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Abstract

Abstract

This thesis consists of three studies examining the sources of momentum profits in equity
market. This thesis extracts from both risk-based and behavioural based theories in

searching for explanations to the existence of momentum payoffs.

Chapter 2 examines whether business cycle variables and behavioural biases can explain

the profitability of momentum trading in three major European markets — France,
Germany and the UK. Unlike previous studies, the chapter nests both risk-based and
behavioural-based variables in a two-stage model specification in an attempt to explain
momentum profits. The findings show that, although momentum profitability in
European markets is unexplained by conditional asset pricing models, it is attributable to
asset mispricing that systematically varies with global business conditions. In addition,

behavioural variables do not appear to matter much. Thus risk factors, which are

undetected thus far and are largely attributable to the business cycle, could explain the

momentum payoffs in European stock markets.

Chapter 3 examines whether limits to arbitrage, overconfidence, divergence in investors’
opinion, and risk factors can explain the persistence in momentum profits. The results
reveal that momentum profits: (i) are driven almost entirely by loser stocks that are
difficult to short; (i1) the investors’ inability to short-sell loser stocks defeats the original
theme of momentum trading that argues for a self-financing hedge portfolio and; (iii) the
persistence in momentum profits is caused by limits to arbitrage rather than investors
under-reacting to firm-specific information. Overall, momentum profits are caused by

mispricing due to limits to arbitrage and overconfidence, and divergence in opinion does

not play a role in overvaluation.




Abstract

Chapter 4 examines the role of analyst bias and uncertainty in explaining momentum
profits internationally. Momentum payoffs around the world are large and significant
among higher uncertainty stocks, decrease monotonically as uncertainty decrease. Within
each of the uncertainty group, the extreme winner and loser portfolios are among higher
analyst bias groups. The results suggest that analysts who are concerned for their
reputations report forecasts in favour with client’s beliefs and hence greater analyst bias
when there is greater uncertainty. The extreme winner and loser stocks continue to move
to same directions reflecting investors’ belief rather than the true set of information. In
addition, the findings show that by forming a momentum strategy that buys low
uncertainty winner and sells high uncertainty loser earns higher profits (includes most
Asian countries) than the Jegadeesh-Titman (1993) momentum strategy. Thus investment

strategies can be formed based on systematic behavioural biases among different groups

of market participants.



List of Contents

Abstract

List of Tables

List of Figures

Acknowledgements

1. Introduction

1.1 Efficient market hypothesis and the momentum anomaly
1.2 Asset pricing model |
1.3 No free lunch and limits to arbitrage

1.4 Behavioural explanations

2. Profitability of momentum strategies in international markets:

The role of business cycle variables and behavioural biases

2.1  Introduction
2.2  Momentum strategies and business cycle

2.2.1 Price momentum strategies

2.2.2 Business cycle model

2.2.3 Business cycle, known risk factors and firm characteristics

2.2.4 Behavioural characteristics and stock returns
2.3  The sample
2.4 The results

2.4.1 Price momentum

2.4.2 The role of predicted and stock-specific returns in momentum

2.4.3 The effects of conditioning on the state of the market
2.4.4 Decomposition of momentum profits

2.4.5 Time-varying risk premia and conditional model
2.4.6 Industry momentum

2.4.7 Intra-industry momentum

2.5 Conclusion

List of Contents

10

11

11
12
14
15

17

17
20
20

21
22

24
26
27

27
30

33
37
40
44
50
54



List of Contents

3. Limits to arbitrage, overconfidence and momentum trading

3.1  Introduction 55
3.2  Theories and hypotheses development 60
3.2.1 Miller’s overvaluation hypothesis 60
3.2.2 Limits to arbitrage and overvaluation 61

3.2.3 Interaction between short-sale constraints and

dispersion in opinion 62

3.2.4 Overconfidence and momentum profits 63

3.3  Data and methods | 64
3.3.1 Data 64
3.3.2 Residual institutional ownership (RIO) 65
3.3.3 Momentum trading strategies 63
3.3.4 Divergence in investors’ opinion (Disp) and trading volume (VO) 66
3.3.5 Analyst recommendations (Rec) . 66
3.3.6 Analyst forecast revisions (FRev) 67

3.4  Momentum profits, short-sale constraints and overvaluation 67

3.4.1 Short-sale constraints and gross returns from momentum trading 67

3.4.2 Short-sale constraints and excess returns from momentum trading 71

3.4.3 Divergence in opinion and excess returns from momentum trading 74

3.5 A test of DHS's overconfidence model and momentum profit 77
3.6  Cross-sectional regressions 83
3.7  Short sales constraints and the value premium 85
3.8  Conclusion 7

4, Analyst bias, uncertainty and momentum profits

4,1  Introduction | 88
4,2  Related literature and hypotheses development 92
4,2.1 Risk and uncertainty 92
4.2.2 BKLS measures of uncertainty and disagreement | 93
4.2.3 Behavioural theories . | 0§
4.2.4 Analyst bias | 06
4,2.,5 Creditrating in the US 08
4.3  Data and methods 99



List of Contents

4.3.1 Data sources and sample selection 99
4.3.2 Momentum strategies 100
4.3.3 Uncertainty and the divergence of opinion measure 100
4.3.4 Credit rating in the US 101
4,4  Empirical results 101
4.4.1 Summary statistics by country 101
4.4.2 Momentum profits by country - 103
4,43 A test of the gradual information diffusion model
of Hong and Stein (1999) 106
4.4.4 Dispersion in analysts’ forecast and momentum profits 108
4.4.5 Uncertainty and momentum profits 110
4.4.6 Diversity of analysts’ forecast and momentum profits 112
4.4.7 Uncertainty, analyst bias and momentum profits 114

4.4.8 Uncertainty momentum strategy vs. standard JT

momentum strategy 117

44,9 Credit rating in the US 120

" 4,5  Conclusion 124
5. Conclusion 126
6. References 131
Appendix 1 139
Appendix 2 140
Appendix 3 | 141
Appendix 4 - 142
Appendix 5 143
Appendix 6 144



List of Tables

Table 2.1
Table 2.2
Table 2.3
‘Table 2.4

Table 2.5

Table 2.6

Table 2.7
Table 2.8

Table 2.9
Table2.10

Business cycle variables, sources and their measurement
Payoffs (Raw returns) of price momentum strategies
Payoffs from momentum strategy and the business cycle
The profitability of momentum strategy in UP and
DOWN market states

Two-way dependent sorts: Ranked by predicted returns
and then raw returns in UP and DOWN states in the UK
The decomposition of momentum profits

Two-pass cross-sectional regression and time varying alpha
Two-pass cross-sectional regression, time varying alpha
and behavioural variables

Datastream’s industry classifications

Industry Momentum Strategy

Table 2.11 Time series regressions of industry momentum profits on

business cycle variables, Fama-French three-factor

and price momentum

Table 2.12 Intra-industry momentum strategies

Table 2.13 Time series regressions of intra-industry momentum profits on

Table 3.1

Table 3.2 Excess returns by price momentum and short-sale constraint

Table 3.3

business cycle variables, Fama-French three-factor

and price momentum

Raw returns by price momentum and short-sale constraints

Momentum returns by short-sale constraint and

divergence in opinion (dispersion in analysts’ EPS forecasts)

o e iy PPl et PHE e - Sl M a————

List of Tables

22
29
32

35

36
40
42

435
47

48

S0
52

53
69
73

75



List of Tables

Table 3.4 Mean monthly momentum profits by residual institutional

ownership and trading volume ' 76
Table 3.5 Momentum returns by short-sale constraint and

analyst recommendation 79
Table 3.6 Momentum returns by short-sale constraint and

analyst forecast revision ‘ 80

Table 3.7 Cross-sectional regression analysis 85

Table 3.8 Mean monthly portfolio returns by residual institutional

ownership and book-to-market effect 86
Table 4.1 Summary Statistics by Country 102
Table 4.2 Momentum Profits (with and without I/B/E/S coverage) 105
Table 4.3 Momentum Profits and Residual Analyst Coverage 107
Table 4.4 Portfolios Returns by Price Momentum and

Dispersion of Analysts Forecast (Disp) 109
Table 4.5 Portfolios Returns by Price Momentum and Uncertainty (V) 111
Table 4.6 Momentum Profits and Diversity of Analyst Forecast (1- p) 113
Table 4.7 Momentum Profits, Uncertainty and Analyst Bias 115
Table 4.8 Standard momentum strategy vs. Uncertainty momentum strategy 118
Table 4.9 Price Momentum, Credit Rating in the US | 121

Table 4.10 Price Momentum, Credit Rating and Analysts’ Bias in the US 123



List of Figures

List of Figures

Figure 3.1 Residual Institutional Ownership and Momentum Profits 70
Figure 3.2 Cumulative momentum returns of loser portfolios

under five quintile groups of residual institutional ownership 82
Figure 3.3 Mean monthly returns of loser portfolios

under five quintile groups of residual institutional ownership 83
Figure 4.1 The disagreement between time-series and cross-sectional analysis 98

Figure 42 Time series average of analyst dispersion between Asia and Europe 119

Figure 4.3 Time series average of uncertainty between Asia and Europe 119




Acknowledgments

Acknowledgments

I am especially grateful to my supervisors, Prof. Tony Antoniou and Prof. Krishna
Paudyal, for their valuable advice, encouragement and support throughout my study at
Durham Business School. I also acknowledge the financial support by Durham Business

School. I would also like to thank my parents and my wife, Claire for their continued

encouragement throughout the years of study.

10



Chapter 1: Introduction

1. Introduction

1.1 Efficient market hypothesis and the momentum anomaly

An efficient market is a market in which ‘prices always fully reflect available
information’ (Fama, 1970, p. 383). Pléinly speaking, it means that the past movement or
direction of the price of a stock or market cannot be used to predict its future movement.

The hypothesis is that stock prices instantancously and unbiasedly adjust to new

information, which is seen as an implication of rational, utility-maximising investor
behaviour in competitive markets. Fama (1970) states that for a market to be efficient,
‘there are no transaction costs in trading securities, all available information is costlessly
available to all market participants, and all agree on the implications of current

information for the current price and distributions of future price of each security’ (p.387).

Expectation of future price is thus simplified by assuming that investors have
homogeneous beliefs. The theory also implies a belief that stock price changes are
independent of each other and have the same probability distribution, but over time
maintains an upward trend. In short, the idea that stocks take a random and unpredictable
path. The random walk model of asset prices is an extension of the efficient market
hypothesis (EMH), as are the notions that the market cannot be consistently beaten and

‘free lunches’ are generally unavailable.

Theoretical challenges to the EMH question the assumed rationality of investors.
Drawing on the 1970s pioneering work of cognitive psychologists Kahneman and
Tversky (1974), the mid 1980s and early 1990s economists (see Black, 1986; De Long et
al., 1990a) speculated that many traders (e.g. noise traders') act not on information but on

premonition and that the market absorbs no more rationality of calculation than it does

' Noise traders are investors whose beliefs and preferences conform to psychological factors rather than
normative economic models.
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Chapter 1: Introduction

mere noise. More recent theorising on investor behaviour has considered the nature of
investor attitudes towards risk and the way investors make decisions using attention and
memory more than probabilistic analysis, thus investors act irrationally in making the
investment decisions.

In reality, there are a lot of imperfections in the market. First, a market is normally
characterised by non-instantaneous availability and incomplete dissemination of

information to all participants. This may prevent the price from incorporating the

information fully and instantaneously. Secondly, there are positive information and
trading costs and other insrtitutional constraints in the market. Jensen (1968) looks at the
fund managers’ performance and finds that any advantage that the portfolio managers
might have is consumed by fees and expenses. This has led Jensen (1978) to define an
efficient market as ‘A market is efficient with respect to information set 0 , if it is

impossible to make economic profits by trading on the basis of information set 0, By

economic profit, we mean the risk-adjusted returns net of all costs’ (p. 96).

Over the past twenty years there has been a growing body of literature that raises doubts
as to the efficiency of the capital markets. According to this literature, a number of
trading strategies exist which generate abnormal returns based solely on publicly
available information. In particular, weakness from market inefficiency has been
documented by Jegadeesh and Titman (1993), their trading strategy (momentum strategy)
involves taking long (short) positions in firms which experience large positive (negative)
abnormal returns in the previous quarter, and states that such price behaviour is consistent
with positive feedback trading. In addition, Fama and French (1996) concede that
momentum trading is the only CAPM-related anomaly that their three-factor model fails
to explain. Subsequently, a number of behavioural models based on irrationality and
psychological theories have developed in attempts to explain the momentum anomaly

(see for example Barberis and Thaler, 2003). This thesis therefore proposes to examine

12



Chapter 1: Introduction

the sources and implications of the momentum strategies.

1.2 Asset pricing model

Testing for market efficiency is difficult. It requires the market to be able to incorporate
new information in prices instantly and the success of the asset pricing model in
measuring the true risk factors. Flaws in asset pricing, however, cast doubts about the
reliability of the existing empirical research — both the work that appears to contradict
market efficiency as well as that which supports it. The continued search for approrpriate
risk factors to explain the apparent anomalies inform the study in chapter 2.

Chapter 2 investigates whether the apparent profitability of momentum trading can be
explained by business cycle variables and behavioural characteristics in three major
European markets namely France, Germany and the UK. Considering the increased

debate and evidence on the role of investors’ behaviour in explaining cross-sectional and
time series patterns of stock returns, this chapter enhances the conditional model of

Avramov and Chordia (2006) to incorporate behavioural characteristics. In addition,
given the prominence of price momentum in international stock markets, this chapter
applies the conditional asset pricing model of Avramov and Chordia (2006) in assessing
the possible business cycle patterns within momentum profits in European markets. This

offers an out of sample test of Avramov and Chordia’s (2006) model in the context of

momentum in stock returns in three major European markets.

The findings of chapter 2 suggest that momentum profits in Europe are largely
attributable to asset mispricing that systematically varies with global business conditions.
This confirms that the idiosyncratic component of stock returns does not play any
prominent role in explaining momentum profits in European markets, but business cycle

variables may offer a better explanation. In addition, the results of the Avramov and

13



Chapter 1: Introduction

Chordia (2006) model that incorporafe behavioural variables display a mixed role for
behavioural variables across the countries, illustrating that investors’ behaviours are less
likely to be correlated with the business cycle and are unlikely to explain momentum
profits. Moreover, the inclusion of behavioural variables does not affect the notion that
momentum patterns are risk-based. Overall, the findings of chapter 2 suggest that the
profitability of momentum strategies in Europe could be explained by risk fictors, which

MW

are undetected thus far and are largely attributable to the business cycle.

1.3 No free lunch and limits to arbitrage

In an efficient market, ‘prices are right’ in that they are set by rational agents. And there is
‘no free lunch’, which means that no investment strategy can earn excess risk-adjusted
returns, or average returns greater than are warranted for its risk. Barberis and Thaler
(2003) suggest that even when an asset is wildly mispriced, strategies designed to correct

the mispricing can be very risky (e.g. fundamental risk), rendering them unattractive. As
a result, behavioural finance states that ‘prices are not right’. However, prices distant

from fundamental value do not necessarily mean that there are any excess risk-adjusted
returns for the taking. Not only arbitrageurs find that the strategies are risky but every

investor does as well. Even if there is no fundamental risk, there is risk associated with

unpredictable sentiment.

From the theoretical point of view, there are reasons to believe that arbitrage is a risky

process and therefore that it is only of limited effectiveness. Also, there is some empirical
evidence of limited arbitrage provided, such as twin shares, closed-end fund, ADR’s and
index inclusion®. In addition, De Long et al. (1990a) show that noise trader risk is
powerful enough that, even with this single form of risk, arbitrage can sometimes be

limited. As a result, the theory of limited arbitrage could cause deviations from

% For surveys of the vast literature on capital market inefficiencies, including discussions of the reasons
why mispricings are not easily arbitraged away, see Shleifer (2000) and Barberis and Thaler (2003).

14



Chapter 1: Introduction

fundamental value and contradict the assumption of EMH. The notions of ‘no free lunch’
and limited arbitrage underlie chapter 3 which examines whether momentum profits are

caused by limits to arbitrage and overconfidence, and whether momentum profits could

be exploitable.

Using a unique sample of data on UK ownership distribution from the
PricewaterhouseCoopers Corporate Register published by Hemmington-Scott to capture
short selling activities, Chapter 3 finds that momentum profits come from loser stocks.
There is strong evidence of a positive relationship between short-sale constraints and the
magnitude of momentum profits. The known risk factors cannot explain the momentum
profits. However, the results are inconsistent with Miller’s (1977) view that stocks that
are subject to both short-sale constraints and high divergence in opinion are initially
overvalued and generate low subsequent returns. This thesis finds that momentum profits

are linked with short sale constraints but not with divergence in opinion. On the other
hand, excessive optimism together with self attribution bias leading to overvaluation and

therefore low subsequent returns explains the momentum profits. Overall, momentum
profits are caused by mispricing due to limits to arbitrage and overconfidence, and

momentum profits would hardly be exploitable due to the absence of short sales.

1.4 Behavioural explanations |

The consistent profitability of the momentum strategy poses a strong challenge to the
efficient market hypothesis, and considerable numbers of papers have explored some
behavioural explanations for the strategy’s existence. Jegadeesh and Titman (1993) claim
that the positive stock return autocorrelation is driven by either underreaction or a
delayed overreaction that can be attributed to what DeLong et al. (1990b) called positive
feedback trading. As investors persistently and irrationally under-react to firm specific

information, rational investors can profit from their irrational counterparts. Daniel et al.

&
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Chapter 1: Introduction

(1998) and Hong and Stein (1999), each employing different behavioural or cognitive
biases, suggest that over-reaction is the source of momentum profits. Barberis et al (BSV,
1998) and Zhang (2006) suggest that investors under-react to new information and stock

prices continue to move in the same direction.

Chapter 4 attempts to propose a new behavioural explanation for the profitability of
momentum strategies based on global data. Using a sample of 22033 stocks covering 41
countries over the periods from 1983 to 2002 for the US, and from 1987 to 2002 for the
rest of the world. Chapter 4 finds that momentum payoffs around the world are large and
significant among higher uncertainty stocks, decreasing monotonically as uncertainty
decreases. Within each of the uncertainty groups, the extreme winner and loser portfolios

are among the higher analyst bias groups. The results suggest that analysts who are

concerned for their reputations report forecasts in accordance with clients’ beliefs and

hence greater analyst bias when there is greater uncertainty. The extreme winner and loser
stocks continue to move in the same directions reflecting investors’ beliefs rather than the

true set of information. In addition, the findings show that by forming a momentum

M**‘_
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trategy that buys low uncertainty winners and sells high uncertainty losers investors earn
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higher profits (including most Asian countries) than under the Jegadeesh-Titman
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momentum strategy. Thus investment strategies can be formed based on systematic
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behavioural bias among different groups of market participants.
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Chapter 2

2. Profitability of momentum strategies in international markets:

The role of business cycle variables and behavioural biases

2.1 Introduction

Jegadeesh and Titman (1993) report that a trading strategy that buys stocks that have
recently performed well and shorts stocks that have recently performed poorly can
generate significant positive returns. The successes of momentum trading strategies have

challenged the rational expectations based predictions of modern finance theory as they

violate the central theme of the efficient market hypothesis that past stock returns cannot
be used in generating excess returns. Fama and French (1996) concede that momentum
trading is the only CAPM-related anomaly that their three-factor model fails to explain.
The profitability of momentum strategy is not limited to the US market; it has been
evident in many markets around the world. For instance, Rouwenhorst (1998) examined
twelve European countries from 1980 to 1995 and reports that taking long positions on

winner portfolios and short positions on loser portfolios can generate a risk-adjusted

return of more than 1% per month’.

While the existence of momentum in stock returns is well documented, there is
considerable controversy in the literature about the sources and the interpretations of the
apparent profits. In particular, both risk and investor behaviour based explanations have
been put forward. Regarding risk-based explanations, Grundy and Martin (2001) use the

Fama and French three-factor model to adjust for cross-sectional differences in risk. They

report that neither the cross-sectional variability in required returns nor the reward for
bearing industry risk can fully explain momentum profits. Apparently at odds with this

view, Chordia and Shivakumar (2002) find that momentum is driven by business cycle

variables®. By applying a predictive regression framework, they identified a possible path

for rational pricing theories to explain momentum profits. They show that the profitability

> The literature on the profitability of momentum trading is very extensive. Interested readers are advised
to consult Swinkels (2004) for an excellent survey of the literature on this issue.

* The motivation of using the business cycle/macroeconomic variables to explain momentum profits is
because previous studies such as Fama and French (1989) and Pontiff and Schall (1998) show that

macroeconomic variables can successfully predict market returns, therefore could be applied to firm-level
momentum.
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Chapter 2

of momentum strategies is due to the cross-sectlonal differences in expected returns and
that momentum profits are only a compensatloﬁ }dr bearing business cycle risk. However,
Cooper et al. (2004) show that the predictive regression model of Chordia and
Shivakumar (2002) cannot explain momentum profits following up-turns, even though it
to some extent explains the cross section of stock returns following down-turns.
Therefore, the ability of the business cycle to explain momentum profits remains
unresolved. On the other hand, Cooper et al. (2004) find that momentum strategies are
only profitable following period of UP market states, suggesting that the results are in
line with the overreaction models of Daniel et al. (1998) and Hong and Stein (1999).
According to Daniel et al. (1998), the level of overconfidence increase during up-markets
will produce stronger over-reaction and therefore higher medium term momentum.
Meanwhile, Hong and Stein (1999) suggest that due to the drop in risk aversion during

wealth increase leads to stronger delayed overreaction, therefore greater momentum.
Nevertheless, some behavioural finance theorists argue that the persistence in momentum

profits may be attributed to the disposition effect, implying that investors are reluctant to
sell losers and eager to dispose of winners (see Shefrin and Statman, 1985). Ranguelova
(2001) points out that the disposition effect operates entirely through the selling

behaviour of individual investors. As a result, momentum profits could exist in both UP
and DOWN market states.

Although the findings of Grundy and Martin (2001) and Chordia and Shivakumar (2002)
are apparently at odds, they are not inconsistent. In particular, Avramov (2004) shows that
return predictability based on explanatory variables in predictive regressions can be
attributable to either predictable asset mispricing or predictable risk premiums or both. As
a result, the findings of Chordia and Shivakumar '(2002) do not necessarily trace
momentum profitability to risk based asset-pricing models. Avramov and Chordia (2006)

overcome the limitations of Chordia and Shivakumar’s (2002) model and extend the

literature further by examining “... the empirical performance of conditional asset pricing

models in a framework where factor loadings may vary with firm specific market

capitalization and the book-to-market ratio as well as with business cycle related

variables.” (p. 1). Based on such a model they report a business cycle pattern to
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Chapter 2

momentum profits and conclude that the profitability of momentum strategies is
attributable to a systematic rather than idiosyncratic component of stock returns. Overall,
they show that momentum profit in the US is entirely captured by asset mispricing that

varies with macroeconomic variables’

The primary motivation of this chapter is twofold. First, considering the increased debate
and evidence on the role of investors’ behaviour in explaining cross-sectional and time
series patterns of stock returns, this chapter enhances the conditional model of Avramov
and Chordia (2006) to incorporate behavioural characteristics. In addition, this chapter
starts by investigating whether momentum profits in European stock markets can be

predicted using the business cycle variables in the framework of Chordia and Shivakumar
(2002).

Second, given the prominence of price momentum in international stock markets, this

chapter applies the conditional asset pricing model of Avramov and Chordia (2006) in
assessing the possible business cycle patterns within momentum profits in Europcan
markets. This offers an out of sample test of Avramov and Chordia’s (2006) model in the

context of momentum in stock returns in three major European markets - France,

Germany and the UK.

Overall, this chapter makes two major contributions. First, it examines conditional

pricing in European stock markets in the context of explaining momentum profitability,
whereas previous work focused on US markets. Second, it nests both risk-based as well

as behavioural-based variables® in a robust two-stage specification. The results help in

bridging the gap of the unresolved issues on how risk and behavioural variables play
W
parts in generating payoffs from momentum trading.

> Wu (2002) shows that it is possible to capture return momentum by incorporating conditional information
(lagged macroeconomic variables and a conditional version of the Fama-French three-factor) into asset
pricing. Although he shows that risk is not linear when cross-sectional restrictions are imposed, the risk
exposures remain unidentified, Unlike Wu (2002), Avramov and Chordia (2006) investigate individual
stocks, rather than portfolios, and allow alpha to vary with business conditions. The variation in alpha
captures momentum profitability.

$ The behavioural variables used in the chapter include the dispersion in analysts® earnings per share (EPS)
forecasts, the mean forecast error and the analyst coverage. These are in essence firm-specific variables.
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Chapter 2

In summary, this chapter demonstrates that momentum strategies are profitable in all
three major European markets. An application of the predictive regression framework of
Chordia and Shivakumar (2002) cannot capture momentum profits. However, when the
conditional asset pricing model of Avramov and Chordia (2006) is applied, momentum

profits are found to be related to model mispricing that varies with business cycle

variables. This confirms that there are business cycle patterns.within_momentum_profits,

but not all risk factors that are responsible for momentum in stock returns are identified.
Mﬂ w
These findings are consistent with the evidence reported by Avramov and Chordia (2006)

for the US markets. Moreover, the performance of the Avramov-Chordia model in
European markets is robust to the inclusion of behavioural variables. The role of
behavioural variables is mixed across countries, illustrating that such variables are less

likely to be correlated to the business cycle and unlikely to be able to explain momentum

profits. Therefore, it would be premature to reject the ability of rational expectations

based asset pricing models to explain momentum in stock returns.

The rest of the chapter is structured as follows. The next section explains the models and
section 3 describes the sample. Section 4 discusses the profitability of momentum trading

strategies and the possible sources of momentum profits. Section 5 concludes the chapter.

2.2 Momentum strategies and business cycle
2.2.1 Price momentum strategies
To offer comparability of the results with the evidence reported in the literature, this

chapter starts by examining the presence of price momentum in the sample countries. The
chapter follows Jegadeesh and Titman (1993) in constructing the momentum strategies.
One month is skipped between the formation and holding periods to avoid capturing any
short-term price reversals or bid-ask bounce effects detected in previous studies
(Jegadeesh and Titman, 1995). Portfolios are formed (rebalanced) each month. Equally
weighted holding period returns are estimated for all deciles and for winner minus loser
(W — L) portfolios. Overlapping portfolios are constructed to increase the power of the
tests (see, Jegadeesh and Titman, 1993, for an explanation). The Newey and West (1987)

procedure is used to control for heteroscedasticity and autocorrelation in standard errors.
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Chapter 2

2.2.2 Business cycle model

Chordia and Shivakumar (2002) show that business cycle variables can explain

momentum profits Therefore, the chapter starts by employing a business cycle

model similar to that of Chordia and Shivakumar (2002) to investigate whether
momentum profits in Europe are explained by a set of such variables. The 3-month
Treasury bill yield (YLB), the value-weighted market dividend yield (DIV), the default
risk premium (DEF) and the term spread (7ERM) are included in the business cycle
model. Table 2.1 presents the details (definition, measurement and source) of these
variables for each sample country. One-month ahead-predicted returns for each sample

stock are obtained using equation (2.1) as in Chordia and Shivakumar (2002): '

4
@) R,=¢.+) ¢ ,BC, +¢,,
J=

where, R, is return (inclusive of dividends) of firm i in month ¢, BC is the vector of J (for
J =1 to 4) macroeconomic variables representing business cycle variables (DIV, YLD,

TERM, and DEF), and ¢;, is the error term of stock i at time ¢. For each month/stock

observation, the parameters of the model (¢, j = 0 to 4) are estimated using the previous
60 monthly returns’. These time-varying coefficients are used to estimate the
one-month-ahead predicted return for each stock. Next, the stocks are ranked using the

predicted returns and long and short positions taken accordingly. The stocks are held for

6 months from the month of portfolio formation.

7 This chapter follows Chordia and Shivakumar (2002) to restrict the sample to stocks that have at least 24
observations in the estimation period in order to avoid spurious parameter estimates.
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Table 2.1 Business cycle variables, sources and their measurement

Short-term Market Dividend Long-term
Country financial securities Yield Corporate Bonds government bonds
UK FTA Debenture and
3 h Treasu Dividend yield on Loan Stock Redemption U.K. Gross
UK bf;{l on FeSULY Financial Times all  Yield (1977.1-1995.10) and Redemption Yield
' Share Price Index Corporate  Bond  Yield on 20-year Gilts
(1995.11-2002.6)
- : Long Term
Dividend yield on
Germany  3.month FIBOR  Germany DS-Market  Corporate bonds rate' 3;‘{;’;‘9'"{3;2:;’;‘
constituents .
Maturity)
Dividend yield on Obligations private sector Government
France Call money Rate = France DS-Market yield rate? Guaranteed Bond
constituents Yield (EP)
Notes:

! Source: the Economist
2 Source: Banque de France
Unless otherwise indicated, all data are obtained from Datastream

Measurement of variables:

1. YLD is measured by the rate of return on short-term financial securities.

2. DIV is measured by dividend on value-weighted broad based market index.

3. DEF (default risk premium) is measured as ‘the yield on corporate bonds’ less ‘the yield long-term
government bonds’.

4. TERM (term spread) is measured as ‘the yield on long-term government bonds’ less ‘the yield on
short-term financial securities’.

2.2.3 Business cycle, known risk factors and firm characteristics

The extant literature on the profitability of style investing shows that stock returns are

m

dependent on firm characteristics. On the other hand, several asset pricing models (for

w

instance, the CAPM, the Arbitrage Pricing Theory, and the Fama-French three factor

model) are used in estimating the risk adjusted expected returns. If the known risk factors

and business cycle variables are sufficient in explaining the variation in stock returns, the

explanatory power of firm characteristics should be insignificant.

In search for an asset pricing model that can explain momentum profits, this chapter

employs the two-pass cross-sectional regression based on the framework of Avramov and

Chordia (2006). In their model, individual stocks are used to avoid any data-snooping
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biases that are frequently present in portfolio based asset pricing tests. It also avoids any__

loss of information that could_potentially arise when stocks are sorted into portfolios.
M

Some conditional asset pricing framework in the literature, for example Wu (2002), only
condition time-varying risk on market-wide information. However, in the first-pass time
series regressions of Avramov and Chordia (2006) model, the factor loadings are allowed
to vary with firm characteristics (size and book-to-market ratio)® and business cycle

conditions as in equation (2.2):

4 3 3 3
(2-2) R/,: =Q,, +Zai,jB C},r-l +ZﬂuF F},: +27;JS"Z@,:-IF F}.r +Z§:JBM.:-1F F},r +dul,:’
J=l J= = jul

where, R;, is the return on stock 7 at time ¢, BC is the vector of business cycle variables
identified earlier, FF vector represents the Fama-French three factors’, Size is the natural
logarithm of market capitalisation, and BM is the natural logarithm of book-to-market

ratio.

In the second-pass cross-sectional regressions (equation 2.3), the returns that are adjusted

for known risk factors and business cycle variables (R;,, obtained from equation 2.2) are

regressed on firm specific variables (firm size, book-to-market ratio and past raw

returns):

2 3
(2.3) R: ¢ - Co + Z 14 NCCj_J_:-I + an.fp Rm,!,l-—l + gl.f

j:l:l m:l o

where, R;, (the dependent variable) is the sum of constant and residual return (a,0+ ;1)

of equation (2.2). CC;;,represents a vector of firm characteristic j (forj = 1, 2; firm size,

book-to-market ratio) for security i at time . PR, ;, represents three sets of past

8 1t can also be argued that size and especially book-to-market ratio have behavioural implications.
® T thank Stefan Nagel for providing the UK 3-factor data. I also thank Kenneth French for making the
HML data for Germany and France available. Details about the construction of the variables can be

obtained from http:/mba.tuck.dartmouth.edw/pages/faculty/ken.french/. I have constructed my own series
of SMB for France and Germany following Fama and French (1996).
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cumulative raw returns ( for m = 1 to 3) over the second through third (RET2-3), fourth
through sixth (RET4-6), and seventh through twelfth (RET7-12) months prior to the
current month to capture the medium term momentum returns. If the predictive power of
firm characteristics is represented by the known risk factors (FF) and business cycle
variables (BC) in equation (2.2), the coefficients of firm characteristics (y;;) and past
cumulative returns (n,;) in equation (2.3) éhould be insignificant. If the cross-sections of
expected returns (o0 + ;s of equation 2.2) continue to experience momentum after
adjusting for the business cycle variables and Fama-French three factors, the coefficients

of past return variables (1) should be significant and positive. This would_indicate the_
failure of the business cycle and the Fama-French 3-factor models to explain momentum

ama-French -factor models to explain momentum
profits. Statistically significant coefficients of firm specific variables (y;) and/or the firms’

" S

own past cumulative returns (n») would imply that these variables could explain the

cross-section of individual stocks’ business cycle and risk-adjusted returns. On the
contrary, insignificant y; and n, would suggest that the business cycle model, controlled
for known risk factors, could capture the effects of size, book-to-market ratio, and

momentum in stock returns.

224 Behavioural characteristics and stock returns

A growing body of literature on behavioural finance (see for example Barberis and Thaler,
2003) suggests that momentum in stock returns is driven by investors’ behaviour and
divergence in opinions. If so, the variables representing business cycle, known risk

factors and firm characteristics may not be able to explain fully stock returns and

momentum profits. No prior study, to my knowledge, has combined both risk factors and

behavioural characteristics. This chapter contributes to the literature by examining the
impact of investors’ behaviour on the explanatory power of the business cycle model by

revising equation (2.3) to equation (2.4) that incorporates three measures of investor

behaviour:

2 3 3
(2.4) R;,, = Co + z yj,:CCj,i,t + Z nm,iPRmJ,t + Z ﬂ'k,lBF‘k,l,l + gi.f
J=1

m=] k=]
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where, R}'_ . (the dependent variable), CC,;, (company characteristics), and PR, (past

cumulative raw returns) are identical to those in equation (2.3). The newly introduced
“vector BFy;, represents k (for k= 1 to 3) measures of behavioural variables. The measures
of behavioural variables are: (a) the dispersion in analysts’ earnings per share (EPS)

forecasts (Disp), (b) the mean forecast error (MFE), and (c) the analyst coverage (Cov).
The choice of these three behavioural factors is motivated by three behavioural theories

that have been proposed to explain momentum returns. Daniel et al. (DHS, 1998) suggest

investor overconfidence causes over-reaction and generates momentum, the over-reaction

P— iy T A T e s
gy L Al vy kit vl iy .y ke o ok P S L L L T 1

.W’—— ' .
in prices will eventually be corrected in the long run as investors observe future news and
o e et o om0 oy 3045 AN 70 ""'**M
mquq‘

realize their error. As a result, increased overconfidence generates momentum in the short

run and reversal in the long run. This chapter employs mean forecast error as Jackson
B e R ——E R e

(2005) to capture analyst optimism, i.e. the level of (over)confidence.

Hong and Stein (HS, 1999) argue that private information diffuses only gradually through

the marketplace leading to an initial under-reaction to news; subsequently positive serial
correlation in returns attracts the attention of the momentum traders who trade actively
and over-react. Eventually, prices revert back to their fundamental levels. Hong, Lim, and

Stein (2000) use residual analysts’ coverage as a proxy for the rate of information
diffusion to test the HS model, found that the diffusion of information is lower for

momentum stocks.

Barberis et al (BSV, 1998) show that investors are subject to a conservatism bias which
causes them to under-react to earnings and other corporate news, causing short-run
positive autocorrelation, but when they observe trends of earnings rising, the positive

signal causes them to switch to over-reaction, causing long-run negative autocorrelation.
In particular, investors exhibit conservatism and underreact to information that contains a
high weight when adjusting their beliefs. Doukas and McKnight (2005) use dispersion in

analysts’ forecast to proxy the weight of information.

If momentum returns that are not explained by business cycle variables and known risk

factors are related to behavioural variables then their coefficients (Ax) will be statistically
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significant. In addition, a significant (non-zero) Co would suggest that these variables
(business cycle variables, known risk factors, firm characteristics, past returns and
behavioural variables) cannot fully explain company returns and hence there are other

risk factors that are yet to be identified.

2.3 Thesample

The sample includes all stocks listed (including subsequently delisted) in the French
(Paris Bourse), German (Frankfurt Stock Exchange) and the UK (London Stock
Exchange) stock markets between January 1977 and December 2002, The initial sample
consists of 1,996 stocks for France, 3,063 stocks for Germany, and 4,816 stocks for the

UK. The models used require at least three years’ monthly share price data reducing the

final sample to 1,531 stocks for France, 1,622 stocks for Germany, and 3,845 stocks for
the UK.

Dispersion in analysts’ EPS forecasts (Disp), mean forecast error (MFE) and analyst

coverage (Cov) that are used to represent behavioural variables are obtained/derived from
I/B/E/S Historical Summary file. I/B/E/S records the analysts’ EPS forecasts for the

sample countries from 1987 onwards only. Therefore, in the model that requires this set

of data, a shorter period (1987-2002) is analysed. The dispersion in analysts’ forecasts

is measured by the standard deviation of forecasted EPS scaled by the stock price per
share at the beginning of the month of forecast. To estimate the standard deviation of the
EPS forecast, at least two analysts are required to follow the sample stock (company).

The mean forecast error is the difference between the average forecasted EPS and the
actual EPS of the year, deflated by the absolute value of the mean EPS forecast. The

analysts’ coverage is set equal to the number of analysts that supply one-year EPS
forecasts. If the number of analysts following any company is not available, the coverage

1S set to zero.

The differential information hypothesis (Freeman, 1987) suggests that larger (smaller)
companies are followed by more (fewer) analysts. It implies a high degree of correlation

between the size of a firm and the intensity of its analysts’ coverage. Therefore, the
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chapter controls for the effects of firm size on analysts’ coverage and measures it by the

residual (g;,) of equation (2.5):

(2.5) In(4AC,,) =a, +q, ln(Size,_,) +&,,

where, AC;,;is (1+number of analysts) of firm / at month ¢ and Size;, is the market
capitalization of firm 7 at the beginning of month t. Stock returns (R;) are defined as the
first difference of the natural log of the monthly return index (includes capital gains as
well as dividend payment). Unless otherwise stated, all data are collected from

Datastrcam. The states of the business cycle (expansionary and contractionary periods)
arec obtained from the website of Economic Cycle Research Institute

(http://www.businesscycle.com).

2.4 The results

2.4.1 Price momentum

To examine the profitability of price momentum, the commonly used 6 x 6 strategy is
used, following the methodology outlined in Jegadeesh and Titman (1993). For each

month ¢, sample stocks in each country are grouped into deciles based on their 6-month

formation-period returns. The portfolios are held for 6 months. Equally weighted returns

are estimated for two extreme (winner and loser) portfolios for each month. The results
(Table 2.2) show that this strategy generates (statistically significant) monthly profits of
2.10%, 1.82% and 1.44% for the UK, Germany and France respectively. Except in the

case of France, a large portion of momentum profits comes from loser stocks. The
apparent profitability of this strategy is consistent with the extant evidence reported in the

literature. In addition, focusing on the US, previous studies show negative momentum
profitability over January (for example, Jegadeesh and Titman (1993), Chordia and
Shivakumar (2002) and Avramov, Chordia, Jostova and Philipov (2007)). That is, at least

in US markets, January cannot trigger momentum. Thus, the chapter also examines
whether January records negative payoffs in the European markets investigated.
Momentum profits for January and non-January months are estimated separately. For all

three countries, the average monthly momentum returns for both January and
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non-January months are positive and statistically significant. Although momentum
payoffs in January are not negative in Europe, they are lower than in non-January months,

indicating that the January effect does not ‘oil the wheels’ of momentum.

The chapter also examines whether the profitability of momentum strategies identified
above is related to the business cycle condi;ions. For both expansionary and
contractionary periods, stocks are grouped into deciles and returns from two extreme
portfolios (winner and loser) are analysed. Table 2.2 presents momentum profits during
different periods of business cycle for a 6 x 6 strategy. The estimates show that
- momentum profits are positive and significant during both expansionary and
contractionary periods in all three countries. These estimates contradict the findings of
Chordia and Shivakumar (2002) for the US that momentum profits are positive during
expansionary periods and insignificant during recessions'®. Further analysis of each
market’s expansionary and contractionary stages of business cycle during the sample
period (not reported in the table) reveal evidence of country and business cycle stage

- specific variations in the profitability of momentum trading. In the UK, during
expansionary (contractionary) periods momentum gains originate largely from winner

(loser) portfolios. However, there were no such patterns in the cases of France and

Germany. The variation in the source of momentum profits with the stages of business

cycle in the UK indicates that during the expansionary (contractionary) periods most
investors continue to be optimistic (pessimistic) about the stocks that are performing well

(poor) in the recent past while they remain almost neutral about others. This suggests a

possibility that the momentum profits are time varying and associated with the business

. nmm'm_mmwnn“mﬂunm i “Mm Aol VN AT
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cycle in the UK but not.in.France_and.Germany..One possible reason that the results of

UK is differ from Germany and France might be due to the institutional difference of the
UK, which are capital market oriented economies compared to France and Germany,
which is bank oriented economies. Nevertheless, such contemporary relation between

momentum profits and the stages of business cycle does not confirm the predictive ability

of the business cycle model. This requires further analysis as presented in the next

section.

' Appendix 2 shows the performance of momentum strategies for each of the business cycle in details.
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Table 2.2 Payoffs (Raw returns) of Price Momentum Strategies
The average monthly returns (raw) from the 6 x 6 momentum trading strategy are reported. For each month
t, sample stocks in each country are grouped into deciles based on their 6-month formation-period (from ¢-7
to £-2) returns. The portfolios are held for 6 months. Equally weighted returns of two extreme (winner and
loser) portfolios for each month are estimated. The states of business cycle (expansionary and

contractionary periods) are obtained from the Economic Cycle Research Institute (ECRI). The column
entitled ‘%>0’ shows the percentage of winner minus loser (W-L) cases that are positive. The p-values (in
parenthesis of column ‘%>0’) represent the significance level of sign test that measures whether the
proportion of positive cases is significantly more than 50%. T-statistics (in parentheses) are based on the
Newey-West autocorrelation consistent standard errors. *(**) denotes significance at the 5(10)% level. The

sample period is January 1977 to December 2002,

Count No. of Samole Winner (W)  Loser(L) W-~L % >0
ountty firms P T-stat T-stat T-stat P-value
January 1.56 -0.28 1.85 76.00
(2.59*) (-0.40) (4.25%) (0.01)
Non-January 0.87 -1.26 2.13 83.96
(2.79*) (-2.98%) (6.83%) (0.00)
UK 4816 Expansions 1.18 -0.56 1.74 80.64
(3.34%) (-1.24%) (5.94%) (0.00)
Recessions 0.34 -2.99 3.34 05.55
(1.11) (-3.77%) (5.96*) (0.00)
Overall 0.93 -1.17 2.10 83.28
3.10* -2.90* 6.65* 0.00
January 0.81 -0.70 1.51 70.83
(2.48%) (-0.69) (1.51) (0.06)
Non-January 0.34 -1.50 1.84 81.04
(1.91**) (-4.91%) (5.85*) (0.00)
Germany 3063 Expansions 0.68 -0.73 1.41 80.39
(1.89**) («1.73%%) (4.01%) (0.00)
Recessions -0.30 -3.05 2.75 79.77
(-0.85) (-2.65*) (4.74*%) (0.00)
Overall 0.38 -1.44 1.82 80.20
1.41 -2.96* 6.04* 0.00
January 0.82 -0.26 1.08 78.07
(2.21*) (-0.35) (1.26) (0.00)
Non-January 0.86 -0.62 1.48 7917
(4.34*) (-2.83%) (5.33%) (0.01)
France 1996 Expansions 0.71 -0.64 1.35 75.96
(1.83**) (-1.39) (4.34") (0.00)
Recessions 1.40 -0.40 1.80 86.66
(3.07%) (-0.64) (4.14*) (0.00)
Overall 0.85 -0.59 1.44 78.16
2.81* -1.63 5.48* 0.00

f

2.4.2 The role of predicted and stock-specific returns in momentum
Chordia and Shivakumar (2002) argue that momentum in individual stock returns is
related to business cycle risk in the economy. If their model holds for the sample

countries and the business cycle can explain momentum profits, the holding period
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returns not explained by the business cycle model should not be significantly different
from zero. To examine this proposition, momentum portfolios are formed on raw returns.
However, the holding period returns are adjusted for the one month ahead predicted

return obtained from the business cycle model (equation 2.1)"'. The unexplained portion
of the returns is defined as the intercept plus the residual (i.e. ¢, + €;;) of equation (2.1).

The intercept (¢, 0) is considered not predictable as it may capture part of returns from the
formation period. Predicted returns are defined as actual returns less unexplained returns.

Thus, this model controls for any differences in average returns that are not related to

business cycle.

Table 2.3 (panel A) reports the average holding period returns from momentum strategies
that are controlled for business cycle effects. The estimates show that the profits are
statistically insignificant for the UK (-0.47<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>