛ AdjME 5.71198***
(0.000)

AdjME ↛ EXCHG 3.82319**
(0.0136)

INTER ↛ AdjME 5.47926***
(0.000)

AdjME ↛ INTER 3.92394**
(0.0136)

OIL ↛ AdjME 6.49223***
(0.000)

AdjME ↛ OIL 2.18105
(0.8352)

LIX ↛ AdjME 3.79783**
(0.0212)

AdjME ↛ LIX 3.26465
(0.1069)

VOLAT ↛ AdjME 5.92604***
(0.000)

AdjME ↛VOLAT 8.07503***
(0.000)

EPU ↛ AdjME 8.12623***
(0.000)

AdjME ↛ EPU 4.16997***
(0.0053)

CLI ↛ AdjME 7.48148***
(0.000)

AdjME ↛ CLI 4.30687***
(0.0030)

CCI ↛ AdjME 2.95620
(0.2252)

AdjME ↛ CCI 2.90682
(0.2507)

SE ↛ AdjME 2.26689
(0.7495)

AdjME ↛ SE 3.44257*
(0.0653)

GFC ↛ AdjME 0.96114
(0.1697)

AdjME ↛ GFC 10.5483***
(0.000)

COVID19 ↛ AdjME 4.14627***
(0.0059)

AdjME ↛ COVID19 1.93764
(0.9145)
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market efficiency. Furthermore, there is evidence of bidirectional causality between 
market efficiency and both changes in the exchange rates, changes in interest rates, 
Europe Brent crude oil prices, VIX, EPU, and CLI. Figure 2 displays the D–H Granger 
non-causality results. As we can see, there is evidence of both unidirectional and bidi-
rectional causality between market efficiency and each of the considered factors. How-
ever, the Consumer Confidence Index (CCI) was found not to Granger cause market 
efficiency.

These findings indicate that there are complex and dynamic interactions between market 
efficiency and various factors, with some factors influencing market efficiency in a uni-
directional way, while others show a bidirectional causal relationship. The bidirectional 
causality between market efficiency and certain factors suggests evidence of feedback 
mechanisms and interactions among these variables, where changes in one variable can 
affect market efficiency and vice versa. Overall, the heterogeneous panel causality analysis 
provides valuable insights into the causal relationships between market efficiency and its 
leading factors in the G7 countries, shedding light on the dynamics of these relationships 
and their implications for understanding the determinants of market efficiency.

Market   
effeciency

Vola�lity

liquidity

EPU

CLI

SE

CCIGFC

COVID-
19

Interest
rate 

Exchange 
rate

oil price

Fig. 2   D–H Granger non-causality results
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6 � Conclusions

This paper examines the key factors that influence stock market efficiency in the G7 
countries, spanning various macroeconomic, microstructure, uncertainty, sentiment, 
and global shock factors. We use the TV-AR approach to accurately measure changing 
degrees of market efficiency over time. Several econometric techniques, including the 
second generation of unit root tests, slope homogeneity test, CSD test, cointegration 
test, and the newly developed AMG estimator, were applied to produce reliable findings 
and uncover the relationship between stock market efficiency and its leading factors.

The results show significant relationships between stock market efficiency and 
crude oil prices as well as the COVID-19 outbreak. Moreover, we find that higher oil 
prices stimulate stock market inefficiency, indicating the importance of understanding 
the nexus between the energy market and stock market efficiency. These findings hold 
crucial implications for both investors and policymakers. For investors, the information 
revealed by various factors may help in building beliefs regarding stock market effi-
ciency and identifying profitable arbitrage opportunities. Policymakersshould prioritize 
credible actions to reduce the uncertainty, build resilience against external shocks, and 
restore investor sentiment. Additionally, strategic adjustments to energy policies should 
be considered in light of the observed impact on stock market efficiency. The fidings 
pave the way for further research and policy actions to enhance market efficiency and 
promote the stability of financial markets.

Our paper has some limitations, such as excluding important variables like geopoliti-
cal risk, spillover effects among markets, and technological advancements in new infor-
mation and communication technologies (NICT). Future research should explore these 
other hypotheses to gain a comprehensive understanding of the driving forces affect-
ing stock market efficiency. Furthermore, our analysis is limited to G7 countries, and 
extending the scope to include other countries (emerging and developing) would pro-
vide a fuller picture of how various factors influence stock market efficiency. Addition-
ally, while the GLS-TV model is used as a stock market efficiency measure, more flexi-
ble models like Bayesian structural breaks models, time-varying parameter VAR models 
with stochastic volatility, and Unobserved components with stochastic volatility models 
should be considered in future research for a more comprehensive analysis.

Appendix

Stock market efficiency factors

To examine the driving forces of market efficiency, we use an onboard set of strongly 
related to stock markets. These variables are divided into five major groups: (1) Macro-
economic, (2) Microstructure, (3) Uncertainty, (4) Sentiment, and (5) Global shock factors.

(1) Macroeconomic Factors The macroeconomic variables included in our study are 
chosen based on their theoretical relationship with stock prices and their potential effect on 
stock market efficiency. Changes in some macroeconomic factors may affect the evolving 
degree of efficiency in stock markets. To test H1, we use the exchange rate (H1a), interest 
rate (H1b), and crude oil price (H1c) as major macroeconomic variables that can be used 
as reliable indicators of the time-varying degree of stock market efficiency.
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•	 The Exchange Rate: We use the real effective exchange rate as an indicator of the value 
of a currency according to its trading partners. The BIS EER allows for time-varying 
weights and accounts for the mainland’s indirect trade with the rest of the world via 
Hong Kong (Klau and Fung 2006). Then, the BIS broad indices for the dollar, euro, 
and yen closely track the corresponding official series of the US Federal Reserve, the 
ECB, and the Bank of Japan, respectively, while the narrow and old indices seem to 
show more divergence (Klau and Fung 2006). The revised weights better depict trade 
flows and should increase the BIS effective exchange rate indices’ utility as reliable 
indicators of exchange rate fluctuations and their effects.

•	 The Interest Rate: We use the 3-month treasury bill rate.
•	 The Crude Oil Price: We use the Brent crude oil price as a benchmark of crude oil 

prices.

(2) Microstructure Factors We expect that the degree of market efficiency increases in 
more liquid markets (H2a) and decreases with stock market volatility (H2b).

•	 Market Liquidity Instead of traditional proxies of market liquidity such as Aminhud’s 
liquidity measure and Hui–Heubel liquidity ratio, we use the liquidity measure pro-
posed by Danyliv et al. (2014) which has two advantages: (1) It eliminates the currency 
values from the calculations and instruments while exploring different international 
stock markets, and (2) its calculation requires only instantaneous measurement over 
time. The liquidity measure is given by the following formula:

where Volt : Transaction volume at time t; PCloset : the closing price at time t;  PHight,t : the 
highest price; PLow,t the lowest price.

•	 Market volatility: The variance of the market index is modeled as a function of a con-
stant term, information on fluctuations in the previous period error term, and informa-
tion on fluctuations in the previous period volatilities, captured by a GARCH (1,1) 
model proposed by Engel (1982) and Bollerslev (1986) as follows:

The GARCH (1,1) model is the appropriate representation of conditional variance 
(Husain and Uppal (1999)) and is consistent with the typical stylized facts  noticed 
in financial data (Leptokurtic  financial returns; Volatility  clustering, and leverage 
effects tendency).

(3) Uncertainty factors We use two mains proxies that reflect the economic uncertainty 
in the G7 countries: the EPU (H3a) and CLI (H3b)

•	 The EPU index: The economic policy uncertainty index
•	 The CLI: The composite leading indicator of the OECD

(3) Sentiment Factors Despite a variety of investor sentiment proxies suggested in the 
literature, many of these sentiment measures are short-lived and unreliable (He 2012). 
Therefore, they may not be fully reflected in closing prices. In our study, we choose two 

(17)LIXt = log10

(
VoltPClose,t

PHight,t − PLow,t

)

(18)�2
t
= � + ��2

t−1
+ ��2

t−1
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different proxies for investor sentiment: the sentiment endurance index (H4a) and the con-
sumer confidence index (H4b). It’s essential to select reliable proxies for investor senti-
ment, and in this case, the sentiment endurance index and the consumer confidence index 
provide valuable insights into market sentiment. By utilizing these proxies, we aim to cap-
ture the impact of investor sentiment on stock market efficiency more accurately.

•	 Sentiment Endurance index (SE): The sentiment endurance index proposed by He 
(2012) is calculated as follows:

where positive SEt reflects a bullish sentiment toward the closing price at time t, while 
a negative SEt  reflects a bearish sentiment.

•	 Consumer confidence index (CCI) The CCI is an alternative sentiment proxy measured 
in the majority of countries and it represents the only constant method for generating a 
sentiment proxy that allows for cross-country comparisons.

(5) Global shock factors We include two main global shocks that has been shown an 
effect on the worldwide economies and on financial markets: the financial crisis of 2008 
(H5a) and the COVID-19 pandemic (H5b)

•	 Global financial crisis A dummy variable that indicates the 2007–2008 financial crisis. 
It takes 1 during the period from 01/02/2007 to 01/12/2008, 0 otherwise.

•	 COVID-19 pandemic A dummy variable that indicates the COVID-19 period. It takes 1 
during the period from 01/03/2020 to 01/09/2020,1 0 otherwise (Table 17).

(19)SEt =

(
PClose,t − PLow,t

PHight,t − PLow,t

)

− 0.5

Table 17   The appropriate lag order selection based on the information criteria

Lag order selected by the criterion, LR: Sequential modified L.R. Test statistic, FPE: Final prediction error, 
AIC.: Akaike information criterion, SC: Schwarz information criterion, HQ: Hannan–Quinn information 
criterion
*The optimal lag length at the 5% significance level

Lag LogL LR FPE AIC SC HQ

0 11,866.93 NA 2.68e−27 − 27.12798 − 27.06245 − 27.10291
1 20,424.14 16,859.86 1.17e−35 − 46.38018 − 45.52823 − 46.05427
2 21,481.62 2054.468 1.45e−36 − 48.47052 − 46.83217* − 47.84378
3 21,933.63 865.7453 7.14e−37 − 49.17535 − 46.75058 − 48.24777*
4 22,172.94 451.8017 5.75e−37 − 49.39347 − 46.18229 − 48.16505
5 22,319.46 272.5747 5.72e−37* − 49.39922* − 45.40163 − 47.86996
6 22,439.22 219.5154 6.06e−37 − 49.34375 − 44.55975 − 47.51366
7 22,536.05 174.8310 6.77e− 37 − 49.23582 − 43.66540 − 47.10489

1  Date of the announcement of the approval of the vaccine for trial with 90% effectiveness against the virus.
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