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A trade-off between return and risk plays a central role in financial economics. The intertemporal
capital asset pricing model (ICAPM) proposed by Merton (1973) provides a neoclassical theory
for expected returns on risky assets. The model assumes that risk-averse investors (seeking to
maximize their expected utility of lifetime consumption) demand compensation for bearing
systematic market risk and the risk of unfavorable shifts in the investment opportunity set.
Although the ICAPM postulates a positive relation between the conditional expected market
return and its conditional variance, the empirical evidence on the sign of the risk-return trade-off
is conflicting. In contrast, autocorrelation in stock returns is one of the most consistent and robust
findings in empirical finance. While autocorrelation is often interpreted as a violation of market
efficiency, it can also reflect factors such as market microstructure or time-varying risk premia.
This doctoral thesis investigates a relation between the mixed risk-return trade-off results and
autocorrelation in stock returns. The results suggest that, in the case of the US stock market, the
relative contribution of the risk-return trade-off and autocorrelation in explaining the aggregate
return fluctuates with volatility. This effect is then shown to be even more pronounced in the case
of emerging stock markets. During high-volatility periods, expected returns can be described
using rational (intertemporal) investors acting to maximize their expected utility. During lowvolatility periods, market-wide persistence in returns increases, leading to a failure of traditional
equilibrium-model descriptions for expected returns. Consistent with this finding, traditional
models yield conflicting evidence concerning the sign of the risk-return trade-off.
The changing relevance of the risk-return trade-off and autocorrelation can be explained by
heterogeneous agents or, more generally, by the inadequacy of the neoclassical view on asset
pricing with unboundedly rational investors and perfect market efficiency. In the latter case, the
empirical results imply that the neoclassical view is valid only under certain market conditions.
This offers an economic explanation as to why it has been so difficult to detect a positive tradeoff between the conditional mean and variance of the aggregate stock return. The results highlight
the importance, especially in the case of emerging stock markets, of noting both the risk-return
trade-off and autocorrelation in applications that require estimates for expected returns.
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1. INTRODUCTION
1.1. Background
A trade-off between return and risk plays a central role in financial economics: prices of
financial assets reflect delay and risk in future payoffs of assets. Specifically, the neoclassical
approach to asset pricing is based on risk-averse investors seeking to maximize their expected
utility. Supply and demand for an asset determines its price, which, in equilibrium, reflects
investor preferences and the risk associated with the asset’s future payoffs. A risky payoff
pattern implies a low asset price, or equivalently, a high rate of return. The neoclassical
approach has been dominant for nearly a half century, but interest in behavioral finance arose
in the 1980s after discovering that human decision-making departs from neoclassical
assumptions about investor preferences and unboundedly rational behavior. The neoclassical
and behavioral approaches are often treated as mutually exclusive, but in fact are closely
intertwined in empirical research.
The intertemporal capital asset pricing model (ICAPM) of Merton (1973) lies at the core of
neoclassical analysis. While the ICAPM provides a theoretically elegant description for
expected returns on risky assets that accounts for the dynamic nature of financial markets (a
feature lacking in static single-period equilibrium models), the empirical evidence for an
intertemporal relation between expected returns and risk is inconclusive. On the other hand,
there is little dispute that stock returns exhibit autocorrelation, which was long seen as a
violation of market efficiency. Many researchers still interpret autocorrelation as evidence
against the neoclassical doctrine, but care must be taken as autocorrelation may arise from a
number of sources.
The ICAPM was introduced a decade after the frame-braking capital asset pricing model
(CAPM) of Sharpe (1964) and Lintner (1965), which, along the efficient market theory and
arbitrage-based option-pricing theory, started the reign of neoclassical finance (Shiller, 2006).
Building on Markowitz’s (1952) mean-variance portfolio theory, the classic CAPM suggests
that expected excess return on a risky asset is proportional to its covariance with the market
portfolio. The CAPM has been remarkably successful, due in part to its ease of interpretation.
Basically, risk-averse investors require compensation for bearing systematic market risk,
while idiosyncratic asset-specific risk should not affect expected returns.
One reason for the CAPM’s lasting legacy is the fact that identification of an alternative
model that consistently outperforms the CAPM in empirical work has been elusive. The
classic CAPM, even though it is derived from a strict set of assumptions, continues to
influence academic research and the non-academic financial community. It is still used as the
benchmark model against which new theories and performance of portfolio managers are
9

evaluated. The CAPM has been modified in several ways over the years, including taxes
(Brennan, 1970), nonmarketable assets (Mayers, 1972), international aspects (e.g., Solnik,
1974; Stulz, 1981), and liquidity (Acharya and Pedersen, 2005). The zero-beta CAPM of
Black (1973) relaxes the assumption of risk-free lending and borrowing. The case of
incomplete portfolio diversification is another interesting example. Merton (1987) and Levy
(1978) show that if investors fail to diversify their portfolios in an optimal way, idiosyncratic
asset-specific risk can contain pricing information, as documented by Fu (2009).
Nevertheless, the CAPM fails to explain several pricing anomalies (e.g., momentum and size
effect). This has led to the development of multifactor models such as the Arbitrage Pricing
Theory of Ross (1976) and the Fama-French (1993) three-factor model.1 Discovery of pricing
anomalies also pushed research into the realm of behavioral finance.2
The models discussed above are all static single-period models. Real-life investors, however,
consider their investment-consumption decisions in a dynamic multi-period environment.
Merton (1973) assumes that, instead of a static one-period portfolio choice, investors act to
maximize their expected utility of lifetime consumption. As a result, the ICAPM suggests that
investors are compensated for bearing systematic market risk and the risk of unfavorable
shifts in the investment opportunity set. The ICAPM implies a dynamic multifactor
description for expected returns. While an intertemporal risk-return relation holds in
equilibrium for all risky assets, implications of the ICAPM can be tested at the aggregate
market level.
The ICAPM postulates a positive relation between the conditional expected return on the
market portfolio and its own conditional variance (risk-return trade-off). The coefficient
linking the two variables measures relative risk aversion of the representative investor,
capturing the investor’s reluctance to take wealth bets. If the representative investor is risk
averse, the risk-return trade-off should be positive, i.e., investors are compensated for bearing
systematic market risk. Despite of an impressive body of research (e.g., Ghysels, 2005; Guo
and Whitelaw, 2006; Brandt and Wang, 2010; Nyberg, 2012), however, empirical evidence
concerning the sign of the risk-return trade-off is conflicting. Studies often report a negative
or weak relation between the conditional mean and variance of the aggregate stock return.
In contrast to the challenges of documenting a positive risk-return relation, autocorrelation in
stock returns is a robust empirical finding, especially for short-horizon returns.3 Unsurprisingly, risk-return trade-off studies usually report serial dependence in stock returns. A first-order
autoregressive term, when added as an additional regressor along the conditional variance of

1
2
3

For an overview on cross-sectional pricing anomalies, see Fama and French (2008).
For an overview of behavioral finance, see Barberis and Thaler (2003).
For an overview on autocorrelation research, see Campbell et al. (1997) and Anderson et al. (2012).
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the aggregate return, is consistently found to be significant (e.g., Ghysels, 2005; De Santis
and Imrohoroglu, 1997; Nelson, 1991; Bollerslev et al., 1988). More surprising perhaps is the
fact that the relation between significant autocorrelation and inconclusive risk-return results
has largely evaded scrutiny, even if an autoregressive term is included to account for
nonsynchronous trading or test whether lagged returns help forecast future returns (the latter
practice is closely related to market efficiency research).
Autocorrelation in stock returns, a departure from the random walk hypothesis, was long seen
as evidence against market efficiency. Indeed, before the work of e.g., LeRoy (1973),
Rubinstein (1976), and Lucas (1978), prices were assumed to follow martingales in efficient
markets, implying that when prices fully reflect all information, returns should be like coin
flips. However, equilibrium models such as the ICAPM suggest that if conditional second
moments of returns or risk preferences vary over time, excess returns can be time-varying and
predictable. The modern view on return predictability states that prices should follow
martingales after controlling for dividends and weighting by marginal utility. This implies the
well-known joint hypothesis encountered in empirical work: only if an asset pricing model is
correct and the financial market is efficient should past returns (or other additional variables)
not be helpful in forecasting future returns.
The joint hypothesis illustrates how closely neoclassical and behavioral finance are
intertwined in empirical research. Pricing anomalies are anomalies only with respect to the
tested asset-pricing model. In other words, autocorrelation is evidence against market
efficiency only if we control for time-varying expected returns using the correct equilibrium
model. This exposes many empirical results that otherwise bolster the behavioral finance
approach to the same criticism that applies to empirical asset pricing. Can we measure
investor expectations? How should we proxy the unobservable market portfolio?
Many authors continue to interpret significant autocorrelation in unadjusted returns as
evidence against market efficiency (see Lo, 2004; Ito and Sugiyama, 2009). However,
Anderson et al. (2012) lists four sources of return autocorrelation: partial price adjustment,
time-varying risk premia, nonsynchronous trading, and bid-ask bounce. Of these explanations,
only partial price adjustment implies pricing inefficiency.
What causes departures from perfect price adjustment? The neoclassical approach assumes
that unboundedly rational investors optimize their expected utility, while operating in
efficiently functioning financial markets. In this ideal world, prices adjust to the arrival of
new information quickly and accurately. Lo (2004) notes that behavioral biases in human
decision-making in our non-ideal world lead to departures from the neoclassical assumptions
about investor behavior. These biases include overconfidence, overreaction, loss aversion,
herding, psychological accounting, misscalibration of probabilities, and hyperbolic discount11

ing. Most of us are willing to agree that at least some of these biases characterize human
behavior. This, however, does not imply that the neoclassical approach should be abandoned.
It is not the behavior of separate individuals, but the average rationality of financial markets
that matters when considering how prices adjust to new information. An obvious drawback of
behavioral finance is that we can easily pick a story that explains some puzzling phenomenon
by choosing a suitable bias afterwards. Thus, if we are interested in explaining future returns,
the neoclassical approach (with some obvious, but necessary, simplifications of investor
behavior) may still offer the superior analysis.
The choice between neoclassical and behavioral finance analysis is often treated as an eitheror proposition. However, Shiller (2006) argues that both approaches can be advantageously
applied together in describing interactions in real-life financial markets. For example, while
time-varying risk premia and market microstructure may induce at least part of the
autocorrelation in stock returns, Anderson et al. (2012) find that partial price adjustment is an
important source of autocorrelation. This implies that behavioral finance may be useful in
explaining the mixed risk-return trade-off results and the appearance of autocorrelation in
returns; i.e., neoclassical efficient markets and rational investors cannot in themselves
describe fully stock returns.
As Campbell et al. (1997) point out, perfect market efficiency rarely holds in practice.
Grossman and Stiglitz (1980) show that, while markets can be relatively efficient, small
abnormal returns must exist to compensate investors for the costs of gathering and processing
information.4 In other words, certain small abnormal returns that are ultimately paid by noise
traders are needed to generate market equilibrium and relatively efficient markets. It is
difficult to augment equilibrium pricing models to observe these inefficiencies without
knowing the exact trading strategies of the various investors. Moreover, several studies
suggest that market efficiency varies over time (see survey of Lim and Brooks, 2011), and
hence, the degree of partial price adjustment induced autocorrelation is unlikely to be stable
over time.

1.2. Objectives
This doctoral thesis investigates a relation between the mixed evidence on the intertemporal
risk-return trade-off and the appearance of autocorrelation in stock returns. Set within the
above-described framework, the thesis consists of four essays. Essays 1 and 2 augment the
ICAPM to take into account autocorrelation induced by partial price adjustment. The
conditions when pricing inefficiencies exist are specified, and the time-varying degree of
autocorrelation is modeled along an equilibrium model. This approach requires no exact
4

After these expenses are taken account, the returns are no longer abnormal.
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specification of investor type or the market friction inducing the autocorrelation. Essay 3
notes the risk-return trade-off and autocorrelation using a heterogeneous agent model with
two investor types.5 This approach provides a formal description for autocorrelation by
making a strict assumption on the investor type that induces autocorrelation. Essay 4 models
dynamic cross-autocorrelation in stock returns on statistical bases. The essays have the
following objectives:
Essay 1 [Risk-return trade-off and serial correlation: Do volume and volatility matter?]
investigates whether the relative contribution of the risk-return trade-off and autocorrelation
in explaining the US aggregate stock returns varies over time, possibly causing inconclusive
results for the sign of the risk-return trade-off. The essay tests an empirical model that builds
on the ICAPM theory and the insight that the relevance of the risk-return explanation and
autocorrelation may fluctuate with information flow (approximated by volatility and volume).
The changing relevance of the risk-return explanation is economically motivated by the
adaptive market hypothesis (AMH) proposed by Lo (2004). The AMH posits that investors
with bounded rationality adapt to constantly changing market conditions with satisfactory
behavior attained through heuristics and a process of evolution. Under the AMH, the degree
of market efficiency is dynamic and can exhibit cyclical behavior due to changing market
conditions.
Essay 2 [Dynamic return predictability in the Russian stock market] applies the model
proposed in Essay 1 to the Russian stock market, one of the world’s largest emerging stock
markets. This allows testing of the model insights in a drastically different market
environment. Unlike the US stock market, which can be assumed to be fairly efficient and
stable, the Russian stock market, like many emerging financial markets, is characterized by
poor corporate governance (Black et al., 2006) and liquidity risk (Bekaert et al., 2007). In
addition, the Russian stock market has seen its share of colorful economic and political events
(Goriaev and Zabotkin, 2006). Harvey (1995a, 1995b) further reports that the levels of return
predictability and autocorrelation in emerging stock market returns are higher than those
observed in developed markets.
Essay 3 [Feedback trading and international portfolio allocation] explores the effect of
feedback trading on expected returns and portfolio allocation between the US and Latin
American stock markets. The Sentana-Wadhwani feedback-trading model (Shiller, 1984;
Sentana and Wadhwani, 1992) suggests that both a conditional risk-return trade-off and
dynamic autocorrelation drive expected return. The model assumes two investor types, and
indirectly agrees with the model in the first two essays. Earlier studies on feedback trading
(e.g., Sentana and Wadhwani, 1992; Koutmos, 1997; Bohl and Siklos, 2008) do not compare
performance of the feedback-trading model against traditional equilibrium models or
5
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alternative models with time-varying autocorrelation. This is essential, however, if we want to
evaluate how well the feedback-trading model performs in modeling expected returns. In
addition, the paper is the first to explore the effect of taking feedback traders into account in
portfolio optimization.
Essay 4 [Dynamic cross-autocorrelation in stock returns] investigates whether the crossautocorrelation pattern of small- and large-firm returns in the US changes with the variance of
returns. This is accomplished by an exponential vector autoregressive (EVAR) model with
volatility. The EVAR model has similarities with the logistic vector smooth transition
autoregressive model (LVSTAR) (e.g., He et al., 2009), but the approach is novel. Dynamic
autocorrelation in stock returns has been studied by several authors (Chen et al., 2008,
McKenzie and Faff, 2003; Campbell et al., 1993), but time-varying cross-autocorrelation
between stock returns has received far less attention. Essay 4 complements the findings in the
first three essays and extends the discussion of cross-autocorrelation in stock returns of
previous studies in time-invariant settings (Berhardt and Mahani, 2007; Hou, 2007; Chordia
and Swaminathan, 2000).

1.3. Contribution
The essays of this doctoral thesis make the following contributions to the literature on asset
pricing and autocorrelation:
Essay 1 establishes the existence of a positive relation between the conditional mean and
variance of the US aggregate stock return; i.e., investors are compensated for bearing
conditional market risk. This result comports with the work of Ghysels et al. (2005) and
Nyberg (2012), among others. However, the relative contribution of the risk-return trade-off
and autocorrelation in explaining the US aggregate stock return fluctuates with market
conditions (measured by volatility). Since volatility serves as a proxy for information flow
(e.g., Andersen, 1996), this offers a plausible explanation as to why it has been difficult to
document a positive risk-return trade-off. During periods of low amounts of new information,
market-wide persistence in returns increases, leading to failure of the equilibrium model in
explaining aggregate return.
The tested empirical model notes the low-volatility (or low-information) shortcoming of the
risk-return explanation. The model summarizes the effect of autocorrelation in one coefficient
and time-varying weight that shows the relative contribution of the risk-return trade-off and
autocorrelation in explaining the aggregate return. The underlying economic intuition builds
on the AMH, where prices reflect both information and the prevailing market ecology. The
degree of market efficiency can exhibit cyclical behavior due to changing market conditions.
14

Essay 1 assumes that these changes can be modeled by concentrating on the level of new
information available to be subsumed in prices. Intuitively, during low-information periods,
those investors incapable to process new information and trading strategies relying on past
prices survive due to a relatively low degree of misspricing and the steady state of financial
markets. During high-information periods, the dominant investor type resembles a rational
expected utility maximizer.
The model outperforms its traditional alternatives and two heterogeneous agent models: the
Shiller-Sentana-Wadhwani feedback-trading model and the model of Campbell et al. (1993).
The time-varying relevance of the autoregressive component is in line with Kim et al. (2011),
who find support for the AMH by testing a relation between time-varying return predictability
and changing market conditions. However, the results show that the conditional risk-return
trade-off is also important in the US stock market, especially during high-information (or
high-volatility) periods. It is important to pay attention to the risk-return trade-off in market
efficiency studies as market efficiency can only be tested in conjunction with an equilibrium
model for expected returns. Otherwise, autocorrelation can simply reflect the documented
significant relation between the conditional mean and variance of the aggregate return (for
details, see Section 3.1).
Essay 2 confirms the findings of Essay 1 in an emerging market context. A conditional riskreturn trade-off and autocorrelation are both relevant in explaining the Russian aggregate
stock return. However, the relevance of the two components fluctuates considerably more
than for the US stock market. This comports with the underlying economic intuition on the
degree of market efficiency and changing market conditions. Emerging market conditions
change rapidly and unpredictably. Partly due to the opacity of publicly available information,
investors are forced to rely more on heuristics in their decision-making than in developed
markets.
Essay 2 documents a high degree of return predictability. This finding is consistent with
previous emerging market studies (e.g., Harvey, 1995a). If volatility is interpreted as a proxy
for information flow, when the amount of new information is high, almost all predictability in
the Russian aggregate return is explainable by a conditional asset pricing model. During lowinformation periods, market-wide persistence in returns increases, while an asset pricing
model explanation becomes practically irrelevant. This demonstrates the inadequacy of a pure
equilibrium model explanation for stock returns, especially in emerging stock markets. In
developing stock markets such as Russia, an asset-pricing model for expected returns alone
can lead to wrong conclusion in practical applications (e.g., performance evaluation of
portfolio managers) if the time-varying contribution of autocorrelation is ignored.
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Consistent with Essay 1, the tested model performs better than traditional models or the
heterogeneous agent models of Campbell et al. (1993) and Sentana and Wadhwani (1992).
The out-of-sample analysis on the economic significance of the results indicates that the
model can be used to form profitable trading strategies before transaction costs. A simple
short-selling strategy based on the models one-step-ahead forecasts outperforms a passive
benchmark model and a traditional technical analysis tool, which underperforms the passive
benchmark model. The poor performance of the traditional technical analysis tool (a rolling
historical average) indicates that use of naïve forecasting models is not economically
beneficial, even in emerging stock markets.
Essay 3, which explores the US and Latin American stock markets, finds indirect support for
Essays 1 and 2 in that the degree of autocorrelation is shown to vary with volatility. However,
the underlying economic intuition is different; the result suggests some investors implement
feedback trading strategies. Essay 3 documents that the first-lag autocorrelation is mostly
positive in both stock markets – usually at a higher level in the Latin America aggregate
return than in the US aggregate return. This is in line with Essays 1 and 2, and more
generally, with the view that return autocorrelation is more important in emerging than
developed stock markets (Harvey, 1995b). Contrary to previous feedback trading studies, the
results are controlled against the increased influence of global factors (see Roll and
Pukthuanthong, 2009). Lagged return on the global aggregate stock market and changes in the
oil price as additional explanatory variables do not help forecasting future returns.
The feedback trading model fits the data better than a conditional version of the zero-beta
CAPM. This implies that heterogeneous agent models offer a more realistic description for
stock returns than a single-investor models that assume efficiently functioning and frictionless
markets. This interpretation comports with the results in Essay 1 and 2. However, differences
in performance in explaining monthly returns between the Shiller-Sentana-Wadhwani
feedback-trading model and alternative models with a first-order autoregressive term are
modest.
Taking time-varying autocorrelation into consideration can improve an investor’s portfolio
allocation between emerging and developed stock markets. Using the feedback trading model
and its alternatives to model expected returns, Essay 3 constructs period by period both the
global minimum variance portfolio and the tangency portfolio with the risk-free return and a
shorting constraint. Based on the average performance of different portfolios, taking
autocorrelation into consideration is found to be important in portfolio optimization as it can
influence portfolio choice indirectly via the effect of forecasting errors on the covariance
matrix estimates and directly through expected returns. The most drastic effect on portfolio
performance comes not from allowing time-varying autocorrelation, but simply realizing that
stock returns are autocorrelated, especially in emerging markets.
16

Essay 4 extends the exponential autoregressive model of LeBaron (1992) to the EVAR model
with volatility. Returns on a large-firm portfolio are shown to lead returns on a small-firm
portfolio. The lead-lag relation changes with conditional variance of the large-firm returns.
Because the large-firm portfolio closely reflects market movements, this finding concurs with
Chan (1993), who explains cross-autocorrelations among stock returns in a context where
market makers observing noisy signals about their stocks cannot immediately condition prices
on the signals of other stocks that contain market-wide information. If the signal quality is
better for large firms than for small firms, large firm returns can lead small firm returns. The
Chan model implies that both own- and cross-autocorrelations can vary with the size of
market movement.
Dynamic cross-autocorrelation has been previously studied using the LVSTAR framework
mainly in a macroeconomic context. For example, Rothman et al. (2001) investigate nonlinear
Granger causality in the money-output relation. Camacho (2004) studies the nonlinear relation
between US gross domestic product and the Conference Board’s composite index of leading
indicators. The EVAR model with volatility allows current values of dependent variables to
depend on their own lagged values and lagged values of other variables with coefficients that
change with the conditional second moments of the variables. To my best knowledge, this
approach has not been previously used. The results show that time-invariant vector
autoregressions (e.g., Boulatov et al., 2012; Hou, 2007; Chordia and Swaminathan, 2000)
appear to be overly restrictive when testing lead-lag relations in stock markets.
Essay 4 complements the findings of the previous three essays, which investigate autocorrelation at the market level. First, as the autocorrelation in large-firm returns is found to be timeinvariant, it seems that the time-varying autocorrelation in the US aggregate return is mainly
induced by the dynamic own- and cross-autocorrelation in small-firm returns. Second, Kim et
al. (2011) document a relation between changing market conditions and time-varying return
predictability at the market-level, which is in line with the results in the previous essays.
Essay 4 implies that most of the dynamic predictability is attributable to predictability in
small-firm returns.

1.4. Structure
The rest of this introductory part of the thesis is organized as follows. Section 2 introduces the
neoclassical approach to asset pricing via the stochastic discount factor, discusses the riskreturn trade-off between the conditional mean and variance of the aggregate return implied by
the ICAPM, and represents the modern view on return predictability and market efficiency.
Section 3 presents four sources of autocorrelation in stock returns. Section 4 introduces an
empirical model to assess the time-varying relevance of an equilibrium pricing model and
autocorrelation in driving expected returns. The last section summarizes the main results.
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2. RISK-RETURN TRADE-OFF
This section discusses the neoclassical approach to asset pricing. Section 2.1 presents the
general consumption-based model in a stochastic discount form. Section 2.2 introduces the
intertemporal CAPM, and discusses the intertemporal risk-return trade-off at the aggregate
market level. Section 2.3 provides a brief summary of the modern view on market efficiency
and return predictability (e.g., in the form of autocorrelation in returns).

2.1. Stochastic discount factor
The neoclassical approach to asset pricing is best characterized by a stochastic discount factor
presentation for expected returns.6 A simple example of how the stochastic discount factor
can be introduced is to consider an investment-consumption choice problem of an investor
(with Neumann-Morgenstern preferences) who can freely buy or sell asset i and who
maximizes a time-separable additive expected utility function:
(1)

max u ct

Et u ct

1

,

where Et[·] denotes the expectation conditional on time t information, and ct and ct+1 denote
the investor’s consumption at time t and t + 1. u(·) is the period utility function of
consumption with u´(·) > 0 and u´´(·) < 0. The strictly increasing and strictly concave u(·)
implies that the investor prefers more consumption over less, but the marginal value of
additional consumption declines. u´´(·) < 0 induces aversion to both risk and substitution of
consumption over time. is the subjective discount factor (if the investor prefers consumption
sooner rather than later, < 1).
The investor must choose how much to consume today and how much to invest for future
consumption. The first-order condition for an optimal consumption-portfolio choice is
(2)

u ct

Et 1 Rit

1

u ct

1

,

where Rit+1 is the net return on the asset i at time t + 1. At the optimum, the marginal utility
loss of consuming one dollar less at time t must equal to the expected marginal utility gain
from the extra payoff at time t + 1. Dividing eq. (2) by the marginal utility at time t, yields

6

The discussion here follows the standard introduction to the topic (see Cochrane, 2005; Campbell et al. 1997).
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1

(3)

Et 1 Rit

1

u ct 1
u ct

or

1 Et 1 Rit

(4)

1

Mt

1

.

The variable Mt+1 = u´(ct+1)/u´(ct) is the stochastic discount factor. In the present context, it
measures the intertemporal marginal rate of substitution. Eq. (4) states that the expected
product of any asset return with the stochastic discount factor is equal to one.
The gross return for a risk-free asset is (1 + Rft) = Et[(1 + Rft)] = 1/Et[Mt+1].7 Using the
covariance decomposition and the expression for the risk-free return, eq. (4) suggests that the
expected return on the asset i in excess to the risk-free return is
(5)

Et Rit

1

R ft

1 R ft Covt Rit 1 , M t

1

.

Eq. (5) states that an asset’s expected return depends on its covariance with the stochastic
discount factor. Assets with payoffs that have negative covariance with Mt+1 have positive
expected risk premiums. An asset with negative covariance with the stochastic discount factor
yields low returns when the marginal utility of consumption is high. During these periods,
consumption is low and an extra dollar would be most valuable, so investors demand a risk
premium to hold such an asset in their portfolios. An asset whose expected return has positive
covariance with Mt+1 tends to yield high returns when wealth is most valuable, and hence,
investors are willing to pay a premium to hold it.
In empirical work, the consumption-based asset pricing model presented above commonly
involves aggregating investors into a single representative investor. While the consumptionbased model is theoretically appealing and most pricing models are merely special cases of
this model, it has some unattractive features, especially at short intervals. Campbell et al.
(1997) mention two potential problems facing the empirical researcher. First, it is difficult to
measure aggregate consumption at a given point of time as available consumption data are
time-aggregated and suffer from measurement errors. Second, aggregate consumption may be
an inadequate measure for the consumption of stock market investors in the presence of
constrained investors not operating in the stock market. The consumption of constrained
investors may account for a substantial fraction of aggregate consumption, yet it is irrelevant

7

Some authors use Rft+1 instead of Rft to denote the return on the risk-free asset at time t + 1 (observed at time t).
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in determining equilibrium prices. Mankiw and Zeldes (1991) find support for the view that
the consumption of stockholders and non-stockholders differ in important ways.
Essay 3 considers a case where one investor group bases their demand on past price changes
instead of risk-return considerations. The other equilibrium pricing models in this doctoral
thesis, however, are linear factor models with wealth and other variables as proxies for
aggregate marginal utility growth. In these models, the stochastic discount factor is linear (or
approximately linear) such that

Mt

(6)

1

at

bt Ft 1 ,

where Ft+1 = [f1t+1, f2t+1,…, fKt+1] is a K x 1 vector of risk factors. In the CAPM, the sole factor
is the return on the wealth portfolio. The ICAPM of Merton (1973) implies that innovations in
state variables that forecast changes in future investment opportunities should be considered
as additional variables.
In multi-period models, investors optimize their expected utility of lifetime consumption. For
example, if the investor lasts T periods, eq. (1) becomes
T

(7)

j

max Et

u ct

j

.

j 0

In the ICAPM, the optimal consumption is explained in terms of wealth and other state
variables using the indirect utility function of the investor Jt. To illustrate how this works, let
it be the number of units of asset i held at time t and t = [ 1t,…, Nt]' denote the portfolio of
the investor chosen at time t to be held for the next period. In addition to the wealth Wt at time
t, which can be either invested or consumed, the indirect utility depends on the investor’s
remaining life, and hence, t will affect Jt.8 If a state variable zt contains information about
future investment opportunities (the conditional distribution of asset returns the investor faces
in the future), the indirect utility function of the investor at time t is
T

(8)

J Wt , zt , t

max

ct ,...cT , t ,...,

j

Et
T

u ct

j

,

j 0

with a terminal condition that J(WT,zT,T) = u(cT) = u(WT). In other words, at the final date T,
no portfolio is chosen (meaning that T = 0) and consumption is equal to wealth at time T. The
indirect utility function Jt denotes the maximum expected utility of current and future

8

For simplicity, the investor is assumed to have no labor income.
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consumption at time t, which depends on the consumption and investment decisions for the
current period and all future periods.
The indirect utility has the dynamic programming property, so the multi-period maximization
problem can be divided in the consumption-investment decisions for the current period and
the decision for all future periods:

J Wt , zt , t

(9)

max u ct
ct ,

Et J Wt 1 , zt 1 , t 1

.

t

The dynamic programming property of the indirect utility can be used to show that, at the
optimum, the envelope condition holds
(10)

JW Wt , zt , t ,

u ct

where JW denotes the partial derivative of the indirect utility with respect to wealth. Eq. (10)
allows writing the stochastic discount factor in terms of the indirect utility. This can be further
used to derive a linear discrete-time approximation for Mt+1 [see eq. (6)] by taking a Taylor
expansion that can be used in eq. (4). Alternatively, we can derive an exact linearization for
Mt+1 in continuous time and use the continuous time result as a discrete-time approximation.

2.2. Intertemporal CAPM
A discrete-time approximation of the ICAPM implies that the expected excess return on asset
i is

(11)

Et

1

rit

Wt JWW Wt , zt , t
Covt
JW Wt , zt , t

1

rit , rWt

JWz Wt , zt , t
Covt
JW Wt , zt , t

1

rit , zt ,

where Et–1[rit] = Et–1[Rit] – Rft–1 and zt is the innovation to the state variable. Subscripts on J
denote partial derivatives. Eq. (11) suggests that the representative investor is compensated
for bearing the systematic market risk (the first term on the right hand side (RHS)) and the
risk of unfavorable shifts in the investment opportunity set (the second term on the RHS). Eq.
(11) can be written for the aggregate wealth (or market) portfolio as
(12)

Et

1

rMt

Vart

1

rMt

Covt
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1

rMt , zt ,

where = –WJWW/J W and = –JWz/J W are now both assumed to be constant over time. The
former measures the (constant) relative risk aversion of the representative investor. This
should be positive under risk aversion, since JW > 0 and JWW < 0.
Eq. (12) suggests a positive partial relation between the conditional mean and variance of the
market excess return. The sign of can be negative or positive depending on JWz. If both JWz >
0 and Covt–1[rMt, zt] > 0 or JWz < 0 and Covt–1[rMt, zt] < 0, the second term on the RHS will
be negative. Thus, the expected return on the market portfolio is lower than the required
compensation suggested by market risk alone. Recalling the discussion in the previous section
and eq. (5), this can be seen as a reflection of the fact that the market portfolio tends to yield
high returns when the marginal utility of wealth is high. If both JWz > 0 and Covt–1[rMt, zt] <
0 or JWz < 0 and Covt–1[rMt, zt] > 0, investors will demand a higher expected return as the
market portfolio tends to deliver high returns when the marginal utility is low.
If there are no shifts in investment opportunities or the investor has logarithmic utility, eq.
(12) reduces to the conditional CAPM,
(13)

Et

1

rMt

Vart

1

rMt ,

suggesting a proportional relation between the conditional mean and variance of the aggregate
market.9 Here,
is the ratio of the conditional expected excess market return and the
conditional variance of the market return. The coefficient measures the compensation the
representative investor demands for a one-unit increase in the variance of the market return.
While strongly depends on the level of risk aversion, it is exactly equal to the relative risk
aversion only under strong assumptions concerning the consumption process (for details, see
Harvey, 1989).
Merton (1980) argues that, under certain milder conditions than those discussed above, eq.
(13) offers a reasonable approximation for the expected market return. Specifically, either the
variance of the change in wealth (approximated by the variance of the market return) is much
larger than the variance of the change in the state variables or the optimal consumption
function of the representative investor [descries the optimal consumption rule of the investor
in terms of the wealth, time, and the additional state variable (see Merton, 1973)], is much
less sensitive to the additional state variable than to wealth.
In empirical work, it is assumed that realized returns are investors’ unbiased estimates for
expected returns. In addition, eq. (13) and (12) are often augmented by a constant term,

9

The state variable does not affect the marginal utility of an investor with logarithmic utility. This makes the
investor uninterested in hedging against changes in the state variable.
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(14)

rMt

Vart

1

rMt

Covt

1

rMt , zt

Mt

,

where rMt = Et–1[rit] + Mt. The coefficient, , captures the average effect of missing factors
and takes account market imperfections such as taxes, preferred habitat, and transaction costs
(e.g., Scruggs, 1998; Bollerslev et al., 1988). It can be also interpreted as Jensen’s (1969)
measure. In this case, > 0 (< 0) implies that the market portfolio has performed better
(worse) than expected given its exposure to the systematic market risk and investors’
intertemporal hedging demands.
Eq. (12) and (13) have been extensively used as the theoretical motivation to test the relation
between the conditional mean and variance of the aggregate return, which is often referred to
as the intertemporal or conditional risk-return trade-off. Despite a huge body of research, the
empirical results concerning the sign of remains mixed. Previous studies have struggled to
document a positive risk-return relation, often detecting a negative or weak relation instead.
Although Campbell and Hentschel (1992), French et al. (1987), and Baillie and DeGennaro
(1990) do demonstrate a positive risk-return trade-off, it is largely insignificant. Statistically
significant and positive risk-return trade-offs are identified by Bollerslev et al. (1988),
Scruggs (1998), Ghysels et al. (2005), Nyberg (2012), and Lanne and Saikkonen (2006). In
contrast, Nelson (1991), Campbell (1987), and Glosten et al. (1993) report a negative relation
between the conditional mean and variance of the aggregate stock return. Detailed overviews
on the empirical results concerning the risk-return trade-off can be found in Scruggs (1998),
Ghysels et al. (2005), Guo and Whitelaw (2006), Brandt and Wang (2010), and Nyberg
(2012).
These mixed results relate to an omitted-variable problem or differences in how the
conditional mean and variance are modeled. The former may result if the hedging component
of the ICAPM is omitted from an empirical specification. As Scruggs (1998) notes, when the
true asset pricing model is a two-factor model such as eq. (14) and the econometrician
estimates the model with = 0, the following bias arises:

(15)

ˆ

Cov Vart

1

rMt , Cov t

Var Vart

1

1

rMt

rMt , zt

,

where ˆ is the estimate obtained using eq. (14) with = 0. The sign of the bias depends on
both the unconditional covariance between Vart–1[rMt] and Covt–1[rMt, zt] and the sign of JWz.
Some studies suggest this explains (at least partially) the inconclusive results concerning
(Scruggs, 1998; Gerard and Wu, 2006; Guo and Whitelaw, 2006; Brandt and Wang, 2010).
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The ICAPM does not prescribe the exact variable that should be used in empirical work to
proxy the state variable. In practice, this makes it difficult to distinguish between a two-factor
model and the ICAPM. In addition, if K state variables are needed to describe the variations in
investment opportunities, the result is a (K + 1)-factor model. After choosing K relevant
factors, the hedge component can be modeled by specifying a model for the conditional
covariance between the market return and the change (or innovation) in factor k. Scruggs
(1998) and Gerard and Wu (2006), for example, use multivariate GARCH (MGARCH)
models. This doctoral thesis follows Ghysels et al. (2005) and Guo and Whitelaw (2006) and
models the hedge component as a linear function
K

(16)

k

Covt

1

rMt , f kt

Xt 1 ,

k 1

where is a vector of coefficients and Xt–1 is a vector of predetermined information variables
known at time t – 1.10 As Gerard et al. (2003) point out, this approach can be used to control
for the influence of additional factors, but cannot be taken as direct evidence as to whether or
not a particular factor is priced. Note that eq. (16) is written for K factors instead of K state
variables to highlight the fact that it is difficult to distinguish between a multifactor model and
the ICAPM in empirical work.
Given that the focus of this thesis lies in the risk-return trade-off between the conditional
mean and variance of the aggregate market return, eq. (16) is included in empirical models
mainly for control purposes. So what variables should we include? As a rule, ICAPMmotivated factors should help forecasting future expected returns and variances. For example,
Scruggs (1998) and Gerard and Wu (2006) consider long-term bond rates following Merton’s
(1973) suggestions. Ghysels et al. (2005) use predetermined macro variables such as the US
default spread and the dividend-price ratio. On the other hand, there might be important
control variables not necessarily directly related to the ICAPM approach that bear on the
empirical question of whether the representative agent is a local or global investor. For
example, since the degree of financial integration between world capital markets has
increased for most countries (see, e.g., Roll and Pukthuanthong, 2009), the return on the
global market portfolio is potentially an important control variable. This has been
demonstrated in such works as Harvey (1991) and De Santis and Gerard (1997), who test a
conditional version of the world CAPM. International asset pricing theories also predict that,
under certain conditions, exchange rate risk is priced (for details, see Dumas and Solnik,
1995). De Santis and Gerard (1998) and De Santis et al. (2003), for example, find support for
the pricing of the currency risk in selected markets. Therefore, changes in exchange rates are
potentially important factors to be noted.
10

Similarly, time-varying t can be modeled using a linear function of lagged information variables ( can be
restricted to be positive using an exponential function).
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The above discussion implies a second reason for the inconclusive results: none of the
conditional moments is directly observable, so the modeling assumptions shape the obtained
result. Indeed, Campbell (1987) reports that results are sensitive to the chosen set of
information variables. In addition, several econometric methods can be used to empirically
model Et–1[rit], Vart–1[rMt], and Covt–1[rMt, ft]. The most typical approaches are a multivariate
or univariate GARCH-M framework (e.g., Bollerslev et al., 1988; Scruggs, 1998; Nyberg,
2012), generalized methods of moments (GMM) (e.g., Campbell, 1987; Brandt and Wang,
2010), and the mixed data sampling (MIDAS) approach of Ghysels et al. (2005). An
interesting exception here is Pastor et al. (2008), who model the dynamics of the expected
return using implied cost of capital computed from analyst forecasts. While the various
econometric approaches have their own pros and cons, they all share a common feature – it is
essential to test whether the obtained results are sensitive to the used variance specification
and the chosen set of information variables.

2.3. Return predictability and market efficiency
Eq. (14) (with or without the hedging component) is often augmented by a time-invariant
autoregressive term in empirical work. An autoregressive component is included to control for
nonsynchronous trading (e.g., Nelson, 1991; De Santis and Imrohoroglu, 1997) or to test
whether the lagged return helps forecasting the future return along the risk-return explanation
(e.g., Bollerslev et al., 1988; Ghysels et al., 2005). The latter practice closely relates to the
market efficiency literature, which is next discussed in relevant depth to elucidate the
conditions under which autocorrelation in stock returns implies pricing inefficiency.
Before the theoretical foundations were laid by LeRoy (1973), Rubinstein (1976), and Lucas
(1978) and others, a violation of the random walk hypothesis was seen as evidence against
market efficiency. The common view was that if prices fully reflect all information, price
changes must be unforecastable in an informationally efficient market (see Samuelson, 1965;
Fama, 1970). In contrast, the modern view on return predictability states that price changes
should be unpredictable after controlling for dividends and weighting by the stochastic
discount factor, while unadjusted returns can be time-varying and predictable.
Let pit+1 and dit+1 denote the price and dividend of an asset i at time t + 1. Since the gross
return on an asset i is (pit+1 + dit+1)/pit, eq. (2) can be written as
(17)

pit u ct

Et

u ct

1
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pit

1

d it

1

.

Cochrane (2005) lists the conditions under which prices follow a random walk: If the asset
does not pay dividends during the next period (dit+1 = 0), investors are indifferent for delay in
consumption ( = 1), and investors are risk neutral [u(·) is a linear function, implying
u´(ct+1)/u´(ct) = 1] or consumption does not vary, eq. (17) reduces to
(18)

pit

1

pit

it 1

,

where pit+1 = Et[pit+t] + it+1. If it+1 is independently and identically distributed with zero mean
and constant variance, the price follows a random walk process and returns are unpredictable.
Campbell et al. (1997) argue that the assumption of identically distributed increments is
implausible for financial assets over longer time periods because the environment where stock
prices are determined changes over time. For example, few would expect that the variance of
it+1 remained the same before and during the recent financial crisis. Campbell et al. (1997)
categorize eq. (18) with an independent but not identical distribution as a more general
random walk hypothesis that still contains the idea of unforecastable price changes and has
the random walk as its special case. They also discuss a one-step more general random walk
hypothesis with dependent, but uncorrelated, increments. For example, Cov[ it, it-k] =0 k 0,
while Cov[

2
it

,

2
it k

]

0 for some k

0.

The ICAPM [eq. (11)] suggest that if conditional second moments of returns or risk
preferences vary over time, excess returns can be time-varying and predictable. This implies
the joint hypothesis encountered in empirical work. Only if an equilibrium model is correct
and the market is efficient should past returns (or other additional variables) not be helpful in
forecasting future returns. Market efficiency as such cannot be rejected. Said simply,
autocorrelation in unadjusted returns is not evidence against market efficiency. While this
doctoral thesis does not try to directly relate autocorrelation (in adjusted or unadjusted)
returns to market efficiency in empirical work, it uses GARCH models in which squared error
terms are autocorrelated. Therefore, in empirical work, a relation between random walk
models and market efficiency is related to the last definition of the random walk hypothesis
with dependent but uncorrelated increments.
Many researchers continue to interpret autocorrelation in unadjusted stock returns as evidence
against market efficiency (e.g., Lo, 2004; Ito and Sugiyama, 2009). This may lead to false
conclusions since, in addition to time-varying expected returns, autocorrelation may simply
reflect market frictions. Anderson et al. (2012) lists four sources of autocorrelation in stock
returns: partial price adjustment, time-varying risk premia, nonsynchronous trading, and bidask bounce. Of these explanations, partial price adjustment alone implies pricing inefficiency.
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3. AUTOCORRELATION
This section discusses four sources of return autocorrelation: time-varying risk premia,
nonsynchronous trading, bid-ask-bounce, and partial price adjustment. The first source is an
example of autocorrelation in unadjusted returns induced by time-varying expected returns.
The next two sources of autocorrelation are related to market microstructure. The final
source is the only one that implies pricing inefficiency.

3.1. Time-varying risk premia
The ICAPM suggests that risk-averse investors demand compensation for holding risky
assets. As discussed in the previous section, expected returns can be time-varying and
predictable due to the time-varying risk premium. This offers a natural explanation for
autocorrelation in unadjusted returns: autocorrelation can simply reflect time-varying risk
premia (Anderson, 2011). To illustrate more specifically, assume that the conditional CAPM
[eq. (13)] is the true asset pricing model and that the variance of the aggregate return follows
a GARCH(1,1) process. These assumptions are both widely used in empirical research and
imply that the aggregate market return follows the GARCH(1,1)-in-mean (GARCH-M)
process:

(19)

rMt

hMt

Mt

2
Mt 1

hMt
Mt

t 1

,
hMt 1 ,

~ N 0, hMt ,

where t-1 denotes the complete information set available at time t – 1, and > 0, > 0, and
0. The condition for covariance-stationary and an existence of the fourth moment are +
< 1 and 3 2 + 2 + 2 < 1, respectively. The error term is assumed here to be conditional
normally distributed, but other symmetric distributions can be assumed instead. Hong (1991)
shows that the autocorrelation structure for rMt is

(20)
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1

and, for the higher-order lags L > 1,
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Figure 1. Autocorrelation. This figure shows the first-order autocorrelation implied by the GARCH-M(1,1)
process [eq. (19)] with different . The first-lag autocorrelation is given as in eq. (20). The solid line results
when = 0.05, = 0.10, and = 0.85. The dashed line is obtained when = 0.05, = 0.05, and = 0.90.

(21)

L

L 1
L 1
1

.

Since the GARCH parameters are restricted to be positive, L 0
positive autocorrelation if investors are not risk neutral (
0).11, 12

L

1. There will be

Figure 1 plots the first-order autocorrelation with different levels of when , , and are set
equal to two different set of typical values obtained in empirical research. The dashed line
shows the degree of autocorrelation for a relative persistence variance process ( + = 0.95)
in which the GARCH term dominates. In other words, the conditional variance is mainly
driven by the past conditional variance, while the effect of lagged squared innovations is low.
The solid line is obtained for a variance process (with the same and + = 0.95) in which
the GARCH term still dominates, but the ARCH term has slightly more influence on the
conditional variance. The degree of autocorrelation depends drastically on the type of the
variance process and the absolute value of . If the representative investor is risk averse, a
higher risk-premium implies a higher degree of positive autocorrelation. Similarly, in case of
< 0, a smaller risk-premium induces a higher degree of positive autocorrelation.
11

Eq. (13) implies that the expected return is related to the conditional variance of the aggregate return, RMt. In
equation (19), the conditional variance of the error term, Mt, enters into the conditional mean equation instead.
However, it holds that Var[RMt|RMt-1, RMt-2…] = Var[ Mt| Mt-1, Mt-2…].
12
Note that
0 (with the rest of the GARCH parameter restrictions) would guarantee positive hMt, while > 0
is required for to be identified. If is allowed to be zero, in theory, L can be zero even if
0.
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While the same is generally true without specifying the variance process and equilibrium
model, the GARCH-M example above formally illustrates the importance of taking into
consideration the time-varying risk premium(s) that can cause autocorrelation in stock returns.
The conditional CAPM itself imposes no restrictions on the conditional second moments, and
GARCH models are widely claimed to capture typical features found in financial data (e.g.,
volatility clustering and heavy tails).13 A researcher using unadjusted returns could mistakenly
interpret autocorrelation as a sign against market efficiency, even if the equilibrium model
still holds in practice (see Section 2.3). The hedging component of the ICAPM may command
a time-varying risk premium in an exactly similar fashion. Therefore, it is important to control
for the additional pricing factors, not only because it may affect the evidence concerning the
risk-return trade-off (see Section 2.2), but also if one wants to argue that autocorrelation is not
simply a sign of time-varying risk premia.

3.2. Nonsynchronous trading and bid-ask bounce
The equilibrium models in the previous sections assume frictionless markets. Of course, most
securities trading does not take place continuously and bid and ask prices of assets can
sometimes differ significantly. Nonsynchronous trading (e.g., Lo and MacKinlay, 1990) and
bid-ask bounce (e.g., Roll, 1984) can cause autocorrelation in individual security and portfolio
returns that arises from market microstructure. Often asset pricing studies (see Nelson, 1991;
De Santis and Imrohoroglu, 1997) include a time-invariant autoregressive term along the
conditional risk-return trade-off to control for spurious autocorrelation that is neither evidence
against market efficiency nor a reflection of time-varying risk premia. In other words, market
microstructure can induce autocorrelation in observed returns even if the underlying true price
process is a random walk (with or without a drift induced by risk premia).
Campbell et al. (1997) offer a detailed discussion of autocorrelation induced by non-trading
and the bid-ask spread. The latter arises as randomly arriving buy and sell orders cause asset
prices to bounce between ask and bid prices, thereby inducing autocorrelation in the observed
returns. Such autocorrelation is spurious in the sense that it is caused by market
microstructure, not by changes in economic value of an asset. Roll (1984) proposes a simple
model in which the bid-ask bounce induces negative autocorrelation in security returns.

13

Specifically, financial markets are not continuously open. New information may arrive when markets are
closed, resulting a jump in an asset’s price when markets reopen. This discontinuity causes larger negative or
positive returns than one would expect if markets were continuously open. The result is a leptokurtic
distribution with fat tails and excess peakedness. Volatility clustering, on the other hand, refers to a tendency
of large (small) price changes to be followed by large (small) price changes of either sign. This was first noted
by Mandelbrot (1963). For a survey on use of GARCH models in applied econometrics, see Engle (2001). For
surveys on multivariate GARCH models, see Bauwens et al. (2006) and Silvennoinen and Teräsvirta (2009).
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Nonsynchronous trading refers to an effect that arises from the assuming that returns are
measurable with an exact equally long frequency. Assume, for example, that stock A is traded
less frequently than stock B and we calculate returns using the end-of-day prices. If new
information arrives just before the market closes, it may be that this information is
incorporated in stock B’s end-of-day price but not in A’s price, simply because no trades were
executed with stock A before the closing of the market. Eventually, stock A’s price will
respond to the information with a lag, and this causes both spurious cross-autocorrelation
between the returns of A and B and spurious negative own-autocorrelation in the returns on
stock A. As a rule, nonsynchronous trading induces positive (negative) autocorrelation in
portfolio (individual security) returns.
Anderson et al. (2012) argue that the consensus among researchers is that bid-ask bounce
unlikely causes significant autocorrelation in returns on well-diversified stock portfolios,
while it may induce slightly negative autocorrelation in portfolio returns. Note that there is no
bid and ask price for a stock portfolio; its price is an average of prices of assets in the
portfolio. Since this study concentrates on the market-level analysis, it is unlikely that bid-ask
bounce would be a significant source of autocorrelation. In addition, while infrequent trading
of some of the stocks in market indices may result autocorrelation in studied index returns,
markets would have to be unrealistically thin if nonsynchronous trading could solely produce
the observed autocorrelation patterns (see Lo and MacKinlay, 1990). Boudoukh et al. (1994),
however, report that when the underlying assumptions of Lo and MacKinlay (1990) are
loosened, nonsynchronous trading can explain a significant fraction of autocorrelation in
weekly returns on a small-stock portfolio.

3.3. Partial price adjustment
In addition to time-varying risk premia and market microstructure induced autocorrelation, a
common interpretation for autocorrelation is partial price adjustment that implies pricing
inefficiency, i.e., asset prices do not fully reflect the information investors possess. In general,
if investors under-react to new information, prices fail to reflect their true values after arrival
of new information.14 This implies persistence in returns as prices slowly adjust to their true
values. Over-reaction to new information, in contrast, implies mean reversion: prices reverse
after first overshooting. Anderson et al. (2012) find that partial price adjustment is a major
source of autocorrelation in daily individual stock and portfolio returns in the US stock
market.

14

Market frictions such as transaction costs can induce partial price adjustment. Specifically, as Koutmos (1998)
points out, transaction costs may prevent investors to exploit deviations from true asset values until the
expected gains outweigh the resulting transaction costs.
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Heterogeneous agent models can explain variety of stylized facts in financial data, including
several different autocorrelation patterns.15 In these models, a typical approach is to assume
that there are specific types of rational (informed) and limited rational (uninformed) traders in
the economy. Llorente et al. (2002) and Boulatov et al. (2012), among others, consider the
relation between partial price adjustment and autocorrelation. In their models, informed
traders use their information slowly. On the other hand, the feedback-trading model (Shiller,
1984; Sentana and Wadhwani, 1992) suggests that autocorrelation changes with conditional
variance in the presence of feedback traders and smart money investors. Feedback traders
simply base their demand on past prices, inducing autocorrelation, while smart investors base
their demand on risk-return considerations.16 Campbell et al. (1993) propose a model with
market makers and non-informational traders. In their model, an unusual high trading volume
is a signal of selling pressures of non-informational traders. Their volume-autocorrelation
model suggests that autocorrelation can change with trading volume.
Whatever the exact underlying reason, autocorrelation induced by partial price adjustment
implies pricing inefficiency with respect to the stochastic discount factor presentation for
expected returns on financial assets (see Section 2.1). It is difficult to modify the general
consumption-based model to accommodate partial price adjustment effects without first
having detailed information on the investment strategies of various market participants.
Heterogeneous agent models offer a solution that allows for a formal explanation of expected
returns and autocorrelation as the result of interactions between a few strictly specified
investor types. Another approach is to consider the conditions under which the consumptionbased model fails and the relevance of autocorrelation induced by partial price adjustment
increases, and then augment the consumption-based model to accommodate its empirical
failure without specifying the exact investor or type of interaction that causes the failure. The
latter approach is illustrated in the next section.

15
16

For a survey on heterogeneous agent models in finance, see Hommes (2006).
A negative feedback strategy implies that investors buy (sell) after price declines (increases). In contrast, a
positive feedback strategy means that investors buy (sell) after price increases (decreases). Such behavior
agrees with portfolio insurers and those using stop-loss orders. As Sentana and Wadhwani (1992) discuss, a
portfolio insurance strategy can be perfectly rational behavior under risk aversion that declines with wealth.
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4. RISK-RETURN TRADE-OFF AND AUTOCORRELATION
This section introduces an empirical model that allows investigation of whether the relevance
of the consumption-based asset pricing model and autocorrelation fluctuates over time. The
time-varying relevance of an equilibrium model and autocorrelation in driving returns can be
motivated by bounded investor rationality and changes in market conditions. The section ends
with a discussion of the model’s empirical estimation and practical implications.

4.1. A model with autocorrelation: economic motivation
Essays 1 and 2 investigate the time-varying relevance of the consumption-based model and
autocorrelation in explaining expected returns in the following setting. First, the stochastic
discount factor is assumed to be linear with wealth and other variables as proxies for
aggregate marginal utility growth [see eq. (6)], implying a linear factor model for expected
returns.17 Second, the complete information set is replaced by a subset of information
Zt-1
t-1 available to an econometrician. A model for N risky assets and the aggregate market
is written from the perspective of the econometrician as
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where t-1 [0, 1] measures the time-varying relative weight of a linear factor model. If an
equilibrium model fully explains the expected returns, t-1 = 1 and intercepts are zero. If an
equilibrium explanation is completely irrelevant, the expected returns follow autoregressive
processes of order one. The model allows the econometrician to assess the time-varying
relevance of the autoregressive components through t-1. In practice, autocorrelation may to
some extent reflect market microstructure effects such as nonsynchronous trading and bid-ask
spread, but the main motivation is autocorrelation induced by partial price adjustment that
potentially is caused by changing market conditions.
17

As Cochrane (2005) stresses, linear factor models (e.g., CAPM, ICAPM) are special cases of the general
consumption-based model. However, a linear consumption-based factor model can be replaced by some other
equilibrium model in interest (e.g., by a nonlinear model or a production-based asset pricing model).
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An economic explanation for the changing relevance of an equilibrium model and autocorrelation is offered by the adaptive market hypothesis (AMH) of Lo (2004). The AMH builds on
bounded investor rationality (Simon, 1955) and evolutionary principles. Lo argues that
investors adapt to the constantly changing market environment with satisfactory rather than
optimal behavior as predicted by the traditional view with unboundedly rational investors.
The satisfactory outcome is reach via heuristics and an evolutionary process. The process of
natural selection ultimately determines the number and composition of the market participants
and trading strategies at a given time. Under the AMH, prices reflect both information and the
prevailing market structure. The AMH implies that the degree of market efficiency is dynamic
and dependent on market conditions. Rather than always increasing, it may exhibit trends or
cyclical behavior. An important implication of the AMH is that different trading strategies can
yield cyclical performance in response to a changing market environment.
Unlike the neoclassical approach, behavioral biases under the AMH are present and their
origins are heuristics used to adapt to changing market conditions. The impact of these biases
depends on the size of the population with particular biases compared to the size of the
competing investor populations with different heuristics. The above model can be interpreted
such that when t-1 is close to one, the typical investor resembles a rational investor who
maximizes his or her expected utility. The market is close being in equilibrium, and relatively
efficient. Perfect efficiency is unlikely to hold, as Grossman and Stiglitz (1980) show, simply
because certain abnormal returns must exist to compensate investors for costs related to
gathering and processing information (after these expenses are taken account, returns are not
abnormal). In other words, small abnormal returns, ultimately paid by noise traders, are
needed to generate market equilibrium.
Similarly, as t-1 moves toward zero, prices reflect information only partially, inducing
autocorrelation as prices slowly adjust to their true values. A high degree of market inefficiency should attract arbitragers to exploit profit opportunities. The traditional view on market
efficiency assumes that arbitrage opportunities should disappear almost instantaneously due to
the actions of rational investors. Lo (2004), however, points out that history has shown that an
aggregate market irrationality can dominate aggregate rationality, even if unsustainable, for
certain time periods. This is demonstrated by behavior during certain speculative bubbles,
panics, and crashes in financial markets seen over past centuries. Moreover, the complexity of
modern financial markets and human interactions make it possible that pricing anomalies do
not disappear immediately. Without taking a stand on whether momentum anomalies actually
exist, it is sufficient here to note that momentum-type strategies have gained enormous
interest among scholars and practioners. According to the classic view on market efficiency, if
momentum anomalies are true pricing anomalies, they should disappear upon their discovery.
In any case, an extremely low level of t-1 is unlikely to last as the high degree of inefficiency
should attract investors to exploit the arbitrage opportunities.
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4.2. Changing market conditions: information flow
Aggregate volatility and trading volume reflect changes in market conditions, and hence,
these variables can be used in empirical work to model time variation in t-1. In this case, the
model indirectly agrees with the Shiller-Sentana-Wadhwani feedback-trading model and the
model of Campbell et al. (1993), suggesting that autocorrelation can change with volatility or
volume, respectively. As these heterogeneous agent models suggest that volume and volatility
provide a signal or pricing information, one can adopt a broad view that both variables serve
as proxies for information flow (see, e.g., Andersen, 1996). This interpretation agrees with the
AMH motivation as changing market conditions are closely linked to type and amount of new
information and the ways various market participants process and use information.
The AMH refers to market conditions as a multidimensional and complex construct. In
practice, this leaves it up to the researcher to determine which features to focus on in their
empirical work. The level of information flow is a natural candidate as a key market
condition. It is self-evident that survival of market participants and trading strategies that rely
on past prices depend on the level of new information needed to be subsumed in prices. The
same applies to investors incapable of processing new pricing information. When the level of
new information is high, price fluctuation usually strengthens, breaking historical price
patterns. This indicates poor performance for momentum-type strategies and technical
analysis. At the same time, investors unable to process information face more severe problems
in adjusting their expectations. While occasional information peaks may have little effect on
the composition of market participants, longer lasting shifts in the level and types of
information can reshape the pool of market participants. Such long term shifts can be driven
by such factors as adoption of new technologies that change the pace or scope of information
processing, changes in the aggregate economy, and financial bubbles and crises.
While there is no attempt here at specifying the exact mechanism behind the changing
relevance of the consumption-based model and autocorrelation, it is useful to consider how
things might work. For example, if there is a longer sustained increase in the level of new
pricing information, the population of investors and number of trading strategies that rely on
past prices may start to decrease as investors better at processing new information exploit
profit opportunities move first in adjusting their strategies. At sufficiently low levels of new
information, profit opportunities may be relatively modest as the amount of information
needed to be processed is low, and hence, may not cause enough misspricing to cover
transaction and information gathering costs. This prevents sophisticated investors from
eliminating all misspricing through exploiting arbitrage opportunities. Above a certain level
of new information, the rate of misspricing may accelerate, implying significant profit
opportunities for investors capable of processing information. At this point, the typical
investor starts to resemble a rational investor maximizing his or her expected utility.
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Assume a market that is close to equilibrium and relatively efficient. At first glance, it seems
unlikely that the size of the population with neoclassical-type of heuristics could start to
decrease. However, in practice, after a period of sustained success, investors may become
overconfident or adopt some other behavioral bias. There might be a change in technology or
a financial crisis or bubble that causes changes in the type of new information that a
population with different heuristics starts to succeed. The next generation of rational investors
may embrace a different view of market efficiency and expected returns. This new group of
investors may process and use information more efficiently, and old rational investors may
resemble noise traders from their perspective. For example, as discussed in Section 2.3,
departures from the random walk hypothesis were long seen as a violation of market
efficiency, while the modern view states that returns can be time-varying and predictable.
Moreover, ways to process information are constantly changing. For example, rapid algorithm
trading could take profits from rational investors who are too slow at processing information.
On the other hand, discovery of new pricing anomalies might cause rational investors to
change their trading strategies.
All events discussed above can take place more or less simultaneously. The point is that in a
highly dynamic investment environment, the degree of market efficiency is likely to be timevarying and exhibit cyclical behavior with changing market conditions. These changes are
directly reflected in the type and amount of available pricing information, as well as in the
ways market participants process and use information. To illustrate how complex real-life
human interactions in financial markets can be, note that momentum-type investors may
believe that they are exploiting a pricing anomaly, when in fact autocorrelation in returns can
reflect time-varying risk premia as discussed in Section 3.1. In this case, prices can be in
equilibrium from the perspective of rational investors, while the behavior of market
participants is still drastically different. It is further possible that the behavior of noise traders
under certain market conditions is too random for risk-averse investors to be willing or able to
exploit all profit opportunities.
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4.3. A model with autocorrelation: empirical issues
An empirically testable version of the system of equations (22) can be written as
(23)
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In empirical work, N – 1 risky assets and the market portfolio can be included in the system of
equations to avoid redundancies. If all N risky assets are included, the equation for the market
return is a combination of the rest of the equations. While the model could be tested
simultaneously for multiple risky assets, the work at hand deals with the aggregate level, and
therefore, concentrates on the equation for the aggregate market. By estimating the model for
the market portfolio, we essentially test the model for all N assets.
The main motivation here for including the autoregressive terms is autocorrelation induced by
partial price adjustment. However, this doctoral thesis does not try to attribute autocorrelation
directly to market efficiency in empirical work. While Kim et al. (2011) find support for the
AMH and a number of studies suggest market efficiency varies over time (see survey of Lim
and Brooks, 2011), autocorrelation may also partly reflect time-varying risk premia. In other
words, as discussed in Section 2.3, even if the financial market is efficient, we may obtain
significant autocorrelation if our pricing model is incorrect. In addition, the autoregressive
coefficients may to some extent reflect microstructure effects such as nonsynchronous trading
and bid-ask bounce. It is also worth noting that return predictability using past prices does not
necessarily indicate market inefficiency as it may not be economically exploitable due to
transaction costs. Therefore, the work at hand concentrates on the empirically testable
implication of the model: the relevance of the consumption-based model and autocorrelation
may change with market conditions.
The key market condition is assumed to be the level of new information, measured by
aggregate volatility and trading volume. Dynamics of t-1 can be modeled, for example, using
a logistic function,
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where is a vector of parameters and st-1 is a vector of the predetermined variables: volatility
and volume. If we use both variables simultaneously and want to analyze individual effects of
volume and volatility on the relevance of the consumption-based model and autocorrelation,
we must notice that, as Schwert (1989) mentions, three theories predict a positive relation
between volatility and volume. First, if market participants hold heterogeneous beliefs, arrival
of new information can induce movements in prices and trading volume. Second, if some
market participants use price changes as information on which they base their decisions to
trade, large price changes will induce large trading volumes. Third, in sufficiently illiquid
secondary markets, large trading volume that is mainly either sell or buy orders will induce
price movements. Lamoureux and Lastrapes (1990) and Gallant et al. (1992) empirically
document a positive relation between volume and volatility.
In the empirical work, the component for K additional factors [modeled as in eq. (16)] is
included mainly for control purposes. The conditional covariances between the asset returns
and the aggregate market return in (23) can be modeled using a multivariate GARCH-M
model. Let t = [ 1t,…, N-1t Mt be an N x 1 vector of error terms, here assumed to be
conditionally normally distributed,
(25)
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The conditional covariance matrix of the error terms Ht = [hijt] can be assumed to follow, for
example, the BEKK parameterization of Engle and Kroner (1995),
(26)
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where C = [cij] is an N x N upper triangular matrix, and A = [aij] and B = [bij] are N x N
parameter matrices. The conditional covariances and variance in the system of mean
equations are then modeled as Covt–1[rit, rMt] = hiMt and Vart–1[rMt] = hMMt. The BEKK model
guarantees the positive definiteness of Ht by construction. The covariance-stationary
condition for the BEKK model is that the eigenvalues of A A + B B are less than one in
modulus (where denotes the Kronecker product of two matrices). To reduce the number of
model parameters, it is common to restrict A and B to be diagonal matrices. If N = 1, eq. (26)
with c112 =

, a112 = , and b112 =

can be interpreted as equal to the univariate GARCH(1,1)

parameterization in eq. (19).
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The model [eqs. (23) – (26)] can be estimated via maximum likelihood.18 Let be the vector
of the parameters of the model, under the assumption of the conditional normality, the loglikelihood function for the model for N assets:
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Because financial time series often violate the normality assumption, the standard practice is
to estimate the model using the quasi-maximum likelihood (QML) approach proposed by
Bollerslev and Wooldridge (1992). When the first two conditional moments are correctly
specified, the QML estimator is consistent and statistical inferences can be made using robust
standard errors, often referred as Bollerslev-Wooldridge standard errors in the ARCH
literature.
The parameterization (26) treats effects of positive and negative shocks on volatility
symmetrically. Since asymmetric effects of shocks can be important in asset pricing
applications (see, e.g., Bekaert and Wu, 2000), the symmetric BEKK model can be extended
to allow asymmetric effects following Kroner and Ng (1998):
(28)
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where D is an N x N parameter matrix and t–1 is a vector where it–1 = it–1 if it–1 < 0 and zero
otherwise. Eq. (28) can be seen as a multivariate extension of Glosten et al. (1993).
Asymmetric effects are usually related to leverage effects after Black (1976) or the volatility
feedback hypothesis (Campbell and Hentschel, 1992).19 In the former case, a decline in the
stock price of a firm decreases (increases) the relative proportion of equity (debt) value to the
firm value, making the firm’s stock riskier (more leveraged) and, as a result, increasing its
volatility. The latter case states that negative (positive) changes in expected returns tend to be
intensified (dampened), generating the asymmetric volatility effect. Kroner and Ng (1998)
and Bekaert and Wu (2000) discuss these asymmetry explanations in a multivariate context.
The symmetric and asymmetric BEKK models above do not discriminate between large and
small shocks. A multivariate GARCH parameterization could be further extended to allow for
size effects (see Herwartz and Lütkepohl, 2000). However, in practice, the full model
18

The positive definiteness of Ht is important from a statistical perspective (Ht is a variance-covariance matrix)
and from a computational perspective (a negative definite Ht implies that |Ht| < 0, meaning that ln|Ht| will not
exist in the log-likelihood function).
19
The volatility feedback hypothesis implies a positive relation between the conditional mean and variance and a
negative relation between realized returns and conditional volatility. Koutmos et al. (2008) argue that the latter
can make it difficult to document the conditional risk-return trade-off. In general, as González-Rivera (1996)
discuss, it is important to allow a rich parameterization for Ht as the consistency of the GARCH-in-mean
coefficient depends on a well-specified volatility process.
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(consisting of a system of mean equations and a GARCH model), especially with timevarying t-1, will be highly nonlinear, and numerical algorithms are needed to maximize the
log-likelihood function.20 This imposes a limit on a number of assets that can be included
simultaneously in the system in addition to the aggregate market, as well as the complexity of
GARCH parameterizations that can be considered in empirical work. In addition as the
standard GARCH-in-mean term, hMMt could be used simultaneously in the logistic function as
a predetermined transition variable. However, this would further increase the nonlinearity of
the model, and hence, it is recommended that other proxies for volatility are used instead in
eq. (24) to ease the numerical estimation of the model.
As discussed in Section 3.1, asset pricing models such as the conditional CAPM do not in
themselves impose restrictions on the dynamics of the conditional second moments. The
GARCH parameterizations (26) and (28) are in line with the recommendation of Bollerslev et
al. (1988); any correctly specified intertemporal asset-pricing model should notice the
heteroscedastic nature of asset returns. An interesting alternative for the GARCH models is
the MIDAS approach of Ghysels et al. (2005), who test the ICAPM at the aggregate market
level. MIDAS uses high-frequency observations to model low-frequency variables. For
example, the weighted average of lagged daily squared returns is used to model expected
monthly variance. The MIDAS approach has been used to model conditional covariances in a
cross-sectional asset-pricing context by González et al. (2012), who test selected linear factor
models in a beta form. A special case of the MIDAS approach is to use a lagged sum of
squared daily returns over a month as a (non-parametric) measure of variance (see French et
al., 1987; Kim et al., 2011). This approach has been used to model daily variance using
intraday returns by Andersen et al. (2001). Similarly, a sum of cross-product of lagged daily
returns can be used to model the covariances in eq. (23). In all above cases, parameters of the
model can be estimated via maximum likelihood after specifying a distribution for the error
terms. For example, the latter case with the non-parametric measures for Vart–1[rMt] and Covt–
1[rit,rMt] can be estimated assuming constant Ht = H by setting A = B = D = 0 in (26) and (28)
or, alternatively, by allowing GARCH errors.

20

When estimating nonlinear models, it is important to be aware that the log-likelihood function may contain a
number of local maxima. Different initial values for the model parameters may yield different outcomes (see
Brooks et al., 2001), so the researcher should try a number of different initial values to ensure the global
maxima.
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4.4. A model with autocorrelation: practical implications
In addition to allowing modeling the time-varying relevance of an equilibrium pricing model
and autocorrelation in driving expected returns, the model has several important implications
for practical applications. For example, a linear factor model with local and global pricing
factors is commonly estimated in an international setting to investigate whether a particular
stock market is integrated with the world capital market (see Carrieri et al., 2007; Chamber
and Gibson, 2008). If expected returns in a particular country are driven by different factors
than those affecting expected returns on an investor’s global portfolio, the country is assumed
to be at least partially segmented and offer diversification opportunities. This approach is
based on an assumption that an equilibrium model describes expected returns. However, if the
relevance of an asset-pricing model in driving expected returns changes with market
conditions, diversification opportunities should be measured based on an asset-pricing
explanation only when t–1 is close to one. When the relevance of an asset-pricing model
explanation is low, diversification benefits should be analyzed by considering correlation
structure between individual asset returns.
Similarly, a common approach to measuring performance of a risky asset or portfolio of assets
is to estimate intercepts for realized excess returns using a variant of eq. (23) with t–1 set to
one. If an equilibrium model explains excess returns, the resulting intercepts should be zero. If
a particular asset or portfolio has positive (negative) intercept, it has performed better (worse)
than expected based on its exposure to pricing factor(s). If the intercept is used to measure the
risk-corrected performance of an investment, a pure asset-pricing model will lead to false
conclusions if the asset-pricing model explanation for expected returns is irrelevant, i.e.,
during periods when t–1 is low. This could have drastic implications, for example, in
evaluating the performance of fund managers. It would also be important to consider when
analyzing pricing anomalies.
A pricing anomaly is often measured by positive or negative intercepts [obtained using a
variant of eq. (23) with t–1 set to one] of portfolios sorted by certain asset-specific
characteristics. It is thus an anomaly with respect to the tested equilibrium model.21 While this
doctoral thesis concentrates on the market-level risk-return relation and autocorrelation in a
time-series context, the same framework can be applied to provide insights into crosssectional questions and a wide range of trading strategies. For example, momentum anomalies
(winners beat losers) continue to confound asset-pricing studies (see Jegadeesh and Titman,
1993; 2001). While momentum is a cross-sectional result, it can be related to autocorrelation
in returns and cross-autocorrelation among stocks (Lewellen, 2002). The system of equations
(23) can be estimated for stock portfolios sorted by past performance to explore whether the
relevance of a linear factor model and autocorrelation (and cross-autocorrelation) in driving
21

For an overview on cross-sectional pricing anomalies, see Fama and French (2008).
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returns changes with general market conditions or portfolio-specific features by allowing for
asset-specific weights it-1.
Dynamic weighting of an equilibrium model and autocorrelation can be important for other
applications such as derivatives pricing. For example, stock options are usually priced
assuming risk-neutral preferences (in which case the expected return on an underlying asset is
equal to the risk-free rate) and that stock prices follow a geometric Brownian motion. If stock
returns exhibit autocorrelation, standard pricing formulas have to be adjusted (see Jokivuolle,
1998). If the degree of autocorrelation in returns also changes with market conditions, one
could potentially identify interesting option trading strategies.
The insight of the model and its practical applicability are likely to be highlighted in emerging
stock markets. As Harvey (1995b) mentions, autocorrelation levels observed in emerging
stock markets are generally higher than those observed in developed stock markets. Emerging
stock markets can be assumed to be less efficient and stable than developed markets.
Emerging markets often suffer from such problems as poor corporate governance (Black et
al., 2006) and weak investor protections. In these markets, economic and political conditions
often change rapidly and unpredictable compared to developed markets. These features
support a view that investors in emerging markets must rely more heavily on heuristics in
their decision-making than in developed stock markets. Decisions are further based on less
quality information and greater opacity than in developed markets. This implies that the
relevance of an equilibrium presentation for expected returns and autocorrelation fluctuate
more drastically in emerging stock markets than in developed stock markets.
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5. RESULTS
This doctoral thesis finds a positive relation between the conditional mean and variance of the
aggregate return, as implied by the intertemporal CAPM of Merton (1973). However, the
relevance of an intertemporal equilibrium model and autocorrelation in explaining expected
aggregate stock returns fluctuates with volatility, especially in developing stock markets.
Traditional equilibrium models by themselves appear to be inadequate for providing a rich
and full description of expected stock returns. The significant autocorrelation can reflect
omitted time-varying risk premia or market microstructure effects such as nonsynchronous
trading and bid-ask bounce. A further source of autocorrelation is partial price adjustment,
which implies a departure from the standard neoclassical view on equilibrium pricing with
unboundedly rational investors and perfect market efficiency.
The changing relevance of an equilibrium model and autocorrelation may reflect interactions
between heterogeneous investors. More generally, however, it can be seen as a departure from
the neoclassical view toward behavioral explanations for investor behavior. For example, if
investors with bounded rationality adapt to constantly changing market conditions with
satisfactory (rather than optimal) behavior that is attained through heuristics and evolutionary
process, asset prices will reflect both information and the prevailing market ecology. Prices do
not necessarily adjust immediately and correctly to arrival of new information, and the degree
of market efficiency can be dynamic and exhibit cyclical behavior due to changing market
conditions, reflected in variables such as aggregate volatility. Since volatility serves as a
proxy for information flow, the empirical results support a view that during low-information
(low-volatility) periods, market-wide persistence in returns increases, leading to a failure of
the neoclassical view on asset pricing. During high-information (high-volatility) periods,
expected returns can be described using rational (intertemporal) investors acting to maximize
their expected utility. This offers a plausible explanation as to why detection of a positive
risk-return trade-off has been so challenging in earlier studies, while autocorrelation in stock
returns has been a robust finding.
While this doctoral thesis finds support for the changing relevance of the risk-return trade-off
and autocorrelation, it would be unwise to attribute autocorrelation solely to the degree of
market efficiency. Market efficiency is always tested in conjunction with an equilibrium
model for expected returns. Autocorrelation can reflect, at least to a minor extent, omitted
time-varying risk premia. In addition, there is no attempt here to control the results for the
effect of transaction and information gathering costs that could make it difficult to exploit
autocorrelation in returns in an economically profitable way. A significant risk-return tradeoff, on the other hand, implies that autocorrelation in unadjusted returns is not as such
evidence against market efficiency. While many researchers interpret autocorrelation as a
departure from the neoclassical doctrine, it can directly reflect the conditional risk-return
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trade-off. Besides offering an explanation for the mixed evidence concerning the sign of the
risk-return trade-off, the results clearly show that it is important to take both the risk-return
trade-off and autocorrelation into account in all applications that require estimates for
expected returns, especially when operating in emerging stock markets.
In addition to providing a more realistic description of expected stock returns, the changing
relevance of an equilibrium model and autocorrelation can influence empirical findings when
evaluating diversification opportunities based on equilibrium models. When the relevance of
an asset-pricing model explanation for expected returns is low, instead of an equilibrium
model, diversification benefits should be evaluated by investigating correlation structures
between individual assets. Similarly, a common practice to measure performance of risky
assets is to compare their realized returns, corrected for risk using an equilibrium model. This
can lead to incorrect conclusions during periods when the relevance of autocorrelation is high,
which should be kept in mind when evaluating performance of portfolio managers and trading
strategies. Moreover, the time-varying importance of an equilibrium model and autocorrelation can be potentially used to identify several new trading strategies.
The framework of this thesis could be applied to gain new insights on the issues discussed
above. Furthermore, while this doctoral thesis concentrates on the market-level analysis in a
time-series context, its models could help provide insight on several cross-sectional issues.
For example, momentum strategies remain as a puzzling pricing anomaly. Although
momentum is a cross-sectional result, it can be caused by return autocorrelation, crossautocorrelation among stocks, or cross-sectional differences in unconditional means. With
few modifications, the model used in Essay 1 and 2 could be estimated for momentum
portfolios to explore whether the relevance of an equilibrium model and own- and crossautocorrelation in driving expected returns changes with market conditions or portfoliospecific features. These questions are left for future research.
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