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Abstract 
_____________________________________________________ 
 
We evaluate the validity of the Adaptive Market Hypothesis (AMH) in a Swedish context by testing 

for stock return predictability on the OMXS30 stock index between 1986 and 2014 using daily 

returns and monthly two year moving subsamples. To our knowledge, this is the first study to 

evaluate the AMH in a Swedish context. Three tests for linear independence based on Lo and 

MacKinlay (1988) variance ratio test, namely the Chow and Denning joint test as well as Wright 

(2000) joint rank and sign tests are used. We also test for non-linear independence using the BDS 

test statistics. Presented in our findings is evidence of time-varying predictability where stock 

returns go through periods of return predictability and non-predictability. When evaluating the 

different market conditions (volatility, bull, bear, up, down and normal markets) we find that these 

different market conditions govern the degree of stock return predictability in different ways. Our 

findings support the AMH on the OMXS30 stock index and in contrast to previous research 

regarding market efficiency on the Swedish stock market, we do not find persistent stock return 

predictability over the short and long term. 
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1.   Introduction 

____________________________________________________________________________________ 

This chapter introduces the concept of the Adaptive Market Hypothesis and how it differs from the well-known Efficient 

Market Hypothesis. This to give the reader a better understanding of the new paradigm and why the topic is relevant 

to study. Further the problem discussion and the purpose section define the target and intention of this study. 

______________________________________________________________________ 

1.1 Background 

The concept of efficient financial markets, is a well-researched area in finance and economics. 
However, the definition of market efficiency has been debated over the past decades since 
Eugene Fama (1970) came up with the well-known framework “The Efficient Market 
Hypothesis (EMH)”. In the earlier years of the EMH, market efficiency was based on the 
concept of stochastic processes of asset price movements. The rationale behind market 
efficiency was that asset prices in an efficient market should follow a random walk because 
all information about the asset is already reflected in the asset price. Hence, asset prices 
cannot be predicted based on a new sequence of information. Thus, information gathering 
is fruitless in an efficient market since new information instantly will alter the price of the 
asset. Grossman and Stiglitz (1980) argues that a perfectly functioning market is impossible 
because if prices reflected fully all available data traders would have no incentive to acquire 
costly information. Several studies have shown that asset prices do not follow random walks 
and that price variances are predictable (and therefore returns) (Fama and French, 1988) and 
that different trading strategies can be used based on these predicted variances in returns 
(Jegadeesh and Titman, 1993). This result has led to an explosion of literature examining the 
validity of the EMH in developed and developing countries (See Opong and Fox, 1999; Lim 
and Brook., 2008 and Borges, 2010). They use statistical tests to evaluate whether a market 
is efficient over some predefined periods with the outcome that market efficiency is treated 
as an all-or-nothing condition. In considering the impossible perfect efficiency, Campbell, 
Lo, MacKinlay, Adamek and Wiceira (1997) proposed the concept of relative efficiency, 
which has resulted in a shift in focus from the notion of the all-or-nothing concept of 
absolute market efficiency to measuring degrees of market efficiency. Furthermore, new 
empirical literature suggest that market efficiency varies over time (see Lim and Brook, 2011). 
Based on the changing paradigm on how market efficiency should be defined, Lo (2004) 
came up with a new framework, the Adaptive Market Hypothesis (AMH). According to Lo 
(2004), previous plethora of research in market efficiency has created debate between 
different scholars. I.e., the lens of rationality, a direct result of the underlying assumption of 
the EMH, could be questioned given that individuals are not always bound to make rational 
decision according to behavioral finance. The AMH combines the notion of rationality and 
behavioral biases in a heuristic evolutionary approach. The rationale behind the AMH is 
based on sociobiological evolution theory of behaviors of organism, linking the evolutionary 
perspective with economics and finance; optimization by individuals are not done analytically 
but rather through error and trial (natural selection). The choice made by individuals are 
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based on past outcomes (defined by negative or positive reinforcements). This heuristic 
approach pursued by individuals will lead to a situation in the long run where choices lead to 
relatively optimal solutions. Irrational behavior, based in the behavioral finance scholar is 
explained by maladaptiveness in the AMH where the irrational behavior is in fact a sub-
optimal behavior taken out of its evolutionary context. The AMH thus explain many 
contradictions between the EMH rationality assumption and the existence of behavioral 
biases in economics and finance and situations where the market can be predicted (previously 
doomed as market inefficiency) as well as situations where the market is in equilibrium and 
asset prices follows a random walk with no stock return predictability (previously doomed 
as weak-form efficiency). 
 

1.2 Problem Discussion 

There are several of previous studies examining market efficiency, most of these studies have 
taken the EMH perspective and examined whether stock markets follow a random walk or 
not over longer sample periods. The problem with this approach is that it is easy to judge 
market efficiency as an all-or-nothing condition (Campbell et al., 1997). This view is shared 
by Lim and Brook (2011) as well as Lo (2004) who argue that market efficiency is dynamic 
over time based on different market conditions, in accordance with the AMH. Furthermore, 
the EMH is difficult to test because there is no consensus regarding the form of market 
efficiency that should be tested (Titan, 2015). 
 
The market dynamic assumption of the AMH emphasizes that the degree of market 
efficiency changes over time based on market participants, market conditions, and the 
adaptability of the participants as well as level of competition in the marketplace. I.e., Noda 
(2016) test for how the degree of market efficiency changes over time on two major Japanese 
stock indices. Urquhart and McGoarty (2016) test the AMH on four major stock exchanges 
by evaluating how the level of return predictability relates to different market conditions and 
find that there are periods of statistically significant predictability in some periods while in 
other periods there are not. Furthermore, the predictability of returns has a statistically 
significant relation to different market conditions.  
 
In a Swedish context, market efficiency has not been well researched empirically. Frennberg 
and Hansson (1993) test the random walk theory on the Swedish stock market between 1919 
and 1990 and find that stock returns are positively autocorrelated over short run horizons, 
while there is a prevalent negative autocorrelation over longer horizons. The tests for random 
walk is based on longer subsamples based on the assumption of convergence in equilibrium 
in stock price behavior, in contrast to the new paradigm of dynamic efficiency with changing 
patterns of stock price movement predictability proposed by Campbell et al., (1997), Lo 
(2004) and Lim and Brook (2011). 
 
The notion of stock price predictability, and how the predictability of stock prices changes 
in a dynamic fashion based on market conditions and behavioral biases can be potential 
valuable information when determining active versus passive investments. Previous studies 
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of random walks and the EMH is ambiguous as Titan (2015) notes. Previous studies 
examining the AMH validity have been conducted on major stock indices worldwide and in 
accordance with Lo (2004) where each eco system is unique, Urquhart and McGoarty (2016) 
find that different market conditions have different implication in different markets (eco 
systems) investigated. Therefore, each market should be evaluated individually based on the 
unique circumstances.  
 
Sweden is a country with a high level of investments in stock funds (active and passive), yet 
there is lack of research on market efficiency generally, and specifically on predictability of 
stock prices beside Frennberg and Hansson (1993) who evaluate random walks on the basis 
of the all-or-nothing condition. Furthermore, because each market show different patterns 
of stock return predictability based on different market conditions; it is highly relevant to 
investigate how patterns of stock return predictability have fluctuated over time in a Swedish 
context and to evaluate what market conditions driving these patterns from the AMH lens. 
To our knowledge, this has not been done previously.  
 

1.3 Purpose 

The purpose of this study is to investigate the AMH empirically in a Swedish context by 
looking at stock price return predictability between 1986 and 2014 through tests of linear 
and nonlinear independence of daily stock price movements. In contrast to previous studies 
on the Swedish market, we will use two year moving monthly subsample windows to evaluate 
time-varying return predictability over the 28-year period. Furthermore, we will also 
investigate the market conditions driving the dynamic of stock return predictability.  
 
This study complements previous research regarding the AMH in a global context by 
providing insights of how the Swedish OMXS30 stock index have behaved historically. To 
our knowledge, this is the first study evaluating the Swedish stock market through the lens 
of the AMH. 
 
Our hope is to provide fruitful insights to Swedish investors aiming to understand stock 
price predictability when conducting technical analysis by considering the market conditions 
driving stock return predictability. 
 
 

1.4 Thesis Outline 

This paper is structured on seven chapters. The Introduction will present the overall 
background to the Adaptive Market Hypothesis, as well as the problem formulation and the 
fundamentals of this research in the purpose section. 
 
Chapter two presents the frame of reference with the theoretical background underlying the 
Adaptive Market Hypothesis as well as empirical methods and previous work in the field. 
Chapter three presents the data collection procedure as well as choices of methodology and 
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step by step description on how the tests of linear and non-linear independence are executed. 
Chapter four presents the empirical findings from the tests in a concise manner. Chapter five 
provides an analysis of the results and chapter six consist the concluding remarks and the 
summary of the work, which will fulfill the purpose of this research. Chapter seven consist a 
section with further discussions where limitations of this research, as well as implications for 
stakeholders and recommendation for furthers research are brought to light. 
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2.   Frame of Reference 

_____________________________________________________________________________________ 
This chapter present the most important research regarding the Adaptive Market Hypothesis in order to help the reader 
to better understand the empirical findings and the analysis in the following chapters.  
______________________________________________________________________ 

2.1 Adaptive Market hypothesis  

Previous researchers (Lo, 2004; Lo, 2005 and Lim and Brook, 2011) view the EMH as an 
inaccurate model to explain the financial market based on the notion of convergence of 
market efficiency in equilibrium as an all or nothing phenomenon. According to Campbell et 
al. (1997) it is likely that relative inefficiency occurs in the market based on different market 
conditions and according to Lim and Brook (2011) market efficiency varies over time. 
Therefore, a perfectly functioning market is impossible to achieve and Grossman (1976) and 
Grossman and Stiglitz (1980) argues that markets cannot be perfect because if the prices 
reflected all available information, the traders would have no incentive to obtain costly 
information. If the market was perfectly efficient over time, there would not be a reason to 
trade and the market would therefore collapse in the end. Since perfectly efficiency seems to 
be impossible to achieve ever since Campbell, Lo and MacKinlay (1996) suggested the 
concept of relative efficiency, a shift in the research focus has occurred, from the testing all-
or-nothing concept of absolute market efficiency to measuring the degree of market 
efficiency.  
 
The ongoing debate regarding the EMH, which was first introduced by Fama (1970) is 
permeated by arguments from behavioral finance scholars around the underlying assumption 
of the EMH, and foremost the rationality perspective of investors. Barberis, Shleifer and 
Vishny (1998) note that the EMH assumes that investors behave with extreme rationality. 
However, scholars of behavioral finance shed a light on different behavioral theories found 
in investors that counter the underlying rationality assumption of the EMH such as prospect 
theory (see Kahneman and Tversky, 1979) and regret theory (see Lommes and Sugden, 1982) 
as well as under-reaction and overreaction to certain news (see Hong and Stein, 1999). 
Furthermore, Lo (2004) elaborate on the concept of behavioral biases based on the concept 
of bounded rationality by Simon (1955). The idea is that individuals have suboptimal 
behaviors based in a heuristic approach where decisions are made based on satisfactory 
aspects rather than rational optimality. The gist of the rationale is that investors make 
relatively optimal decisions in the context and through trial and errors, optimal behaviors 
evolve over time based on the market conditions. This lead to situations where behaviors 
can be suboptimal taken out of context, but these same behaviors are optimal in the 
individual environment in which they are based. Given the sociological backdrop of the 
EMH debate, an alternative approach may be necessary instead of the traditional deductive 
approach of neoclassical economics bounded by rationality for optimization. The new 
direction implements evolutionary principles to financial markets and was proposed by 
Farmer and Lo (1999) and Farmer (2002). Lo (2005) argues that convergence to equilibrium, 
which is central to the EMH, is neither likely to occur or guaranteed at any point in time. By 
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definition, it is incorrect to assume that the market must move toward an ideal equilibrium 
state or perfect efficiency. Instead, the new paradigm implies more complex market 
dynamics, such as cycles, trends, bubbles, crashes, manias and other phenomena that occur 
in the financial market have an implication of market efficiency (as defined by the EMH 
scholars) or stock market behavior and predictability (as defined by the new paradigm) (Lo, 
2005). 
 
Ever since the idea of viewing financial markets from a biological perspective was originated 
by Farmer and Lo (1999) as one of the frontiers of research in finance, Lo (2004) came up 
with the Adaptive Market Hypothesis, which has been described as the new paradigm that 
reunites the Efficient Market Hypothesis with scholars of behavioral finance. The new 
framework is based on well-known principles of evolutionary biology- competition, 
mutation, reproduction, and natural selection. Lo (2004) argues that individuals learn from 
previous experiences in a heuristic approach based on previous negative or positive 
reinforcements, and that behaviors evolved through this approach may be optimal or 
suboptimal if the environment changes, in which behavioral biases occurs because a 
previously relatively optimal behavior is now suboptimal in the new environment, or 
maladaptive. Furthermore, market efficiency is defined by the size of the ecology (the market) 
and the species in the ecology (market participants, i.e., mutual funds, banks, private 
investors). 
 
In the AMH framework, the EMH may be considered as a “frictionless” ideal; it would exist 
if there were no capital market imperfections such as transactions costs and taxes as behavior 
biases. Lo (2012) argues that the EMH cannot be consider as an incorrect model, rather an 
incomplete framework. 
 
Psychological biases, non-optimal behavior leading limits to arbitrage as well as the 
characteristics of the market microstructure and the existence of market imperfections are 
potential factors that can give rise to periods of departure from market efficiency. In the 
presence of real-world imperfections, the laws of natural selection determine the evolution 
of markets and institutions (Lo, 2005). Furthermore, even if the AMH has an abstract and 
qualitative nature, it offers practical implications for portfolio management.  
 
The equity risk premium is connected to the risk reward relationship. This relationship is 
defined by the size of the market and the preferences market participants varies over time. 
Under the AMH, the aggregated preferences of market participants are constituted by the 
individual preferences of market participants. These preferences are shaped by natural 
selection. Due to the evolutionary aspect of the AMH, these preferences therefore change, 
and so does the risk reward relationship and therefore the risk premium profile. Therefore, 
history have an effect of current risk profiles based on the evolution of market participants. 
Given that some participants exit the market due to losses, new participants enter with 
different risk profiles and therefore stock prices can go through cycles of predictable patterns 
and unpredictable patterns (Lo, 2004). 
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The same evolutionary backdrop to the exit and emergence of new species, or market 
participants if one prefers, in the financial markets explains how arbitrage opportunities arise 
from time to time. Market conditions and the exit and entering of new species result in 
situation of complex market dynamics where arbitrage opportunities emerges and becomes 
exploited before disappearing again. In contrast to the EMH, the AMH emphasizes these 
dynamics as evidence for periods of stock return predictability when it is possible to beat the 
market. This view is shared by Kent and Timan (1999) who highlight the possible co-
existence of behavioral finance and the EMH by introducing the expression adaptive 
efficiency. In adaptively efficient markets, profit opportunities do arise in historical data, but 
if investors learn from the past price history, these profit opportunities will gradually erode 
through time (Lo, 2005).  
 
According to the AMH, investments undergo cycles of inferior and superior performance in 
response to changing business conditions, the adaptability of investors, and the number of 
competitors in the industry and the size of profit opportunities available. The evolution of 
markets and financial technologies and “survival of the richest” is eventually the only aspect 
that matters (Lo, 2005 and Lo, 2012). Therefore, market efficiency is expected to adapt over 
a longer period in cyclical patterns due to changes in macro institutions, market regulations 
and information technologies (Kim, Shamsuddin and Lim, 2011). Therefore, the aspect of 
cyclical nature in regards to market efficiency contrasts with the classical the EMH, which 
assumes market efficiency based on convergence in information symmetry reflected in asset 
prices (Butler and Kazakow, 2012 and Campbell et al., 1997). The implications for testing the 
AMH empirically is two folded. First, market efficiency fluctuates over time, and secondly, 
market efficiency is governed by market conditions (Kim et al., 2011) 
 

2.2  Testing of AMH 

2.2.1 Linear Independence 

The AMH have been tested previously through two different approaches to make 
conclusions about the cyclicality of market return predictability; these are linear and nonlinear 
tests of dependence (e.g., Kim et al. 2011; Urquhart and Hudson, 2013 and Urquhart and 
McGoarty, 2016). Linear tests have been used empirically to test for autocorrelation in time 
series market returns. To test the cyclicality of predictability of the market returns, the linear 
independence test should be complemented by a nonlinear independence when testing the 
AMH empirically (Butler & Kazakov, 2012). The reason to use both test statistics is due to 
the non-stationary nature that often can be observed in market returns; non-linear tests of 
independence can intercept predictability patterns where classic statistical auto regression 
models fail (Cont, 2010).  The use of linear models is a measurement of serial linear 
correlation and it has historically been used to test the random walk theory (Hoque, Kim, & 
Pyun, 2007).  Kim et al. (2011) and Urquhart and McGoarty (2016) use the automatic variance 
ratio test by Lo and MacKinlay (1988) when testing for linear dependence for market returns.  
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The variance ratio test brought to the research by Lo and MacKinlay (1988) is applicable for 
every difference in holding periods. However, previous work on stock market predictability 
uses market observations for several holding periods, so the VR test by Lo and MacKinlay 
can be inconvenient. Therefore, Urquhart and McGoarty (2016) uses a joint test by Chow 
and Denning (1993) which is based on the standard variance ratio test. This test considers 
multiple holding periods and only take into account the maximum autocorrelation, in 
absolute terms, in a set of multiple holding periods. 
 
The pitfall with the VR test is that stock returns are assumed to be identically and 
independently distributed (Henceforth, i.i.d) N(0,1) based on asymptotic theory and ignores 
unknown conditional heteroscedasticity in small samples. This could lead to underestimation 
of uncertainty of the estimations (Kim, 2006). To overcome this problem, Kim (2006) 
proposed a wild bootstrapping method based on the VR by Lo and MacKinlay (1988) and 
the joint test by Chow and Denning (1993), which have been used by Urquhart and 
McGoarty (2016) and Kim et al. (2011) as statistical inference to approximate the distribution 
of variance in the market returns and improve the small sample properties of variance ratio 
tests. The p-values from the bootstrapped distribution is then used to make estimations of 
tests.  
 
Empirically, researchers use non-parametric tests for linear independence to complement the 
variance ratio test by Lo and MacKinlay (1988). Kim et al. (2011) use a non-parametric test 
for linear independence, the automatic Portmenteau test by Escanciano and Lobato (2009), 
which is based on the modified Box-Pierce Q test. The benefit with this test compared to 
the variance ratio test by Lo and MacKinlay (1988) is that this test follows a chi-square 
distribution with one degree of freedom, it is robust in the presence of unknown conditional 
heteroscedasticity and do not assume asymptotic normality. Hence, the need of 
bootstrapping is removed (Lobato, Nankervis, & Savin, 2001). Urquhart and McGoarty 
(2016) use two non-parametric tests by Wright (2000) which are based on signs and ranks. 
The tests use ranks and signs and reduce the problems with biased as well as skewed samples 
(Urquhart & McGoarty, 2016). The sign-test is robust against conditional heteroscedasticity 
and the rank-test have a low-size distortion under conditional heteroscedasticity. 
Furthermore, Charles et al. (2009) note that the non-parametric tests by Wright (2000) 
increase the small sample properties so that there is no need to resort to asymptotic theory 
or use wild bootstrapping by Kim (2006). 
 
 

2.2.2 Nonlinear Independence 

The backbone of the AMH is the cyclical nature of market efficiency as opposed of the 
classic view of convergence in equilibrium of market efficiency, and the episodic nature of 
market efficiency between mature and emerging markets (Butler and Kazakov, 2012; 
Campbell et al., 1997)  
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Testing for the cyclical nature of market efficiency has been done empirically through 
statistical tests of nonlinear independence. Brock, Scheinkman, Dechert and LeBaron (1996) 
proposed the BDS test, which can be applied to estimate nonlinear independence for 
residuals. The BDS test has the power to identify many alternatives in an i.i.d process, for 
example, linear independence, non-linear dependence, and chaos (Brock et al., 1987; Brock 
et al., 1996). Urquhart and McGoarty (2016) conduct such a test to check for nonlinear 
predictability in stock markets. However, to remove linear correlations in the model, they fit 
an AR(p) model to the data determined by an optimal lag length using Ljung-Box Q-statistics. 
Furthermore, they fit an ARCH model to check for nonlinear independence derived from 
the conditional heteroscedasticity. For financial returns it is a generally accepted rule that 
most of the nonlinear independence are due to conditional heteroscedasticity and Lim and 
Hooy (2013) argue that this can be captured by an ARCH-type model, typically through an 
ARCH-LM test. Thus an AR-GARCH process have empirically been fitted to the data 
(returns). The method used by Urquhart and McGoarty (2016) is that the returns are filtered 
through this process before testing for non-linear independence through the BDS test. The 
BDS statistics test the null hypothesis that the data generating processes are i.i.d, while the 
alternative hypothesis is that the model is misspecified. 

 

2.3 Previous findings 

Kim et al. (2011) evaluate the return predictability and its cyclical nature based on the DJIA 
index from 1900 to 2009. They evaluate the adaptiveness of the stock index using three 
methods. The automatic variance ratio, based on the variance ratio test, and the non-
parametric automatic portmentau test to evaluate if there is linear independence over time 
(autocorrelation). A generalized spectral test is used to test for nonlinear independence over 
time. They find that the predictability of stock returns varies over time and is dependent on 
market conditions, a conclusion in parity with the theoretical framework of Lo (2004) who 
argues that behavioral biases are contextual and that investors adapt in the market 
environment based on different market conditions. Kim et al. (2011) test the implications of 
this for how predictability depends on different market conditions by using dummy variables 
for economic bubbles, stock market crashes and economic or political crises1 and regress 
them against the degree of returns predictability. They find that return predictability is 
governed by changing market conditions. No return predictability is found during market 
crashes while a high degree of predictability was found during economic and political crises.  
 
Urquhart and Hudson (2013) look at the adaptiveness of market efficiency and time-varying 
predictability of three global sto ck markets in the US (DJIA), UK (FT30) and Japan 
(TOPIX) through 5-year subsamples. The varying predictability and dynamic efficiency is 
based on tests for independence and efficiency is then evaluated based on the criteria that 
the market demonstrates efficiency or moving towards efficiency (inefficiency) if there is a 
                                                             
 
1 For a detailed list of historical events, see “Stock return predictability and the adaptive markets hypothesis: 
Evidence from century-long U.S. data” by Kim et al. (2011). 
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reduction of historical dependency (increase in dependency). A market is defined as adaptive 
when it has moved through three stages of dependence. Furthermore, the market is defined 
as inefficient when there is no independence in returns throughout the sample. Variance ratio 
test were used in this study together with runs test to check for linear independence and 
McLeod Li test, Engle LM test as well as BDS test to check for nonlinear independence. The 
conclusion made from this study is that all three stock indices shows market adaptiveness in 
accordance with the AMH. In contrast to Kim et al. (2011) they do not evaluate relationships 
between stock return predictability and market conditions.  
 
However, Urquhart and McGoarty (2016) regress certain market conditions to the return 
predictability, similarly to Kim et al. (2011). Instead of examining specific events, an 
evaluation is made on market conditions based on times of bullish, bearish and normal 
market returns. They examine the AMH on four stock indices (S&P500, FTSE100, 
NIKKEI225 and EURO STOXX 50) between 1990 and 2014, using fixed-length moving 
subsamples. One dimension is added in the analysis of Urquhart and McGoarty (2016) 
compared to the study of Kim et al. (2011) since they not only evaluate market conditions to 
stock return predictability patterns, but also evaluate this relationship in different markets. 
They find that return predictability changes over time for each market, in line with AMH and 
in contrast of the all-or-nothing view of return predictability and market efficiency under the 
EMH, as highlighted by Campbell et al. (1996) and Butler and Kazakov (2012). The 
distinction between bull markets, bear markets and normal markets is based on the definition 
of Klein and Rosenfeld (1987). They find that different markets show different predictability 
patterns based on different market conditions. E.g., S&P 500 show patterns of return 
predictability during times of market decline and a low level of return predictability during 
times of bullish markets. EURO STOXX 50 shows opposite patterns with a significantly 
high level of return predictability during times of positive returns as well as bullish markets. 
Thus, the main point brought to the research by Urquhart and McGoarty (2016) is the 
relationship between return predictability and market conditions is unique to each market 
and must be evaluated separately.   
 
Charles, Darne and Kim (2012) examine the AMH on major foreign exchange rates using 
automatic variance ratio tests based on the wild bootstrap by Kim (2006). In parity with the 
AMH they find that foreign exchange rate predictability goes through period of predictability 
and non-predictability. Furthermore, they evaluate different market conditions and draw the 
conclusion that major events such as coordinated central bank interventions and financial 
crisis occurs simultaneously when foreign exchange rate show patterns of predictability. 
However, they fail to test this statistically in contrast to Kim et al. (2011) and Urquhart and 
McGoarty (2016) and note that there is no direct test proposed to test the market condition 
implication of AMH (as of 2012).  
 
Zhou and Lee (2013) look at the US REIT market and find that certain market conditions 
have an impact on return predictability. Opposed to the findings of Urquhart and McGoarty 
(2016) they find that periods of high volatility are closely related to periods of return 
predictability. 
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3.   Method 

_____________________________________________________________________________________ 
The first section explains the data collection procedure. In the second section, the methodological approach will 
be presented and an explanation for why it has been chosen for this study.  
______________________________________________________________________ 

3.1 Data Gathering 

Daily adjusted closing prices are gathered from OMX Nordic for the OMXS30 stock index 
between October 1986 and October 2016. Figure 1 presents the daily adjusted closing prices 
for the OMXS30 stock index.  
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Figure 1 - Adjusted closing prices of OMXS30 between October 1986 and October 2016 

 
It is evident that there is a significant pattern for the OMXS30 stock index where there are 
two sharp increases in the price. The first one occurs in 1999 before the dot-com bubble, 
followed by a steep decline after the bubble. The second increase occurs up to the subprime 
mortgage crisis where a steep decline occurs between 2007 and 2009. The market has been 
steadily growing after the subprime crisis up to date, with the exception of a decline after 
2011 and 2014. 
 
We calculated the logarithmic return based on the adjusted closing prices using the natural 
log difference; 
 
𝑟" = ln 𝑃" − ln	  (𝑃"*+)                                                                                                     (1) 
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Where 𝑃" and 𝑃"*+ are the closing prices at t and t-1. In Figure 2 are the returns between 1986 
and 2016 presented. 
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Figure 2  Stock price returns (log difference) of OMXS30 between October 1986 and October 2016 

 
The returns are more volatile during the dot-com bubble and the subprime crisis with 
additional spikes in 1988, 1990, 1991, 1993, 2012 and 2016.  
 
Residual diagnostics were done to check for heteroscedasticity and normality, the descriptive 
statistics are presented in Table 1.  
 

 

Table 1- Descriptive statistics of the daily returns of the OMXS30 Index. ***, **,* indicate significance at 1%, 
5% and 10% respectively. The same notation applies to subsequent tables. 

 

Descriptive	  Statistics
Observations 7653
Mean 0,000330493
Standard	  Deviation 0,01451831
Kurtosis 4,439498738
Skewness -‐0,003740817
Jarque	  Bera 	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  6270.94***
ARCH	  (10) 	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  121.2304***
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3.2 Sampling 

The tests for linear and nonlinear independence were conducted using a moving window 
approach for monthly predictability using daily returns, the benefit of utilizing a moving sub-
sample window approach is to capture time-varying return predictability (Charles et al., 2012). 
The window length applied was two years based on the approach of Urquhart and McGoarty 
(2016), which is based on daily returns with a rolling window of approximately 500 
observations each. E.g. when checking for predictability for each month, the first window 
stretches from October 1986 to October 1988, the second window from November 1986 to 
November 1988 continuing in the same manner throughout the whole sample.  

 

3.3 Methodology 

3.3.1 Linear independence  

When testing for linear independence, the variance ratio test by Lo and MacKinlay (1988) 
will be used as this test has been used empirically to test return predictability based on the 
AMH (see Urquhart and McGoarty, 2016 and Kim et al., 2011). The statistics test if a stock 
price follows a random walk and is based on the notion that, under random walk, the return 
variance should be approximately equal to the return horizon (Frennberg and Hansson, 
1993), in which case the variance of the kth period return equals k times the variance of the 
one period return and can be written as2: 
 
𝑉𝑅 𝐾 = 	  𝜎12 𝑘𝜎2 (2) 
 
Which is the variance ratio for return 𝑟" (t = 1, 2... T), and the holding period k. period with 
a sample size of T and can be written as; 
 
4
56 78978:4…978:6*1< =5

8>6
4
5 (78*<)=5

8>4
                                                                                                   (3) 

 
 
Where 𝜇 is the mean, the numerator is the kth period return variance and the denominator 
is k times the one period return variance of the. VR(K) can be rewritten as; 
 

VR 𝑘 = 1 + 2 1 − E
1
𝜌(E)

1*+

EG+
                                                                                      (4) 

 

                                                             
 
2 We use the conventional choice of holding periods (k = 2 4 8 16) 
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Where 𝜌(E) is the autocorrelation of 𝑟" of order j. The variance ratio equals one plus the 
weighted sum of autocorrelation coefficient for asset returns with higher weights in the near 
past and smaller weights in the far past. The null hypothesis for the variance ratio test is that 
VR(k) = 1 (𝜌(E)= 0), no autocorrelation and therefore a random walk process of stock prices. 
Furthermore, values above one indicate positive serial correlation and values below one 
indicate negative serial correlation. 
 
The test statistics for the null hypothesis that VR(k) = 1 can be tested under assumption of 
homoscedasticity (i.i.d hypothesis) which is given by: 
 

 𝑀+ 𝑘 = 	   IJ 7;1 *+
L(1)4/=

                                                                                                                (5)  

 
Where the asymptotic variance 𝜙(𝑘) estimator is given by; 
     

𝜙 𝑘 = 	   2(21*+)(1*+)
O1

                                                                                                             (6) 
 
However, Lo and MacKinlay (1988) also proposed a robust test statistic for conditional 
heteroscedasticity in stock returns. The statistic for the null hypothesis that VR(k) = 1 is 
given by; 
 

 𝑀2 𝑘 = 	   IJ 7;1 *+
L∗(1)4/=

                                                                                                               (7) 

 
𝑀2 𝑘  Follows the standard normal distribution asymptotically. The asymptotic variance  
𝜙∗(𝑘) is now given by; 
 

	  𝜙∗ 𝑘 = 2 1*E
1

2
𝛿E1*+

EG+                                                                                                     (8) 

 
𝛿E = (𝑟" − 𝜇)2(𝑥" − 𝜇)2S

"*E9+ (𝑟" − 𝜇)2S
"G+

2                                                         (9)  
 
Given the significant presence of ARCH effects in our sample (see Table 1) we will use the 
robust heteroscedasticity test statistic to test for linear independence. The variance ratio test 
is useful for individual holding periods (k). However, to make assumptions about 
predictability for multiple tests Chow and Denning (1993) proposed a joint test for all k 
tested, in a multiple VR test, which we will use to test for linear independence in our sample. 
The CD test statistic only consider the maximum absolute value of the individual VR(k) in a 
set of m individual tests and is given by; 
 
𝐶𝐷2 = 𝑇 max

+ZEZ[
𝑀2(𝑘E)                                                                                                       (10) 
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The assumption of asymptotic normality in returns could lead to underestimation in 
uncertainty of estimations in small samples (Kim, 2006). Therefore, Kim (2006) propose wild 
bootstrapping as a statistical inference to approximate the distribution of market returns and 
improve small sample properties. In the wild bootstrapping procedure, the original data is 
weighted by a random number achieved through a Monte-Carlo simulations of a population 
of normally distributed numbers with mean 0 and variance 1. The new data derived from the 
bootstrapped distribution is then used in the test statistics. The bootstrapped p-values are 
computed by the fraction of replications falling outside the significance bounds and is used 
to make assumptions about the test statistics (Urquhart and McGoarty, 2016; Kim et al., 2011; 
Kim, 2006). 
 
The non-parametric test for linear independence by Wright (2000) based on the VR test by 
Lo and MacKinlay (1988) will be used in the same approach as Urquhart and McGoarty 
(2016) to complement the CD joint statistics. This is done because these test are non-
parametric and has a high power against conditional heteroscedasticity.  
 
The rank tests are based on the M1(k) test statistics (Eq. 4). The rank series is based on 
standardized ranks (r1t) and van der Waerden scores (r2t), both with mean 0 and variance 1, 
and are defined as; 
 

𝑟+𝑡 = (𝑟 𝑟" −	  S9+
2
)/ (S*+)(S9+)

+2
                                                                                       (11)           

𝑟2𝑡 = 	  𝜙*+(r (r	  ")/(T+1))                                                                                                  (12) 
 
Where 𝜙*+ is the inverse of the standard normal cumulative distribution. The rank-based 
variance ratio tests for standardized ranks (R1(k)) and van der Waerden scores (R2(k)) will 
constitute Eq. 3 with 𝑟+𝑡 and 𝑟2𝑡 in place of the original data (𝑟"). Rj(k) is subsequently 
defined as; 
 
4
56 7]897]8:4…97]8:6^4

=5
8>6

4
5 7]8=5

8>4
                                                                                                  (13) 

 
For R1(k) and R2(k)3. Eq. 13 is the in place for VR(r;k) in eq. 5 when computing the M1(k) 
test statistics as follows; 
 

Rj 𝑘 = 	  
1
𝑇𝑘 𝑟𝑗𝑡+𝑟𝑗𝑡−1…+𝑟𝑗𝑡−𝑘+1

2𝑇
𝑡=𝑘

1
𝑇 𝑟𝑗𝑡2𝑇

𝑡=1

2(21*+)(1*+)
O1

                                                (14)  

 

                                                             
 
3 Note the assumption of zero mean removing it from Eq.3. 
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The null hypothesis for the joint rank test is that the returns rt are i.i.d and that the rank (r(rt)) 
is a random permutation of numbers 1,2….T in the sample. The joint test for the rank 
variance ratio is given by; 
 
𝑍𝑅(𝑚) = max

+Z1Z[
𝑅+(𝑘)                                                                                                  (15) 

 
And test for autocorrelation of the absolute max value of the different holding periods in the 
test in the same way as the CD statistics, this time using ranks. 
 
The sign test is given by; 
 

𝑆E 𝑘 =
1
𝑇𝑘 𝑠𝑗𝑡+𝑠𝑗𝑡−1…+𝑠𝑗𝑡−𝑘+1

2𝑇
𝑡=𝑘

1
𝑇 𝑠𝑗𝑡2𝑇

𝑡=1

2(21*+)(1*+)
O1

	                                                              (16) 

 
Where 𝑠" = 2𝑢(𝑟", 0) and 𝑢(𝑟", 0) is ½ given positive returns and -1/2 otherwise. The sign 
statistics is then tested for the maximum absolute value of 𝑆E 𝑘  in a joint variance ratio test; 
 
𝑍𝑅(𝑚) = max

+Z1Z[
𝑆+(𝑘)                                                                                                                    (17) 

 

3.3.2 Non-linear independence 

Brock, Dechert and Scheinkman (1987) introduced the BDS test. The test is widely used as 
a non-parametric test for serial independence and nonlinear structure in stock returns. The 
null hypothesis is that the data generating processes need to be i.i.d, otherwise there is an 
indicator for a misspecified model (Brock, Dechert and Schieinkman, 1996). Given a sample 
of i.i.d. observations, (𝑟" = 1, 2… T), Brock et al. (1996) shows that;  
 

𝑊[,i 𝜀 = 𝑛 Sl,m	   n
Il,m	  	   n

                                                                                                          (18) 

 
Where Wm,n(ε) is the BDS statistic, m is the number of the embedding dimension, T is the 
sample size and the maximum difference between pairs of observations counted in 
computing the correlation integral. The difference between the pairs of observation is 
measured by the metric bound (ε). Tm,n(ε) is the difference between the dispersion of the 
observed data series in a number of spaces, with the dispersion that an i.i.d. process would 
generate in these spaces and is defined as Cm,n(ε) – C1,n(ε)m. The i.i.d. process has an 
asymptotic normal distribution with zero mean and variance V2

m(ε).  
 
Hsieh (1991) points out that a rejection of the null hypothesis of i.i.d. can be influenced by 
any structural changes in the data series. It is common to split up the existing sample period 
and examine smaller moving subsamples individually to capture time-varying predictability 
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(Charles et al., 2012). Deciding the values of ε and m is arbitrary. If ε has a very small value, 
it will capture too few points. Patterson and Ashley (2000) points this out and argues that 
small sample properties of the BDS test reduces as m increases. According to previous 
findings in the literature, ε and m will be a fixed number in proportion to the standard 
deviation of the data. We follow the approach of Urquhart and McGoarty (2016) and set m 
at 2, 3, 4 and 5. The implication of testing the null hypothesis is that we test for nonlinear 
independence in terms of nonlinear non-predictability of stock returns. The joint p-value 
that this test is based on is the mean of the p-values from the BDS test generated from the 
chosen m values and will be used to accept (no return predictability) or reject the null (return 
predictability). 
 
When testing for nonlinear independence in returns, all linear correlations need to be 
removed, which means that the returns need to be whitened, otherwise the result from the 
model will be misleading. To remove the linear correlations in practice, a suitable AR(p) 
model for the data is used together with optimal lag length determined when the standardized 
residuals are no longer correlated through the Ljung Box Q-statistic up to 10 lags, (See 
(Urquhart & McGoarty, 2016)4.  Since it has been proven that BDS tests have high power 
against ARCH and GARCH models, where the conditional variance enters nonlinearity, the 
returns and its standardized residuals are fitted with an AR-GARCH (1,1) model to test for 
i.i.d. using the BDS test as follows; 
 
𝑟" = 	  𝛽p +	   𝛽q

r
"G+ 𝑟"*+ + ε"                                                                                              (19) 

ℎ" = 	  𝛼p + 𝛼+ℎ"*+ +	  𝛼2ε"*+2                                                                                              (20) 
 

Where 𝑟" is the return series, ε" is the residual of the mean, and ℎ" is the conditional variance 
of the residuals.  The natural logarithm of the squared standardized residuals, log (ζt

2) (ζ = 
εt/√ht) are subsequently subject to the BDS test. Hence, if the BDS test find significant 
independence when testing the AR-GARCH filtered returns; we can conclude nonlinear 
independence in stock return and assume non-predictable returns (Urquhart & McGoarty, 
2016). 
 

                                                             
 
4 The residuals were whitened when the lag length 1 was chosen for an AR(1) process. 
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4.   Empirical Findings 

_____________________________________________________________________________________ 
This chapter presents the empirical findings obtained from the statistical tests. This chapter is divided into two 
parts. The first section examines the time-varying predictability. The second section examines the regression 
between return predictability and market conditions. 
______________________________________________________________________ 

4.1 Time-varying predictability  

Figure 3 presents the p-values over time from the variance ratio test through a two-year 
moving subsample analysis for the OMXS30 between October 1986 and October 2014. P-
values below than or equal to the 0.1 and 0.05 levels indicate statistical significance to reject 
the null hypothesis of non-predictability of stock returns on the 10% and 5% level and to 
support the alternative hypothesis of predictability on stock price movements. 
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Figure 3  P-values over time from the Chow and Denning test statistics 

 
Throughout the sample, the p-values generated are overall insignificant indicating 
unpredictable stock price movements on OMXS30 stock index. However, there is one period 
between July 1988 and July 1994 (with exception of November and December 1988, October 
1990 and April, September and December 1993) when the p-values are significant indicating 
a predictability in the stock price movements. There are significant p-values (on the 10% 
level) in November 1987, January and March 2004, February through May 2006, October 
2006, February, March and June 2009 and there is one occasion in September 2011 when 
there is a significant p-value on the 5% level.  
 



 
 
 

 
 
 

19 

The CD test results for the OMXS30 stock index support the AMH given the changing 
patterns of periods of significant and insignificant p-values indicating periods of predictable 
and unpredictable patterns in the stock price movements.  
 
Figure 4 presents the p-values over from the variance ratio joint rank test through a two-year 
moving subsample analysis for the OMXS30 between October 1986 and October 2014. 
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Figure 4  P-values over time for the Joint Rank test statistics 
 
 
Lower p-values from the 1987 up till the beginning of the 1990s (up until 1993) are in parity 
with results from the CD joint test. However, the p-values are below 10% from October 
1986 to January 1993, with a majority of month below 5% significance level. This indicates 
an eight year period of return predictability according to the JR test. There are four periods 
of spikes when the p-values are high and close to 1, indicating a low level of return 
predictability. These occurs between February and May 1995, November 1995 to May 1996, 
December 1998 and February 1999 as well as August 2002 to September 2002.  Periods of 
low p-values 2003 (below 10%), 2005(below 10%), 2009(below 5%) and 2011(below 5%) 
provides evidence to reject the null hypothesis on the significance levels outlined, indicating 
a high level of return predictability on the OMXS30 stock index. 
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Figure 5 presents the p-values over from the variance ratio joint sign test through a two-year 
moving subsample analysis for the OMXS30 between October 1986 and October 2014. 
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Figure 5 P-values over time for the Joint Sign test statistics 

 
Lower p-values between October 1986 and April 1991 are in in parity with the CD test 
statistics as well as the JR test statistics. P-values are below the 5% significance level between 
November and December 1986, December 1986 and October 1990, December 1990 and 
February 1991, August 1996 and April 1997, July 1999 and January 2000, February 2001 and 
April 2001 as well as October 2007 and Mars 2009. The null is rejected on the 5% level for 
these periods, indicating that OMXS30 stock index returns shows patterns of return 
predictability. 
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Figure 6 presents the p-values over from the BDS test through a two-year moving subsample 
analysis for the OMXS30 between October 1986 and October 2014. 
 

 
The BDS statistics is significant from October 1986 to September 1992, March 1994 to May 
2001 and August 2003 to May 2012.  For these periods all the p-values are statistically 
significant at the 5% level and that indicate a nonlinear predictability in stock returns. From 
June 2001 to February 2002, November 2002 to June 2003, October 1992 to February 1994, 
and June 2012 to August 2013; all the p-values are insignificant and therefore the returns are 
deemed unpredictable. From the remaining data of this sample, September 2013 and till the 
end of 2015, all p-values are significant indicating unpredictable stock returns on OMXS30. 
The BDS test results shows that the OMXS30 stock index go through periods of 
predictability and unpredictability over the time, consistent with the AMH.   
 
 

4.2 Market Conditions  

The results presented in Figure 3 and Figure 4 provides evidence to support the AMH as a 
phenomenon since stock price movements goes through periods of both predictability and 
unpredictability. According to Lo (2004), these patterns of predictability and unpredictability 
should be governed by the eco-system and it’s species from an evolutionary perspective; or 
different market conditions from a strictly financial perspective. However, Lo (2004) does 
not identify these market conditions. Kim et al. (2011) identifies certain political crises, 
economic bubbles and stock market crashes while Urquhart and McGoarty (2016) have a 
wider perspective of governing market conditions and base the market conditions on Bull 

Figure 1 - P-values over time for the BDS test statistics Figure 6 P-values over time for the BDS test statistics 



 
 
 

 
 
 

22 

and Bear markets, as well as periods of normal upswings and market declines. As this is the 
first investigation of the AMH in as Swedish context, we believe that it is most fruitful to 
start in a bottom up approach when evaluating market conditions. Therefore, we will evaluate 
in a general matter if there is a relation between periods of Bullish and Bearish market 
behaviours (as well as normal upswings and declines) and stock price movements 
predictability, leaving for future research to identify specific historical events that could have 
potentially affected these relations.  
 
In accordance with the approach of Urquhart and McGoarty (2016), we base our definition 
of the different market conditions on the work of Fabozzi and Francis (1977). First, we 
define the moving windows with the same 24 month periods length as the moving 
subsamples which the variance ratio test and the BDS test are based on. Based on these 
moving windows, we calculate the average return and the volatility. The returns are multiplied 
by the number of observations and the volatility is multiplied by the square root of the 
number of observation in the moving subsample period.  
 
The sample is divided in two subsamples consisting of UP when the average return of the 
moving subsample (moving average) is positive and DOWN when the moving average is 
negative. The market is furthermore defined as substantial market mover (SMM) when the 
average return is larger than 0.5 times the volatility in the same period, in absolute terms. If 
the SMM is a negative return, the market is defined as bearish and if the SMM is a positive 
return, the market is defined as bullish. The market is defined as normal when it is not an 
SMM.  
 
 
Table 2 presents number of months characterized by the different market conditions. 

 

 

Table 2 - Number and frequency of months characterized by the different market conditions 

 
 
 
 
 
 
 
 
 
 
 

UP DOWN BULL BEAR NORMAL
269 95 205 44 115

73,90% 26,10% 56,32% 12,09% 31,59%
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The degree of predictability for the variance ratio test and BDS test as measured as the p-
values over the period based on the 24 month moving subsamples are regressed against a set 
of dummy variables representing the state of the market conditions (NORMAL, UP, 
DOWN, BULL and BEAR). The results of the regression are reported in Table 3. 
 
 

 

Table 3- Regression output of p-values from the different test statistics and the set of dummy variables for the 
different market conditions. *, ** and *** indicate statistical significance on the 10%, 5% and 1% level 
respectively. 

 
 
For the CD test statistics, the results show a strong significant positive relationship between 
the p-values and VOLATILITY periods, indicating a low level of stock return predictability 
during volatility periods. 

 

For the Joint Rank variance ratio test, the results show a significant negative relationship 
between the p-values and DOWN, BULL and NORMAL periods indicating a high level of 
stock return predictability during these periods. The significant positive relationship between 
the p-values and the VOLATILIY period indicate a low level stock return predictability 
during volatility periods.  

 

For the Joint Sign variance ratio test, the results show a significant positive relationship 
between the p-values and BEAR periods, indicating a low level of stock return predictability 
during bearish periods. The significant negative relationship between VOLATILITY periods 
and the p-values indicate a high level of stock return predictability during volatility periods. 

For the BDS test, the results show a significant positive relationship between BEAR periods 
and the p-values, indicating a low level of stock return predictability during bearish periods. 
The significant negative relationship between VOLATILITY periods and the p-values 
indicate a high level of stock return predictability during volatility periods.  

 

 

 

 

CD JR JS BDS
UP 0.4351 1.9168 (0.5279) 0.0641
DOWN 0.0569 (0.0560)* (0.1036) (0.0807)
BULL 0.0874 (1.3512)* 0.4626 (0.0626)
BEAR 0.0642 0.0334 0.1179** 0.0651*
NORMAL (0.4829) (1.0364)** 0.5159 (0.0620)
VOLATILITY 0.9244*** 0.7850*** (1.0345)*** (0.5713)***
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5.   Analysis 

_____________________________________________________________________________________ 
This chapter will provide the reader with a discussion about the empirical finding and how it relates to earlier 
studies and the purpose of this research.  
______________________________________________________________________ 
 
Overall, our findings regarding stock return predictability on the OMXS30 stock index are 
in congruence with Campbell et al. (1997) and Lo (2005) in regards with the cyclical behavior 
of stock return predictability and in support of the AMH for the OMXS30 stock index. 

  

Looking at Figure 3 through Figure 5, it is evident that patterns of high stock return 
predictability occurs in parity with three significant historical events; namely the early 1990s 
recession, the dot-com bubble as well as the subprime mortgage crisis in 2008. These results 
are in accordance with Lo (2005) who argue that complex market dynamics such as cycles, 
trends, bubbles and crashes create situations where previous rational of investors are taken 
out of its context and therefore situations of predictability occur. This could be due to 
overreaction and/ or under-reaction to news among investors, as Hong and Stein (1999) 
state. Furthermore, Lo (2005) also argues that investors learn from previous price 
information but that profit opportunities arise during these circumstances before they 
gradually erode again, which is evident from the results presented when looking how the 
stock return predictability for OMXS30 recover after times of low p-values (indicating return 
predictability). 

 

As can be seen in figure 6, presenting the BDS statistics, a cyclical pattern is found and this 
correspond to Lo’s (2005) assumptions for financial markets in general. Most of the time, 
the null hypothesis can be rejected which is an indicator for a non-linear predictability in 
stock returns. There are also periods of insignificant BDS statistics, and according to 
Urquhart and McGoarty (2016) it can be understood as indicators of predictable nature of 
the returns. The pattern in the figure can be associated to Campbell et al. (1997) and Lo 
(2004) assumptions regarding relative inefficiency that occurs dynamically in the market due 
changes in market conditions. Historically in Sweden, from 1986 to 2014, certain 
extraordinary events have occurred. Englund (2015) highlights the financial crisis between 
1990 and 1994, which had its largest impact on Sweden around 1993-1994. This occurs 
around the same time as a period of unpredictable stock returns between 1992 and 1994 (see 
Figure 6). A deviating pattern of stock return predictability between 2001 and 2002 occurs 
around the same time as the dot-com bubble which started 2000. 

 

Looking at Table 3 presenting the regression results of market conditions and stock return 
predictability for OMXS30 (measured as p-values) it is evident that the results are mixed 
depending on the statistical method used for linear (CD, JR and JS) and non-linear (BDS) 
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independence. The negative relation between VOLATILITY and return predictability for 
the BDS test and the JS test on the OMXS30 stock index is congruent with the findings of 
Urquhart and McGoarty (2016) who find that volatility periods on the stock markets 
evaluated (EURO STOXX 50, NIKKEI225, FTSE100 and S&P500) induce periods of high 
level of stock return predictability.  

 

However, the result presented for the JS and BDS tests in regards to the VOLATILITY 
periods are in contrast with the findings of Zhou and Lee (2013) who find that that periods 
of high market volatility have a negative impact on return predictability on the US REIT 
market. When we test the VOLATILITY period parameter in the CD and JR tests however, 
our findings become congruent with the evidence of Zhou and Lee (2013).  

 

We find evidence that DOWN periods have a significant impact on stock return 
predictability for the OMXS30 stock index (for the JS test) as opposed to findings of 
Urquhart and McGoarty (2016) who find that DOWN periods should be congruent with 
periods of low stock return predictability for the EURO STOXX 50 index.  

 

Looking at BEAR and BULL periods, the patterns from the results of the regression in Table 
3 is that BEAR periods are designated with low return predictability while BULL periods are 
designated with a high return predictability for the OMXS30 stock index. Comparing this to 
Urquhart and McGoarty (2016), they find that BULL periods are designated with a low return 
predictability for S&P 500, FTSE100 and NIKKEI225 while these periods are designated 
with a high return predictability for EURO STOXX 50. Furthermore, BEAR periods show 
mixed results in their study depending of which statistical test being used as well on which 
stock index being evaluated. Return predictability for the BEAR periods at the OMXS30 
stock index in our sample in congruent with the return predictability for BEAR periods at 
EURO STOXX 50 stock index in their study. This could be since the Eurozone and Sweden 
are closely linked geographically, financially and culturally. Looking at the frequency of 
bearish periods compared to bullish periods (12.09% and 56.32%) it is evident that bullish 
periods occurs more than half of the times throughout our sample. Going back to the 
fundamentals of the theoretical AMH model and behavioral finance scholar, Simon (1955) 
highlight the concept of bounded rationality and that individuals make satisfactory choices 
rather than optimal choices as opposed to the rationality assumption that underlies the EMH. 
An explanation of the predictability in stock returns during BULL periods could then be 
explained by these suboptimal behaviors when investors acts in a suboptimal way. Put 
differently; according to Lo (2004) behavioral biases, or suboptimal behavior, is rather an 
optimal behavior taken out of context. In this case, investors who behave optimal giving 
how they would during normal market conditions now have a suboptimal behavior given 
that the market is bullish, all these suboptimal behaviors combined leads to a situation where 
stock returns can be predicted and therefore open profit opportunities before they erode. 
Furthermore, our sample cover three major eras of financial instability (early 1990s recession, 



 
 
 

 
 
 

26 

the dot-com bubble in the end of the 1990s and the subprime mortgage crisis post 2008) 
which have could further induced the suboptimal behavior bias effect on stock price 
movements. The reason why our regression show that bearish periods are designated with 
periods of low stock predictability could be due to that investors tend to hold their pockets 
during these periods, limiting the effect on suboptimal behaviors in the stock price 
movements.  

 

Lastly, compared to the previous research in a Swedish context by Frennberg and Hansson 
(1993) who find that Swedish stock returns indeed are autocorrelated over time, our results 
show mixed results in terms of stock return predictability for the OMXS30 stock index. One 
reason is the convergence perspective taken by Frennberg and Hansson (1993) where they 
look at longer sample periods. As Charles et al. (2012) note, a moving subsamples approach 
enables to the researcher to capture time-varying predictability. The monthly moving 
subsample approach taken in this research has enabled us to capture the time-varying 
predictability in stock price movements on the Swedish stock market that might have been 
foreseen by Frennberg and Hansson (1993). 
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6.   Conclusion 

_____________________________________________________________________________________ 
This chapter will summarize the findings and the analysis of this study to answer the purpose. 
______________________________________________________________________ 
 
The purpose of this study was to examine the implication of the theoretical framework AMH 
by looking at stock return predictability on the OMXS30 stock index between 1986 and 2014, 
using daily data with rolling monthly two-year window subsamples. To test stock return 
predictability, we use three variance ratio tests for linear dependence; the Chow and Denning 
joint test, the joint sign test and the joint rank test. We also use the BDS test to check for 
non-linear independence. 

 

From the empirical results in this study, we find evidence that the stock return predictability 
on the Swedish stock market fluctuates over time in accordance with the AMH, opposed to 
previous the study on the Swedish market conducted by Frennberg and Hansson (1993) who 
find that stock returns in Sweden are positive autocorrelated in the short term and negative 
autocorrelated in the long term. Furthermore, we find that certain market conditions have 
implications for the stock return predictability depending on which test of linear and non-
linear independence being used. We find that periods of high volatility correspond to high 
stock return predictability using the BDS test and the JS test, while it corresponds to low 
level of return predictability using the CD and JR test. We also find that periods of bullish 
markets correspond to high level of return predictability using the JR test while bearish 
markets correspond to a low level of return predictability using the JS and BDS tests. 

 

Finally, our study is of importance for investors and the general public in understanding the 
behavior of the Swedish stock market in regards to time-varying return predictability and 
that profit opportunities will emerge depending on certain market conditions. Furthermore, 
as Urquhart and McGoarty (2016) note, each market has to be assessed individually due to 
the fact that different market behaves differently in accordance with the AMH. Therefore, 
this study contributes to the present knowledge of the AMH by complementing the growing 
plethora of research in the field, by adding the Swedish perspective. 
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7.   Further Discussion 

_____________________________________________________________________________________ 
This final chapter will discuss limitations of the study, further research areas and implication for stakeholders. 
______________________________________________________________________ 
 

7.1 Implications 

Our findings serve as an interest for Swedish investors as well as international investors 
investing in the Swedish stock market. As Urquhart and McGoarty (2016) note, each market 
has to be evaluated separately. To our knowledge, this is the first time that the Swedish 
market is evaluated on the basis of the AMH. The insights provided by our study highlights 
the issue of stock return predictability and how these patterns of predictability are governed 
by changing market conditions. Therefore, our findings are of special interest for investors 
pursuing active trading strategies on the OMXS30 stock index, given that stock return 
predictability leads to profit opportunities.  

 

7.2 Limitations 

Previous research of the AMH have used century long data to evaluate patterns of return 
predictability (see Urquhart and McGoarty, 2016; Kim et al., 2011; Frennberg and Hansson, 
1993). The aim of this study was to assess the Swedish market. While doing so, we faced the 
dilemma of evaluating the general index “Affärsindex”, which provides century long monthly 
data or evaluating the OMXS30 stock index including daily data from 1986. A resulting 
drawback is the potential of missing previous patterns of market conditions, before 1986, 
which could have had implications for the overall result. Furthermore, our smaller sample 
periods is steeped with extraordinary financial events (such as the early 1990’s crisis, the dot-
com bubble and the subprime mortgage crisis) which could be argued to put our sample 
period as an exception of normal circumstances. However, since we were evaluating time-
varying predictability as predicted by the AMH through moving subsample windows, 
monthly returns would have required a window length of approximately 10 years following 
the approach of Urquhart and McGoarty (2016) and Kim et al. (2011) which would have 
resulted in few moving windows and a spurious result. Even though we have a shorter sample 
period, we have utilized a higher number of moving subsample windows, therefore achieving 
a more reliable output for our analysis and sub sequentially for the stakeholders benefiting 
from the insights provided from this study. 

 

7.3 Further Research 

We have set the basis for the understanding of the underlying principles of the AMH in a 
Swedish context by evaluating what sort of basic market conditions (as defined by patterns 
on the stock market) that governs periods of predictability and periods of non-predictability. 



 
 
 

 
 
 

29 

A future topic to evaluate is the issue of specific historical events, such as different financial 
and political crises, having an impact on the Swedish financial market. This would be an 
important complement to our findings. We touched on this topic in the analysis but we 
believe that it would be fruitful to test this statistically similar to Kim et al. (2011) by evaluating 
specific events, relevant in a Swedish context, through dummy variable regression. This 
would further increase the understanding of the AMH in a Swedish context in terms of how 
stock return predictability is related to these specific events 
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