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1 Introduction 

Until the early 1990s, the efficient market hypothesis was the predominant approach when 

explaining price changes in stock markets. Financial markets have undergone significant 

changes over the last 20-30 years. Traders use very sophisticated information systems that 

allow almost immediate execution of trades. This happens in seconds, or even faster. It is 

therefore very important for investors in financial markets to anticipate the future 

development of exchange rates of financial assets, which take the form of financial time 

series. If the investor manages to predict the future development of the asset price, one 

can achieve a profit which is higher than average. The question of whether it is possible 

to successfully predict the future development of financial asset prices has not yet been 

satisfactorily resolved. 

After 2000, there was a significant increase in volatility in global financial markets. 

Financial markets have thus become the subject of intensive research not only by 

academics, but especially by institutional investors who invested large sums in research 

to understand the structure of financial markets in order to achieve a profit that will be 

higher than the market average. The financial market is in fact influenced by a large 

number of economic, political or psychological factors. There are probably both linear 

and non-linear relationships between these factors. Although a clear analytical model of 

financial asset behavior has not yet been found, investors have always sought to identify 

predictable patterns of behavior in asset price movements. 

The issue of information efficiency is also topical in developed and emerging 

economies in Asia, including China. There are two major stock markets in mainland China 

(Shanghai and Shenzhen) that have been operating since the early 1990s. However, China 

also has a developed market in Hong Kong, which has a history of more than 100 years. 

The intention of this thesis is not to find a final solution to the problem of testing 

a weak form of information efficiency, which is of course exactly very difficult in financial 

economics. The aim is also not to provide unambiguous statistical evidence of the 

efficiency or inefficiency of a selected stock market or index. The purpose is to show how 
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it is possible to systematically apply selected linear and nonlinear testing methods with 

respect to different models of stock market behavior. 

One of the characteristics of efficient market is that the stock prices move 

randomly and are not predictable. The main goal of this thesis is an empirical 

verification of the properties of efficient market models on the returns of stock 

market indices in two selected Asian economies. We select three stock indexes in two 

regions which are SSE 50 index and HSI index in China and Nikkei 225 in Japan. SSE 50 

is the stock index of Shanghai Stock Exchange, representing the top 50 companies in the 

mainland of China. HSI index is also from China, but it is special administrative region 

Hong Kong. The most developed stock market in Asia is generally considered to be the 

Japanese market. The index Nikkei 225, which is the main performance measure of the 

Tokyo Stock Exchange, was chosen as a benchmark. In this thesis, we will apply selected 

linear and nonlinear testing methods using the daily data in the period from January 2010 

to December 2020. The testing algorithm will be based on a combination of random walk 

models and various testing methods. If statistically significant deviations from the random 

walk models are identified in the return series, the returns could be conditionally 

predictable. This feature could be used in formulating a trading strategy that could lead to 

above-average returns, which runs counter to the weak form of the efficient market 

hypothesis. 

The main goal of the thesis is also supported by three partial goals:  

a) to compare the predictability of returns of indexes in mainland China (SSE50) and 

Hongkong (HSI), 

b) to assess the dynamics of predictability of SSE50, HSI and NIKKEI225 returns, 

c) to design a trading strategy that is based on the results of empirical tests. 

In Chapter 2, we discuss the efficient market hypothesis, which is the theoretical 

basis of this thesis. First, we present the history and development of this hypothesis. 

Secondly, we will explain in detail what the term efficiency in finance means. Then the 

definition of the efficient market hypothesis will be given and the forms of the efficient 
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market will also be defined. Finally, the assumptions and characteristics of the efficient 

market hypothesis will be presented.  

The third chapter will describe the models of the efficient market, the properties 

of which we will verify in the practical part of the thesis. First, however, the properties of 

financial time series will be described with emphasis on their specifics. In this thesis, we 

will focus mainly on models of random walks. We will not empirically test the martingale 

model, which is the oldest model of financial asset prices. However, the connection 

between this model and random walk models will be shown as well. An important part of 

this chapter is also a description of linear and nonlinear statistical tests that will be applied 

in the verification of random walk models of the first and third types. 

In Chapter 4, we will focus on the description of stock markets that will be the 

subject of empirical analysis. For the purposes of this thesis, we will choose stock markets 

in mainland China (Shanghai), Hong Kong, which is a developed market, but also a 

market in Japan, which is a kind of benchmark. These markets differ in their standards 

and trading rules, so differences in the predictability of returns can also be expected. The 

development of individual markets will be approximated by their main indices. We will 

work with the data on a daily basis. 

Chapter five represents the most important part of the thesis and has empirical 

character. First, the general testing procedure will be described. Empirical testing will then 

be divided into two parts. First, a static testing approach will be applied by using five 

linear and nonlinear statistical tests. When applying the dynamic approach, the two best 

quality linear and nonlinear tests were chosen. This is specifically a variance ratio test and 

a BDS independence test. The basic one-year test window was moved by one month 

forward till the end of the test period. The result was a time series of empirical tests with 

a length of 120 observations, which describes the dynamics of the development of 

predictability of individual indices. The corresponding p-values were obtained by the 

bootstrap method. An important part of this chapter is also the design of a trading strategy 

that would be based on the results of empirical tests.  

In the last chapter, there will be given the conclusion of the whole thesis. 
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2 Efficient Market Hypothesis 

In chapter 2, we will introduce the history of the efficient market hypothesis (EMH) briefly. 

Then we will define the EMH. At last, we will describe the assumptions and characteristics 

of the EMH. 

2.1 A historical review of the efficient market hypothesis 

The efficient market hypothesis originates from the academic literature on random walk 

theory of stock price behavior in the late 1950s. In fact, the earliest studies on the 

distribution of securities prices date back to 1900. Bachelier's (1900) research on the 

prices of French goods found that the prices of these goods fluctuated randomly, and the 

current price of a commodity was an unbiased estimate of the future price of the 

commodity. No buyer or seller involved in commodity speculation can expect to profit 

from it because it is a fair game. Although Bachelier did not use the term random walk, 

his research results are indeed a major application of random walk theory. 

Cowles (1933) research on market forecasting has found that the performance of 

professional investors and investment consultants is poor, and the average performance of 

the market as a whole is better than that of any forecaster. Even if the results of the random 

prediction are compared with a series of actual predictions, they still have a slight upper 

hand. Working's research on commodity prices found that although the trends and 

fluctuations of commodity prices show recognizable and repetitive patterns, and there is 

no random change pattern in commodity price levels, changes in commodity prices tend 

to be highly random, making it impossible to predict randomness. Commodity price 

fluctuations. Kendall (1953) analyzed the weekly average data of stocks in 19 industries 

such as finance and industry from 1928 to 1939 in the UK. After doing a lot of serial 

correlation analysis, he found that the shape of the stock price series is far more 

unsystematic than generally believed. The stock price is in fact in a roaming state, there 

is almost no possibility of predicting future stock prices. 

A study by Roberts (1959) found that the sequence of numbers generated from the 

cumulative random number series has a shape similar to that of stock prices. The pattern 
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of stock price series similar to the head and shoulders can also be found in the graph of 

the sequence of random numbers, and there is almost no difference between the two. To 

this end, Roberts suggests further research on whether the stock price series are random. 

Another important document in the same year caused widespread controversy. Osborne 

(1959), an outstanding physicist at the Naval Research Laboratory in Washington, studied 

the changes in stock price series out of interest in the stock market and tried to find out 

whether these stock price series are consistent with certain laws in physics. His research 

believes that the absolute number of the stock price itself does not have any meaning, but 

the change in the stock price is more meaningful. It is possible that investors make 

investment decisions based on the percentage of the stock price change rather than the 

absolute price. If the market is considered as a whole, the expected volatility of the stock 

price will be zero, and the possibility of the stock price rising and falling is the same. In 

addition, Osborne (1959) confirmed that the stock price's fluctuation range will increase 

with the increase of the square root of the time interval, which also confirms that the 

movement track of the stock price is consistent with Brownian motion. 

Modern research on the efficient market hypothesis began with Samuelson (1965). 

He pointed out that because stocks do not have clear price reference standards, stocks have 

a lot of risks and are highly volatile. After emphasizing the importance of information, he 

pointed out that new information is the main reason for stock price fluctuations. Future 

events will cast their shadows before the event, but the emergence of new information 

does not have a certain predictable pattern. As a result, the reasonable expected price will 

fluctuate randomly, and because of the unpredictability of the stock market price, it proves 

that the market price is a reasonable prediction of the intrinsic value of the stock. 

2.2 Meaning of efficiency in economics 

Economics believes that efficiency is closely related to the concerns of the welfare of all 

members of the economy. It means the ability of economic activities to meet people's 

needs under certain resource constraints. It is assumed that individuals and enterprises are 

self-interested price receivers. Individuals care about maximizing their utility, and 

companies care about maximizing their profits. Through the adjustment of the invisible 
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hand of market competition, the product price enables each product to achieve a 

competitive equilibrium in the market, thereby maximizing personal utility and 

maximizing corporate profits. 

We distinguish efficiency into production efficiency and economic efficiency. 

When the input remains unchanged, without reducing other outputs, an increase in a part 

of output is called production efficiency, and the enterprise can realize the optimal 

production decision. Economic efficiency means that given the constraints, any change to 

Pareto's optimal state will not make people better. If production efficiency and economic 

efficiency are combined, the entire economy can achieve allocation efficiency. 

There is also an efficiency called exchange efficiency. In a market economy, 

exchange is an important mechanism for the efficient allocation of resources. Through 

exchange, the division of labor and specialization of production is achieved. The 

configuration realized by exchanging at a certain price, in this configuration state, 

minimizes the cost paid by all exchange participants, and any other configuration 

inevitably causes participants to pay a higher price. And the balance between supply and 

demand. Therefore, when we refer to exchange efficiency, we mean that in this market, 

all participants have no incentive to create exchange arrangements that are not currently 

provided by the market. In this sense, exchange efficiency can also be called operational 

efficiency. 

Economists divide market efficiency into three forms: operational efficiency, 

allocation efficiency and pricing efficiency: 

a) Operational efficiency is measured by the relative costs and benefits of the financial 

process. A financial system with less friction is more efficient. Operational efficiency 

refers to whether the buyer and seller in the market can complete the transaction in 

the shortest time and at the lowest transaction cost.  

b) Allocation efficiency refers to the effectiveness of directing savings funds to 

productive uses. The market for efficient production uses is the market for efficient 

allocation. At the same time, competition is the key factor to ensure fair, safe and 
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effective capital allocation. When the market price is in a competitive equilibrium, 

the market can achieve operational efficiency and allocation efficiency. 

c) Pricing efficiency refers to whether the price of securities in the market can fully, 

timely and accurately reflect all relevant information. If the market is priced 

effectively, the market price of the securities can fully, quickly and accurately reflect 

all relevant information and make corresponding adjustments accordingly. At this 

point, the market price represents the best estimate of the "intrinsic value" of the 

security. The pricing efficiency is what we usually call the information efficiency. 

2.3 Definition of the efficient market hypothesis 

When the market is assumed to have a large number of trading participants and they are 

rational. Then the market is efficient according to Fama (1970), if: 

a) The prices of securities traded in the market fully reflect all available information. 

b) The prices of these securities will respond quickly and in an almost unbiased manner. 

This means that the power of the market will push the price of securities back to where 

it should be, so that no one can consistently earn returns that exceed the market 

average. 

The reason is that any predictions about the company, such as seasonal fluctuations 

in the company's business or the retirement of the company's key management personnel, 

will be immediately reflected in the company's securities prices as confirmed by the 

efficient market. In other words, the market's expectations of the impact of these events 

on the company are generally unbiased. The only reason for changes in security prices is 

related, unexpected information. Unexpected events happen randomly. In this way, if we 

look at the time series chart of the price of a particular security, we will find that it 

fluctuates randomly. This random series is also called "random walk". 

In summary, if a stock market is efficient, it should have the following 

characteristics: 

a) The stock price fully reflects all relevant information, so that the only reason that any 

stock price may change is unexpected new relevant information. 
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b) If relevant new information emerges, stock prices can respond to it quickly and 

accurately. The so-called rapid means that there should be no obvious delay between 

the stock market receiving new information and the corresponding response of the 

stock price, but to respond almost instantaneously. Accurate means that the stock price 

responds to new information in an unbiased manner, and this response can accurately 

reflect the impact of the information on the stock price at the beginning, without 

subsequent amendments and without excessive reaction or underreaction. 

c) The expected return of the investor is composed of the risk-free interest rate obtained 

by transferring the right to use the funds and the risk premium obtained by bearing 

certain risks. The risk premium is affected by the average market risk or the degree 

of investor risk aversion. In this case, the total return of the investor includes the 

expected return and the random walk due to the relevant new information described 

in the second feature. Any systematic (or non-random) fluctuations in stock prices 

can only be related to risk-free returns and risk premiums, and once the effects of risk-

free interest rates and risk premiums have been eliminated, other factors may cause 

investor returns or stock prices. Volatility must be random and unpredictable. 

d) According to the above three-point analysis, in an effective market, no investor can 

earn a rate of return that exceeds a certain benchmark (determined by the risk-free 

interest rate and risk premium) through possible investment methods or investment 

strategies, that is, cannot be obtained excess income. 

2.4 Forms of efficient market 

Considering that people may raise the question of whether a transaction based on a clearly 

defined set of information can achieve excessive returns, Roberts (1967) classifies 

information as size and divides the effective market into three types, and this classification 

is also obtained by Fama (1970) recognition and promotion: 

a) Weak form of efficiency means that the current stock price fully reflects all the 

information in the historical sequence of all stocks, such as trading volume and 

trading price. In this type of market, it is impossible for any investor to use historical 
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information to formulate an investment strategy for securities trading and obtain 

excess returns. 

b) Semi-strong form of efficiency means that the current stock price not only contains 

all historical information, but also fully reflects all public information, such as the 

company's profit announcement, stock split, dividend declaration, company financial 

performance announcement, competitor information, etc. In this type of market, no 

investor can use public information to formulate an investment strategy for securities 

trading and obtain excess returns. 

c) Strong form of efficiency means that the current stock price fully reflects all relevant 

information. This information includes not only the information that has been 

published, but also various private and inside information. It is the highest form of an 

effective market. In this type of market, no investor can obtain excess returns from 

the trading of stocks, no matter what information he has, as is the company's internal 

staff. 

In fact, there is a certain level between these three forms of efficient markets and 

there is an embedded relationship, as shown in the Figure 2.1. We can also see from the 

figure that if the market is semi-strongly efficient, then the market must be weakly 

efficient, otherwise it is not necessarily. This is because the information set fully reflected 

by the semi-strong efficient market includes the information set reflected by the weak 

efficient market. Similarly, if the market is strong and efficient, the market must reach 

semi-strong and weakly efficient states. 

With the more extensive study of EMH, Fama (1991) hanged the classification of 

effective markets in another retrospective literature and made the following adjustments: 

a) Extend the weak efficient market hypothesis to a test of earnings predictability. The 

original weak test mainly studied the ability to predict the past returns, but now it also 

includes variables such as dividend yield and interest rate to predict returns. Because 

the EMH is inextricably linked to equilibrium pricing issues, discussion of 

predictability must also consider the cross-sectional predictive power of returns, that 
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is, to examine asset pricing models and anomalies found in research (such as scale 

effects). In addition, research on seasonal benefits of returns (such as the January 

effect) and fluctuations in securities prices are also within the test of earnings 

predictability. 

b) The scope of semi-strong-type efficient market and strong-type effective market 

inspection remains unchanged, but the name is changed accordingly: semi-strong 

inspection is changed to event research; strong inspection is changed to private 

information inspection 

Figure 2.1 The relationship between three types efficient markets 

Source: by author 

2.5 Assumptions of the efficient market hypothesis 

Fama (1991) believes that sufficient conditions for capital markets to be effective are: 

a) No transaction costs for securities transactions; 

b) All available information can be obtained by all market transaction participants at no 

cost; 

c) All market trading participants have the same views on the meaning of the current 

price information of each security and the distribution of future prices. In such a 
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market, it is clear that the current prices of securities will adequately reflect all 

available information and that the market is efficient. 

However, Fama (1991) also realized that the real world cannot be a frictionless 

world, and it is difficult for investors to agree on the meaning of information. Fama (1991) 

pointed out that the above conditions are sufficient and not necessary conditions for the 

effective capital market. For example, as long as the transaction participants fully consider 

all available information, although the huge transaction costs hinder the transaction, this 

does not in itself mean that when the transaction occurs, the price does not fully reflect all 

available information. For another example, differences in the meaning of information 

among investors do not in themselves mean that the market is invalid, unless there are 

investors who can continuously obtain more information than the value implicit in the 

market price. Existing transaction costs, information acquisition costs, and inconsistencies 

among investors are just potential sources of market inefficiency. It is the central task of 

empirical research to measure and test the impact of these conditions on the formation of 

securities prices in the real world. 

2.6 Characteristics of efficient market 

The aim of this subchapter is to explain four characteristics of an efficient market. 

Reactions to new information. Random changes in quotations. Long-term returns on 

efficient markets, and business strategies in efficient markets, will be specially described. 

Many economists such as Chan (1988), Lo and Mackinlay (1988), have already offered 

comprehensive introduction of these characteristics of and efficient market. 

a) Reactions to new information  

An explanation for diversion from the EMH is that investors do not always react in proper 

way to new information. Sometimes, stocks have recent losses or gains, so investors can 

overreact by trading stocks. If investors are not rational, these overreactions will to make 

stock prices beyond their fair market prices. That means that investors only concentrate 

on recent information, and ignore the previous information. When investors understand 

actual meaning of an event, they will pull the stock prices in line eventually. 
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There are many effects that are troubling for the EMH. According to Chan (1988), 

people can get excess return from contrarian investment strategies, but this cannot prove 

that the EMH is not right. Moreover, Lo and Mackinlay (1988) demonstrated that at least 

half of the profits are not by overreaction, so there is not sufficient proof to conclude the 

failure of EMH. 

b) Random changes in quotations  

In the efficient market, there will be a lot of investors looking for clues at any time, and 

they use those evidences to make predictions about stock prices. Investors can use any 

useful information for analysis, trying to sell at a high price and buy at a low price, because 

they always want to make profits and not give up any chances. In fact, there are many 

investors taking part in this process at same time, so the changes in the stock price are fast. 

In other words, when investors use acquired information to predict the stock price, actually 

it is already too late. In the unpredictable market, the quotations will change without fixed 

scope. 

The first test of the random walk hypothesis was developed by Cowles and Jones 

(1937). They compared the frequency of sequences and reversals in historical stock 

returns. Then Cootner (1964) and Fama (1965) described the tests of random walk 

hypothesis. 

c) Long-term returns on efficient markets  

Since the market is random, we can ignore the time. Under the framework of EMH, there 

will no relationship between current and past prices, or future and current prices. Moreover, 

regardless of the time variable, the price is also random. But in fact, the factor of time is 

actually very important. For example, the price changes may not be random, because of 

overreaction from irrational investors in the short-term. But in the long-term, rational 

investors will adjust the stock price. No investors can achieve above mean revenues at a 

given level of risk in the long period. 

One of the first papers on long-term return anomalies was published by De Bondt 

and Thaler (1985). They find that when stocks are ranked on 3 to 5 year past returns, past 
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winners tend to be losers in the future, and vice versa. 

d) Business strategies in efficient markets 

In efficient markets, business strategies are not correct. On the basis of the EMH, the 

market is introduced as a result of rational economic cycle, therefore there are no mistakes, 

or no irrational investors. Arbitrage is the main business strategy on financial markets. 

However, if the EMH is hold, it should be different. Arbitrageurs’ motion cannot make 

financial markets deviate from their basic value. In other words, the market mechanism 

can always quickly adjust by mistakes. 

2.7 Literature review 

The efficient market hypothesis as proposed by professor Fama of the University 

of Chicago believes that in an efficient market, market prices will contain a certain degree 

of information. Price and value are always the same. The effective market hypothesis 

defines three types according to the various levels reflected in the stock price information. 

The form of the efficient market is weak, the semi-strong form of the efficient market and 

the strong form of the efficient market. 

Fama (1965) used a random walk model to study the dynamic behavior of 30 

stocks with an average price of 30 Dow Jones Industrial stocks from 1957 to 1962. 

Song and Jin (1995) divided into two stages. In the first stage (1991-1992), 

Shanghai’s stock market was still relatively small and in the early stages of development. 

In the second stage (1993-1994), the Shanghai stock market reached a certain scale, and 

the empirical analysis of the weekly return rate reflected in the second stage proved the 

random walk characteristics of the Shanghai stock market. 

In the second stage, the Shanghai stock market was inefficient. The root is the 

conclusion that the Shanghai Stock Market is invalid (Yu, 1994). This means that choosing 

to include only the sample data of the first stage is invalid. 

With the continuous deepening of financial system reforms, the development of 

China's stock market is impressive, and domestic scholars are shifting their focus to the 

effectiveness of semi-strong form markets. Most of them use the "event research method". 
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Investigate stock price trends before and after the incident and test the semi-strong stage. 

The first study to describe the efficiency of the semi-strong form of the Chinese 

stock market was to select two holding events, namely the Baoyang event and the Shen 

event. The empirical results show that the stock market at that time did not reach a semi-

strong form (Shen, 1996).  

Contrary to the low interest rate environment of the past few years, the booming 

economy of developing countries like China has attracted the attention of many foreign 

investors. At the same time, the lack of investment opportunities3 due to investment 

restrictions has prompted Chinese investors to raise funds and invest overseas. Stock 

trading eliminates financial barriers between China and the rest of the world, and will 

undoubtedly expand the flow of information and increase the financial interaction between 

the two markets. Previous studies on multinational corporations in developing countries 

have cross-listed 4 in developed countries, providing some good theoretical 

understandings for the impact of linkages. In particular, it was found that cross-listing had 

no long-term liquidity impact. But regardless of the development of the listing location 

and the home country, it can improve the pricing efficiency of the home country (Liu and 

Wang, 2007). Other studies have shown that the strength of analyst coverage is negatively 

correlated with changes in company-specific returns for emerging market companies. In 

addition, the increasingly stringent disclosure requirements of developed countries may 

weaken the benefits of private information collection in emerging markets, thereby 

exaggerating the improvement of market information quality (Fernandes and Ferreira, 

2008). Similarly, the study by Foucault and Gehrig (2008) found a compromise model 

between the benefits of strict disclosure rules and reducing the cost of private information 

discovery. This paper also finds that cross-listing will increase the sensitivity of 

investment decisions and stock prices, because stock prices tend to reflect the quality of 

management decisions. All the above studies point out the different effects of cross-listing 

and stock linkages on market information. 

In Japan, various studies related to the efficient market hypothesis have been 

conducted using parametric testing and non-parametric testing (such as operational testing, 
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K-S testing, and serial correlation). Various researchers use daily, weekly or monthly data 

to test EMH empirically. EMH was rejected by Malafeyev et al. (2019).  
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3 Models of Efficient Market and Methods for Testing 

Information Efficiency 

In this chapter, we will introduce in detail not only characteristics of financial time series. 

And There are three types of random walk models. Then there are verification and tests 

of models. We will describe relationship between random walk model and martingale 

models briefly.  

3.1 Financial time series 

In this subchapter, we introduce in detail the most important part: financial time series. 

And financial time series analysis is concerned with the theory and practice of asset 

valuation over time. Then we will introduce the components and classification of financial 

time series. At last, it’s the methods of time series analysis and stylized statistical 

properties. 

3.1.1 Description of financial time series 

According to Ostrom (1990) time series refers to a series of numbers formed by arranging 

the observation values of certain statistical indicators in the order of observation time. 

There are a large number of time series data in the social, economic, scientific and other 

fields that need to be further processed by people. And some basic development laws of 

certain phenomena are thus found. So as much as possible to extract important information 

from the huge data according to their own needs, and use the extracted useful information 

with thousands of predictions, in order to master and control people's own future decisions. 

Time series analysis is based on the time series data obtained by people's 

observation and statistics, through curve fitting and parameter estimation and other 

analytical methods to establish the theory of mathematical statistical model. Time series 

analysis is widely used in the macroeconomic regulation and control of the national 

economy, the operation and management of enterprises, and the research on the 

physiological and psychological aspects of weather forecast and biology. One of the main 

purposes of time series analysis is prediction. Prediction refers to people based on 
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historical data of things and their interrelation and development, using their own scientific 

means to make a reasonable analysis, to infer the future development trend of things in 

advance. In short, prediction is based on historical and current data to scientifically 

estimate and infer the future development trend of things (Franke and Hafner, 2011). 

As an important representative of time series, financial time series refers to a set 

of price data or income data obtained by arranging the prices of financial products in the 

financial market (including the stock market, foreign exchange market and futures market, 

etc.) in chronological order. As a special kind of time series, financial time series have 

very remarkable characteristics. Financial time series are relatively general time series 

data, and the data generation process is more complicated, including many random factors 

and the non-linearity between the data is strong. 

The financial market is the core of the operation of the national economy. Under 

the leadership of the market economy, exploring the fluctuation laws of the financial 

market and conducting effective supervision and management to improve the investment 

efficiency of the financial market is one of the main goals of governments and social 

investment institutions. The financial industry is facing more and newer development 

opportunities and challenges. The general public is also paying more and more attention 

to the global financial market. People are investing in high-risk and high-return areas such 

as stocks, securities, and funds. Understanding and grasping the law of market fluctuations 

is directly related to the security, stability and efficiency of financial markets. Moreover, 

the financial market itself is a huge and complex system affected by various factors such 

as politics, economy, environment, and so on. As a comprehensive external manifestation 

of financial market fluctuations and changes, financial time series data must contain many 

of the internal financial systems. Objective law information with valuable value. Investors 

are eager to understand the operating rules of these financial data and more reliably predict 

the trend of these financial data in order to avoid high-risk investments. On the other hand, 

managers also hope to find out the inherent laws of the financial market, so that they can 

take effective measures to maintain the prosperity and stability of the financial industry. 

Therefore, it is undoubtedly of great significance for financial investment decision-
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making and risk management activities to find a certain pattern from these massive and 

complicated data in order to better understand and grasp the trend of financial markets. 

3.1.2 The characteristics of asset returns 

It is a highly empirical discipline, but like other scientific fields theory forms the 

foundation for making inference. There is, however, a key feature that distinguishes 

financial time series analysis from other time series analysis. Both financial theory and its 

empirical time series contain and element of uncertainty. For example, there are various 

definitions of asset volatility, and for a stock return series, the volatility is not directly 

observable. As a result of the added uncertainty, statistical theory and methods play an 

important role in financial time series analysis (Tsay, 2010). 

Most financial studies involve returns, instead of prices, of assets. Campbell, Lo, 

and MacKinlay (1997) give two main reasons for using returns. First, for average investors, 

return of an asset is a complete and scale-free summary of the investment opportunity. 

Second, return series are easier to handle than price series because the former have more 

attractive statistical properties. There are, however, several definitions of an asset return. 

Let 𝑃𝑡 be the price of an asset at time index 𝑡. Assume for the moment that the 

asset pays no dividends. Several types of returns have been defined in financial theory: 

a) One-period simple return 

Holding the asset for one period from date 𝑡 −  1 to date 𝑡 would result in a simple gross 

return 

1 + 𝑅𝑡 =
𝑃𝑡

𝑃𝑡−1
 or 𝑃𝑡 = 𝑃𝑡−1(1 + 𝑅𝑡). (3.1) 

The corresponding one-period simple net return or simple return is 

 𝑅𝑡 =
𝑃𝑡

𝑃𝑡−1
− 1 =  

𝑃𝑡−𝑃𝑡−1

𝑃𝑡−1
.  (3.2) 

b) Multiperiod simple return 

Holding the asset for 𝑘 periods between dates 𝑡 −  𝑘 and t gives a 𝑘-period simple 

gross return 
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1 + 𝑅𝑡|𝑘| =  
𝑃𝑡

𝑃𝑡−1
×

𝑃𝑡−1

𝑃𝑡−2
× ⋯ ×

𝑃𝑡−𝑘+1

𝑃𝑡−𝑘
= (1 + 𝑅𝑡)(1 +

𝑅𝑡−1) ⋯ (1 + 𝑅𝑡−𝑘+1) = ∏ (1 + 𝑅𝑡−𝑗)𝑘−1
𝑗=0 . 

(3.3) 

Thus, the 𝑘-period simple gross return is just the product of the 𝑘 one-period 

simple gross returns involved. This is called a compound return. The 𝑘-period simple net 

return is 𝑅𝑡|𝑘| = (𝑃𝑡 − 𝑃𝑡−𝑘)/𝑃𝑡−𝑘. 

In practice, the actual time interval is important in discussing and comparing 

returns (e.g., monthly return or annual return). If the time interval is not given, then it is 

implicitly assumed to be one year. If the asset was held for 𝑘 years, then the annualized 

(average) return is defined as 

𝐴𝑛𝑛𝑢𝑎𝑙𝑖𝑧𝑒𝑑{𝑅𝑡|𝑘|} = [∏ (1 + 𝑅𝑡−𝑗)𝑘−1
𝑗=0 ]

1/𝑘
− 1. (3.4) 

This is a geometric mean of the 𝑘 one-period simple gross returns involved and 

can be computed by 

𝐴𝑛𝑛𝑢𝑎𝑙𝑖𝑧𝑒𝑑{𝑅𝑡|𝑘|} = 𝑒𝑥𝑝 [
1

𝑘
∑ ln (1 + 𝑅𝑡−𝑗)𝑘−1

𝑗=0 ] − 1, (3.5) 

where 𝑒𝑥𝑝(𝑥) denotes the exponential function and 𝑙𝑛(𝑥) is the natural logrithm of the 

positive number 𝑥. Because it is easier to compute arithmetic average than geometric 

mean and the one-period returns tend to be small, one can use a first-order Taylor 

expansion to approximate the annualized return and obtain 

 𝐴𝑛𝑛𝑢𝑎𝑙𝑖𝑧𝑒𝑑{𝑅𝑡|𝑘|} ≈
1

𝑘
∑ 𝑅𝑡−𝑗

𝑘−1
𝑗=0 . (3.6) 

c) Continuously compounded return 

The natural logarithm of the simple gross return of an asset is called the continuously 

compounded return or 𝑙𝑜𝑔 return: 

𝑟𝑡 = ln(1 + 𝑅𝑡) = 𝑙𝑛
𝑃𝑡

𝑃𝑡−1
,  (3.7) 

Continuously compounded returns 𝑟𝑡 enjoy some advantages over the simple net 

returns 𝑅𝑡. First, consider multiperiod returns. We have 
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𝑟𝑡[𝑘] = ln(1 + 𝑅𝑡[𝑘]) = ln[(1 + 𝑅𝑡)(1 + 𝑅𝑡−1) ⋯ (1 + 𝑅𝑡−𝑘+1)] = 𝑙𝑛 (1 +

𝑅𝑡) + ln(1 + 𝑅𝑡−1) + ⋯ ln(1 + 𝑅𝑡−𝑘+1) = 𝑟𝑡 + 𝑟𝑡−1 + ⋯ + 𝑟𝑡−𝑘+1. 

(3.8) 

Thus, the continuously compounded multiperiod return is simply the sum of 

continuously compounded one-period returns involved. Second, statistical properties of 

log returns are more tractable. 

d) Portfolio return 

The simple net return of a portfolio consisting of 𝑁 assets is a weighted average of the 

simple net returns of the assets involved, where the weight on each asset is the percentage 

of the portfolio’s value invested in that asset. Let 𝑝 be a portfolio that places weight 𝑤𝑖 

on asset 𝑖. Then the simple return of 𝑝 at time 𝑡 is 𝑅𝑝,𝑡 = ∑ 𝑤𝑖𝑅𝑖𝑡
𝑁
𝑖=1 , where 𝑅𝑖𝑡 is the 

simple return of asset 𝑖. 

The continuously compounded returns of a portfolio, however, do not have the 

above convenient property. If the simple returns 𝑅𝑖𝑡 are all small in magnitude, then we 

have 𝑟𝑝,𝑡 = ∑ 𝑤𝑖𝑟𝑖𝑡
𝑁
𝑖=1 , where 𝑟𝑝,𝑡  is the continuously compounded return of the 

portfolio at time 𝑡. This approximation is often used to study portfolio returns. 

e) Dividend payment 

If an asset pays dividends periodically, we must modify the definitions of asset returns. 

Let 𝐷𝑡 be the dividend payment of an asset between dates 𝑡 −  1 and 𝑡 and 𝑃𝑡 be the 

price of the asset at the end of period 𝑡. Thus, dividend is not included in 𝑃𝑡 . Then the 

simple net return and continuously compounded return at time 𝑡 become 

           𝑅𝑡 =
𝑃𝑡+𝐷𝑡

𝑃𝑡−1
− 1, 𝑟𝑡 = ln(𝑃𝑡 + 𝐷𝑡) − ln(𝑃𝑡−1). (3.9) 

f) Excess return 

Excess return 𝑍𝑡 of an asset at time 𝑡 is the difference between the asset’s return and the 

return on some reference asset. The reference asset is often taken to be riskless such as a 

short-term U.S. Treasury bill return. The simple excess return and log excess return of an 

asset are then defined as 
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𝑍𝑡 = 𝑅𝑡 − 𝑅0𝑡, 𝑧𝑡 = 𝑟𝑡 − 𝑟0𝑡, (3.10) 

where 𝑅0𝑡 and 𝑟0𝑡 are the simple and log returns of the reference asset, respectively. In 

the finance literature, the excess return is thought of as the payoff on an arbitrage portfolio 

that goes long in an asset and short in the reference asset with no net initial investment. 

g) Summary of relationships 

The relationships between simple return 𝑅𝑡  and continuously compounded (or log) 

return 𝑟𝑡 are 

               𝑟𝑡 = ln (1 + 𝑅𝑡), 𝑅𝑡 = 𝑒𝑟𝑡 − 1. (3.11) 

If the returns 𝑅𝑡 and 𝑟𝑡 are in percentages, then 

𝑟𝑡 = 100 ln (1 +
𝑅𝑡

100
), 𝑅𝑡 = 100(𝑒

𝑟𝑡
100 − 1). (3.12) 

Temporal aggregation of the returns produces 

 1 + 𝑅𝑡[𝑘] = (1 + 𝑅𝑡)(1 + 𝑅𝑡−1) ⋯ (1 + 𝑅𝑡−𝑘+1), 

    𝑟𝑡[𝑘] = 𝑟𝑡 + 𝑟𝑡−1 + ⋯ + 𝑟𝑡−𝑘+1. 

(3.13) 

If the continuously compounded interest rate is 𝑟 per annum, then the relationship 

between present 𝐶 and future values 𝐴 of an asset is 

       𝐴 = 𝐶 exp (𝑟 × 𝑛), 𝐶 = 𝐴 exp (− 𝑟 × 𝑛). (3.14) 

3.1.3 The components of financial time series 

The change of the time series is affected by many factors, some of which play a long-term 

and decisive role, making them show a certain trend and certain regularity (Tsay, 2010). 

When analysing the changing laws of the time series, it is actually impossible to divide 

each influencing factor one by one and make an accurate analysis separately. The 

components of the series, and then analyse these types of components separately to reveal 

the regularity of the time series. The components that affect the time series can be 

summarized into the following four types. 
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a) Trend refers to the phenomenon that the phenomenon shows a continuous gradual 

rise and fall, a steady change or movement in a certain direction over time. This 

change is usually the result of many long-term factors. 

b) Cycle, which means that the time series appears as a series of points that circulate 

above and below the trend line and continue to change regularly for a period of time. 

This factor has periodic changes, such as the period of moderate inflation immediately 

after the period of high-speed inflation, which will cause many time series to appear 

alternately above and below an overall increasing trend line. 

c) Seasonal variation refers to the phenomenon that the phenomenon is affected by 

seasonality and changes in a periodical fluctuation according to a fixed cycle. 

Although the seasonal change in a time series is usually considered to be one year, 

the seasonal factor can also be used to represent a regular repeating pattern with a 

length of less than one year. 

d) Irregular movement refers to the irregular fluctuations of phenomena caused by 

accidental factors. Such factors include the deviation between actual time series 

values and estimates that take into account trend, periodicity, and seasonal changes, 

and it is used to explain random changes in time series. Irregular factors are caused 

by short-term unpredicted and those factors that affect the time series that are not 

repeatedly discovered. 

3.1.4 The classification of financial time series 

According to different standards, time series have different classification methods. 

Commonly used standards and classification methods are described by Franke and Hafner 

(2011): 

a) According to the number of objects studied, there is a unary time series and 

multivariate time series, such as a sales volume series of a certain commodity, which 

is a unary time series; Variables, such as temperature, pressure, and rainfall data 

sorted in order of year and month, and each time corresponds to multiple variables, 

then this sequence is a multivariate time series. 
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b) According to time continuity, time series can be divided into discrete time series and 

continuous time series. If the time parameter corresponding to each sequence value 

in a sequence is a discontinuity, the sequence is a discrete time series; if the time 

parameter corresponding to each sequence value in a sequence is a continuous 

function, the sequence It is a continuous time series. 

c) According to the statistical characteristics of the series, it can be divided into 

stationary time series and non-stationary time series. The so-called stationarity of time 

series means that the statistical law of time series will not change with the passage of 

time. The timing chart of a stationary sequence should intuitively show that the 

sequence always fluctuates randomly around a constant value, and the fluctuation 

range is bounded, without obvious trends and without periodic characteristics. In 

contrast, the non-stationarity of time series means that the statistical law of time series 

changes with the passage of time. 

d) According to the distribution of the sequence, there are two types of Gaussian and 

non-Gaussian time series. 

3.1.5 Methods of time series analysis 

Chatfield (2003) introduced time series analysis is a widely used data analysis method. It 

studies a series of interrelated digital series (dynamic data) that represent a phenomenon 

with time, and describe and explore the phenomenon. Regularity that develops and 

changes over time. The methods used for time series analysis can be analysed by intuitive 

and simple data graph method, index method, model method, etc. The model method is 

relatively more specific and deeper, and it can understand the internal structure and 

complex characteristics of the data more fundamentally to achieve the purpose of control 

and prediction. In general, time series analysis methods include the following two 

categories: 

a) Deterministic time series analysis: refers to the method of temporarily filtering out 

random factors (such as seasonal factors and trend changes) for deterministic analysis. 

The basic idea is to fit a time series with a certain time function y = f (t), different 
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changes are described by different functional forms, and the superposition of different 

changes is described by different functional superpositions. It can be divided into 

trend prediction method (least square method), smooth prediction method, 

decomposition analysis method, etc. 

b) Random time series analysis: The basic idea is to analyse the correlation between 

variables at different times to reveal their related structure, and use this correlation 

structure to establish a hybrid model of autoregression, moving average, and 

autoregressive moving average to time series make predictions. 

3.1.6 Stylized statistical properties of asset returns 

Let us start by stating a set of stylized statistical facts which are common to a wide set of 

financial assets (Cont, 2000). 

a) Absence of autocorrelations: (linear) autocorrelations of asset returns are often 

insignificant, except for very petty intraday time scales (20 minutes) for which 

microstructure effects come into play. 

b) Heavy tails: the (unconditional) distribution of returns seems to display a power-law 

or Pareto-like tail, with a tail index which is finite, higher than two and less than five 

for most data sets studied. In particular this excludes stable laws with infinite variance 

and the normal distribution. The precise form of the tails is hard to determine. 

c) Gain/loss asymmetry: one observes huge drawdowns in stock prices and stock index 

values but not equally large upward movements. 

d) Aggregational Gaussianity: as one increases the time scale ∆𝑡 over which returns 

are calculated, their distribution looks more and more like a normal distribution. In 

particular, the shape of the distribution is different at different time scales. 

e) Intermittency: returns display, at any time scale, a high degree of variability. This is 

quantified by the presence of irregular bursts in time series of a wide variety of 

volatility observations. 
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f) Volatility clustering: not same measures of volatility display a positive 

autocorrelation over several days, which quantifies the fact that high-volatility events 

tend to cluster in time. 

g) Conditional heavy tails: even after correcting returns for volatility clustering (via 

GARCH-type models), the residual time series still exhibit heavy tails. However, the 

tails are less heavy than in the unconditional distribution of returns. 

h) Slow decay of autocorrelation in absolute returns: the autocorrelation function of 

absolute returns decays slowly as a function of the time lag, roughly as a power law 

with an exponent 𝛽 ∈ [0.2,0.4]. This is sometimes interpreted as a signal of long-

range dependence. 

i) Leverage effect: most measures of volatility of an asset are negatively correlated with 

the returns of that asset. 

j) Volume/volatility correlation: trading volume is correlated with all measures of 

volatility. 

k) Asymmetry in time scales: coarse-grained measures of volatility predict fine-scale 

volatility better than the other way round. 

3.2  Random walk models 

Bachelier (1900) for the first time proposed the assumption that financial asset prices 

follow a logarithmic normal distribution. He assumed that stock prices follow Brownian 

motion (an endless type of molecular particles in physics disordered movement), which 

became the common source of random walk theory and the efficient market hypothesis. 

Fama (1965), a professor of economics at the University of Chicago, formally 

proposed the efficient market hypothesis: "The premise of the hypothesis is that stock 

prices are always correct. Therefore, market trends are random, and no one can predict 

the future of the market. Direction. The premise of correct price is that the person who 

sets the price must be rational and have sufficient information." 
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Campbell, Lo and MacKinlay (1997) described in The Econometrics of Financial 

Markets in detail about random walk models. Random walk theory means that the stock 

price changes are random and unpredictable. This randomness is considered to imply that 

the stock market is irrational. But on the contrary, random changes in stock prices indicate 

that the market is functioning normally or effectively. 

All chart analysis schools are based on the assumption that they are stocks, foreign 

exchange, gold, bonds, etc. All investment will be affected by economic, political, and 

social factors, and these factors will continue to repeat itself like history. For example, if 

the economy recovers from the Great Depression, property prices, stock market, gold, etc. 

It will fall after rising, but it will rise even higher after falling. Even in the short term, the 

rules governing the value of all investments are inseparable from the aforementioned 

factors. As long as investors can predict which factors dominate prices, they can predict 

the future trend. This kind of mentality constitutes the reason, denying their income, age, 

understanding of the news, acceptance of digestion, and enthusiasm for confidence, all 

reflected in stock prices and transactions. According to the chart, we can predict the future 

stock price trend. But the random walk theory is opposed to this statement, and the 

opposite opinion. 

Random walk theory points out that there are thousands of smart people in the 

stock market, not all of them are stupid people. Everyone knows the analysis, and the data 

flow into the market is all public. Everyone can know that there is no secret. The current 

price of the stock already reflects the relationship between supply and demand, or its value 

will not be too far. The so-called intrinsic value measurement method is determined by 

looking at basic factors such as asset value per share, price-earnings ratio, and dividend 

pay-out ratio. These factors are not big secrets, and everyone can find them by opening a 

newspaper or magazine. If a stock's asset value is ten yuan, it will never change to one 

hundred yuan or one yuan in the market. No one in the market will buy this stock for one 

hundred yuan or sell it for one yuan. The current market price of stocks has already 

represented the views of millions of eye-catching people and constitutes a reasonable price. 

The market price will fluctuate around the intrinsic value. 
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3.2.1 Causes of fluctuation 

As mentioned earlier, the stock price fluctuates up and down around the market price, so 

why does the random trend produce stock price fluctuations, and the reasons for these 

fluctuations are proposed in theory by Tsay (2010): 

a) New economic and political news is random and does not flow into the market in a 

fixed manner. 

b) The news caused the fundamental analysts to re-estimate the value of the stock and 

make a buying and selling policy, resulting in new changes in the stock. 

c) Because the news is nowhere to be found, it came suddenly, and no one can predict 

it beforehand. The stock trend speculates that this matter cannot be established. What 

the graphists said is just nonsense. 

d) Since all stock prices in the market have reflected their basic value. This value is fair 

and is determined by both buyers and sellers. This value will not change again, unless 

there are news of good or bad news such as wars, acquisitions, mergers, interest rate 

cuts, oil wars, etc., it will fluctuate again. But the next news is that everyone will not 

know whether it is good or bad, so the stock currently has no memory system. The 

rise and fall of historical stock prices are not related to changes in current market 

value. Just like throwing a copper plate, this time the roll is positive, it does not mean 

that the next roll is the front, the next time the roll is the front, or the reverse takes 

50% of the chance. No one will know that the next time will be the bottom or the 

reverse. 

e) Since the stock price does not have a memory system, attempts to use stock price 

fluctuations to find a principle to overcome the market will eventually end in failure. 

The stock price has no direction at all, walks randomly, and rises and falls randomly. 

We cannot predict where the stock market is going. No one must be a winner, and no 

one will lose. As for the role of stock experts, it is actually not significant, and it can 

even be said to be meaningless. Because they are so specialized, they must use these 
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theories to get rich themselves. Where will research be published to make others 

develop? 

Simply put, the fluctuation of stock prices is determined by random market news, 

and such news cannot be predicted. 

3.2.2 Types of random walk models 

a) Random walk model I: IID Increments 

Perhaps the simplest version of the random walk hypothesis is the independently and 

identically distributed (𝐼𝐼𝐷) increments case in which the dynamics of {𝑃𝑡} are given by 

the following equation: 

  𝑃𝑡 = 𝑃𝑡−1 + 𝜇 + 𝜀𝑡,  𝜀𝑡~𝐼𝐼𝐷(0, 𝜎2), (3.15) 

where the 𝑃𝑡  and 𝑃𝑡−1  is the price for different turns. And 𝜇  is the expected price 

change or drift, and 𝐼𝐼𝐷(0, 𝜎2)  denotes that 𝜀𝑡 is independently and identically 

distributed with mean 0 and variance 𝜎2 . The independence of the increments {𝜀𝑡} 

implies that the random walk is also a fair game, but in a much stronger sense than the 

martingale: Independence implies not only that increments are uncorrelated, but that any 

nonlinear functions of the increments are also irrelevant. We shall call this the random 

walk 1 model or RW1. 

To develop some intuition for RW1, consider its conditional mean and variance at 

date 𝑡, conditional on some initial value 𝑃0 at date 0: 

   𝐸(𝑃𝑡|𝑃0) = 𝑃0 + 𝜇𝑡, (3.16) 

   𝑣𝑎𝑟(𝑃𝑡|𝑃0) = 𝜎2𝑡,  (3.17) 

which follows from recursive substitution of lagged 𝑃𝑡 in (3.15) and the IID increments 

assumption. From (3.16) and (3.17) it is apparent that the random walk is nonstationary 

and that its conditional mean and variance are both linear in time. These implications also 

hold for the two other forms of the random walk hypothesis (RW2 and RW3) described 

below. 
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b) Random walk model II: independent increments 

Fama and Blume (1966) present a more detailed the restriction of identical distributions 

is clearly implausible, especially when applied to financial data that span several decades. 

However, testing for independence without assuming identical distributions is quite 

difficult, particularly for time series data. If we place no restrictions on how the marginal 

distributions of the data can vary through time, it becomes virtually impossible to conduct 

statistical inference since the sampling distributions of even the most elementary statistics 

cannot be derived. 

Some of the non-parametric techniques described in this section, such as rank 

correlation, do not require test independence for the same distribution, but the number of 

individual peripheral distributions is usually limited and small. For example, the test of 

independence between IQ scores and academic performance involves two different 

peripheral distributions. One is for IQ scores and the other is for academic performance. 

To extract multiple observations from each peripheral distribution, various non-

parametric tests can be designed to see whether the product of the peripheral distribution 

is equal to the simultaneous distribution of paired observations. Assuming that each 

observation of IQ and academic performance has a unique distribution, then this method 

is obviously unsuccessful. 

Nevertheless, there are two lines of empirical research that can be viewed as a kind 

of "economic" test of RW2: filter rules, and technical analysis. Although neither of these 

approaches makes much use of formal statistical inference, both have captured the interest 

of the financial community for practical reasons. This is not to say that statistical inference 

cannot be applied to these modes of analysis, but rather that the standards of evidence in 

this literature have evolved along very unique paths. Therefore, we shall present only a 

cursory review of these techniques. 

c) Random walk model III: uncorrelated increments 

One of the most direct and intuitive tests of the random walk and martingale hypotheses 

for an individual time series is to check for serial correlation, correlation between two 
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observations of the same series at different dates. Under the weakest method of the random 

walk, RW3, the increments or first differences of the level of the random walk are 

uncorrelated at all leads and lags. Therefore, we may test RW3 by testing the null 

hypothesis that the autocorrelation coefficients of the first-differences at various lags are 

all zero. 

This seemingly simple approach is the basis for a surprisingly large variety of tests 

of the random walk, and we shall develop these tests in this chapter. For example, tests of 

the random walk may be based on the autocorrelation coefficients themselves. More 

powerful tests may be constructed from the sum of squared autocorrelations. Linear 

combinations of the autocorrelations may also have certain advantages in detecting 

particular departures from the random walk. Therefore, we shall devote considerable 

attention to the properties of autocorrelation coefficients in the coming sections. 

3.2.3 Verification of random walk models 

After the random walk theory is well-known to investors, many economists have verified 

the random walk theory. The following are some of the more famous cases by MacKinlay 

(1997): 

a) There was a study that used the Standard & Poor's stocks for long-term research, and 

found that stocks rose or plummeted, rose four or five times, or fell 99%, the 

proportion was only a small number. Most stocks range from 10% to 30%. There is a 

phenomenon of normal distribution in statistics. That is, the greater the percentage of 

increase or decrease, the smaller the proportion. There is no single trend in stock 

prices. Buying stocks depends on whether you are lucky or not. You have equal 

opportunities to buy a rising stock or a falling stock. 

b) In another experiment, a US senator used darts to throw a financial newspaper and 

picked 20 stocks as a portfolio. As a result, this messy portfolio was similar to the 

overall performance of the stock market, and it was not inferior to experts. Portfolios 

we recommend even perform better than some experts suggest. 
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c) Some people have studied the performance of unit funds and found that this year's 

performance is good, and it may perform the worst next year. Some disappointing 

funds in the past may stand out this year and become the top of the increase. So 

nowhere to be found, buying funds also depends on your luck, investment skills are 

not practical, because the stock market has no memory, everyone just bets on 

probability. 

In addition to the above-mentioned more famous cases, there is also a personal 

case, which is quite interesting. Let me talk to you here. During the bull market in 2015 

in China, a financial channel once launched alpaca stock picking. The stock symbol was 

selected by alpaca grazing and positions were opened and lightened. As a result, the results 

of investment by the alpaca stock pool outperformed most analysts. Portfolio, which also 

justifies the random walk theory. 

We put aside the psychological factors of investors, and it is a joke to predict the 

current stock price through historical stock prices. If the probability of success is high, it 

can only show that this analysis forms a reasonable market, not how scientific this analysis 

is. 

The composition of the stock price is two parts, the actual value of the enterprise 

and the enterprise's expectations. If the stock price only reflects the actual value of the 

enterprise, it should be equal to the net worth. Looking at the stock market, there are very 

few situations where the stock price and net worth are the same, so the different part is the 

company's expectations. Here to explain the problem of breaking the net, which means 

that the market expects a loss, so the stock price will be lower than the net asset. Suppose 

that the actual value part is a fixed value at a certain stage, and the expectation is a variable. 

This variable is random and no trace is found. The fluctuation of the stock price is 

generated by the expectation. It cannot be concluded that the performance of the company 

at this stage will increase at the next stage, and the probability of increase and decrease is 

50%. This can return to the theory of coin tossing. 

In the long term, as the economy shows an overall upward trend, the prediction of 

stock prices will be relatively accurate. But in fact, this is also a problem of probability. 
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If the national economy goes into decline, the stock market will definitely go into decline. 

This variable is also random, but we make this analysis based on experience and national 

economic trends by MacKinlay (1997). 

Since investing is betting on the expected probability, if you believe in this theory, 

you don't need to invest, nor is it. Now that we know the variables of stock prices, we can 

analyse the variables, but not by historical stock prices, but by the real situation of the 

market to predict. This does not contradict the theory. The stock price reflects the 

recognition of the stock price in the real-time market. When the real market changes, the 

stock price will inevitably change, but this change is not known to us. The analysis we 

have made is Pre-judgment can only represent a probability, and our analysis of the 

message is to increase this probability. 

A theory, from generation to verification, has been observed and practiced for a 

long time, and this theory can be widely circulated because its principle is desirable. There 

is an old saying in China, it is better to have a book than a book without faith. Everyone 

must have their own cognition when learning this theory, so as to get what you want from 

the theory. Survival in the market, because many classic theories themselves are opposed 

in principle, seeking common ground while reserving differences is the way to grow. 

3.3  Martingale Models 

Perhaps the earliest model of financial asset prices was the martingale model, whose 

origin lies in the history of games of chance and the birth of prob ability theory. The 

prominent Italian mathematician Cardano proposed an elementary theory of gambling, in 

which he wrote:' The most fundamental principle of all in gambling is simply equal 

conditions, e.g., of opponents, of bystanders, of money, of situation, of the dice box, and 

of the die itself. To the extent to which you depart from that equality, if it is in your 

opponent's favour, you are a fool, and if in your own, you are unjust.  

This subchapter clearly contains the notion of a fairgame, a game which is neither 

in your favor nor your opponent's, and this is the essence of a martingale, a stochastic 

process {𝑃𝑡} which satisfies the following condition: 
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 𝐸(𝑃𝑡+1|𝑃𝑡, 𝑃𝑡−1, … ) = 𝑃𝑡, (3.18) 

or equivalently, 

𝐸(𝑃𝑡+1 − 𝑃𝑡|𝑃𝑡 , 𝑃𝑡−1, … ) = 0. (3.19) 

If 𝑃𝑡 represents one's cumulative winnings or wealth at date t from playing some 

game of chance each period, then a fair game is one for which the expected wealth next 

period is simply equal to this period's wealth (see equation (3.18)), conditioned on the 

history of the game. Alternatively, a game is fair if the expected incremental winnings at 

any stage is zero when conditioned on the history of the game (see equation (3.19)). 

If 𝑃𝑡 is taken to be an asset's price at date 𝑡, then the martingale hypothesis states 

that tomorrow's price is expected to be equal to today's price, given the asset's entire price 

history. Alternatively, the asset's expected price change is zero when conditioned on the 

asset's price history; hence its price is just as likely to rise as it is to fall. From a forecasting 

perspective, the martingale hypothesis implies that the "best" forecast of tomorrow's price 

is simply today's price, where "best" means minimal mean-squared error. 

Another aspect of the martingale hypothesis is that nonoverlapping price changes 

are uncorrelated at all leads and lags, which implies the ineffectiveness of all linear 

forecasting rules for future price changes based on historical prices alone. The fact that so 

sweeping an implication could come from as simple a model as (3.18) foreshadows the 

important role that the martingale will play in the modelling of asset price dynamics. 

In fact, the martingale was long considered to be a necessary condition asset 

market, one in which the information contained in past prices is instantly, fully, and 

perpetually reflected in the asset's current price. If the market is efficient, then it should 

not be possible to profit by trading on the information contained in the asset's price history; 

hence the conditional expectation of future price changes, conditional on the price history, 

cannot be either positive or negative (if shortsales are feasible) and therefore must be 0. 

This notion of efficiency has a wonderfully counterintuitive and seemingly contradictory 

flavor to it: The more efficient the market, the more random is the sequence of price 
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changes generated by the market, and the most efficient market of all is one in which price 

changes are completely random and unpredictable.  

However, one of the central tenets of modern financial economics is the necessity 

of some trade-off between risk and expected return,and, although the martingale 

hypothesis places a restriction on expected returns, it does not account for risk in any way. 

In detail, if an asset's expected price change is positive, it may be the reward necessary to 

attract investors to hold the asset and bear its associated risks. Therefore, despite the 

intuitive appeal that the fair-game interpretation might have, it has been shown that the 

martingale property is neither a necessary nor a sufficient condition for rationally 

determined asset prices. 

 In this thesis we will focus on verifying the properties of random walk models, 

because the martingale hypothesis is not in itself well testable. This is, for example, due 

to the need to define the relationship to risk. Table 3.1 shows the relationship between 

random walk and martingale models. 

Table 3.1 Classification of random walk and martingale hypotheses 

𝒄𝒐𝒗[𝒇(𝒓𝒕, 𝒈(𝒓𝒕+𝒌)] = 𝟎 𝒈(𝒓𝒕+𝒌), ∀𝒈(∙)𝑳𝒊𝒏𝒆𝒂𝒓 𝒈(𝒓𝒕+𝒌), ∀𝒈(∙) 

𝒇(𝒓𝒕) ,∀𝒈(∙)𝑳𝒊𝒏𝒆𝒂𝒓 Uncorrelated Increments, 

Random Walk 3: 

𝑝𝑟𝑜𝑗(𝑟𝑡+𝑘|𝑟𝑡) = 𝜇 

 

− 

𝒇(𝒓𝒕), ∀𝒈(∙) Martingale/Fair Game: 

𝐸(𝑟𝑡+𝑘|𝑟𝑡) = 𝜇 

Independent Increments, 

Random Walks 1 and 2: 

𝑝𝑑𝑓(𝑟𝑡+𝑘|𝑟𝑡)

= 𝑝𝑑𝑓(𝑟𝑡+𝑘) 

Source: Campbell, Lo, and MacKinlay (1997) 
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3.4 Methods for testing the information efficiency 

One of the earliest and most enduring questions in financial metrology is whether the 

prices of financial assets are predictable. Perhaps due to the obvious similarities between 

financial investment and luck-dependent games, the mathematical models of asset prices 

have a very rich history before all other aspects of economic analysis. The fact that many 

outstanding mathematicians and scientists use a lot of techniques to predict the price of 

financial securities proves the appeal and challenge of this problem. Indeed, modern 

financial economics is firmly rooted in early attempts to "beat the market", which is still 

attracting attention and is discussed in journal articles, conferences and cocktail parties. 

In this chapter, we will consider the problem of predicting future price fluctuations 

only by forecasting using past price fluctuations. Limiting forecasts based on past price 

fluctuations seems too strict to arouse people's interest, but after all, investors are always 

getting a lot of information. Nonetheless, this is simple because it can provide surprisingly 

rich insights into asset price behavior. Facts have proved that the two most important ideas 

in random theory and financial economics, namely mar and random walk, all come from 

this relatively elementary exercise. 

3.4.1 Test of random walk model I  

In this subchapter, we will briefly introduce the four tests which are test of sequences, 

autocorrelation test, BDS test and variance ratio test for RW1. 

a) Test of sequences and reversal 

This implies that for any pair of consecutive returns, a sequence and a reversal are equally 

probable; the Cowles-Jones ratio 𝐶𝐽̂ = 𝑁𝑠/𝑁𝑟 , should be approximately equal to one.  

𝑁𝑠 is the number of sequence and 𝑁𝑟 is the number of reversals. More formally, this 

ratio may be interpreted as a consistent estimator of the ratio 𝐶𝐽 of the probability 𝜋𝑠, of 

a sequence to the probability of a reversal 1 −  𝜋, since: 

         𝐶𝐽̂ =
𝑁𝑠

𝑁𝑟
=

𝑁𝑠/𝑛

𝑁𝑟/𝑛
=

𝜋𝑠̂

1−𝜋𝑠̂
→

𝜋𝑠

1−𝜋𝑠
= 𝐶𝐽 =

1/2

1/2
= 1. (3.20) 
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However, the assumption of a zero drift is critical in determining the value of CJ. 

In particular, CJ will exceed one for an IID random walk with drift, since a drift--either 

positive or negative--clearly makes sequences more likely than reversals. (Cowles and 

Jones, 1937). To see this, suppose that log prices follow a normal random walk with drift: 

             𝑝𝑡 = 𝜇 + 𝑝𝑡−1 + 𝜖𝑡, 𝜖𝑡~𝑁(0, 𝜎2).   (3.21) 

where 𝑝𝑡 = 𝑙𝑛𝑃𝑡. Then the indicator variable 𝐼𝑡 is no longer a fair coin-toss but is biased 

in the direction of the drift, i.e., 

      𝐼𝑡 = {
1 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑖𝑙𝑖𝑡𝑦 𝜋

            0     𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑖𝑙𝑖𝑡𝑦 1 − 𝜋
, (3.22) 

where 

                           𝜋 = 𝛿(
𝜇

𝜎
). (3.23) 

If the drift 𝜋 is positive then 𝜋 > 1/2, and if it is negative then 𝜋 < 1/2. Under 

this more general specification, the ratio of 𝜋, to 1 −  𝜋, is given by 

   𝐶𝐽 =
𝜋2+(1−𝜋)2

2𝜋(1−𝜋)
≥ 1. (3.24) 

As long as the drift is nonzero, it will always be the case that sequences are more likely 

than reversals, simply because a nonzero drift induces a trend in the process. It is only for 

the "fair-game" case of 𝜋 =  4 that 𝐶𝐽 achieves its lower bound of 1. 

Testing statistics 𝑡𝐶𝐽 has the form: 

 𝑡𝐶𝐽 =
𝑐𝑗̂−𝜋𝑆/(1−𝜋𝑆)

(𝑣𝑎𝑟𝐶𝑗̂)1/2 ~𝑁(0,1), (3.25) 

  𝑣𝑎𝑟𝐶𝑗̂ =
𝜋𝑆∙(1−𝜋𝑆)+2∙[𝜋3+(1−𝜋)3−𝜋𝑆

2]

𝑛∙(1−𝜋𝑆)4
, (3.26) 

where the probability of the sequence 𝜋𝑠 = 𝜋2 + (1 − 𝜋)2  and the probability of 

positive return 𝜋 = 𝛿(
𝜇

𝜎
). Then null hypothesis is rejected at 𝛼 significance level if: 

|𝑡𝐶𝑗| > 𝑍1−𝛼/2, where 𝑍1−𝛼/2 is the 1 − 𝛼/2 quantile of 𝑁(0,1) distribution. 

b) Autocorrelation test 
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According to any of the three versions of the random walk hypothesis, there are a number 

of returns. Uncorrelated and in the case of the RW1 model it is also stationary. As a result, 

the corresponding autocorrelation function for all delays has the following form: 

                 𝜌(𝑘) =
𝑐𝑜𝑣[𝑟𝑡,𝑟𝑡+𝑘]

𝑣𝑎𝑟(𝑟𝑡)
=

𝛾(𝑘)

𝛾(0)
= 0, (3.27) 

where the second and third equality are the result of stationarity in covariance 𝑟𝑡. Tests 

have been proposed in the literature to analyze the non-correlation condition required for 

all three types of random walk models. The test statistics of these tests are based on an 

estimate according to equation (3.27) such that for a sample of size 𝑛: 

   𝜌̂(𝑘) =
𝛾̂(𝑘)

𝛾̂(0)′
 (3.28) 

  𝛾(𝑘) =
1

𝑛
∑ (𝑟𝑡 − 𝑟̅)(𝑟𝑡+𝑘 − 𝑟̅), 0 ≤ 𝑘 < 𝑛.𝑛−𝑘

𝑡=1  (3.29) 

Anderson  (1942) shows that the distribution of 𝜌 (𝑘) = 0  is approximately 

normal. Several path-correlation tests can be found in the literature. These are the Bartlet 

test (Bartlet, 1946), the Box and Tenkins defined test (Box and Jenkins, 1970) or the Box 

– Pierce test (Box and Pierce, 1970). 

Ljung and Box (1978) defined the 𝑄  statistic as an alternative to different 

autocorrelation hypotheses with different time delays. This test eliminates the 

shortcomings of the above autocorrelation tests. The tested hypotheses have the form: 

            {
𝐻0: 𝜌(1) = 𝜌(2) = ⋯ = 𝜌(𝑘) = 0
𝐻1: 𝐴𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝜌(𝑗) ≠ 0, 𝑗 ≤ 𝑘

. (3.30) 

Ljung and Box (1978) proposed to test hypotheses (3.30) based on the correction 

of the test statistics of the Box – Pierce test for final selections. The Ljung-Box 𝑄  

statistic is a linear combination of autocorrelation squares, each of which has the same 

weight and is defined as: 

 𝑄(𝑘) = 𝑛(𝑛 + 2) ∑
𝜌2̂(𝑗)

𝑛−𝑗

𝑘
𝑗=1 . (3.31) 
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which follows 𝜒² (𝑘) by distribution. This test is much stronger than, for example, the 

Box – Pierce autocorrelation test. 

c) BDS test 

This series of views runs independent BDS tests as described in Brock et al. (1996). BDS 

testing is a set of time-based dependency tests. It can be used to test various possible 

deviations of independence, including linearity, nonlinearity or chaos. 

We can apply this test to a set of estimated residuals to see if the residuals are 

independent and identical in distribution (𝐼𝐼𝐷). For example, we can test the residuals in 

the ARMA model to see if the series has nonlinear dependence after fitting a linear ARMA 

model. 

The idea behind the test is very simple. To run the test, first select the distance. 

Next, consider two points. For any pair of points, if the observations in the series are 

indeed, the probability that the distance between these points is less than or equal to 

epsilon is constant. We can also consider a pair of points. One way to select a set of pairs 

is to cycle through continuous observations of the sample. In other words, given 

observations 𝑡 and Series 𝑋 observations, we can create a set of pairs of the form: 

       {{𝑥𝛿 , 𝑥𝜄}, {𝑥𝛿+1, 𝑥𝜄+1}, {𝑥𝛿+2, 𝑥𝜄+2} ⋯ {𝑥𝛿+𝑚−1, 𝑥𝜄+𝑚−1}, (3.32) 

where 𝑚 is the number of consecutive points used in the set or embedding dimensions. 

It represents the simultaneous probability of all point pairs in the set that satisfy the 𝑐𝑚(𝜖) 

condition. 

The BDS test continues under the assumption of independence and indicates that 

the probability is the product of the probabilities of each pair of individuals. That is, if the 

observations are independent, 

 𝑐𝑚(𝜖) = 𝑐1
𝑚(𝜖). (3.33) 

When processing sample data, or when not directly observing. It can only be 

estimated based on samples. As a result, we cannot expect this relationship to be properly 

maintained, but we will only get an error. The larger the error, the smaller the error caused 
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by random sample changes. The BDS test provides a formal basis for determining the size 

of this error. 

To estimate the probability of a particular dimension, look at all possible sets of 

that length that can be extracted from the sample and count the number of sets that meet 

the criteria. The ratio of the number of sets that meet the criteria divided by the total 

number of sets provides an estimate of the probability. Given a sample of 𝛾  series 

observations, this condition can be expressed in mathematical notation, and the 𝑛  

observation is to write the correlation integral for 𝑚 dimensions: 

 𝑐𝑚,𝑛(𝜖) =
2

(𝑛−𝑚+1)(𝑛−𝑚)
 ∑ ∑ ∏ 𝐼𝜖(𝛾𝜋+𝑗 , 𝛾𝜄+𝑗)𝑚−1

𝑗=0
𝑛−𝑚+1
𝜄=𝜋+1

𝑛−𝑚+1
𝜋=1 . (3.34) 

where 𝐼𝜖 is the indicator: 

𝐼𝜖(𝑥, 𝑦) = {
1 𝑖𝑓|𝑥 − 𝑦| ≤ 𝜖

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.
 (3.35) 

Note that the statistics 𝑐𝑚,𝑛 are often referred to as correlation integrals. 

Brock et al. (1996) defined testing statistics: 

𝑊𝑚,𝑛(𝜖) =
√𝑛−𝑚+1 [𝐶𝑚,𝑛(𝜀)−(𝐶1,𝑛−𝑚+1(𝜀))

𝑚
]

𝜎̂𝑚,𝑛(𝜀)
~𝑁(0,1), 

(3.36) 

where 𝜎̂𝑚,𝑛(𝜀)  is an estimation of asymptotic standard deviation 𝐶𝑚,𝑛(𝜀) −

(𝐶1,𝑛−𝑚+1(𝜀))
𝑚

. 

d) Variance ratio test 

Under conditions (3.15), the null hypothesis of RW1 is  

𝐻0: 𝑟𝑡 = 𝜇 + 𝜖𝑡, 𝜖𝑡~𝐼𝐼𝐷(0, 𝜎2). (3.37) 

The normality assumption is considered for convenience, the Lo's and 

MacKinley's (1988) results apply more generally to process with IID increments with 

finite forth moments. 
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Assume stationary time series of 2𝑛 +  1  log prices 𝑝0, 𝑝1, … , 𝑝2𝑛 . The 

estimators of 𝜎2 have forms: 

         ĉ =
1

2𝑛
 ∑ (𝑝𝑘 − 𝑝𝑘−1) =

1

2𝑛
(𝑝2𝑛 − 𝑝0),2𝑛

𝑘=1  (3.38) 

  σ𝑎
2̂ =

1

2𝑛
 ∑ (𝑝𝑘 − 𝑝𝑘−1 − 𝑐̂)22𝑛

𝑘=1 , 

              σ𝑏
2̂ =

1

2𝑛
 ∑ (𝑝2𝑘 − 𝑝2𝑘−2 − 2𝑐̂)2𝑛

𝑘=1 . 

(3.39) 

(3.40) 

Estimators (3.38) and (3.39) are maximum-likelihood estimators of 𝑐 and 𝜎2. 

Estimator (3.40) exploits the random walk property, i.e. the fact that the mean and variance 

of increments are linear in the increment interval. The above mentioned estimators are 

consistent and 

                 √2𝑛(σ𝑎
2̂ − 𝜎2)~𝑎𝑁(0,2𝜎4), 

                  √2𝑛(σ𝑏
2̂ − 𝜎2)~𝑎𝑁(0,4𝜎4), 

(3.41) 

(3.42) 

where "~𝑎" means asymptotic distribution. Lo and MacKinley (1988) proved that 

                   √2𝑛(VR̂(2) − 1)~𝑎𝑁(0,2), (3.43) 

where 

                           VR̂(2) =
σ𝑏

2̂

σ𝑎
2̂
 (3.44) 

is the two-period variance ratio statistic. The null hypothesis can be tested by the 

standardized statistic √2𝑛(VR̂(2) − 1)/√2 which has asymptotically standard normal 

distribution. It means that if the value of standardized statistic lies outside interval 

[−1.96, 1.96], RW1 can be rejected at the 5% significance level. 

Lo and Mackinlay (1988) proposed a normalisation of (3.44) in this form: 

      𝜓(𝑘) = √𝑛 𝑘(𝑉𝑅̂(𝑘) − 1) (
2 (2𝑘−1) (𝑘−1)

3∙𝑘
)

−
1

2
~𝑁(0,1). 

  (3.45) 
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The null hypothesis is rejected at 𝛼 significance level if |𝜓(𝑘)| > 𝑍1−𝛼/2, where 

𝑍1−𝛼/2 is the 1 − 𝛼/2 quantile of 𝑁(0,1) distribution. 

Lo and Mackinlay (1988) derived such sampling distributions. We develop some 

intuition for the population values of the variance ratio statistic under various scenarios. 

Consider again the ratio of the variance of a two-period continuously compounded return 

𝑟𝑡(2)  =  𝑟𝑡  + 𝑟𝑡−1 to twice the variance of a one-period return 𝑟𝑡, and for the moment 

let us assume nothing about the time series of returns other than stationarity. Then this 

variance ratio, which we write as 𝑉𝑅(2), reduces to: 

                𝑉𝑅(2) = 1 + 2𝜌(1), (3.46) 

where 𝜌(1)  is the first-order autocorrelation coefficient of returns {𝑟𝑡} . For any 

stationary time series, the population value of the variance ratio statistic 𝑉𝑅(2) is simply 

one plus the first-order autocorrelation coefficient. In particular, under RW1 all the 

autocorrelations are zero, hence 𝑉𝑅(2) = 1 in this case, as expected. 

In the presence of positive first-order autocorrelation, 𝑉𝑅(2) will exceed one. If 

returns are positively autocorrelated, the variance of the sum of twoone-period returns will 

be larger than the sum of the one-period return's variances; hence variances will grow 

faster than linearly. Alternatively, in the presence of negative first-order autocorrelation, 

the variance of the sum of two one-period returns will be smaller than the sum of the one-

period return's variances; hence variances will grow slower than linearly. 

For comparisons beyond one- and two-period returns, higher-order 

autocorrelations come into play. In particular, a similar calculation shows that the general 

𝑞-period variance ratio statistic 𝑉𝑅(𝑞) satisfies the relation: 

             𝑉𝑅(𝑞) = 1 + 2 ∑ (1 −
𝑘

𝑞
) 𝜌(𝑘),𝑞−1

𝑘=1  (3.47) 

where 𝑟𝑡(𝑘)  =  𝑟𝑡 + 𝑟𝑡−1 +. . . +𝑟𝑡−𝑘+1  and 𝜌(𝑘)  is the kth order autocorrelation 

coefficient of {𝑟𝑡}. This shows that 𝑉𝑅(𝑞) is a particular linear combination of the first 

𝑘 − 1 autocorrelation coefficients of {𝑟𝑡}, with linearly declining weights. 
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Under RW1, (3.42) shows that for all 𝑞, 𝑉𝑅(𝑞) = 1 since in this case 𝜌(𝑘) = 0 

for all 𝑘 > 1. Moreover, even under RW2 and RW3, 𝑉𝑅(𝑞) must still equal one as long 

as the variances of 𝑟𝑡, are finite and the "average variance" ∑ 𝑉𝑎𝑟[𝑟𝑡]/𝑇𝑇
𝑡=1 , converges 

to a finite positive number. But (3.47) is even more informative for alternatives to the 

random walk because it relates the behavior of 𝑉𝑅(𝑞) to the autocorrelation coefficients 

of {𝑟𝑡}  under such alternatives. For example, under an 𝐴𝑅(1)  alternative, 𝑟𝑡 =

 ∅𝑟𝑡−1  +  𝜖𝑡, (3.42) implies that 

   𝑉𝑅(𝑞) = 1 + 2 ∑ (1 −
𝑘

𝑞
)∅𝑘𝑞−1

𝑘=1 = 1 +
2

1−∅
[∅ −

∅𝑞

𝑞
−

∅−∅𝑞

𝑞(1−∅)
].   (3.48) 

Relations such as this are critical for constructing alternative hypotheses for which 

the variance ratio test has high and low power. 

3.4.2 Test of random walk model II  

In this subchapter, we will describe the two tests which are filter rules and technical 

Analysis for RW2. 

a) Filter Rules 

To test RW2, Alexander (1964) applied a filtering rule that buys assets when the asset 

price rises 𝑥% and sells (short-term) assets when the price drops 𝑥%. Such rules are 

called 𝑥% filter, proposed by Alexander (1961), and the reason is as follows: suppose 

you temporarily assume that there are stock market price trends, but think that they are 

hidden by market fluctuations. It can exclude all movements smaller than the specified 

size and check the remaining movements. The total return of this dynamic portfolio 

strategy is considered a measure of the predictability of asset returns. By comparing total 

returns with the returns of Dow Jones and Standard & Poor’s industry average buy-and-

hold strategies, Alexander concluded: "There is a trend in stock market prices." 

Fama (1965) and Fama and Blume (1966) conducted a more detailed empirical 

analysis of filter rules, revised dividends and transaction costs, and concluded that such 

rules are not as effective as buy and hold strategies. In the absence of transaction costs, 
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small filters (1% for Alexander (1964) and 0.5% to 1.5% for Fama and Blume (1966)) 

give good returns, but small filters are quite reasonable. 

b) Technical Analysis 

As a measure of predictability, filtering rules have practical advantages. This is a specific 

and easy-to-implement trading strategy. The indicator of its success is total return. Filter 

rules are just examples of a large class of trading rules derived from technical analysis or 

charts. Technical analysis is an investment management method based on the belief that 

historical price series, trading volume and other market statistics show regularity-usually 

(but not always) double bottoms, head and shoulders, etc. The form of geometric patterns 

and support and resistance levels can be used to estimate future price fluctuations (for 

example, Murphy (1986)). Technical analysis is a science that records the actual trading 

history of a particular stock or "average" (price fluctuation, trading volume, etc.), usually 

in a graphical format. Then, from the drawn history, we infer possible future trends. 

Historically, technical analysis has always been a "failure" in academic finance. 

Many scholars believe that this is a pursuit between astrology and voodoo, and technical 

analysis has never been as widely accepted as basic analysis. Although the distinction 

between technical analysis and fundamental analysis is becoming blurred, this situation 

continues to this day. 

Perhaps some of the prejudice against technical analysis may be due to semantics. 

Fundamental analysis is a natural bridge to academic literature because it is based on 

quantities familiar to most financial economists (such as income, dividends, other balance 

sheet and income statement items). In contrast, the vocabulary of technical analysts is 

completely unfamiliar to scholars, but often mysterious to the general public. For example, 

consider the following problems that may be found in recent academic journals: the first 

12 autocorrelation amplitudes and attenuation patterns and the statistical significance of 

the Box-Pierce Q statistics have been restocked. 
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Compare this to the following statement. Clearly determined support and 

resistance levels and the one-third retracement parameters when the price is between the 

two indicate that there are strong trading opportunities. 

These two statements have the same meaning. Past prices can be used to predict 

future prices in the short term. However, because these two sentences contain many 

technical terms, the type of response they cause is highly dependent on the individual 

reading them. 

Although the technical terminology is different, recent empirical evidence 

suggests that technical analysis and more traditional financial analysis may have a lot in 

common. The study of Treynor and Ferguson (1985) show that financial scientists are 

increasingly interested in technical analysis, which may lead to more active research fields 

in the near future. 

3.4.3 Test of random walk model III 

In this subchapter, we will only introduce only one way of test for RW3 which is variance 

ratio test. 

a) Variance ratio test 

Lo and Mackinlay (1988) formulated an alternative version of the variance ration test, 

which allows the random walk hypothesis that admit posiible heteroscedasticity in the 

returns. The RW3 can be tested using testing statitic that is based on (3.45): 

                 𝜓(𝑘) =
√𝑛∙𝑘∙(𝑉𝑅̂(𝑘)−1)

√𝜃̂(𝑘)

~𝑁(0,1), 
(3.49) 

where 

                    𝜃(𝑘) = 4 ∙ ∑ (1 −
𝑖

𝑘
)2 ∙ 𝛿𝑖

𝑘−1
𝑖=1 , (3.50) 

           𝛿𝑖 =
𝑛∙𝑘∙∑ (𝑝𝑗−𝑝𝑗−1−𝜇̂)2∙(𝑝𝑗−𝑖−𝑝𝑗−𝑖−1−𝜇̂)2𝑛∙𝑘

𝑗=𝑖+1

[∑ (𝑝𝑗−𝑝𝑗−1−𝜇̂)
2𝑛∙𝑘

𝑗=𝑖+1 ]2
. (3.51) 
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3.5 Summary 

In this chapter, we described the models of efficient market in detail. In particular, our 

attention was focus on the random walk and martingale models considering their statistical 

properties. Next, the procedures for detecting the selected type of random walk process 

were described. Specially, the test of sequences and reversals, autocorrelation test, BDS 

test and variance ratio tests were introduced. We will use such methods to analyse the data 

we selected in chapter 5. The test of sequences and reversals, Ljung-Box test and variance 

ratio test in its homoscedastic version are proper linear tests that can be applied when 

investigating the random walk model I, while the BDS test is considered very powerful 

nonlinear test. For the random walk model II, the technical analysis and filter rules can be 

applied. Heteroscedastic version of the variance ratio test can be utilized for detecting the 

random walk model III. 
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4 Data sample analysis 

In the whole thesis, we will find out whether there is predictability between China markets 

and Japan market. We choose two indexes of Chinese markets: The SSE 50 which is the 

stock index of Shanghai Stock Exchange, including the top 50 companies by "float-

adjusted" capitalization and other criteria; HSI index which is calculated from the market 

value of 52 constituent stocks.  

Nikkei 225 which is a stock market index for the Tokyo Stock Exchange. In the 

first sub-chapter, we will learn the characteristics of the selected stock market. Secondly, 

we will learn the stock indexes in detail. At last, we will compute the descriptive statistics 

of stock indexes. We will compare two Chinese stock indexes with the Japanese stock 

index which is the most standard in the Asia. 

4.1 Characteristics of stock markets 

For testing the predictability hypothesis between stock markets, we have chosen three 

stock markets from Asia: Shanghai stock market which is from China mainland; Hong 

Kong stock market which is also from China; Tokyo stock market which belongs to Japan. 

There are also other reasons to choose such markets. China is a developing country, and 

the stock market is still not consummate. But Japan is one of the most powerful countries 

in Asia. There has fairly good economic environment and financial markets. 

4.1.1 Chinese mainland stock market 

Form the Ft Chinese news, the China stock market is an emerging market with an investor 

structure dominated by retail investors, and short-term trading is the mainstay. The market 

trading is quite active. The biggest feature of China’s stock market is that state-owned 

shares and legal person shares are promised not to be circulated when they are listed. 

Therefore, only tradable shares are traded in the market according to the stock price. It 

was restored during the transition from a planned economy to a market economy. The 

deep government intervention during its establishment and initial development made the 

stock market clearly different from other countries. 
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a) Trading rules 

T+1 delivery: Both parties to the transaction complete the transaction-related securities 

and payment receipts and payments on the next day of the transaction, that is, the buyer 

receives the securities and the seller receives the payment. Shanghai stock exchanges both 

implement T+1 settlement for A shares. 

Limits on fluctuations: In order to curb excessive speculation and prevent excessive 

surges and falls in the market, the stock exchange stipulates the range of fluctuations in 

the trading price of the securities of the day on the basis of the closing price of the previous 

trading day. Today, the Shanghai and Shenzhen Stock Exchanges impose a 10% price 

limit. (ST shares and S shares that have not completed the share reform are limited to 5%.) 

b) The peculiarities of China's stock market 

The Chinese stock market was formed during the transition period from the planned 

economy financial system to the market economy financial system. It was born when the 

financial situation of finance, banks and state-owned enterprises became increasingly 

difficult. The function of the Chinese stock market was set up for the special needs of 

economic transformation. The reform of the economic system has caused major changes 

in the national income distribution pattern. The central government's funds are relatively 

small, and the funds at the disposal of enterprises and individuals have relatively increased, 

forming a large amount of social precipitation funds. Therefore, the country began to 

experiment with innovation in the investment and financing system. On the one hand, it 

raises national construction funds from the society through the issuance of various bonds; 

on the other hand, it encourages and supports the pilot joint-stock system. Therefore, using 

the raising function of the securities market to raise funds for economic construction is 

the foothold that the securities market can generate in China. As China's securities market 

is under the pressure of state-owned enterprises to finance, it can only be an institutional 

arrangement of the financing market, while the securities market of a mature market 

economy country is an institutional arrangement of the investment market. Existing 
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research has shown that the initial institutional arrangements of the financing market have 

brought many inherent defects to the Chinese securities market. 

c) Insufficient functions of the Chinese stock market 

The Chinese stock market did not undergo a natural process of gestation like the Western 

developed countries, but was largely catalysed and promoted by the government. 

Therefore, a certain degree of functional dislocation and alienation occurred. 

The stock market has been given the historical responsibility of raising 

construction funds, invigorating state-owned enterprises, and smoothly switching from a 

planned economy to a market economy by the government, which determines that the 

functional positioning of my country's stock market must focus on raising large amounts 

of funds and supporting the reform of state-owned enterprises in a certain period of time. 

However, the basic financing function of the stock market is still weak. Due to the 

implementation of listing quota management and the asymmetry of market information, 

large-scale enterprises have difficulties in issuing, non-state-owned enterprises are 

difficult to obtain issuance quota, and many outstanding enterprises cannot go public to 

raise funds. What can be seen is that the financing and resource allocation functions of the 

stock market have been extremely weakened. 

In addition, the function of institutional innovation is also weak. Due to the 

absence of state-owned enterprise owners and insider control, the establishment of a 

modern enterprise system by listed companies is imperfect, and the transformation of 

operating mechanisms is not complete; as state shares cannot be circulated, state shares 

cannot enjoy the benefits of securities appreciation, and there are many speculative 

acquisitions in the secondary market Regarding operational acquisitions, state-owned 

enterprises determined by government actions have not been successful after 

reorganization, which has affected the maintenance and appreciation of state-owned assets, 

and so on. 

Information asymmetry in the Chinese stock market is widespread. Due to the 

short development time of my country's stock market and the low degree of market 
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regulation, the problem of asymmetric information is more serious. Listed companies have 

an information advantage, while regulators are at an information disadvantage. Due to the 

particularity of China’s listing selection mechanism and the fundamental defects of the 

corporate principal-agent mechanism in which the personality of state-owned capital 

owners absented, the adverse selection risk of information asymmetry in the listing 

process is exacerbated, and the cost of fraud is far less than the revenue of fraud. The 

information disclosure of listed companies is false, forming a source of false information. 

In the process of information transmission and processing, due to the internal control of 

state-owned enterprises and the dominant shareholding structure of state-owned equity, 

the lack of supervision of shareholders of state-owned listed companies and the inability 

to protect shareholders’ interests have caused small and medium shareholders to "free 

ride" in the process of collecting information. "In the process of information transmission 

and price discovery, problems such as "herding phenomenon", strong speculation, vicious 

speculation using inside information, market manipulation, and the formation of bubbles 

have appeared. 

4.1.2 Hong Kong stock market 

The status of the Hong Kong stock market as the international financial core of Hong 

Kong depends on its extremely active stock market. In Hong Kong, investors can buy and 

sell financial products on exchanges, including securities market (also known as spot 

market) products and derivatives market products. Among them, the securities market 

includes the Main Board and the Growth Enterprise Market. The Main Board accepts 

companies that meet certain profit and financial standards and have a certain scale; the 

Growth Enterprise Market provides a financing and trading platform for companies with 

growth potential, and there is no requirement for past performance records. Financial 

products in the main board market are divided into: stocks, warrants, bonds, unit trusts 

and mutual funds, CBBCs and linked notes. The only financial products in the ChiNext 

market are stocks and warrants. 

a) Trading rules 
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Trading Hours: The trading hours of the Hong Kong Stock Exchange are divided into 

two periods: morning and noon. The morning time is from 10:00 am to 12:30 noon, 

and the lunch time is from 2:30 pm to 4:00 in the currency year. whole. There is no 

afternoon trading on Christmas Eve, New Year’s Eve or Lunar New Year’s Eve. 

Price: Every security traded on an exchange is traded at a designated "price" 

(minimum price change unit), which represents the smallest range that the price can 

increase or decrease, and is related to the price range of the security. At present, the 

exchange's price list stipulates the price range of stocks from the price range of 0.01 

to 0.25 Hong Kong dollars (the price is 0.001 Hong Kong dollars) to the price range 

of 1,000 to 9995 Hong Kong dollars (the price is 2.50 Hong Kong dollars). When the 

price of a stock rises or falls to another price range, its price will also change. The 

complete minimum price change unit comparison is shown in Table 1.10 below. This 

is different from the rules of the mainland market. The mainland market does not 

distinguish between high and low stock prices, and the minimum price change unit is 

RMB 0.01. 

Minimum trading unit: Unlike the minimum trading unit in the mainland market 

which is 100 shares, in Hong Kong, the trading unit of each listed security is 

determined by each listed company and issuer, so it is different. Some stocks require 

a lot size of 500 shares, and some stocks require a lot size of 2,000 shares. 

Opening quotation: The exchange stipulates that the "opening quotation" should 

be carried out in accordance with procedures to ensure the continuity of prices 

between two adjacent trading days and prevent drastic market fluctuations when the 

market opens. The first input on each trading day. The buying or selling orders of the 

trading system are regulated by the opening quotation rules. The price of the first 

order cannot exceed 4 price points above and below the closing price of the previous 

day. 

Trading and settlement: The Hong Kong stock exchange adopts the T+0 system 

for stock trading, that is, the stock can be sold on the same day that the stock is bought. 

The settlement and delivery of eligible securities traded on the Main Board and 
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Growth Enterprise Market of the Hong Kong Stock Exchange is the responsibility of 

the Hong Kong Clearing House. The Hong Kong market adopts the T+2 days 

settlement system, that is, the trading day plus two trading days for settlement. 

Exchange participants (i.e. securities firms) matching or reporting transactions 

through the automatic order matching system must be on each trading day (T 

Settlement will be completed with the Central Clearing System before 3:45 pm on the 

second trading day after the following day. In addition, the Hong Kong Stock 

Exchange has other trading rules that are different from those of the mainland 

exchanges. For example, the Hong Kong Stock Exchange does not have price limit 

restrictions but the mainland market has them. The Hong Kong market allows short-

selling transactions but the mainland market does not. 

b) The industry structure of listed companies is still relatively single, and the market 

value is highly concentrated 

Although the Stock Exchange introduced domestic state-owned enterprises to go public 

in 1993, it has greatly improved the market structure of the tertiary industry in the Hong 

Kong stock market listed companies in the past, but in general, the industry structure of 

Hong Kong listed companies is unbalanced and the market value is too concentrated.  

The phenomenon of minority stock companies is still relatively serious. The 

industry distribution of Hong Kong listed companies, especially the 33 constituent stocks, 

is basically concentrated in real estate, banking and the information industry represented 

by China Telecom, while the market value is highly concentrated in the 33 constituent 

stocks of the Hang Seng Index. Especially in the top 7 stocks by market capitalization. 

For example, in 2001, the total market value of seven listed companies, including HSBC 

Holdings, China Mobile, Hutchison Whampoa, Hang Seng Bank, Cheung Kong Holdings, 

Sun Hung Kai Properties, and China Unicom, accounted for 59.06% of the total market 

value of the entire listed company market. Historically, the market value of the four stocks 

of China Mobile, HSBC, Hutchison Whampoa, and Cheung Kong have accounted for 

about 60% of the total market value of Hong Kong. This structure of the Hong Kong stock 

market makes the Hong Kong stock market lack of strong support and is prone to stock 



 

56 

market crashes under external influence. This is because the real estate industry is the 

industry that has caused the most serious bubble economy in Hong Kong, and it is an 

industry that is undergoing adjustment. Although the banking industry has developed 

relatively steadily, it is greatly affected by the overall economic environment. 

c) Increased market volatility, frequent ups and downs 

As far as the quality of the entire market is concerned, the Hong Kong stock market 

undoubtedly has a higher investment value with its average price-earnings ratio of about 

10 times. However, the speculative nature of the Hong Kong stock market is also 

incomparable to other international stock markets. A Japanese scholar once called the 

Hong Kong stock market "the largest financial casino in Asia." It is precisely because of 

this high degree of speculation that the Hong Kong stock market fluctuates sharply, and 

the gap between high and low points within a year is often more than several times. For 

example, in 1973, the Hang Seng Index had a maximum of 1774.9 points and a minimum 

of 400.01 points, a difference of more than 4 times. In recent years, the Hong Kong stock 

market has fluctuated frequently and gradually increased. Looking at the trend of the Hong 

Kong stock market over the past four years, the most obvious feature is the abnormal 

volatility, with great ups and downs. In addition, the Hong Kong stock market is too 

sensitive to the trend of the U.S. stock market, leading to a lack of independence in many 

cases. The U.S. stock market is the world's largest and most powerful market. The trend 

of U.S. stocks is definitely an important and even dominant force in the trend of stock 

markets around the world. With the Hong Kong dollar pegged to the U.S. dollar, Hong 

Kong stocks have basically been regarded as a dollar asset zone. Therefore, it is normal 

for Hong Kong stocks to be affected and affected by it. But the problem is that the Hong 

Kong stock market has almost become the "satellite" of Wall Street, which is obviously 

abnormal. Judging from the shocks of stock markets around the world caused by the recent 

fluctuations in U.S. stocks, on January 4, 2000, the Dow Jones Index fell, causing global 

stock markets to fall. However, the Hong Kong stock market fell the most, with a decline 

of 11% for two consecutive days. It greatly exceeds the decline in the stock markets of 
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international financial centres such as Tokyo and London, and even far exceeds the 

decline in Singapore, Seoul, Bangkok, Manila, Jakarta, and Sydney. 

d) The degree of openness is higher, and the proportion of overseas investors has 

increased 

In recent years, the Hong Kong securities market has become more attractive to foreign 

investors. The Hong Kong Stock Exchange’s research report shows that as of September 

2006, the proportion of overseas investors whose main investment group is institutional 

investors has reached the past ten years. The highest level since 2005, during the one-year 

period from October 2005 to September 2006, the proportion of foreign investors' 

transactions reached 42%. In short, among the different investor categories, overseas 

institutional investors have the largest proportion of transactions. 

4.1.3 Japanese stock market 

According to Reuters authority, in the Japanese stock market, new share issuance can be 

divided into two types according to the purpose of issuance, one is issuance to raise funds 

(ordinary new share issuance), and the other is issuance for other purposes (special new 

share issuance).  

a) Trading rules 

T+3: Both parties to the transaction complete the transaction-related securities and 

payment receipts and payments on the fourth day of the transaction, that is, the buyer 

receives the securities and the seller receives the payment. 

The trading methods on the exchange can be divided into three types according to 

the delivery date. The first is ordinary transactions, accounting for 99% of the total 

transaction volume, and is divided into two forms: spot transactions and credit transactions; 

the second is settlement transactions on a specified date, but the longest cannot exceed 15 

days; the third is the issue date Settlement transactions, that is, actual delivery after the 

issuance of new stocks, are generally adopted when the company allocates shares to 

original shareholders or implements stock splits. The store market is mainly used for the 
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trading of newly issued stocks and stocks that do not meet the listing conditions of the 

exchange. Since the three major stock exchanges opened the second part of the market, 

the development of transactions in the store market was slow. All traders in the company 

are not allowed to open or exit positions by placing large orders to create momentum, 

otherwise they will be punished by stopping trading; they are also not allowed to place 

meaningless orders. The orders placed must be at the price you want to trade. Scan as 

many orders as possible. 

Up-limit and down-limit: Each stock has a daily price change range. When the 

order price exceeds this range, the order will be rejected. For example, if the closing price 

of a stock was 500 the previous day, the allowable trading price fluctuation range for that 

day is 400-600. When the stock price rises to 600, the stock has a daily limit, and when it 

drops to 400, it is a limit. It is understood (I haven't personally experienced it) that 

shipments and positions cannot be closed during the daily and low limit. If the goods are 

not stopped before the market closes, they can only be counted as overnight, and the goods 

will be sold after the market opens the next day. Generally, the probability of occurrence 

is small. 

b) Method of issuing shares 

According to whether the stock issuance is required to pay the share capital, the issuance 

of new shares (capital increase) can be divided into two categories: paid issuance (paid 

capital increase) and free issuance (free capital increase). In the past, there was also a 

mixed issuance for compensation, but at the end of 1973, due to the invalidation of 

relevant legal provisions, this method could no longer be used. 

⚫ Paid increase in capital:  

a) The paid capital increase refers to the stock issuance methods in which the subscribers 

of new stocks receive payment, which are divided into the following categories: 

b) Allocate new shares to original shareholders. That is, the right to subscribe for new 

shares is only allocated to the original shareholders, the issue price of the new shares 
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is the face value, and the difference between the market price and the face value is 

obtained by the shareholders as a profit. 

c) Third party allotment. That is, the new stock options are handed over to a third party 

that has a specific relationship with the company, such as the company's customer or 

the related bank. This approach is conducive to strengthening the relationship with 

specific customers 

d) Public offering. That is, extensively solicit capital from the society, generally using 

the current stock price in the circulation market as the issue price, so it is also called 

current issue, but the actual issue price is usually lower than the current price. 

e) Mid-price issue. That is to say, the distribution of new shares to the original 

shareholders is based on the median value of the current price and the face value of 

the new shares. The difference between current price and face value is shared by the 

company and shareholders. This method is rarely used in Japan. 

⚫ Free capital increase 

a) Refers to when the company’s internal retention or profits are incorporated into 

capital, corresponding new shares must be issued and distributed to shareholders. 

According to the different sources of capital included in the capital, it can be divided 

into the following two forms: 

b) Free delivery. This method of capital increase is used when capital reserves or profit 

reserves are included in capital. 

c) Share dividends. That is, the dividend is not paid in cash, but the dividend is first 

incorporated into the capital, and then the corresponding shares are issued and 

delivered to the shareholders as dividends. Share dividends must be made within the 

range of possible profits. 

d) In the past, Japan has always paid for capital increase through the denomination 

issuance method of allotment to original shareholders. However, after 1969, this type 

of issuance has decreased, while public offerings have gradually increased. Although 
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there have been repeated changes since then, by the 1980s, public offerings accounted 

for 70-80% of corporate stock financing. It can be seen that public offerings have 

become the main method of corporate financing. 

In the Table 4.1, we classify the different trading hours of three markets. 

Table 4.1 Trading hours among two markets 

Market Local trading hours (Mon-Fri) 

Shang Hai 9:30-11:30 and 13:00-15:00 

Hong Kong 9:30-12:00 and 13:00-16:00 

Japan 09:00-11:30 and 12:30-15:00 

Source: by author 

4.2 Description of stock indexes 

Having briefly learnt the fundamental knowledge of these three stock markets, for the aim 

of this thesis, we will select the main index from each market as analysed purpose. The 

stock index is to measure the performance of a plenty of securities in order to represent a 

market. In case of this, in this subchapter, we will choose three representative indexes 

from China and Tokyo. They are SSE 50, HSI and Nikkei 225. And about the time periods, 

we select basic testing period from the beginning of 2010 to the end of 2020. Since this 

period is after the 2008 financial crisis, the overall economy is recovering and developing 

steadily. The data source is from: https://finance.yahoo.com/. 

4.2.1 Mainland of China stock index SSE 50 

The SSE 50 Index is a stock index of constituent stocks compiled and published by the 

Shanghai Stock Exchange. It is officially defined as a sample index of the overall situation 

of a group of leading companies with the most market influence. Based on the principle 

of combining sample stability and dynamic tracking, the SSE 50 Index adjusts its 

constituent stocks every six months, and the adjustment time is consistent with the SSE 

180 Index. In special circumstances, the sample may also be temporarily adjusted. The 

proportion of each adjustment is generally not more than 10%. Sample adjustments set up 

https://finance.yahoo.com/
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a buffer zone. New samples ranked before 40 are given priority to enter, and old samples 

ranked before 60 are given priority to retain. The benchmark date of the index is December 

31, 2003, with a benchmark number of 1,000 points and 50 constituent stocks. Based on 

the closing price on September 27, 2019, the tradable market value of the SSE 50 Index 

constituent stocks is approximately RMB 14.35 trillion. 

In Figure 4.1, We can see that the overall index is showing an upward trend. On 

the March 20 of 2014, the line of prices came to its lowest point at approximately 1406 

points. The growth rate has fallen, investment has fallen, and the local currency has 

depreciated. Among them, real estate, infrastructure, and manufacturing investment all 

showed a downward trend. Although since 2014, the government has gradually begun to 

loosen policy controls in the areas of currency, finance, and real estate, there has been a 

time lag from policy implementation to effect. On the December 1 of 2020, index stands 

at the peak about 3554 points. That was the first time the SSE50 index reached such a 

high value. 

Figure 4.1 Development of SSE50 index from 04/01/2010 to 19/12/2020 

 

Source: own calculation in EViews 
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As for the aim of thesis, we also produce the charts of the returns of three index. As 

shown in Figure 4.2, we can learn the volatility of returns directly. During 2014 and 2015, 

the returns of index volatile largely. During that period, the index price changed greatly 

and reached its lowest point. 

Figure 4.2 Daily returns of SSE50 index from 04/01/2010 to 19/12/2020 

 

Source: own calculation in EViews 

4.2.2 Hong Kong stock index HSI 

The Hang Seng Index is an important indicator that reflects the Hong Kong stock market. 

The index is calculated from the market value of 52 Hang Seng Index constituent stocks 

and represents 63% of the 12-month average market value coverage rate of all listed 

companies on the Hong Kong Stock Exchange. The constituent stocks of the Hang Seng 

Index are Hong Kong's blue-chip stocks. The Hang Seng Index is calculated and reviewed 

on a quarterly basis by the Hang Seng Index Co., Ltd., and adjustments to constituent 

stocks are announced. The Hang Seng Index was created in 1964 by Guan Shiguang, the 

head of Hang Seng Bank's research department. The Hang Seng Index was officially 
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an important indicator of the performance of the Hong Kong stock market. The index 

includes companies listed on the main board of the Hong Kong Stock Exchange with the 

largest market capitalization and the most active transactions. In the early days of its 

launch, the HSI was only quoted once a day; however, driven by computerization, the HSI 

has already moved close to real-time quotes every ten seconds, and in April 2013 it has 

accelerated to every two-second quotes. 

Figure 4.3 Development of HSI index from 04/01/2010 to 19/12/2020 

 

Source: own calculation in EViews 

As shown in Figure 4.3, nn 2011, the international economic situation was 

turbulent and Europe and the United States staged debt crises one after another. The index 

dropped to 16,170.35 points in October 2011. In the following four years, the economy 

gradually recovered. The influence of mainland China’s economy on the Hong Kong stock 

market took an important position. Rising, the opening of Shanghai-Hong Kong Stock 

Connect on November 17, 2014, following the big bull market of A shares in 15 years, 

rose all the way to a maximum of 28588.52 points, and fell by 18278.80 points in February 
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Index has regained 26,000 points. The prosperity or depression of China, either due to 

economic changes in Europe and America, or due to the development of China, are all 

triggered by sudden political or economic events to form a bull-bear turn. 

Figure 4.4 Daily returns of HSI index from 04/01/2010 to 19/12/2020 

 

Source: own calculation in EViews 

In Figure 4.4, Hong Kong stock market has four periods of bigger volatility: 2011, 

2015, 2018 and 2020 respectively. The reason is same as the trend as the price we descried. 

4.2.3 Japan stock index Nikkei 225 

The Nikkei 225 Index is the 225 stock prices index of the Tokyo Stock Exchange launched 

by the Nikkei. Therefore, this index lasts for a long time and has good comparability. It 

has become the most commonly used and most reliable indicator to examine the long-

term evolution and the latest changes of the Japanese stock market stock prices. The 

Nikkei Index cited by the media refers to this index. The compilation of the Nikkei 225 

Index began in 1949. It is composed of the prices of 225 stocks listed on the Tokyo Stock 

Exchange. This index, calculated and managed by Nippon Keizai Shimbun Co., Ltd. 

(NKS), is disseminated through major international price reporting media and is widely 
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used by various countries as a reference for representing the Japanese stock market. In 

September 1986, the Singapore International Financial Exchange (SIMEX) launched the 

Nikkei 225 stock index futures, which became a major historical development milestone. 

Since then, the trading of Nikkei 225 stock index futures and options has also become an 

integral part of the investment strategies of many Japanese securities firms. 

Figure 4.5 Development of Nikkei225 index from 04/01/2010 to 19/12/2020 

 

Source: own calculation in EViews 

As shown in Figure 4.5, Compared with the SSE 50, the overall trend of the Nikkei 

225 is soft. In the past ten years, the Nikkei 225 has shown an overall upward trend and it 

has more investment value. After the 2008 global financial crisis, Japan took about 5 years 

to recover its economy. This can be seen from the index image. And it has been rising, 

and finally reached a peak of more than 27,000 points recently. 

In Figure 4.6, we can obviously know the biggest of volatility after 2008. That is 

in the 2011, severely affected by the financial crisis. Moreover, in 2015, the Nikkei255 

index welcome its second big volatility. 
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Figure 4.6 Daily returns of Nikkei225 index from 04/01/2010 to 19/12/2020 

 

Source: own calculation in EViews 

4.3 Descriptive statistics of stock indexes 

In this thesis, for the purpose of testing, we choose the basic testing period from the 

January of 2010 to the end of 2020. This testing period also called as post-crisis periods. 

With the announcement of NBER authority, the global financial crisis came to its ending 

on June 30, 2009. So that the economy of all markets slowly recovered during the ten 

years after crisis. We can see the general trend in Figures 4.1, 4.3 and 4.5.  

In Table 4.2, we can see the results of mean are all positive which means each 

stock market were running normal and even great averagely during this period. As for the 

standard deviation, SSE50 has a little higher than Nikkei225 and HSI which means 

Chinese mainland stock market were with higher risk. As for the skewness, the objective 

markets reached negative values which means the distribution of returns were right 

skewed than normal distribution. The kurtosis of any univariate normal distribution is 3. 

The SSE50 and Nikkei225 are above 8 which means the return of two markets were not 

normal distribution. The HIS index is not normal distribution, either. The values of Jarque-
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Bera (J-B) test of Nikkei index is higher than SSE and HSI. The larger J-B value indicates 

that returns are not normally distributed. The probabilities of J-B test statistics are 

approaching to zero. Detailed results of descriptive statistics are given in Annex 1. 

Table 4.2 Descriptive statistics of daily returns during 04/01/2010 to 19/12/2020 

 SSE 50 HSI Nikkei 225 

Mean 0.000125 0.000061 0.000340 

Maximum 0.075470 0.055187 0.077314 

Minimum -0.098523 -0.060183 -0.105758 

Std. Deviation 0.014790 0.011727 0.013290 

Skewness -0.405210 -0.336200 -0.436341 

Kurtosis 8.280691 5.427889 8.268587 

J-B test 3169.404 711.8953 3220.336 

Probability 0.000000 0.000000 0.000000 

  Source: own calculation in EViews 
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5 Empirical results 

The focus of the fifth chapter is purely empirical. The fifth chapter of this thesis is devoted 

to empirical testing of the properties of efficient market models on the main indexes of 

the Chinese mainland, Hong Kong and Japanese stock markets, which are in line with the 

main goal of this thesis declared in the introduction. The introduction of this chapter 

focuses on the formulation of the testing procedure. This procedure will be based on the 

knowledge contained in the previous chapters. 

The following subchapter is devoted to empirical testing from a static point of view. 

The static view will be based on a comparison of the results of linear and nonlinear 

statistical tests of first and third type random walk models. The test results are compared 

between individual indexes. 

Then, the dynamic of the development of statistical test results is assessed. The 

non-linear BDS independence test was chosen as the most suitable test for the RW1 model, 

while in the case of the RW3 model the variance ratio test was chosen. Then the proposal 

of a trading strategy based on nonlinear relationships in returns will described in 

subchapter 4. We would learn the trading strategy base on the approaches we applied.  

All empirical calculations will be showed in the EViews software, with the 

exception of the test of sequences and reversals that will be carried out in Microsoft Excel. 

5.1  Procedure for testing efficient market models 

The procedure of empirical testing is based on the findings presented in the previous 

chapters. The efficient market hypothesis was defined in subchapter 2.3. Subchapter 2.6 

was focused on selected features of the efficient market. In this thesis, the randomness of 

change in asset prices is verified on real data. It is therefore a matter of verifying that these 

changes are independence order to test this feature, it is firstly necessary to define an 

efficient market model. In subchapter 3.2 and 3.3, selected mathematical models of the 

efficient market were defined. For the purposes of empirical testing, random walk models 

of the first and third types were chosen and will be utilized to test on real data from 
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financial markets. The procedure for testing the weak form of efficiency is shown in 

Figure 5.1. 

Figure 5.1 The procedure of testing the efficient market models 

 

Source: by author  

In the case of the application of statistical tests, it is not a question of testing a 

weak form of efficiency, but of verifying the predictability of returns. The notion of 

revenue predictability should not be confused with the notion of market inefficiency. 

While it is possible to predict future returns to some extent, it can still be an information-

efficient market if the returns from this prediction are lower than transaction costs. We 

cannot rule out a degree of predictability in time series of returns, but this rate may not be 

economically significant. The difference between economic and statistical significance 

may be due, for example, to non-compliance with model conditions. In practice, the 

existence of transaction costs that must be considered when interpreting the results. 

To provide statistical evidence of the (in) effectiveness of the stock market, it is 

necessary to identify a strategy that provides a risk-adjusted return higher than the risk-

free rate after deducting transaction costs, and to test this strategy empirically on the data. 

But that is not the aim of this thesis. 

The results of statistical tests can be evaluated from several perspectives. In this 

thesis, the results will be evaluated from a static point of view, but also from a point of 

view that includes market dynamics. The test results will be presented in the form of clear 

tables. More detailed results for selected tests will then be given in the annexes. 

However, a comparatively static view has only a limited explanatory power. If 

deviations from the random walk model are found in the selected test period, it is advisable 

to verify the stability of the results over time. For this reason, testing of the properties of 



 

70 

the first and third type random walk model will be performed using the most suitable tests. 

The period from January 2010 to December 2010 was chosen as the initial testing period. 

This is a period of stability and continuous growth of all indices. The dynamics of 

development is then monitored on monthly changes in test results in the period from 

January 2011 to December 2020. The test results will be shifted with a monthly frequency, 

then presented in graphical form and also in the form of a clear table. 

5.2  Empirical results - static approach 

Empirical tests will first be applied to the returns of the SSE50, HIS and Nikkei225 indices. 

The testing procedure will be based on subchapters 3.4.1 and 3.4.3, in which the relevant 

statistical tests of models RWI and RW3 have been defined. The corresponding p-values 

for the statistical tests were obtained in this subchapter in an asymptotic manner. The 

symbols *, **, *** indicate that the test criterion is statistically significant at the 10%, 5%, 

and 1% significance levels, respectively. The null hypothesis is always a random walk 

model of the first or third type, depending on the test used. This is a verification of the 

predictability of revenues, not their effectiveness. 

The first step is to verify the random walk models of the first type. Linear and 

nonlinear tests are used for this purpose. From the linear tests, the test of sequence and 

reversal and the Ljung-Box autocorrelation test will be applied. In addition to linear tests, 

the RWI will be tested with the strongest nonlinear BDS independence test. The next step 

is to test the RW3 models, which is less restrictive. In addition, there will be applied two 

versions of the variance ratio test. The first one is stricter and does not allow 

heteroskedasticity in returns, and is used to test a random walk model of the first type, 

while the second option is adapted to the presence of heteroskedasticity. 

In order to capture the main aim of the thesis we will prove the following 

hypothesis: 

𝐻0: The stock index is not predictable (follows the random walk model) 

𝐻1: The stock index is predictable (doesn t́ follow the random walk model) 
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If the stock index follows random walk model, we fail to reject 𝐻0, so the stock 

market is not predictable. 

5.2.1 Test of sequences and reversals 

The first linear method applied to verify the RWI model is the test of sequences and 

reversals. The results of this test for each sub-test period and the indices tested are shown 

in Table 5.1. 

In the first step, it was necessary to identify the number of sequences and reversals 

in the returns of the indices and then also calculate the value of the Cowls-Jones (CJ) ratio. 

Since there is a positive drift in the returns, it is also necessary to calculate the value of 

the probability of a positive return for each index. For both indices, this value is greater 

than 50%. Probabilities, of course, may vary between indices and periods because the 

sample means and sample standard deviations that affect the calculation of this ability 

may differ. Finally, the values of the test criteria are calculated based on the equation (3.25) 

and the corresponding p-values are calculated. 

Table 5.1 Results of test of sequences and reversals 

Source: own calculation in Excel 

Table 5.1 shows that for none of the indices is it possible to reject the null 

hypothesis that returns are IID in any test period. The value of the CJ ratio is less than one 

for all indexes. Thus, a higher number of reversals than sequences was recorded. The 

values of the CJ ratio do not differ statistically significantly from the value of 1. However, 

 SSE 50 HSI Nikkei 225 

𝝅 0.5034 0.5030 0.5102 

𝝅𝒔 0.5000 0.5000 0.5002 

𝑵𝒔 1301 1347 1326 

𝑵𝒓 1364 1366 1387 

𝑪𝑱 0.9538 0.9861 0.9560 

𝒗𝒂𝒓𝑪𝑱 0.0015 0.0015 0.0015 

𝒕𝑪𝑱 -1.1944 -0.3640 -1.1654 

𝒑 − 𝒗𝒂𝒍𝒖𝒆 0.2323 0.7159 0.2439 
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it is necessary to address the stability of such a phenomenon over time. If the value of CJ 

differed statistically significantly from 1, it would be possible to design a profitable 

trading strategy. For example, if the number of sequences were greater than the number 

of reversals, it could be inferred that a positive yield could be obtained by using "a buy 

strategy" if the previous return was positive and "a sale strategy" if the previous return 

was negative. The question is whether the return after deducting transaction and 

information costs would be higher than the risk-free rate. 

5.2.2 Autocorrelation test 

The Ljung-Box test is used to test the linear dependence in logarithmic returns. To verify 

the correlation dependence, the values of autocorrelation functions and partial 

autocorrelation functions will be estimated. In addition, the values of the Ljung — Box Q 

statistic will also be estimated. 

Table 5.2 Results of autocorrelation test 

 SSE 50 HSI Nikkei 225 

Lag Q-Stat Prob. Q-Stat Prob. Q-Stat Prob. 

1 0.457 0.499 0.103 0.748 1.377 0.241 

2 2.092 0.351 0.162 0.922 4.235 0.120 

3 3.520 0.318 1.403 0.705 4.437 0.218 

4 5.083 0.279 4.056 0.399 7.430 0.115 

5 5.375 0.372 4.478 0.483 7.448 0.189 

6 21.070*** 0.002 8.795 0.185 7.804 0.253 

7 24.923*** 0.001 11.192 0.130 8.862 0.263 

8 26.652*** 0.001 11.812 0.160 9.011 0.341 

9 30.807*** <0.001 13.085 0.159 15.369 0.081 

10 30.892*** <0.001 14.298 0.160 15.449 0.117 

Source: own calculation in EViews 

In the table 5.2, we can see the probabilities of HSI index and Nikkei 225 index 

are all more than 5% significance level which means it cannot reject the null hypothesis. 

For the 1 to 5 lags of SSE 50 index, it is the same. But after lags 5, there are probabilities 

less than 5% which means a rejection of the null hypothesis. 

Table 5.2 shows the values of the autocorrelation function for the first delay, the 
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Ljung — Box Q-statistics for lags from 1 to 10 and the corresponding p-values for the 

individual tested indices assuming homoskedasticity, which is in accordance with model 

RWI. Detailed results of the Ljung — Box autocorrelation test including graphical outputs 

of autocorrelation functions and partial autocorrelation functions for individual indices 

are given in Annex 2. 

The results in Table 5.2 can be viewed from several perspectives. For the purpose 

of estimating autocorrelation functions, the effect of asynchronous trading was neglected 

as it is expected to be minimal for all indices. The same is true for the effect of transaction 

costs, as their quantification is a very complicated matter for indices and their amount may 

not be stable over time. Part of the autocorrelation caused by non-trading and transaction 

costs may affect conclusions about the validity of the random walk hypothesis, but may 

not be economically viable for achieving above-average returns. 

The results of autocorrelation tests can theoretically be used to create a trading 

strategy. In the case of negative values of autocorrelation coefficients of the 1st order, it 

is possible to predict that the return rate of a given index will develop in the opposite 

direction than at time t-1. For positive values of autocorrelation coefficients, the opposite 

is true. Due to the systematic presence of linear dependencies in the case of the SSE index, 

it cannot be ruled out that there exists an investment strategy that could be used to take 

advantage of short-term trends and thus achieve above-average turns. 

5.2.3 BDS test 

This test is a portmanteau test for time-based dependence in a series. It can be used for 

testing against a variety of deviations from independence including linear dependence and 

nonlinear dependence of chaos. To test the hypothesis of a random walk of the first type, 

the strongest BDS test of independence will also be applied. Using this test, it is also 

possible to verify the dependence of a non-linear character. The results of this test for each 

index are shown in Table 5.3. 

In small samples or in series that have unusual distributions, the distribution of the 

BDS test statistic can be quite different from the asymptotic normal distribution. To 
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compensate for this, EViews offers us the option of calculating bootstrapped p-values for 

the test statistic. When bootstrapped p-values are requested, EViews first calculates the 

test statistic for the data in the order in which it appears in the sample. EViews then carries 

out a set of repetitions where for each repetition a set of observations is randomly drawn 

with replacement from the original data. Also note that the set of observations will be of 

the same size as the original data. For each repetition, EViews recalculates the BDS test 

statistic for the randomly drawn data, then compares the statistic to that obtained from the 

original data. When all the repetitions are complete, EViews forms the final estimate of 

the bootstrapped p-value by dividing the lesser of the number of repetitions above or 

below the original statistic by the total number of repetitions, then multiplying by two (to 

account for the two tails). 

Table 5.3 Results of BDS test 

 SSE 50 HSI Nikkei 225 

Dimens. z-stat. 
Asym. 

Prob. 

Boots. 

Prob. 
z-stat. 

Asym.

Prob. 

Boots.

Prob. 
z-stat. 

Asym.

Prob. 

Boots. 

Prob. 

2 
5.777 

*** 
<0.001 <0.001 

3.147 

*** 
0.002 0.002 

8.417 

*** 
<0.001 <0.001 

3 
7.756 

*** 

<0.001 <0.001 4.731 

*** 
<0.001 <0.001 

12.844

*** 
<0.001 <0.001 

4 
8.773 

*** 

<0.001 <0.001 6.348 

*** 
<0.001 <0.001 

15.438

*** 
<0.001 <0.001 

5 
10.206

*** 

<0.001 <0.001 7.828 

*** 
<0.001 <0.001 

17.168

*** 
<0.001 <0.001 

6 
11.589

*** 

<0.001 <0.001 9.169 

*** 
<0.001 <0.001 

18.669

*** 
<0.001 <0.001 

Source: own calculation in EViews 

To perform this test, the nesting dimensions 𝑚 of order 2-6 were chosen. The 

selected distance 𝜖 was set to 0.7, which is a very good starting point if we test the lower 

nesting dimensions. If the null hypothesis is not rejected, it can be stated that the time 
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series of logarithmic daily returns are independent and have the same probability 

distribution. 

As shown in Table 5.3, the probability of z-statistic of these three indexes are all 

lower than 0.01. The results of the nonlinear BDS independence test are different from the 

linear tests. For all indices, the null hypothesis is rejected at the 1% level of significance. 

Thus, time series of returns are not independent and do not have the identical probability 

distribution. The stability of BDS test results will be verified in subchapter 5.3. Detailed 

results of BDS independence tests are given in Annex 3. 

5.2.4 Variance ratio test of random walk model 1 

The last linear test applied to test the properties of the random walk model is the variance 

ratio test as described in subchapter 3.4.1. This test will be used in two different versions. 

The first one verifies the null hypothesis in the form of a random walk model of the first 

type, while the second variant is not so restrictive and allows heteroskedasticity in returns. 

It therefore verifies predictability in the form of a random walk model of the third type. If 

the null hypothesis is not rejected, the magnitude of the variance ratio must be around one. 

This means that the logarithmic returns will be linearly independent. The variance ratio 

test will be applied for time horizons of 2, 4, 8 and 16 business days. Table 5.4 shows that 

the results of the variance ratio test of RW1 from 2010 to 2020.  

Table 5.4 Results of variance ratio test of RW1 

 SSE 50 HSI Nikkei 225 

Lags 
Var. 

Ratio 
z-stat. Prob. 

Var. 

Ratio 
z-stat. Prob. 

Var. 

Ratio 
z-stat. Prob. 

2 1.020 1.045 0.296 1.012 0.598 0.550 0.981 -0.951 0.342 

4 0.999 -0.018 0.985 1.040 1.114 0.265 1.011 0.321 0.748 

8 0.988 -0.201 0.841 1.033 0.580 0.562 0.996 -0.077 0.938 

16 1.000 0.012 0.991 0.990 -0.115 0.909 0.987 -0.153 0.878 

Source: own calculation in EViews 
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In Table 5.4, we can see that the SSE 50, HSI and Nikkei 225 probabilities of z-

statistics are greater than 0.05. It means that we fail to reject the null hypothesis. The 

results show that, assuming homoskedasticity, the results of the variance ratio test indicate 

no presence of linear dependences in returns. However, in this test it is appropriate to 

formulate a conclusion on the basis of the heteroskedastic version of this test. Detailed 

results of variance ratio tests (RW1) are given in Annex 4. 

5.2.5 Variance ratio test of random walk model 3 

Table 5.5 shows the values of z-statistics and the corresponding p-values. In this case, the 

null hypothesis is a random walk of the third type, which allows heteroskedasticity in 

returns (Lo and Mackinlay (1988)). 

It can be seen that the hypothesis of a random walk of the third type is not rejected 

for any index. This fact is supported by the results of partial tests for the time horizon of 

2, 4, 8 and 16 business days. In sum, a statistically significant value of the test criterion 

was not identified. The results of both tests of the variance ratio are thus in a harmony 

with each other. Detailed results of variance ratio tests (RW3) are given in Annex 5. 

Table 5.5 Results of variance ratio test of RW3 

 SSE 50 HSI Nikkei 225 

Lags 
Var. 

Ratio 
z-stat. Prob. 

Var. 

Ratio 
z-stat. Prob. 

Var. 

Ratio 
z-stat. Prob. 

2 1.020 0.660 0.510 1.012 0.525 0.600 0.981 -0.520 0.603 

4 0.999 0.026 0.979 1.040 0.936 0.349 1.011 0.229 0.818 

8 0.988 -0.064 0.949 1.033 0.546 0.585 0.996 0.009 0.993 

16 1.000 0.086 0.931 0.990 0.013 0.989 0.987 -0.015 0.987 

Source: own calculation in EViews 
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5.2.6 Summary 

In above five subchapters, we used five methods to test the predictability of the indexes. 

For the test of sequences and reversals, we got three indexes 𝑝-values which are more 

than 0.05. It means we fail to reject the null hypothesis in the 5% significance level. As 

for the autocorrelation test, the firstly five lags of SSE 50 index got the probabilities which 

are more than 5%. The other are lower than 0.01 which means we reject the null hypothesis 

by 1% significance level. The HSI and Nikkei 225 all got the probabilities bigger than 

0.05. Then the BDS test, the all probabilities are lower than 1% which lead to a rejection 

of the null hypothesis. 

At last, the two versions of variance ratio test were applied. For the SSE 50 and 

Nikkei 225 indexes, they both got the probabilities more than 5% which we fail to reject 

the null hypothesis. As for the HIS index, the probabilities of two tests are both lower than 

1% which we reject the null hypothesis. It means that it can be predicted. 

5.3  Empirical results - dynamic approach 

The previous subchapter gave an overview of the results of statistical tests of random walk 

models of the first and third types for the whole data sample. The results of these tests 

indicate whether or not returns are predictable. However, it is not clear whether these 

results are stable. In this subchapter, the predictability of revenues from the dynamic point 

of view will be verified. 

To verify the predictability of returns over time, the most appropriate statistical 

tests for testing the first and third type random walk models were selected. The linear 

variance ratio in its heteroskedastic version was chosen as the most suitable test of the 

random walk model of the third type. To verify the random walk model of the first type, 

a nonlinear BDS independence test was chosen. 

In order to describe the development of predictability of returns over time, a time 

window with a fixed length was chosen. This time window will be slid one month forward 

(Urquhart and McGroarty, 2014). For the purposes of this thesis, a first period of 12 
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months from January 2010 to December 2010 was chosen. The test statistics were 

therefore calculated on the interval from the first business day of January 2010, when the 

base test period begins, to the last business day of December 2010. The next step was a 

shift from February 2010 to January 2011. The whole process of the shift by one month 

was repeated until December 2020, when the basic testing period ends. The test window 

contains a sufficient number of observations to generate reliable results. Moreover, we get 

sufficient results to analyse how the level of predictability has evolved over time. 

The first applied test is the nonlinear BDS independence test. The values of BDS 

statistics were calculated for nesting dimensions 2 and 3, which are described in the graphs 

by the symbols BDS2 and BDS3. The second applied test was variance ratio test in its 

heteroskedastic version. In fact, the values of particular z-statistics for the delays of 2 and 

4 business days will be calculated. 

One of the problems of the BDS and variance ratio tests is the fact that the test 

statistics are based on asymptotic estimates, which can lead to erroneous conclusions for 

smaller samples (Richardson to avoid this problem, the bootstrap method will be applied, 

which leads to improved results of the test statistics for smaller samples (Kim, 2006). This 

method involves a calculation of individual and combined statistical tests on T-

observation samples generated by weighing the original data with average random 

variables with a mean of 0 and a variance of 1. These results will be used to generate 

bootstrapped distributions of test statistics. Bootstrapped p-values are calculated directly 

from a fraction of replications that fall outside the limits defined by the estimated statistics. 

The number of replications was set at 2500 for each test. 

The obtained results show that for each index were identified periods when returns 

are statistically significantly predictable, but also periods when returns are predictable. 

These changing levels of predictability depend on the tests used, as the tests vary in 

strength and verify different aspects of predictability. Therefore, direct market 

comparisons can only be made if the testing procedure is consistent. In order to be able to 

compare both indices, it is advisable to examine the results also relatively. 

Since the graphic outputs are not completely clear, it is advisable to create an 
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overview of test results also in the form of a clear table. Tables 5.6 shows the percentage 

of test statistics that do not reject the null independence hypothesis for the BSD test with 

nesting dimensions 2 and 3. Table 5.7 and 5.8 demonstrates the same results for the 

variance ratio test in its heteroskedastic version. The results are confronted with a 5% 

level of significance (Smith, 2012). 

5.3.1 BDS test 

One of the problems of the BDS test is the fact that the test statistic is based on asymptotic 

estimates, which can get erroneous conclusions especially for smaller samples 

(Richardson and Stock, 1989). To avoid this situation, the method of bootstrap was 

applied. This method involves the calculation of individual and combined statistical tests 

using T-observation samples generated by weighing the original data with average random 

variables with a mean of 0 and a variance of 1. These results were used to generate 

bootstrapped distributions of test statistics. Bootstrapped 𝑝-values are calculated directly 

from a fraction of replications that fall outside the limits defined by the estimated statistic. 

The number of replications was set at 2500. 

Figure 5.2 shows the trend of the 𝑝-values of the non-linear BDS independence 

test statistics for the return of the SSE 50 index. The values of BDS statistics were 

calculated for nesting dimensions 2 and 3, which are described in the graph by the blue 

line and red line. The statistics significance of BDS tests will again be evaluated on the 

5% significance level, which is indicated in the graphs by the green line. 

The 𝑝-values were obtained based on a time series lasting 12 months. Thus, for 

example, the 𝑝-values as of June 2015 corresponds to the data sample for the period from 

May 2014 to May 2015. The obtained 𝑝-values are variable over time and differ between 

indexes and nesting dimensions. 

In the case of the SSE 50 index, the values of BDS statistics are statistically 

insignificant from January 2010 to October 2013 for both dimensions 2 and 3. Then there 

is a period when the values of BDS statistics are significant lasts until June 2014 (for 

nesting dimension 2) and October 2015 (for nesting dimension 3). Until October 2015, 
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for the nesting dimension 2, there are July 2014, August 2014, March 2015, April 2015, 

May 2015, June 2015 and September 2015 which are insignificant periods. Then February 

2016 is significant for nesting dimension 2 and 3. Then the significant period is from 

March 2016 to June 2016(for nesting dimension 2) and from March 2017 to September 

2017(for nesting dimension 3), respectively. Then it is a period when the values of BDS 

statistics are insignificant. The last period from March 2020 to December 2020 is 

significant when the values are all smaller than 0.05. 

Figure 5.2 Bootstrapped 𝑝-values of the BDS independence test with nesting 

dimensions 2 and 3 for SSE 50 index returns 
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Source: own calculation in EViews 

Figure 5.3 shows the trend of the 𝑝-values of the non-linear BDS independence 

test statistics for the return of the Nikkei 225 index. The values of BDS statistics were 

calculated for nesting dimensions 2 and 3, which are described in the graph by the blue 

line and red line. The statistics significance of BDS tests will again be evaluated on the 

5% significance level, which is indicated in the graphs by the green line. The 𝑝-values 
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were obtained based on a time series lasting 12 months as same as SSE 50 index. 

Figure 5.3 Bootstrapped 𝑝-values of the BDS independence test with nesting 

dimensions 2 and 3 for Nikkei 225 index returns 
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Source: own calculation in EViews 

As for the Nikkei 225 index, the results are significantly different with the SSE 50 

index. The BDS statistics for the nesting dimension 2 and 3 are not statistically significant 

in the period from the beginning to June 2010. Then there is a period from July 2010 to 

March 2011 when the values are statistically significant for the nesting dimension 2 and 

3. Then there is a long period when the values of BDS statistics are insignificant. The 

BDS statistics are statistically significant from December 2014 to April 2016 for nesting 

dimension 3. In the period, for the nesting dimension 2, the 𝑝-values of February 2015, 

March 2015, April 2015, March 2016 and April are not statistically significant. However, 

for the nesting dimension 3 till the end, the BDS statistics are significant except the 𝑝-

values of May 2016, June 2016, July 2016, December 2016, January 2017 and February 

2017. For the nesting dimension 3, till the December 2020, the values of BDS statistics 
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are insignificant in this period: May 2016 to December 2016, January 2017, December 

2017, November 2017, December 2017 and January 2018 to November 2018. 

Figure 5.4 Bootstrapped 𝑝-values of the BDS independence test with nesting 

dimensions 2 and 3 for HSI index returns 
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Figure 5.4 shows the trend of the p-values of the non-linear BDS independence 

test statistics for the return of the HSI index. The values of BDS statistics were calculated 

for nesting dimensions 2 and 3, which are described in the graph by the blue line and red 

line. The statistics significance of BDS tests will again be evaluated on the 5% 

significance level, which is indicated in the graphs by the green line. For the dimension 2, 

there are 22 months that the values are lower than 5% which below the significance level. 

The June and July of 2010 got not statistically significant p-values. Then it’s a significant 

period till the end of 2011. The p-values of December 2011, March, April, May, June of 

2012 are not statistically significant. Then the next insignificant period is from July 2015 

to January 2016. November 2017 and April 2018 are also not statistically significant. Then 



 

83 

the other statistically insignificant period is the year of 2020 which the months are March, 

April, June, August, December and November, respectively. Compare to the dimension 2, 

there are 25 insignificant months of dimension 3. The first period is from October 2010 

to March 2011 except February 2011 which p-values are not statistically significant. In 

the next three years, only the December 2011 are not statistically significant. Then it is a 

significant period. Then from July 2015 to May 2016 except the August 2015 and April 

2016 are statistically insignificant. Then the next is November 2017. It is same as the 

dimension 2, the last insignificant period is in 2020. It is from March 2020 to the end of 

2020. HSI index get the last statistically insignificant period. 

The results which we obtained show that for three indexes, there were identified 

periods when returns are statistically significantly predictable, but also some periods are 

not statistically significantly predictable. These changing levels of predictability depend 

on the tests used, as the tests vary in their strength. Therefore, a direct comparison can 

only be used if the procedure is consistent. 

Table 5.6 Relative predictability based on a comparison of the percentage of non-

rejection of the null hypothesis in the case of the BDS test against the 5% level of 

significance 

Index Dimension 2 Dimension 3 

SSE 50 75.00% 65.00% 

HSI 81.67% 79.17% 

Nikkei 225 55.00% 34.17% 

Source: own calculation in Excel 

Table 5.6 shows the percentage of test statistics that fail to reject the null 

hypothesis for the BDS test with nesting dimensions 2 and 3. The results are confronted 

with a 5% level of significance. It shows that the SSE 50 index can be considered less 

predictable than Nikkei 225 index. However, it can be stated that for all indexes the 

periods when returns are predictable alternate with those when they are not predictable. 

5.3.2 Variance ratio test 

Lo and MacKinlay (1988) recommends the use of overlap because it may improve the 
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ability of variance-ratio test, but overlap data can be used to analyse the exact distribution 

of variance-ratio test statistics. It also becomes difficult to do. However, little is really 

known about the exact distribution of variance-ratio test statistics using duplicate data, 

even at that moment. 

The time window with a fixed length was selected as same as the BDS 

independence test. The first period of 12 months was defined from January 2010 to 

December 2010. This time window will be always moved one month forward until 

December 2020, when the testing period ends. 

Figure 5.5 Bootstrapped 𝑝-values of the variance ratio test with period 2 and 4 for SSE 

50 index prices 
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Source: own calculation in EViews 

Figures 5.5, 5.6 and 5.7 show the evolution of the 𝑝-values of the variance ratio 

test that allows the heteroscedasticity for the prices of the SSE 50, HSI and Nikkei 225 

indexes. The values of variance ratio test were calculated for period 2 and 4, which are 

described in the graphs by the different lines. Blue line is for period 2 and red line is for 
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period 4. The statistical significance of variance ratio test will again be evaluated 5% 

significance level, which is indicated in the graphs by a green horizontal line. 

The 𝑝-values were obtained based on a time series lasting 1 year. Thus, for 

example, the 𝑝-values as of February 2011 corresponds to the data for the period from 

February 2010 to January 2011. The 𝑝-values we got which were variable over time and 

differ between both indexes and periods. 

Figure 5.6 Bootstrapped 𝑝-values of the variance ratio test with period 2 and 4 

for Nikkei 225 index prices 
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Source: own calculation in EViews 

 

In the case of the SSE 50 index, the values of variance ratio statistics are 

statistically insignificant for a lone period which is from January 2010 to November 2016 

for period 2 and 4. Then the values of two months for period 2 which are December 2016 

and January 2017 are statistically significant. Then the next period is from February 2018 

to August 2018 for period 2. It’s statistically significant. For the period 4, there are six 
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values which are February 2015, March 2018, April 2018, June 2018, August 2018 and 

September 2018. These are the statistically significant values for period 4. The other 

values for period 2 and 4 are insignificant.  

As for the Nikkei 225 index, the results are easy to identify compare with the SSE 

50 index. Firstly, for period 4, the all values of variance ratio statistics are statistically 

insignificant. The variance ratio test statistics for the period 2 are not significant in the 

period from January 2010 to April 2012. Then from May 2012 to December 2012 except 

September are statistically significant for the period 2. Then there is a long period when 

the values are insignificant till the testing period ends. 

Figure 5.7 Bootstrapped 𝑝-values of the variance ratio test with period 2 and 4 for HSI 

index prices 

0.0

0.2

0.4

0.6

0.8

1.0

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Period 2 Period 4

p-values of Variance ratio test (HSI)

 

Source: own calculation in EViews 

For the HSI index, there are only few insignificant 𝑝-values. For the period 2, it 

is a period from December 2013 to June 2014. For the period 4, only one insignificant 𝑝-

values which is March 2020. 
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The results we got shot that for each index, there were identified periods when 

returns are statistically significantly predictable except Nikkei 225 index for the period 4, 

but also some periods when returns are not statistically predictable. These changing of 

predictability depend the test vary in their strength. Therefore, it is wise to create an 

overview of the results of a clear table.  

Table 5.7 Relative predictability based on a comparison of the percentage of non-

rejection of the H0 in the case of the variance ratio test against the 5% significance level  

Index Period 2 Period 4 

SSE 50 92.50% 95.00% 

HSI 94.17% 99.17% 

Nikkei 225 94.17% 100.00% 

Source: own calculation in Excel 

Table 5.7 shows the percentage of test statistics that do not reject the null 

independence hypothesis for the variance ratio test with period 2 and 4. The results are 

confronted with a 5% level of significance. And the results of HSI index are similar with 

Nikkei 225 index. It shows that the Nikkei 225 index can be considered less predictable 

than the SSE 50 index. Overall, for the period 4 of Nikkei 225, it can be considered follow-

up random walk model totally. 

5.4 Proposal of a trading strategy based on nonlinear relationships in returns  

The last logical step should be the design of a trading strategy, which will be based on the 

results of statistical tests applied in subchapters 5.2 and 5.3. Given the results, it was found 

that returns are rather predictable based on the results of the nonlinear BDS test. It is 

rational to design a trading strategy on the basis of nonlinear relationships in returns. The 

non-linear method of nearest neighbor (NN), seems to be a suitable method for generating 

signals for buying or selling. This method is based on the selection of geometric segments 

of historical values of the time series, which are similar to the last segment that precedes 

the observation that must be predicted (Fernández-Rodríguez et al., 1999). This approach 

is philosophically different from the Box-Jenkinson methodology. The NN method selects 

the relevant previous observations on the basis of their levels and geometric trajectories, 
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not their location in time.  

Prediction using the NN method can be described in several steps. The time series 

𝑥𝑡, where 𝑡 = 1, … , 𝑛, must be transformed into a series of segments of the same length, 

which take the form of vectors 𝑥𝑡
𝑚,𝜏

 and contain a sample of m observations of the 

original time series on intervals 𝜏 ∈ 𝑁:  

 𝑥𝑡
𝑚,𝜏 = (𝑥𝑡, 𝑥𝑡−𝜏, … , 𝑥𝑡−(𝑚−1).𝜏), (5.1) 

where  𝑡 = 1 + 𝜏 (𝑚 − 1), … , 𝑛, m represents the nesting dimension, while 𝜏 is the 

delay parameter. These m-dimensional vectors are referred to in the literature as m-

histories, while the m-dimensional space 𝑅𝑚 is the phase space of the time series. The 

proximity of two m-histories in the phase space of the time series 𝑅𝑚 can be marked as 

the nearest neighbours in the dynamic behaviour of two segments in the time series 𝑥𝑡. 

The prediction of the time series 𝑥𝑛+1
𝑓

 using the NN method consists of the application 

of linear autoregression, the coefficients of which are estimated by the least-squares 

method. This is a total regression the k m-histories  𝑥𝑖1

𝑚 , 𝑥𝑖2

𝑚, 𝑥𝑖3

𝑚 , . . . , 𝑥𝑖𝑘

𝑚.  

It is important that the prediction by the NN method depends on the value of the 

nesting dimension m and also on the number of closest k points in the phase space of the 

time series 𝑅𝑚. For example, heuristic methods can be applied to determine these two 

parameters. However, the use of genetic algorithms that allow the simultaneous 

determination of optimal m and k values seems to be the most appropriate. Genetic 

algorithms represent a class of adaptive search and optimization techniques that have the 

advantage of being able to evaluate loss functions associated with predictor parameters 

without assuming continuity or the differentiability of the loss function (Holland, 1975). 

In addition, the application of genetic algorithms is also advantageous because it 

eliminates the problem of data snooping. The sample is divided into a training and test set. 

However, before calculating predictors using the NN method, it is appropriate to 

verify the existence of nonlinear dependence in the time series of returns. Evidence of 

nonlinearity would confirm the correctness of our thinking about the application of the 
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NN method. The most suitable test seems to be the BDS independence test, which has 

similar logic as the NN method. It is based on the calculation of the correlation integral as 

a measure of the spatial correlation between two points in m-dimensional space (see 

equation 3.34). 

The proposed trading strategy is based on a simple market timing, which consists 

of investing in the stock market (or index or asset) or risk-free asset. The forecasts 

obtained on the basis of the NN method are applied for the classification of the next trading 

day into two variants. The first of these means the presence of the investor on the market 

(brings market return), the second means the absence on the market and investment in a 

risk-free asset (brings risk-free return). The trading strategy specifies the position for the 

next trading day, considering the current state (presence or absence on the market) and 

generating signals for buying or selling using the NN method. If under market presence 

conditions, prices are expected to fall based on a forecast using the NN method, the asset 

is sold and the funds are invested in a risk-free asset. Conversely, under the absence in a 

market, price increases are expected in the near future based on the NN method, a signal 

to purchase the asset is generated. The risk-free asset is sold and the funds are invested in 

the market. With the remaining two variants, the current state is maintained. 

When applying the trading rule for the entire trading period from time 1 to time T, 

the return r can be written as follows: 

 
𝑟 = ∑ 𝑟𝑚(𝑡) 𝐼𝑏(𝑡) + ∑ 𝑟𝑓(𝑡) 𝐼𝑠(𝑡) +

𝑇

𝑡=1

𝑛 log
1 − 𝑐

1 + 𝑐
,

𝑇

𝑡=1

 (5.2) 

where 𝑟𝑚(𝑡) is the market return, 𝐼𝑏(𝑡) and 𝐼𝑠(𝑡) are the indicator variables equal to 

one if the NN method generates a buy or sell signal, or zero in other cases. The condition 

𝐼𝑏(𝑡) ⋅ 𝐼𝑠(𝑡) = 0, ∀𝑡 ∈ (1, 𝑇) must be met. The value of n is the number of transactions 

and the value of c means transaction costs, which can be expressed, for example, as a 

share of the price. 

When using this strategy empirically, it is appropriate to modify a simple buy or 

sell rule with a filter that reduces the number of spurious buy or sell signals if the 
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prediction of time t is close to the closing price at time t-1. The filter can be interpreted as 

a risk that the investor is willing to transfer. The filter rule will generate buy (sell) signals 

at time t if the expected value obtained by the NN method is greater (less) than the closing 

price at time t-1 adjusted by the percentage δ of the standard deviation σ of the time series 

of price differences in the interval from 1 to t -1. If 𝑃𝑡̂  is the predicted value of the price 

𝑃𝑡 , then if 𝑃𝑡̂ > 𝑃𝑡−1 + 𝛿 ⋅ 𝜎 and at the same time the investor is not present in the 

market, a buy signal is generated. Assuming a market presence, we should not leave the 

market. Conversely, if 𝑃𝑡̂ ≤ 𝑃𝑡−1 + 𝛿 ⋅ 𝜎  holds and at the same time the investor is 

present in the market, a signal for sale is generated. Assuming absence from the market, 

we should continue to hold a risk-free asset. 

In case of application of this strategy based on the NN method, it would be 

appropriate to compare the results with other strategies. For example, a prediction strategy 

based on the ARIMA model or a risk-adjusted buy-and-hold strategy is offered (Allen and 

Karjalainen, 1999). 

5.5 Summary of results 

In the previous paragraphs, the performance of the main indices of the Chinese, Hong 

Kong and Japanese markets was measured against the model of random walks of the first 

and third types. If we did not identify statistically significant linear or non-linear 

dependencies when applying statistical tests, the price movement would be random and 

the given market could be efficient in its weak form. It would be a kind of test of absolute 

efficiency.  

Table 5.8 is derived from results of statistical test obtained by own calculation. In 

this table, letter R means the null hypothesis is rejected, and letter N means the null 

hypothesis in not rejected. 

It is appropriate to follow up on the above partial conclusions of individual tests 

by verifying the relative efficiency of both indexes. Table 5.8 provides a summary of the 

results of applied tests at 5% significance level. The results shown in Table 5.8 show that 

the selected indices of the Chinese, Hong Kong and Japanese markets behave partially 
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heterogeneously in terms of the characteristics of the random walk models. 

The test of sequences and reversals examines just static approaches in the data 

sample. According to the results, there are no statistically significant so that these three 

markets are random during ten years. 

Then the autocorrelation test delivered different results. We found that there are 

statistically significant in SSE 50 index after lag 5. But the results for Nikkei and HSI are 

always insignificant which means the they are not predictable. 

The BDS test gets very miraculous values. The values are all zero which means 

they are all significant. And for the three indexes, they are predictable. As shown in Table 

5.8, we can consider the most of markets are efficient when applying static approach. 

However, the main difference between static methods and dynamic approaches is whether 

to consider the time factor. Dynamic approaches describe the changing process of a state 

over a period of time, comparing before and after, while static methods are an analysis of 

an equilibrium state. That’s why we chosen 12 months as a time window and always slid 

one month forward.  

Overall, it can be concluded that there are deviations from the random walk model 

and the performance of some indices in several periods is therefore predictable. However, 

it must be emphasized that according to the EMH the market is not efficient in its weak 

form means if exists business strategy, which would bring the investor above-average 

return in the long run. Thus, also efficient market may not exclude a certain degree of 

predictability, for example, autocorrelation in time series, unless this degree is 

economically significant. The difference between economic and statistical significance 

may be due to non-compliance with the strict conditions of the model. In the practical 

analysis, it is mainly the existence of transaction costs and the need to take them into 

account when interpreting the results. 

As shown in Table 5.8, the HSI index and Nikkei 225 index has the similar 

predictability. Compare with these two indexes, the SSE 50 index is more predictable. 

Then we can learn that there is strong non-linear dependency in all indexes according to 
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the BDS test, because the all BDS tests reject null hypothesis. As for the variance ratio 

tests. The null hypothesis was rejected for all indexes and both types of the variance ratio 

test. However, these tests can investigate just linear dependency. To sum up, although 

linear tests did not reveal a linear dependence in the data, with the exception of the 

autocorrelation test for the SSE 50 index, a non-linear dependence was demonstrated for 

all indexes using a strong non-linear BDS test. 

Table 5.8 Comparison of results 

Static approach 

Index 

Test of 

sequences 

and reversals 

Autocorrelation 

test  

BDS 

test 

Variance ratio 

test (RW1) 

Variance ratio 

test (RW3) 

SSE 50 N R R N N 

HSI N N R N N 

Nikkei 

225 
N N R N N 

Source: own calculation 

If we want to evaluate the relative predictability of returns statistically, it would 

be possible to compare the results for individual stocks, which are included in the indexes 

SSE50, HSI and Nikkei225, and compare the relative frequencies of results using, for 

example, one-sided Fisher factorial test of relative frequency agreement. 

In terms of dynamic results, the most suitable tests for the random walk model I 

and III were applied. It is a BDS test and a variance ratio test that allows heteroskedasticity 

in the data. The results were presented in the form of overview tables. Based on the 

nonlinear BDS test, it can be stated that the SSE 50 and HIS indexes can be considered 

less predictable than Nikkei 225 index. As for the linear variance ratio test, the Nikkei 225 

index can be considered least predictable of all indexes.  
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6 Conclusion 

The efficient market hypothesis is one of the possible explanations for the development 

of asset prices in the stock markets. According to this hypothesis, prices develop 

completely randomly. However, critical opinions about the efficient market hypothesis 

gradually began to emerge, both from academics and stock market traders. In the last two 

decades, empirical evidence that is in direct conflict with the efficient market hypothesis 

has been identified. Thus, it may seem that stock markets are not really information 

efficient or their effectiveness is not as high. The issue of information efficiency is also 

relevant in stock markets in Asia, including China. 

This thesis consisted of six chapters including the introduction as the first chapter. 

In chapter 2, we learned the fundamental knowledge about the EMH in detail. The third 

chapter included the models of efficient markets and related statistical tests. Then, in the 

fourth chapter, we delivered the description of the Chinese and Japanese stock markets. 

We selected the most representative index from Japan as the benchmark to compare its 

predictability with the two indexes from China. Chapter five, the most important part of 

this thesis, contains the results of statistical tests of random walk models from a static and 

dynamic point of view, trading strategy proposal and gave the final summary of achieved 

results. 

The main goal of the thesis was an empirical verification of the properties of 

efficient market models on the returns of stock market indices in selected economies in 

Asia. The object of research of this thesis were the main stock market indices of mainland 

China, Hongkong and Japan, such as the SSE50, HSI and NIKKEI225 indexes. Selected 

linear and nonlinear testing methods were applied using daily data in the period from 

January 2010 to December 2020. The testing algorithm was based on a combination of 

random walk models and statistical tests. The null hypothesis was not efficiency but 

market unpredictability. The results of empirical tests are given in chapter 5. Overall, it 

can be stated that the results of testing vary from market to market. It does not make much 

sense to compare the results presented in this thesis with the results of other studies 
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presented in chapter 1. The reason is the difference in the data sample and also the 

inconsistency in applied methods. Very important is also the fact that authors do not 

distinguish between different types of random walk models according to their statistical 

properties. 

The static view of the results was based on a comparison of the results of linear 

and nonlinear statistical tests of random walk models of the first and third types. The 

results of statistical tests were compared between individual indices. The most frequently 

statistically significant deviations from the random walk model were observed for the 

SSE50 index. As for the HSI and NIKKEI225 indexes, the returns are conditionally 

predictable based on the nonlinear BDS test only. The null hypothesis was not rejected by 

any linear test. Taking the overall view on the test results, it can be concluded that the null 

hypothesis was always rejected by the strongest nonlinear BDS independence test, which 

was applied to verify the RW1. However, the assumption of homoscedasticity is far from 

the real behaviour of returns in stock markets. 

The main goal of the thesis was also supported by three partial goals. The first 

partial goal was to compare the predictability of returns of indexes in mainland China 

(SSE50) and Hongkong (HIS) because both stock markets differ by trading rules and 

regulatory standards in general. It can be concluded that conditional predictability was 

higher for the SSE 50 index than for the HSI index, which showed behaviour similar to 

the Japanese NIKKEI225 index. For the SSE index, even a linear dependence was 

identified during the basic testing period of 2010-2020 years. 

The second sub-goal was to assess the dynamics of the development of 

predictability of returns. Unlike papers published in journals, which were focused on 

Asian stock markets, this thesis also monitors the dynamics of the development of results 

since we have a relatively long time series. It is therefore appropriate to also verify the 

stability of the test results over time. The dynamic view is much more convincing. For 

this purpose, the most suitable tests for both RW models were selected. In the case of the 

RW1 model, a nonlinear BDS independence test was chosen, while the properties of the 

RW3 model were then verified using a heteroskedastic version of the variance ratio test. 
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The BDS independence test was applied for nesting dimensions 2 and 3. As for the 

variance ratio test, the lags by 2 and 4 periods were chosen.  

A period of a fixed length of 12 months from January 2010 to December 2010 was 

defined. This time frame was then slid forward by one month. The whole process was 

repeated until December 2020. In the end, we got a total of 120 results for each test. The 

test window contained a sufficient number of observations to generate reliable results to 

analyse how the level of predictability of the indices evolved over time. However, to get 

stable estimates, the respective p-values for both tests were obtained by the method of 

bootstrap. 

The test results show that for each index, periods were identified periods when 

returns were predictable, but also periods when returns were not predictable. Of course, 

the variable level of predictability depends on the tests applied. This is consistent with the 

adaptive market hypothesis, not the efficient market hypothesis. The returns of the SSE50 

index are relatively more predictable than returns of the HSI index. In the case of the 

NIKKEI225 which could be considered a benchmark of the developed stock market in 

Asia, the results are relatively surprising. Based on the BDS test, the null hypothesis was 

rejected more often than for both Chinese indexes. 

The last, third sub-goal was to discuss the design of an investment strategy, which 

is based on the results of empirical tests. The aim was not to test this strategy on real data 

and provide statistical evidence of the efficiency or inefficiency of the market, but only to 

describe the principle of this strategy. The relationship between the results of statistical 

tests and a possible investment strategy was also briefly discussed in relation to all applied 

tests. In addition, subchapter 5.4.4 describes the investment strategy, which is directly 

linked to the results of statistical tests. Due to the detection of predictability of returns 

based on the BDS test, a nonlinear NN method was proposed to generate signals for 

purchase or sale. This method is based on a similar principle as a nonlinear BDS 

independence test. 

The presented thesis also indicated the direction that further research in the field 

of information efficiency would focus on. When using classical statistical methods, we 
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encounter barriers to statistical paradigms, which very often prevent or limit their use. 

Moreover, in the case of application in the field of financial time series, it is not possible 

to suffice with the assumption of normality and linear models. It is definitely necessary to 

enter the space of nonlinear models and tests. In addition to the analytical apparatus of 

mathematical statistics, there are methods of so-called artificial intelligence. The issue of 

the EMH implied the development of analytical tools towards the development of methods 

based on data entropy or uncertainty. 

In this thesis, time series of daily frequency were used in order to ensure a 

sufficiently long series of observations. However, we work just with closing values. That 

is why, it is impossible to gain an understanding of the dynamics of processes, such as the 

formation of market trends. Thus, dynamics can only be detected when switching to data 

of a higher frequency. The hypothesis that the dynamics hidden in the analysis of daily 

data can be revealed in the analysis of intraday data has its own logic. Investors are not 

homogeneous and therefore operate in different time horizons. 

In this text, the main indices of selected Asian stock markets were at the core of 

the empirical analysis. More detailed results could be obtained if a similar analysis were 

performed on individual shares. Better results could also be achieved if returns are 

adjusted for the effect of dividends. 
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