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BACKGROUND, THEORY, METHOD AND FINDINGS
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1 INTRODUCTION

1.1. Background on asset pricing theory and models

Given the flow of income, a typical economic agent faces the well-known intertemporal 
consumption-savings problem.1 The primary decision an investor makes is the 
distribution of wealth for present and future consumption across periods from available 
choices. The allocation of wealth (savings) to maintain sustained future consumption 
streams also generates the portfolio selection problem across assets. Additionally, 
investors’ ability to transfer wealth across periods and select assets to smooth 
consumption levels requires decision making under uncertainty. Given investors’ risk 
tolerances and saving decisions, this uncertainty determines asset prices. The key 
resource for assigning correct asset values or quid pro quo to smooth consumption 
across periods requires measuring uncertainty or the risk involved in making a 
particular investment. 

The assets with higher risk levels should provide more compensation to the marginal 
investor for bearing extra units of risk than the assets exposed to lower risk, if asset 
prices are monotonically linked with their (apparent) risk levels. This driving 
simplification gives rise to variations in expected returns across assets. Given their 
riskiness, the expected returns across assets are determined in equilibrium such that 
their demand equals supply and markets clear. Henceforth, the quantification of risk to 
determine differences in asset returns remains one of the central and unfinished tasks 
of asset pricing in financial economics. The other important aspect is the identification 
of risks that affect all cross-sectional return differences and should be compensated for. 
The importance of systematic risks is known since Markowitz (1952) and Roy (1952) 
that asset specific risk can be diversified away in large portfolios, whereas the 
systematic component remains even on a portfolio level. 

The measurement of the risk for making optimal substitution decisions across risky 
assets has largely benefitted from the seminal work of Markowitz (1952, 1959). He 
argued that investors will hold a mean-variance efficient portfolio, that is, a portfolio 
with the highest excepted return for a given level of risk as measured by variance. This 
model assumes that investors are risk averse and, when making portfolio selection 
decisions, care only about the mean and variance of their one-period investment 
return. A preference for expected return and aversion to variance is implied by the 
axioms of monotonicity and strict concavity for investors’ underlying utility function 
such that investors prefer more to less and dislike risk, respectively.2

Sharpe (1964) and Lintner (1965) extended Markowitz’s work and established that a 
portfolio of all invested wealth is a mean-variance efficient portfolio, under the model 
assumptions. Their capital asset pricing model (CAPM) the measures the risk on an 
asset by the covariance of asset’s return with the market return, that is—market beta. 
The CAPM identifies the market sensitivity of an asset as the only systematic source of 
risk to be compensated. The model assumes the exogenous presence of a risk-free 
security in an artificial market economy. Black (1972) for the non-existence of a risk-
free security derived a more general version of the CAPM. Such that optimal investor 

1 This problem, also known as the consumption and investment or consumption and portfolio selection 
problem, refers to different aspects of investor intertemporal decision making. 
2 Markowitz’s work also suggested that the asset-specific sources of risks could be diversified away in large 
portfolios and not all of the risk could be purged for co-movements among different risky assets in the 
portfolio.
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portfolios are combinations of zero beta asset and returns on risky assets—maintaining 
two fund separation, implied by the original CAPM.

The market return is commonly proxied by the return on a diversified portfolio of 
common stocks in the empirical estimation of the model. In his critique of the empirical 
testing of the CAPM, Roll (1977) argued that the return on the all-shares equity index is 
not representative of the total invested wealth in an economy. Furthermore, the 
aggregation of the market index does not include returns on human capital and other 
possible investment opportunities. The exclusion is forced because of data availability 
constraints limiting the typical representative market proxy comprising of common 
stocks only and leaving the true market index, at best, unobservable. This limitation on 
the single factor market model requires natural considerations to include additional 
risk factors. The possibility of additional risk factors is conveniently circumvented in a 
multi-factor model under the assumptions of arbitrage pricing theory (APT) of Ross 
(1976). This simple theory is developed on arbitrage arguments and includes risk 
factors that should significantly affect asset returns. 

Both CAPM and APT are single-period investment models; that is, investors optimally 
select portfolios at time that provide them with a stochastic return at time + 1. The 
models overlook consumption decisions and presume that asset valuation is 
determined by the portfolio choices of investors who have preferences defined for 
wealth one period in the future. Moreover, both models are silent regarding changes in 
the future investment set, whereas the unconditional tests of the models predict next 
period asset returns assuming constancy for both expected returns and expected 
variances in the decision period. The main underpinning for the static one-period 
model is that preferences structured over wealth are as good as preferences based on 
consumption. 

These assumptions are rather restrictive to the extent that investors consume all of the 
wealth that their efficient portfolio produces at the end of the investment period, 
reflecting a linear consumption-wealth effect, whereas investors consider many periods 
when making investment decisions. Merton (1973) developed an intertemporal 
extension (ICAPM) of the CAPM for investors who maximize the expected utility of 
their lifetime consumption and trade dynamically in time. The ICAPM investors not 
only know the transition probabilities for the returns on assets in the current period but 
also frame expectations for the stochastic state variables that influence changes in 
future investments. However, Merton’s work specifies theoretical conditions for the 
model state variables that could capture variations in future expected returns. Fama 
and French (1996, 2004) argued that ICAPM can be shown as a “multifactor efficient” 
extension of CAPM such that investors are also sensitive to the covariance of their 
returns, in addition to the usual mean-variance concern of their portfolios, with the 
future state variables. 

Independent work from Lucas (1978) and Breeden (1979) links the stochastic behavior 
of asset prices and returns with investors’ decisions about consumption and savings. 
They derived a single beta asset-pricing equilibrium model in a continuous time setting 
and proposed that the measure of proxy variations in marginal utilities should be a 
function of rate of change of consumption. The intertemporal equilibrium model has 
the theoretical structure to circumvent problems that one-period models are unable to 
provide—that is, the determination of returns on a riskless security inside the model 
and the compensation that investors demand for bearing risk.
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The neo-classical asset-pricing theory based on these landmark papers provides a 
broadly articulated framework for the quantification of the trade-off between risk and 
return across assets. The investor preferences are modeled such that the assets that 
provide higher payoffs during periods when the marginal utility for additional units of 
consumption is low are regarded risky assets (that is, when consumption is increasing) 
compared with the assets that provide higher payoffs when they are most needed (that 
is, during (bad) periods when consumption is low). Therefore, to bear extra risk, the 
assets that are negatively correlated with the marginal utility of consumption should 
provide higher expected returns than the assets that hedge for bad times to keep 
investors interested in holding these assets. The discrete time version of the model is 
attributed to Grossman and Shiller (1981). Shiller (1982), Hansen and Jagannathan 
(1991), and Cochrane and Hansen (1992) developed more detailed implications of the 
discrete time model.

Despite the elegant equilibrium implications of the model, referred to as consumption 
CAPM (CCAPM), the empirical tests of the model has failed to achieve their theoretical 
implications (Hansen and Singleton, 1982). Mehra and Prescott (1985) provided the 
most striking empirical rejection of the model. They argued that, historically, returns 
on stocks are excessively large compared with returns on proxy riskless assets to 
rationalize with standard theory. The model specifies the risky assets that have larger
consumption risk than the ones with less consumption risk, whereas when the 
magnitude of risk (covariance) is quantified for stocks and riskless security linked with 
consumption growth (systematic risk), the numbers are not sufficiently different to 
justify the observed equity premium. 

Therefore, the noted “indifferences” in terms of model risk leave open the question of 
how much of the observed equity premium is actually compensation for bearing non-
diversifiable risk. Mehra and Prescott’s work embarked on a new dimension in financial 
economics that sought adjustments to the standard theory and underlying assumptions 
to resolve the so-called “equity premium puzzle”. Subsequent research that tried to 
explain the puzzle has taken many directions, including proposing modifications to the 
standard preference structure (Weil, 1989; Epstein & Zin, 1989; Constantinides, 1990), 
allowances for rare disastrous events in probability distributions (Rietz, 1988), survival 
bias (Brown et al., 1995), and incomplete markets and market imperfections (Bewely, 
1982; Lucas, 1994; Krebs, 2004; Aiyagari & Gertler, 1991; Heaton & Lucas, 1996), 
among others.

In contrast, preliminary empirical evidence on the Sharpe-Lintner CAPM supports 
market risk to explain significant fractions of variation in asset portfolios (Black et al., 
1972; Fama & MacBeth, 1973). However, Black et al. (1972) also noted that, contrary to 
model predictions, on average, low beta stocks earn a higher return and high beta 
stocks earn a lower return. Friend and Blume (1970) further added that the empirical 
capital market line is too flat to fully explain the dispersion in stock returns. 
Specifically, despite providing support to the CAPM, evidence in early studies showed 
sufficient amount of the variation in asset returns is left unexplained by the CAPM.

Furthermore, evidence has been reported for the differences in average returns for 
stocks when grouped based on a particular asset characteristic and the inability of 
CAPM beta to predict returns on these characteristic portfolios. Basu (1977), Banz 
(1981), and Bhandari (1988) documented confirmations to this anomalous tendencies 
in equity portfolios sorted on earnings-price ratio, size (market capitalization), and a 
measure of leverage (debt-equity), respectively. Similarly, Statman (1980) and 
Rosenberg et al. (1985) added to the anomaly-based evidence that the average return 



4

predicted by the CAPM for high book-to-market (BM) ratio portfolios is lower than 
what has been observed historically. The momentum effect (Jegadeesh and Titman, 
1993) is another in the list of characteristics that has strong average cross-sectional 
tendencies and has been left unexplained by the static CAPM. The well-designed work 
by Fama and French (1992) synthesized anomalous average tendencies in stock returns 
to show that the relationship between average return on size-BM sorted portfolios and 
CAPM beta is even flatter than previously documented. Their convincing evidence has 
displayed that the static CAPM is of no use in explaining cross-sectional differences in 
size-BM portfolios and, accordingly, has lead literature to explore new multi-factor 
explanations.

Roll (1977) argued that empirical tests of the CAPM do not use true market portfolios 
and, therefore, the only testable implication for the model is the ex-post mean-variance 
efficiency of the market factor. However, Fama and French (2004) cast doubt on the 
prospect that if the literature will ever be constrained to find a candidate mean-
variance efficient proxy. The dismal performance of static CAPM and the overall 
aberration of CCAPM theory from reality vouchsafe additional sources of (proxy) risks. 
The empirical floundering of these theories again emphasizes the general lack of 
understanding in perceiving and measuring aggregate non-diversifiable risks and the 
persistent search for factor risks that could fill this void.

The first and most acknowledged attempt was made by Fama and French (1993). Their 
three-factor asset-pricing model includes market factor and factor-mimicking risks 
measured as return differences of small capitalization and large capitalization 
portfolios (size factor, SMB) and high BM ratio and BM ratio portfolios (value factor, 
HML). Fama and French (1993, 1996) showed that the model captures size and value 
effects as well as other patterns in the cross-section of stock returns. The consideration 
of size and value factors in the model is without any theoretical motivation such that 
the (unidentified) state variables for which they proxy, if any, is inconclusive at best. 
However, evidence presented in Fama and French (1993) showed that size and value 
factors both highlight risk sources that cannot be diversified away for patterns in stocks 
that are missed completely by a market factor.3 The other notable contribution is
Carhart’s (1997) momentum factor that addresses the reported inability of the Fama–
French model to explain returns on momentum portfolios. 

Another important strand in asset-pricing literature focuses on the conditional 
significance of CAPM by explaining average tendencies in stock returns (e.g., 
Jagannathan & Wang, 1996; Lettau & Ludvigson, 2001; Santos & Veronosi, 2005).4

These models attribute stock return predictability to time variation in risk premia and 
risk exposures (factor betas). The time variability in model risk prices and risk 
sensitivities make the parameters of the model pricing kernel dependent on investor 
expectations of future excess returns. This dependence of parameters of the discount 
factor is not implied by the unconditional estimation of original CAPM, is rather state 
independent assuming constant risk premium. The success of numerous asset-pricing 
models that attempt to explain the cross-sectional patterns of average stock returns has 
invited scrutiny for developing specification tests for the real credibility of these 

3 Fama and French (1995) also report similar covariations of fundamentals such as earnings and sales 
compared with size and BM patterns in the data.
4 Because of Jensen (1968), it is widely acknowledged that conditional CAPM may hold period by period, 
and Jensen was the first to illustrate the time-series restriction of the CAPM, leading to the well-known 
performance measure, “Jensen’s alpha.” Moreover, the conditional tests of the model highlight its cross-
sectional pros, assuming that the market portfolio might be conditionally mean-variance efficient in each 
period but not on the unconditional efficient frontier (Hansen and Richard, 1987).
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models. The works by Lewellen and Nagel (2006) and Lewellen et al. (2010) establish 
stringent tests on the time series restrictions of the conditional models and for the 
cross-sectional implications of both conditional and unconditional models, 
respectively.

1.2. Purpose of the dissertation

The asset pricing models are typically tested using U.S. data for the explanation of 
variations in stock returns. The selection of this market is natural, that the markets in 
U.S. operate competitively, to test theoretical developments and their empirical 
implications. Additionally, the availability of comprehensive stock price data from the 
Center for Research in Security Prices (CRSP) helps in testing developments in the 
literature. Despite its usefulness for testing asset pricing implications, the evidence for 
repeatedly using one dataset is confronted by data snooping biases (e.g., see Campbell, 
Lo, & MacKinlay, 1990).  First, accounting for statistical limitations naturally requires 
out-of-sample evidence on the celebrated testable theories. Second, not all financial 
markets across the globe operate as liberally as the U.S. markets; in contrast, these 
markets are at different stages of market development and informational efficiency 
compared with developed equity markets. In the first case, new evidence will provide 
robustness of the already reported evidence. The latter case illuminates the need of 
developing new methods to account for financial markets that are dissimilar to the 
operational settings in the U.S. and other developed markets.

A surge in reporting evidence for numerous successful asset-pricing models from non-
U.S. markets has emerged lately. A non-exhaustive list of them includes Malin and 
Veeraraghavan (2004), Schrimpf et al. (2007), Fletcher and Kihanda (2005), Hyde et 
al. (2005), Hyde and Sharif (2005), Engsted et al. (2010), and Engsted and Møller 
(2010). This thesis aims to delve further in drawing implications for a subset of 
developed markets with unique market features that could contribute new evidence. 
Therefore, the new evidence will promote a thorough understanding of the nature of 
investor decision making and asset valuation under uncertainty for markets operating 
under entirely different dynamics.  

To study the role of peculiar dynamics, we test numerous asset-pricing theories, 
puzzles, and anomalous patterns in stock returns for the Finnish stock market. The 
selection of Finland equity market is motivated for (local) dynamics in operation that 
could provide new evidence, which may add to the standard generalizations in asset-
pricing literature. This thesis, “Explanations for Finnish stock returns with 
fundamental and anomalous risks,” examines the idiosyncratic characteristics of the 
Finnish stock market to make relevant inferences. The peculiar features of this market 
include Finland’s transformation from a protected economy to a fully liberalized 
economy;  membership in a greater EU block and EMU; the availability of large equity 
premia;  a small number of listed stocks; few high capitalization firms dominating the 
total market capitalization; and the limitation of liquidity to only a few stocks in the 
market. 

The thesis positions the Finnish stock market as an important candidate to extend the 
existing asset-pricing literature. The research focuses on contributing evidence from a 
market with features that remain unexplained and unreported in the usual 
international testing of evidence. The anticipated results may highlight alternate 
estimation methods for the significance of testable theories for similar financial 
markets and entirely detached evidence to known empirical facts. The first essay in the 



6

thesis discusses the impact of macro risks relative to the market risk for select industry 
portfolios, loosely following Chen et al. (1986). Our results show that macro risks have 
higher pervasive power to influence average returns when compared to market risk. 
The changes in expected returns with a positive shock in the exchange rate risk and 
unanticipated inflation remain economically persistent for the post-euro period. 
Arguably a sign of the regulatory impact of the coordinated policies from the European 
Central bank (ECB) such that expected changes in inflation are no more significant in 
the post-euro period.

The second essay provides evidence for state non-separable and habit-aggregating 
agent preferences from Finland. The non-parametric results show that Epstein and Zin 
(1991) and Campbell and Cochrane (1999) model based empirical proxies for pricing 
kernels have the variation to explain variations in the equity and bond returns. The 
estimations of the Epstein and Zin (1991) recursive utility and the Campbell and 
Cochrane (1999) habit formation preferences show that Finnish risk premia are time-
varying across samples. Moreover, the results demonstrate that stronger time 
preferences improve the explanation of asset returns by the modified preferences better 
than assuming tighter time preference and higher risk aversion. The parametric 
evidence, contrary to European findings though in agreement with U.S. evidence, 
reports Finnish representative agents’ preferences can be closely matched with data 
with models that allow for habit formation. 

In the third essay, we highlight the peculiar ‘Nokia effect’ that is, a single or a few stocks 
comprising substantial part of the total market capitalization and their effect on the 
specification errors of numerous conditional and unconditional models. The last essay 
highlights the peculiar state of the Finnish stock market for its relatively large 
illiquidity—despite being a developed market itself—compared with the U.S. stock 
market. Therefore, the study contributes to the importance of peculiar dynamics in 
tracing the widespread illiquidity premium and, subsequently, related theories and 
models. 

The third essay documents the dominance of a few stocks, in the test portfolios, can be 
alarming in the determination of pervasive model risks and success of the asset-pricing 
model. The evidence using capitalized weighted portfolios and equally weighted 
portfolios suggests the significance of completely different risks and models to explain 
the return spreads on constructed test portfolios. Consequently, the analyses for such 
markets need to test the proposed models for numerous weighting criteria, such as 
growth in aggregate wealth and the average market tendency. Only the Carhart (1997) 
model has the cross-sectional ability to address both portfolio types in the study 
conducted for the Finnish market. 

In the final essay, we propose and test a more generalized model than that of Acharya 
and Pederson (2005) for liquidity adjustment in the CAPM. The results support our 
suggestion that the liquidity effect is more resounding for illiquid markets than for 
substantially liquid U.S. markets (Bekaret et al., 2007). Our results show that the 
illiquidity effect accounts for 92 percent of the total model risk premium; this effect 
accounts for only 17 percent in a comparable study of the U.S. Moreover, the evidence 
reports differences in the channels of illiquidity with the proxy illiquidity measure used, 
time variation in the illiquidity premium, and superior performance of the liquidity-
adjusted model CAPM compared with the simple CAPM specification across periods 
and assets. The simplifications drawn from the studies previously mentioned illustrate 
the need to account for financial markets operating under market operations different 
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from those of the more celebrated and followed security markets and provide new, 
robust evidence.

This introductory chapter to the thesis is followed by a review of asset-pricing theory in 
section II with general testable model implications. Section III provides detailed 
summaries of the thesis essays and highlights as well as the implications of the results 
and their contributions to the asset-pricing literature. 
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2 REVIEW OF ASSET PRICING THEORY 

2.1. Central asset pricing equation 

Asset pricing theory provides a pricing mechanism for the financial assets in an 
uncertain world. In actively trading competitive markets, economic agents make 
investment decisions by allocating wealth across investment opportunities, which are in 
turn evaluated by the risk inherent to making the investment. In a certain world, the 
claims associated with an available investment opportunity will equal the prevailing 
risk-free interest rate in the period covering the time of investment until the time of the 
payoff to avoid disequilibrium.5

However, the uncertain case or the introduction of risk over expected future claims 
alters the noted, certain world, strong conclusion. Uncertainty is described by 
probability distributions and may be understood as investors’ beliefs in the occurrence 
of a particular state of the world and the associated payoffs in an asset.6 Decision 
making under risk requires a greater understanding. How are different state-contingent 
claims priced? How are the belief structures studied in the markets disciplined by 
market arbitrageurs? In neoclassical theory, such assets should bring premium 
compensation in addition to a riskless rate for bearing additional risk.7 The dependence 
of the required rate of return for undertaking an investment depends on statistical 
views and their tolerance for risk. The variation in returns across different investment 
opportunities and their interrelations are difficult to explain.  

To build a broad framework for pricing assets, consider a state-contingent asset that 
delivers a certain payoff if a certain state of the world occurs. For each state of the 
world , where = 1,2, … , . Assume there exist an Arrow–Debreau (1954) security that 
pays off a unit of numeraire (for example, consumption good, wealth) if a particular 
state occurs and zero otherwise, ensuring market completeness. Ross (1977) showed 
that the absence of arbitrage implies the existence of a linear valuation operator for the 
pricing of complex assets and ensures a strictly positive payoff in each state of the 
world . Given the existence of the linear valuation operator, let , be the period 
valuation operator pricing the payoffs , on financial asset with current period 
price , .8 Furthermore, to formalize the valuation set up, let be the sigma algebra to 

5 Thus, the rates of return on two riskless assets should be equal; otherwise, infinite profits could be made, 
even if both are only lending rates. 
6 The probability associated with different future states of the world can be either subjective (that is, 
coming from views specific to economic agents) or historical (that is, estimated by statistical rules).
7 The usual explanations advanced for the comprehension of this premium across assets have focused on 
different cases of equilibrium theories or broader arguments of the prevalence of the law of one price and 
no arbitrage.
8 This could also be considered as a special case of state preference theory, such that the notion of a 
valuation function of Debreu (1954) is extended to a valuation operator to price or value assets and 
portfolios (which are a combination of complex financial assets) to depend on information available only in 
current periods. See Harrison and Kreps (1979), Hansen and Richard (1987), and Hansen and 
Jagannathan (1991) for the classical examination and extension of the fundamental pricing theorem in 
asset pricing.
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contain all available information for investors at period . The positive random variable 
is a stochastic discount factor9 (SDF) of the valuation operator , such that

, = ( ) , ( ) | ,      ,  . (1)

The price of an asset is the sum over all states of the price of a numeraire consumption 
good in state (asset payoff) scaled by each state-contingent SDF. The SDF in equation 
(1) will be unique and strictly positive under the assumptions of market completeness 
and the principle of no arbitrage, respectively, whereas finite summation across all 
possible states can also be represented under the expectation operator such that

, = ( , | ). (2)

This seemingly simple pricing equation is complex enough not only to price any asset 
but also to represent numerous asset-pricing models as special cases under different 
assumptions concerning investor preferences and asset distributions. Cochrane’s 
(2005) specified equation (2) as the “central asset pricing formula.” The simplified 
framework also holds in more general settings, such as the law of one price (e.g., see 
Rubenstein, 1976). The usual settings involve distributional assumptions for the rates 
of return on assets that are conveniently managed by dividing the fundamental 
equation by the price of the asset , on both sides and rewriting the equation as1 = , . (3)

This general pricing relation ties the return on any asset to the SDF describing the 
economic state of the world. Furthermore, the relation imposes minimal structure on 
asset markets and investor preferences; the absence of arbitrage is implied by the weak 
preference restriction of non-satiation for investors’ strictly increasing utility in 
consumption (or wealth).

Moreover, the fundamental pricing relation can be sketched in two ways. The first way 
assumes exogenous availability of SDF contained by the valuation operator and takes 
equation (2) as the Euler equation arising from the agents’ optimization problem to 
explain asset returns. The second explanation invokes asset returns as given and 
explores the implications and characteristics of the SDF depending on the structure of 
the economy.10 However, the risk associated with expected returns across assets is 
measured with their covariance with the SDF. Assets whose returns positively covary 
with the SDF are more desirable for investors in terms of pay-off in the economic states 
in which their marginal utility for an additional unit of consumption is higher and vice 
versa. Consequently, investors are willing to pay high prices and accept low returns for 
such assets.

Almost all of the classical and neoclassical asset-pricing theories and models can be 
nested under more restrictive economic and statistical assumptions than those 

9 Other names used in the literature include change of measure, pricing kernel, state price 
deflator/density/vector, and intertemporal marginal rate of substitution (IMRS) for frameworks invoking 
multi-period settings.
10 The characteristics of depend on the structure of the economy. The assumption of the law of one price 
ensures the existence of at least one SDF to satisfy a fundamental pricing relation, whereas under the 
stronger assumptions of no arbitrage, Rubenstein (1976), Ross (1977), and others show that a strictly 
positive SDF exists that assigns positive prices to non-negative payoffs that are positive with positive 
(conditional) probability densities. Furthermore, the SDF is unique for complete markets. The 
incompleteness of the market implies that state prices are not unique, leading to the presence of several 
SDFs that may assign similar prices to existing assets in the market. 
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previously utilized in deriving convenient pricing representation. The asset-pricing 
models that restrict the minimal structure on SDF include an allowance for 
intertemporal settings and risk-neutral adaptation to martingale measures in a 
dynamic setting (Rubenstein, 1976; Harrison & Kreps, 1979).11 Other non-exhaustive 
examples include investor preferences (Lucas, 1978; Epstein and Zin, 1989), solvency 
constraints (Luttmer, 1996), inference of SDF from data (Hansen & Jagannathan, 
1991), and linear asset-pricing models (Sharpe, 1964; Ross, 1976). To further elaborate 
on the lucid SDF representation, the following subsections consider two basic 
specifications as special cases of equation (3). The nested models are extensively 
employed for asset pricing tests. Imposing model constraints on investor preferences 
and stock returns results in a generalized solution for investors’ consumption-
investment problem and the linear asset-pricing models. 

2.2. Investors’ Preferences

Investors’ preferences can be aggregated with a utility function when markets are 
frictionless and complete. To manifest SDF representation, consider a representative 
investor exposed to standard consumption-investment problems in an intertemporal 
setting who maximizes his or her expected lifetime utility using von Neumann–
Morgenstern preferences.12 The expected utility, as presented by Lucas (1978) and 
Breeden (1979), only depends on his or her preference for current consumption and 
future consumption. Formally, an investor selects optimal consumption for period  and + 1 and invests in (buys or sells) units, which pay off in period + 1, by 
maximizing the expected discounted utility subject to the standard budget constraints. 
The formal representation for investor maximization can be represented asmax ( ) + [ ( )], (4)

subject to == + ,
where , , and represent consumption, initial endowment levels, and amounts 
invested in the current period, respectively. The expected utility from the future is 
discounted to compensate for the marginal loss of utility for forging consumption in the 
current period, with a subjective discount factor capturing investors’ impatience to 
consume sooner rather than later for < 1. The first-order conditions for an optimal 
consumption-asset allocation yields( ) =  [ ( ) ]. (5)

11 The models allow for trading on intermediate dates rather than only at the end of the period.
12 The standard preferences are conveniently represented in the time separable power utility function of the 
constant relative risk aversion (CRRA) class: ( , ) = , where 0 is the Arrow–Pratt notion of 
relative risk aversion (RRA). An RRA value equal to one reduces this power utility to a logarithmic utility 
representation. The utility formation is further assumed to be differentiable, increasing, and concave to 
ensure the key economic restrictions on investors’ behavior, such as having (local) continuity, preferring 
more to less, and increasing marginal utility at a decreasing rate (risk aversion).
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The left-hand side is the marginal loss of utility of holding assets, and the right 
counterpart is the equivalent increase in the expected utility of holding assets. 
Rearranging equation (5) provides=  [ ( ) ( ) ] = [ ], (6)

where = ( ) ( ) 13 is the model SDF, which, as per the model setting, is 
known as the intertemporal rate of marginal substitution (IMRS). The IMRS is the rate 
at which the investor is willing to substitute consumption at time for consumption at 
time + 1. Defining the gross return (one plus the simple return) as = , the 
Euler equation given by the asset-pricing relationship from (1) can be established as:1 = [ ]. (7)

In complete markets, a unique IMRS is ensured for the pricing of all assets in the 
economy such that investors trade with one another to eliminate idiosyncratic 
variations in their marginal utilities. To understand the implications of equation (7), we 
expand it from the right-hand side by using the definition of covariance and adding the 

subscript to represent that the relation holds for all securities in the economy:1 = [ ] [ . ] + [ , . ]
or [ . ] = 1 [ ] [ , . ] [ ]. (8)

From equation (7), the determination of return on riskless assets under the expansion, 
as in equation (8), implies1 = , [ ] or, equivalently, , = 1 [ ]. (9)

Equation (8) can be represented in an excess return relationship as follows:[ . ] , = , [ , . ]. (10)

The co-moment of SDF and asset returns plays a central role in determining the 
expected excess returns on the assets. Intuitively, the negative covariance in equations 
(8) and (10) demonstrates that the stocks that yield large (or low) excess returns when 
both consumption is high (or low) and the marginal utility for more consumption is low 
(high) are regarded as risky and vice versa. Investors demand higher premia to hold 
such assets, such that accepting more risk may jeopardize their future consumption 
paths, for example, as in bad times when the marginal utility for consumption is high. 
Therefore, the covariance between the return on the asset and the model risk (SDF) is 
the source of systematic risk for evaluating the uncertainty hovering over the payoffs
associated with financial securities across states of the world. The other notable 
preferential structures include the state separable recursive utility of Epstein and Zin 
(1989, 1991) and Weil (1989) and the incorporation of habits (time non-separability) in 
the standard power utility specification (e.g., Abel, 1990; Constantinides, 1990; 
Campbell & Cochrane, 1999). The noted specifications were introduced after the poor 

13 We assume that the representative investor has a power utility function defined over consumption, which 
mathematically implies an SDF, = ( ) , where is the subjective discount factor as 
previously explained and is the measure of relative risk aversion.
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empirical performance of the model (Hansen & Singleton, 1982; Mehra & Prescott, 
1985) for the calibration of investor preferences to explain the substantially larger 
excess return on stocks compared with other arguably proxy riskless assets.

2.3. Linear asset pricing models

Linear asset pricing models are the most popular models; they dominate discrete-
setting empirical works and are neatly nested within the SDF framework under more 
restrictive and occasionally imaginary model assumptions to achieve equilibrium. They 
are also commonly known as factor pricing models or beta pricing models that explain 
returns on assets for which the consumption-based counterpart fails. Consider a linear 
SDF in model risk factors: = (11)

where = [1 ] comprises a matrix of constants and risk factors of dimension × , . B= [  ] is the vector of model coefficients, and is a × 1 slope 
coefficient vector on model factors. If we substitute the SDF into equation (3) and take 
unconditional expectations: ( + ) , = 1. (12)

The most celebrated example of the linear equilibrium model nested in equation (12) is 
the capital asset pricing model (CAPM) of Sharpe (1964) and Lintner (1965) with = 1.
This model links the return on the aggregate wealth portfolio in the economy, =, . Notably, the model assumes that investors have identical beliefs regarding the 
probability distribution of asset returns, all risky assets can be traded with no 
indivisibilities in asset holdings, and no constraints exist on the borrowing and lending 
of the exogenously determined risk-free rate. 

The CAPM predicts asset risk premia results from a single risk factor, such as the 
return on the market portfolio, which is the value-weighted sum of all risk assets and is 
mean-variance efficient in equilibrium. In the context of the CAPM economy, market 
equilibrium describes a situation in which asset returns are such that investors’ 
demand for the assets equals the supply. Black (1972) derived the zero beta counterpart 
of the model, reflecting the non-availability of riskless assets in practice. 

Furthermore, with some rearrangements, equation (12) provides the most frequently 
stated expected return-beta representation for the model: 

, = , + , , ,  and , , = ( , ) , , , (13)

where , is the zero beta rate of Black (1972), = , ( ) is the 
conditional model risk (market) premium, and is the conditional quantity of model 
risk. The unconditional testable implication of the model, when returns on test assets 
are in excess of the proxy risk-free rate, is such that 

, , = + , [ , , ] + , , , ~ (0, ). (14)

Nonetheless, empirically weak performance of the theory, possibly due to its restrictive 
assumptions, may lead to a scenario in which the aggregate risk premium may be the 
reward for a risk process consisting of multiple factors. In addition to the risk from the 
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return on a portfolio of marketable securities, asset returns are further subject to 
exposure to non-diversifiable sources of multiple risks. The established theory for the 
extension into multi-beta pricing models considers that a competitive and efficient 
capital market should not allow arbitrage (Ross, 1976) instead of the assumption of 
investor homogeneity. Under the model assumptions < , represents the risk 
factors that capture all of the priced variations across assets. Furthermore, if the 
model residuals in the unconditional multi-beta have a finite second moment for all 
assets in the economy, based on the assumptions of APT, the counterpart of equation 
(13) can be restated as:

, , = , + , , , . (15)

The elements (in the multi-factor linear model) of can only be regarded as factor 
prices of risks for tradable risk factors. All model factors have implications for their 
premium sign in expected return-beta representation for their correlation with the SDF 
in state  such that factors with positive (or negative) correlation with the SDF have 
negative (or positive) risk compensation to proxy changes in investors’ marginal 
utilities. Similarly, the unconditional testable specification of the models based on APT 
can be stated as

, , = + , , + , , + + , , + , . (16)

Empirically, Fama and French (1993) and Carhart (1997) produced the most tested 
unconditional multi-factor models explaining the variations in average stock returns. If 
all of the risk factors in the tested model specifications are traded portfolios, as in Fama 
and French (1993), the empirical test simply focuses on the time series implication that 
the model intercepts in equations (14) and (16) are zero. To accommodate this 
implication cross-sectionally Gibbons et al. (GRS, 1989) provided a stringent test. The 
well-known GRS-F test is based on the difference in the squared Sharpe ratios of the 
ex-post tangency portfolio and the maximal squared Sharpe ratio portfolio among the 
employed model factors. This test ensures a tight link between the mean-variance 
efficiency of the model factors and the true asset-pricing model. The GRS-F test, across 

test portfolios, checks whether the model alphas are jointly zero.

However, numerous conditional versions of the static CAPM differ only in using 
augmented information sets that are a proxy by using instrument variables that 
complement the information content in the model pricing factors. In the sense of 
ICAPM, the instrument variables that augment the missing information proxy the 
investor’s varying (future) marginal utilities. If the factor risk prices in equations (13) 
and (15) were time varying (as a function of some state variables), additional scaled risk 
factors in the model equations would have been present along with the remaining 
pricing factors—lagged, contemporaneous, or both (for details, see, e.g., Jagannathan & 
Wang, 1996; Lettau & Ludvigson, 2001; Cochrane, 2005). The time series test of the 
asset-pricing models for the non-tradability of instruments or pricing factors does not 
remain applicable; we must resort to a cross-sectional framework. In this regard, the 
estimation methods given by Black et al. (1972) and Fama and MacBeth (1973) are 
commonly used to test related hypotheses and factor risk in the beta pricing models of 
equations (13) and (15). The latter estimation method allows for variations in model 
risks across time.

Moreover, after deriving suitable pricing representations, the main issue concerns the 
econometric estimation and testing of asset-pricing models. The standard model 
testing has followed ordinary least square (OLS) estimation techniques or numerical 
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(stochastic) optimization routines for non-linear models. The generalized method of 
moments (GMM) by Hansen (1982) has changed the standard practice substantially 
such that the broad-base nature of the GMM econometric approach nests 
approximately all estimations methods, such as OLS and maximum likelihood. The 
GMM estimation procedure extends the method of moments for absorbing econometric 
details involved in the procedure (see Hall, 2005) and the specification of asset pricing 
models under the GMM (see Cochrane, 2005). Lewellen et al. (2010) established 
theoretical restrictions on the cross-sectional risk premia for pricing factors. In the case 
of tradable risk factors, the premium on the factors should equal their sample averages 
in cross-sectional tests. Lewellen et al. also presents model tests to gauge the real 
strength of a number of successful models using comparisons between OLS R2 and GLS 
R2, confidence intervals for the Hansen and Jagannathan (1996) distance measure and 
GRS-F tests.
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3 SUMMARY OF THE THESIS ARTICLES

This dissertation presents numerous key scenarios affecting the Finnish stock market, 
each of which are studied extensively across four articles, two of which are co-authored. 
The basis of the work rests on finding new evidence that decouples the usual asset-
pricing generalizations and that is documented for other developed capital markets. 
Brief summaries of the thesis essays and their contributions are presented in this 
section.

3.1. Stock returns and macro risks: Evidence from Finland

This study argues that previous work on the Finnish stock market has focused entirely 
on the impact of macro factors on a broad-based aggregate market index with a factor 
analysis approach. Furthermore, the inclusion of Finland in the European monetary 
union (EMU) beginning in 1999 increases the significance of tracing the variations of 
macro risks for the average stock return in the pre-euro era compared with the post-
euro era. Therefore, this study traces the effect of macro risks on Finnish industry stock 
returns from 1993:03 to 2008:07, similarly to Chen et al. (1986), to explore state 
variables that could be candidates to proxy (intertemporal) hedging risks (Merton, 
1973). The results show that the CAPM theory does not sufficiently achieve its 
theoretical mean-variance efficiency. The cross-sectional risk premium for variables 
such as interest rates, exchange rates, and inflationary risks is robust across all model 
estimations. The shocks to exchange rate risk and unanticipated inflation remain 
economically pervasive even after the introduction of the euro, which arguably 
introduced strong monetary control by the EMU and ECB over the member states. 

The conditional specifications- for the variables that performed better in unconditional 
settings- perform better in suppressing the model pricing errors implied by the Hansen 
and Jagannathan (HJ, 1997) distance measure. The evidence shows the prevalence of 
aggregate macro risks, which are more important than market risk in explaining 
variations for expected industry returns. The reported low market risk is primarily 
driven by the “Nokia effect” in the total market index. Nonetheless, subsequent testing 
shows that the market factor cannot be ruled out entirely.

3.2. Evidence for state and time non-separable preferences: The case of Finland

In this study, we supply comparable evidence for preferential structures that relax the 
risk and time separability assumptions, respectively, of expected power utility. A recent 
surge in evidence for canonical approaches from non-U.S. markets (e.g., Engsted & 
Møller, 2010; Engsted et al., 2010) has demonstrated that exploring new evidence from 
other markets is important. In this regard, utility specifications allowing for habits in 
the model perform better than other counterparts for U.S. stock returns (Chen & 
Ludvigson, 2009), whereas habit persistence specifications do not fare any better than 
the dismal standard consumption CAPM(Hansen and Singleton,1982) for the European 
markets, as manifested in Engsted et al. (2010). The Finnish economy is structurally 
more similar to European bank-based market structures; nonetheless, the Finnish 
market offers large equity premia similar to market-based economies, such as the U.S. 
and the U.K. Moreover, the new evidence will provide robustness to a clear division in 
empirical evidence that exists in the relevant literature.
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Furthermore, we test more equilibrium specifications than in the comparable studies 
analyzing puzzles originating from equity premia. The tested specifications include the 
internal habit models of Constantinides (1990) and the external habit model of Abel 
(1990) and Campbell and Cochrane (1999). Additionally, we augment the list of 
equilibrium models for the broad-based equity premium puzzle with state non-
separable preferences; prominent works include Epstein and Zin (1989, 1991) and Weil 
(1989).14 We begin with the non-parametric tests of Hansen and Jagannathan (1991) 
for minimum volatility bounds. The bounds manifest the Epstein-Zin specification, 
along with Constantinides (1990) and Campbell and Cochrane (1999), and substantially 
reduce the high levels of risk aversion to be consistent with stock return variations. 

A parametric estimation of the models displays the clear advantage of the external habit 
model of Campbell and Cochrane (1999) in producing plausible temporal and risk 
preferences for Finnish investors. Moreover, the model provides stable and 
economically plausible projections for risk-free rates in the economy. The Epstein-Zin 
model also produces comparable mispricing with the HJ distance measure; however, 
its inability to consistently provide plausible coefficients for time and risk choice 
undermines its overall model performance. The robustness checks on the linearized 
model SDFs of numerous asset-pricing models show that the Campbell and Cochrane 
(1999) pricing kernel performs better than others. Overall, we report evidence that is in 
line with studies of U.S. stock returns and provide evidence for the greater success of 
models that allow for habit formation compared with their counterparts.

3.3. Specification errors of asset-pricing models for a market characterized by few 
large capitalization firms

In this study, we circumvent the issue of the domination of a few large capitalization 
stocks in capital markets such as Finland that could hamper the usual testing of asset-
pricing models for model selection inferences. These issues are necessary to generalize 
the success of an asset-pricing model and to explain variations in expected returns 
across all assets in the economy rather than just a few. Therefore, the specification 
errors of asset-pricing models under the noted market conditions, similar to those in 
the work of Hodrick and Zhang (2001) and Schrimpf et al. (2007) are estimated for the 
Finnish stock market. We construct multiple characteristic-based equally weighted and 
value-weighted test portfolios. The empirical tests, using a number of test portfolios 
and following the criticism of Lewellen et al. (2010), report the success of tested asset 
pricing models. Importantly, discernible return variations of average firms in the 
market, as well as actual growth in invested wealth under prevailing market conditions 
in the Finnish stock market, are also tracked. 

The main evidence for the SDF-GMM procedure presents discernible patterns in the 
evaluation of factor risks for equally weighted and value-weighted test portfolios. The 
results show that the market factor lacks cross-sectional power to explain the average 
stock returns on equally weighted test portfolios. The models that include risks 
mimicking factor portfolios, such as size, value, and momentum, better capture the 
variations across equally weighted test portfolios. Importantly, the value factor is the 
most pervasive factor that influences SDF (negatively) and commands cross-sectional 

14 The recursive utility of Epstein and Zin (1989, 1991) provides the only non-conformability among tested 
specifications, as their model IMRS includes the return on market portfolio as a proxy for the aggregate 
wealth portfolio. This inclusion reduces the number of test assets by 1 for Epstein and Zin’s (1989, 1991) 
specification compared with habit persistence models.
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positive risk premia. Conditional CAPM specifications are also unable to suppress 
mispricing similar to their unconditional counterparts. However, lagged market 
illiquidity and exchange rate risk influence the conditional CAPM pricing kernel. 
Overall, among the models examined, the Carhart (1997) and Fama and French (1993) 
models most effectively suppress the mispricing for the average tendency of the stocks 
in the Finnish market.

The evidence for value-weighted portfolios shows that market risk significantly 
influences all model SDFs, whether conditional or unconditional. Only the size risk-
mimicking factor can influence the pricing kernel in some specifications without 
commanding a significant risk premium. Among conditional CAPM specifications, the 
January dummy significantly influences the pricing kernel and shows that implicitly 
large firms have varying expected return dynamics in January and the other months of 
the year. The conditioning of CAPM specifications, for value-weighted portfolios, with 
market illiquidity and exchange rate risk is shown to have better candidacy in reducing 
mispricing, although they do not influence the pricing kernel. The Carhart (1997) model 
with a January-scaled CAPM provides the lowest HJ-model errors for the value-
weighted test portfolios. The study concludes that unconditional models are better at 
reducing cross-sectional specification errors than conditional CAPM settings. Empirical 
evidence for similar markets may overlook certain risk factors that are important for 
explaining average stock variations if only one type of weighted test portfolio is 
analyzed.

3.4. Liquidity and asset prices: An empirical investigation from the Finnish stock 
market

In this article, we propose a generalized asset pricing model that adjusts for the 
liquidity effect. This liquidity-adjusted model improves the liquidity-adjusted model of 
Acharya and Pederson (2005) to determine asset prices and specify the total cost of 
trade within the model assumptions. We argue that the illiquidity effect is more 
important for illiquid assets and markets, as is widely reported in the literature 
(Amihud & Mendelson, 1986, 1989; Amihud, 2002; Datar et al., 1998). Therefore, 
illiquidity-related theories and models are arguably more relevant for more illiquid 
financial markets to gauge illiquidity premium than the standard practice of testing 
with the U.S. markets. The equity markets in the U.S. are the most liquid stock markets 
among international equity markets. Lately they also have shown a diminishing 
illiquidity premium (Ben-Repheal, 2010). Therefore, to provide an empirical 
application of the hypothesis, we test the model for the Finnish stock market, which is a 
relatively illiquid market compared with other developed stock markets. 

Both markets operate, for the provision of liquidity, using limit order trades.15

However, the Finnish stock market is still more illiquid and lacks depth. The average 
price response of one unit of representative currency traded in the Finnish stock 
market—that is, the price impact measure of Amihud (2002)—is substantially larger 
than the average price response of one unit of the representative currency traded in the 

15 The major equity markets in the U.S. employ hybrid trading systems to allow both market makers and 
dealers and to limit order traders. For the provision of various computer-based trading systems, the role of 
designated market makers in price setting and liquidity provision is declining. See An and Cheung (1999) 
for a complete list of references.
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U.S. market.16 The model estimations for robustness are executed with the two different 
transaction cost measures of Lesmond et al. (1999) and Amihud (2002). The first 
measure is used as a proxy for spread-related costs and specifies that an asset observes 
zero return days for its inability to meet marginal gains to offset associated trading 
costs. The second takes into account Kyles’ (1985) measure of price impact for the 
informational asymmetry between market makers and market participants. Arguably, 
the liquidity of an asset is a multi-dimensional concept akin to three distinct attributes 
of the trading process: price, time, and quantity. Therefore, estimating the liquidity-
adjusted model using two proxy measures capturing separate features of concept 
liquidity may provide substantial insights into the relevance of illiquidity risks under 
different market conditions.

The results for the Finnish market fulfill our expectations. The illiquidity risks account 
for a substantial 92 percent of the model risk premium given model assumptions, 
whereas the compensation for bearing liquidity risks for the U.S. market, as reported in 
Acharya and Pederson (2005), is only 17 percent of the total risk premium. This effect 
remains substantial even when we estimate the model by excluding illiquid periods 
from the full sample period such that the illiquidity premium constitutes 60 percent of 
the model risk compensation. The result shows substantial empirical improvement over 
the benchmark results reported for the U.S. market. The remaining evidence from the 
study can be reported on three levels. First, both proxy illiquidity measures perform 
well in explaining the overall illiquidity effect, although they may manifest their effect 
through an entirely different illiquidity risk compared with other measures. Therefore, 
the definition of these measures for capturing different aspects of illiquidity is deemed 
appropriate. Second, we report time variations in illiquidity premia across samples, 
which are better captured by the Amihud (2002) price impact measure. The increased 
sensitivity of the measure to capture price fluctuations also shows that the model 
estimations using the Amihud (2002) measure more closely follow the imposed model 
restrictions compared with the estimations using zero measure. Third, the liquidity-
adjusted model performs far better than the simple CAPM specifications across assets 
and periods. The CAPM is most likely to reduce mispricing when we exclude illiquid 
periods from the sample. Nonetheless, the model mispricing is still double that of the 
liquidity-adjusted model (with any proxy measure) for the same period and assets.

Overall, the testing of asset pricing models provides diverging evidence depending 
upon the cross-section of test assets used. Macro risks show sufficient ability to capture 
variations in industry portfolio expected returns; however when we include size and 
value risk factors economic risk proxies get insignificant. Liquidity risks do capture 
important variations in aggregate risk premium; nevertheless remain pertinent risk for 
small capitalization and less traded stocks. The chaos (Cochrane, 2011) in asset pricing 
for the availability of numerous discount factors for their reported success in explaining 
periodical variations in expected returns is also evident in the Finnish market. The 
unfinished task is to look for a risk proxy which is able to explain not only all kinds of 
independent sorts and partitions of data across markets and could also be linked with 
the variations in investor marginal utilities and variations in risk premia in the long 
run, ex-ante.

16 The comparable statistic for U.S. markets is taken from Goyenko et al. (2009) and is estimated under 
comparable sample periods and imposed restrictions.
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Abstract

Deviations from the CAPM have generally been observed for the stock markets. One of 
many alternative approaches involves using macro variables as systematic risks. We 
tested numerous macro risks to explain Finnish industry returns for a period from 
1993:03 until 2008:07. The evidence suggests that macro risks explain larger cross-
sectional variations in average industry returns compared to the market factor alone. 
The same is reported with the Hansen and Jagannathan (1997) specification measure. 
The changes in expected returns with a positive shock in the exchange rate risk and 
unanticipated inflation remain economically persistent for the post-euro period, 
arguably a sign of the regulatory impact of the coordinated policies from the European 
Central bank (ECB). The robustness checks show that the macro risks are prevalent and 
market risk cannot be ignored. 
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1 INTRODUCTION

After Fama and French (1992), unconditional tests of the capital asset pricing model 
(CAPM) are considered insufficient to explain cross-sectional variations in stock 
returns. Their results confirmed the limitation of CAPM to explain the average spread 
on the size and the book-to-market ratio (BM) sorted portfolios. The use of 
uncorrelated risk factors, under the arbitrage pricing theory (APT) of Ross (1976), 
prompted multifactor modeling for the explanation of average returns. The dismal 
performance of the market model leads to the development of new risk factors to better 
describe determining variations in the average stocks returns. A number of risk factors 
are proposed in this respect. The new risk factors are based on the market size and the
BM characteristics (Fama and French,1993), the momentum factor (Jegadeesh and 
Titman, 1993), the liquidity risk factor (Pastor and Stambaugh, 2003), and report 
substantial empirical evidence for the pricing of asset pricing anomalies. The noted 
studies demonstrate the success of multi-factor models compared to the theoretically 
upright models, such as CAPM, and consumption-based equilibrium counterparts. 
Promising avenues of research that retain a single factor structure have been 
conditional variants of the CAPM (Ferson & Harvey, 1991; Jagannathan & Wang, 1996; 
Ang & Chen, 2007).

Another important strand of research is the macroeconomic explanation of asset 
returns. The changes in economic variables have an exogenous impact on stock prices 
by shifting the demand curve for the assets.1 Chen et al. (1986) used theoretical 
explanations for the identification of economic state variables as systematic influences 
to model variations in the stock returns, rather than bearing diversifiable risk. They 
proposed that if the economic variables capture the changes in aggregate marginal 
utilities, then the relationship is consistent to account for investors’ intertemporal 
hedging needs. The evidence in Chen et al. (1986) reported numerous cross-sectionally 
priced economic risks. Subsequently, numerous studies have reported a positive 
relation between stock returns and real economic activity (Fama, 1981; Kaneko & Lee, 
1995; Lee, 1992) for the U.S. market. Moreover, in contemporary work, Apergis et al. 
(2011) showed the presence of foreign exchange risk for German stock portfolios in the 
post-euro period.

The Finland stock market has been conventionally regarded a small yet developed 
market with a primary reliance on foreign trade.2 The enhanced industry specialization 
and liberalized economy makes the Finnish market open for international investment. 
The resilience of the Finnish economy during the current global recession further 
highlights its potential to satisfy the diversification needs of global investors compared 
to emerging or frontier markets. During a period from 1998 through 2004 Finnish 
stock market have showed average (annual) appreciation in market capitalization to 
GDP ratio only second to Swiss equity market when compared to other major European

1 Theory suggests that information regarding the expansion (continuation or discontinuation) of an 
economy will shift the demand curve for investments for stocks (right or left). Similarly, certain 
movements of the demand curve indicate changes in investment decisions for different assets in aggregate 
for other macro and business cycle variables.
2 The Finnish market has been part of the MSCI world index since 1997, although its capitalization 
accounts for only 1 percent of the total index. 
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Figure 1 Market Capitalization  of listed companies (as % of GDP) across selected countries

The percentage stock market capitalization to gross domestic product (GDP) ratio is graphed for Finnish 
stock market along with US, German and Swedish stock markets from 1990 to 2008.

Source: World Development Indicators, World Bank.

equity markets in the same period, as shown in Figure 1.3Whereas the annual increase 
in the market capitalization to GDP ratio, in the pre-liberalization period, is 
substantially modest. Arguably, the completion of financial market liberalization 
process in 1993 provided the impetus for international investment in a stock market 
with substantial expected growth.4 Furthermore, the enormous growth in Nokia and 
other high-tech companies, in the late 1990s, inflated the Finnish market capitalization 
and ratio to its highest level in the sample.5 Overall, the ratio gears from the latter part 
of the 1990s and remains around 100 percent of the total gross domestic output till 
2007 while maintaining a sample average of 93 percent of the GDP in the studied 
sample. 

Numerous studies have tested the CAPM specification for Finland (Berglund, 1986; 
Berglund & Knif, 1999; Malkamäki, 1993); the consensus has been that the market risk 
is time varying. Vaihekoski (2000) performed unconditional tests of single and 
multifactor models in international settings using characteristics portfolios. Antell and 
Vaihekoski (2007) and Nummelin and Vaihekoski (2002) showed that local risks are 
also priced alongside the significance of global and currency risks for the Finnish 
stocks. The noted studies also test for macro factors such as inflation and currency 

3 The comparison with other European markets for example Italy, Spain, Sweden etc. show, they have 
substantially deflated increase in their stock market capitalization to GDP ratio in the same period (1998-
2004).
4 The market liberalization process could be tracked back to the early 1980s (Berglund & Knif, 1999) and 
culminated to its fullest in 1993 with no restrictions on the foreign ownership of Finnish shares.
5 Nokia grew from a three-billion-euro business in 1994 to a 250-billion-euro enterprise in 2000 with 
approximately 80 percent of the total market capitalization. But this particular effect has tapered, 
considering that in 2008 the Nokia capitalization accounted for 37 percent of the total market value. 
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risks. However, these factors function more as control variables than as drivers of the 
economic activity and descriptors of differences in average asset returns. Junttila et al. 
(1997) reported that studies generally employ latent pricing variables using factor 
analysis and test for the sensitivity of aggregate market index. This approach exhibits 
two potential drawbacks. First, it undermines the exposure of different asset classes, 
such as industries and trade orientation of the firms, to the prevalent risks for using the 
aggregate market index. Second, using factorized risks leaves the identification of 
economic risks unresolved as the determinant of variability in stock returns.  

We attempt to abridge this gap for cross-sectional predictability of Finnish stock 
returns while accounting for numerous macro risks in line with Chen et al. (1986). 
Moreover, this study reports the impact of coordinating monetary policies by the 
European Union (EU) and its respective mandated agencies on the performance of 
stock returns from a representative euro zone country. The Finnish evidence may 
substantiate implications for those euro zone countries that also regard the dominance 
of different macro (local) variables as potential risks since the adoption of a single 
currency unit and subsequently, the widely reported convergence in the European 
market integration (Smimou, 2011). The price of risk estimations follow the Fama and 
MacBeth (1973, FM from here on) method for 25 industry portfolios from 1993:03-
2008:07. All the estimations are repeated with samples before and after the 
introduction of the euro as a tangible currency in Finland. The results are compared 
against the benchmark CAPM with the specification measure given by Hansen and 
Jagannathan (1997), referred as HJ distance. The second stage FM cross-sectional 
regressions for each model are tested twice using first stage rolling betas projected with 
ordinary least square method (OLS) and generalized method of moments (GMM). The 
exercise is extended to report any particular benefits of beta risks estimated from over 
identified GMM procedures in the FM cross-sectional regressions compared to the
standard OLS beta risks.6 The comparative analysis of the estimation methods (for time 
series regressions) only attempts to report the level of improvement in the cross-
sectional regressions through scaling with additional source of information (GMM 
rolling betas) not available with rolling OLS betas.

Additionally, the sample selection is significant for two reasons. First, the sample 
covers the fully liberated period of the Finnish market, including key events such as the 
enjoinment of the EU and the European monetary union (EMU) in 1995 and 1999 
respectively. Second, the post-euro period makes the analysis convenient to compare 
the performance of Finnish stocks against the pre-euro sample. The tests are important 
for the degree of impact generated by the single currency and other coordinated 
policies for the member states. Additionally, EU integration makes growth 
opportunities in Finnish stocks relevant to a larger representative investor base that 
uses euro as their denomination currency. Nevertheless, the Finnish market possesses 
sufficient potential to fulfill the diversification needs of an international investor. 
Smimou (2011) noted that the cross correlation has risen among a sample of euro zone 
stock markets during the post euro period, but does not preclude diversification gains. 
Moreover, as Nyberg and Vaihekoski (2010) showed, the growth in Finnish stocks is 
not sample specific but reflects a longer pattern over the last 100 years. 

6 We report only the factor betas and do not account for the scaled components of time series specification. 
An unconditional test of a conditional model requires the estimation of additional scaled factors that come 
into the equation as the product of the conditioned variable ( ) and the factors ( ) in the model (for 
detailed discussions, see Jagannathan & Wang (1996); Cochrane (2005).  Notably, this is not a robustness 
check or main hypothesis in the study.
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The peculiar institutional features, market characterization, coverage of key events 
during the sample period, and implications for a large geographical block make it an 
interesting asset pricing test. The results for average industry returns are expected to 
approximate the same significance of macro risks as the German stocks compared to 
the U.S. evidence that reports the contrary. The results for German market have 
shown successful size and value risk factors explained as much as a macro-
conditioned CAPM (Schrimpf et al., 2007). The German evidence is not in 
accordance with the evidence reported from the U.S. (Fama and French, 1993). 
In a similar manner, Jagannathan and Wang (1996) also rejected the Chen et al. 
(1986) macro explanation as cross-sectionally priced when taken along with 
scaled factor specification of CAPM. 

The exploration for Finnish industry returns shows CAPM cannot empirically 
satisfy the theoretical predictions, neither with the tested time series nor with 
the cross-sectional specifications of the unconditional model. The tests with 
macro risks explain larger cross-sectional variability in the industry returns 
compared to the CAPM. The risk premium for changes in the variables, such as 
interest rates, exchange rates, and inflation, are persistent among other macro 
risks. The HJ distance measure cannot be discerned among the unconditional 
models except for during the pre-euro period. Before the introduction of the 
euro, the specification including macro risks and market factor has the lowest 
HJ specification errors among the competing models for the sample. The results 
suggest the unit shocks in the mentioned variables are economically large across 
all testing periods. The post-euro results show that exchange rate risks induce 
substantial changes in industry returns and unanticipated inflation remains 
persistent. The scaled factor testing with SDF-GMM methodology produces 
pricing errors even smaller than those of the unconditional models. The 
performances could be further improved if the conditional settings are 
augmented with the market factor. The robustness tests show that the 
parameters from stochastic discount factor (SDF)-GMM estimations with the 
market factor and exchange rate changes explain larger time series variability in 
industry returns.

The remainder of the paper is organized as follows. Section 2 details the 
methods used. Section 3 describes the data and notations used in the study. The 
results from the estimations in the paper are discussed in Section 4. Section 5 
concludes the article.
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2 MODEL

2.1. Asset pricing models

The models in the study are motivated from the linear stochastic discount factor (SDF) 
representation,7 which under the law of one price implies

, | = 1,  , (1)

where ,  is the gross return on asset i and is the SDF that prices all risky 
payoffs, and  represents the expectation conditional on the investor’s information set (| ) at time . As Cochrane (2005) noted, the absence of arbitrage opportunities in the 
equation (1) implies risk neutrality and does not require assumptions regarding
investors’ utility function, aggregation, and complete markets, which are otherwise 
necessary to derive general equilibrium. Subsequently, all single factor or multi-factor 
asset pricing models can be nested as a special case of the pricing relation given in 
equation (1) under the model assumptions. Let = [1 ] be a vector of comprised 
of constant and  risk factors, and B= [  ] be the vector of slope coefficients. 
Assuming a linear functional form for the SDF,= = + , (2)

where is dimensional vector of factors, and is × 1 coefficient vector. If we 
substitute the SDF into equation (1) and take unconditional expectations, the following 
moment restriction can be obtained:( + ) , = 1. (3)

These moment conditions for the cross-section of ‘ ’assets can be used to estimate the  column vector of discount factor sensitivities by the GMM procedure. However, 
this study focuses only on the expected return-beta representations for reporting if 
factor ‘j’ carries a significant risk premium. Furthermore, with some rearrangement, 
equation (3) yields the beta pricing representation: 

, = , + ,  and = ( , ) , , , (4)

where  , is the zero beta rate,  = , ( )  are the model risk 
premiums for factor risks, and are quantities of risk for respective factors. The 
testable model implications are derived from equation (4), for example, if we tie the 
SDF to the return on the wealth portfolio instead of k factors such that = , .
Additionally, assuming the presence of risk-free rate leads to a single factor CAPM 
under the assumptions of market completeness. The unconditional testable implication 
of the model, when returns on test assets are in excess of risk-free rate and are 
continuously compounded, is such that 

7 The SDF representation helps to specify the models in expected return-beta specification under the 
subsequent assumptions on period utility and formation of expectations. Besides, the explanation of the 
Hansen and Jagannathan (1997) specification measure stems from equation (1) for comparing and ranking 
the performance of different models; therefore, starting by mapping proceeding model equations and 
specification measures is more convenient.
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, = + , , + , , , ~ (0, ). 8 (5)

If a model factor is not a portfolio of traded assets then the times series tests are not 
applicable for testing null hypothesis that the is zero. In this case, we need to 
estimate the factor premium for factor ‘j’. The FM cross-sectional regressions, within 
the scope of this study, estimate the factor prices for all the employed factors and 
address the limitation of non-traded factors arising in the time series tests.9 Similarly, 
if the SDF consists of factors, as in this study, the equivalent multi-factor macro 
estimable representation is 

, = + , , + , + , + , +
, + , + , + , , (6)

where , , , and  are the innovations to term 
structure of interest rate, exchange rate, consumer confidence index, long term 
government bond, and expected inflation, respectively. Whereas is the 
unanticipated inflation. The estimation of innovations to macro factors is explained in 
detail in section 3. The time series rolling betas over a fixed window of 60 months, from 
the first stage model specifications in (5) and (6), are subsequently used in second stage 
FM (1973) cross-sectional regressions for the period from 1993:03 through 2008:07.

2.2. Fama and MacBeth (1973) second stage estimations

The portfolio excess returns are regressed on estimated rolling betas from equations (5) 
and (6) in the second stage of FM method. The cross-sectional regression estimated at 
each time period (monthly) is:

, = + + , = 1, … , , = 1, … , , (7)

where is a matrix of factor loadings from the first stage and are slope coefficients 
interpreted as factor risk premia. In the case of the market model, reduces to 1 × 1
vector at each time period; otherwise, its dimension is × 1. The parameter estimates 
and sampling errors for parameters and elements of  are computed, as in the FM 
(1973). The conventional FM method relies on the gathered time series of the model 
parameters (from the T cross-sectional regression) for the estimation of model 
coefficients and standard errors. Implying the average of the estimates is the 

respective coefficient estimates for a given factor sensitivity: = ,   and the 
estimated variance from the accumulated time series of the model estimates is used for 

the computation of coefficient standard errors: = ( , )
.

8 This study also compares the results of cross-sectional regressions for the same model with first stage 
OLS and GMM rolling betas. That residuals should follow some distributional assumptions is a 
requirement of the OLS estimation method only, whereas GMM requires no particular assumptions for 
residuals.
9 Literature uses two procedures for cross-sectional testing: two pass regression and FM regression. First 
method uses constant time series factor sensitivities, whereas FM regression make use of time series of 
factor betas estimated from a rolling window of 3 to 5 years.
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2.3. GMM estimations and specification tests

The first stage rolling betas are estimated using both OLS and GMM estimation 
methods. The GMM betas are obtained from over identified moment conditions. Since, 
an exactly identified orthogonality conditions in a GMM system nests OLS estimation. 
Therefore, we employ (available) instruments to capture business cycle conditions and 
estimate the first stage GMM rolling betas along with OLS rolling betas. The purpose of 
this exercise is to report if the first stage GMM betas, when estimated through over 
identified GMM system using additional business cycle variables, capture time series 
variability in the test assets that may be better linked to cross-sectional variation in 
industry returns than the OLS rolling betas. In order to explain the estimation of first 
stage GMM betas, the moments implied by the specified model (such as equations (5) 
and (6)) should suppress pricing errors with the estimated parameter vector = [  ]
such that the following identity is as closely matched as possible:( ) [ , ] , , =  , , (8)

where ( ) is the vector of pricing errors and is obtained as a sample estimate of the 
model moments. The model errors should be zero if the specified model moments 
approximate the contemporaneous asset returns exactly. The GMM procedure requires 
at least as many moment conditions as the number of unknown parameters such that 

, where is the number of specified model moments, and are the number of 
parameters to estimated. In order to get additional moments for the estimation of 
parameters, we may introduce some additional instruments correlated with factors in 
the model.10 Let (with variables) be the set of instruments that may further 
suppress the predictability in the model pricing errors, such that , = 0. In 
this case, the population moments of the model are approximated from its sample 
counterpart: ( ) = , = , . (9)

The number of conditioning variables in for each model equation (5) and (6) and 
industry provide the over identifying moment conditions to obtain GMM parameter 
estimates. The selected instrument vector for the GMM-based rolling betas is the one 
for which Hansen’s (1982) over identification test is not rejected. Additionally, the 
instrument vector comprises of exact identification factors: lagged level of term 
structure of interest rates and lagged unemployment rate. The rolling estimates are 
calculated using the Hansen (1982) two-step GMM method that minimizes the 
objective function: = ( ) ( ), (10)

where W is the × weighting matrix. Hansen (1982) showed that = is the 
statistically optimal weighting matrix and produces estimates with the smallest 
standard errors. = also provides over identification specification tests for the 
model fit and specifies that the model moment conditions are true under the null 
hypothesis. 11,12 However, the weighting matrix can also be specified independent of 

10 We have only one moment condition as implied by equations (5) and (6) but the number of parameters 
to be estimated are 2 and 7 respectively, which requires specification of additional moments.
11 The spectral density matrix = ( ) ( ) is the Newey and West (1987) heteroskedasticity and 
autocorrelation consistent (HAC) estimator. The Bartlett kernel is used to downgrade the auto-covariances 
structure for the positive semi-definiteness of the S. The bandwidth algorithm is set to the Newey-West 
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model, for example, as the second moment of the return matrix of the test assets or as 
the identity matrix, as in the calibration of HJ distance.

The estimation of the HJ distance uses the sample analogue of equation (1), [ ] =1  , to rank the performance of the tested model SDFs. The resulting measure of 
model misspecification as defined in Hansen and Jagannathan (1997) is: = = [ ( ) [ ] ( )] / . (11)

The proposed HJ distance has an important economic intuition that could be
interpreted as percentage pricing errors providing a direct comparison among the 
competing models.13 Because of the sub optimality of the second moment matrix of test 
assets, Hansen’s (1982) over identification test is not applicable to the asymptotic 
distribution of HJ-distance.14 We report p-values against the null that the HJ-distance 
is zero with the Jagannathan and Wang (1996) simulation method. 

2.4. Conditional asset pricing models

Adding time subscripts to Equation (2): = = , + , , represents a 
conditional linear factor model such that , is the time varying level of the SDF and , are the time varying sensitivities of the pricing factors. The estimation of the 
conditional model is possible only when the time varying SDF parameters in equation 
(2) are assumed to be constant. Cochrane (1996) and Hodrick and Zhang (2001) 
estimated conditional factor models using lagged linear instruments:= ( + ) (1 ) = + + + ( ). (12)

The estimations of the conditional specifications include parameters for scaled 
variables and interaction terms with the pricing factors. The estimated model is the 
unconditional implication of the conditional model such that time varying parameters 
of the conditional SDF are approximated unconditionally. Substituting equation (3) in 
equation (1), the unconditional moment condition using the law of iterated 
expectations is: [( + + + ( )) , ] = 1. (13)

(1994) nonparametric method based on a truncated weighted sum of the estimated cross-moments, which 
control the number of auto-covariances in the HAC estimator and are very important for consistent finite 
sample properties of S. The statistically optimal (most efficient) weighting matrix is obtained as the inverse 
of the covariance matrix of the sample orthogonality conditions, = . It provides the smallest possible 
standard errors, whereas any suboptimal matrix may produce inconsistent estimates. For a detailed 
description of these concepts, see Newey and West (1987).
12 It shows that when the optimal weighting matrix is used in the second stage GMM iteration, the 
minimized value of -statistic times number of observations ( ), that is, ~  asymptotically, and 

are the degree of freedoms equaling the number of specified moments subtracted with the number 
of model parameters. Note that the asymptotic properties of the moment condition are used to derive the 

2 limit.
13 The specification measure estimates the minimum distance of model-based SDF from the set admissible 
region discount factors that correctly price the assets.
14 In that regard, any weighting matrix that is not model-dependent is suboptimal and produces model 
parameters with larger sampling uncertainty.
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Equation (13) across the cross-section of test assets can be used to get the SDF factor 
sensitivities. The parameters for the model could effectively be tested, whether or not 
factor ‘j’ significantly influences the pricing kernel. 
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3 DATA

The monthly end-of-period total returns for 25 sector indices are retrieved from the 
DATASTREAM for the period from 1993:03 to 2008:07. The prior five-year data has 
been used for first stage rolling beta estimates because the DATASTREAM indices for 
Finnish industries go back only until 1988. All the selected price series and subsequent 
returns are in euro denominations to maintain the euro area investor perspective. The 
data length is reasonable for asset-pricing analysis and comprises 185 monthly 
observations. The DATASTREAM total returns indices are adjusted for dividends, 
splits, and other forms of cash payouts. The one-month European interbank offer rate 
is used as a proxy for the risk-free rate; for the period before 1999:01 the series is 
completed with Helibor. The reported annual yields are converted to monthly returns 
using the price difference approach in Vaihekoski (2009).The estimations in the study 
use continuously compounded excess returns.  

The low number of stocks in the Finnish market is pertinent issue for construction of 
characteristic portfolios. Earlier evidence for Finnish stocks has reported cross-
sectional regressions with 6 size and/or 7 industry portfolios (Vaihekoski, 2004 and 
Vaihekoski 2009). Nonetheless, US retail investor hold under diversified portfolios (on 
average) and the familiarity hypothesis may also be correlated with level of 
diversification for Finnish investors. Vaihekoski (2004) construct industry portfolios 
which have 1 or 2 stocks (Food and Housing & Constructions) besides and all other 
industry portfolios have maximum of 6 stocks across the sample. The thinness of few 
industry portfolios has been a related problem also for this study. 

To have meaningful dispersion in portfolio means and in the estimated sensitivities to 
model factors, we make the compromise on few industry portfolios for containing few 
stocks and use them in the cross-sectional regressions.  Despite the limited availability 
of stocks in the Finnish market and for using simultaneous classifications we do not 
confront issue related to estimator convergence.  The under diversification of few 
industry portfolios for the Finnish market does not induce invert-ability issues for the 
estimation of model estimator. Importantly this shows none of the industry portfolio is 
a linear combination of any other industry or combination of them. This implies the 
portfolios used in the study are linearly independent to manifest numerous return 
generating processes: if there are N securities and P partitions from these securities 
then P N.

The annualized mean and standard deviations for the excess returns are presented in 
Table 1 along with the risk free rate and all share market index excess returns. The 
sample statistics for the full sample, samples before, and samples after the introduction 
of euro are under panels A, B, and C, respectively. This notation is maintained 
throughout the study. All industries except paper and general industrials have positive 
annualized average returns.

The percentage Sharpe ratios for the industry portfolios during the pre-euro sample are 
on average larger than the post-euro sample. The Sharpe ratio improves in sample C for 
sectors such as industrial engineering, industrials, industrial goods and services, and 
industrial machinery compared to the pre-euro sample Sharpe ratios. One indication of 
the booming Finnish economy in the late 1990s was marked by the compensation of the 
additional unit of risk with larger proportional increases in mean returns compared to 
the post euro sample, assuming normality. In the pre-euro sample, six industries offer 
the one-on-one reward to risk ratio. In high tech sectors, the performance is even 
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Table 2 Explanatory variable, symbols and definitions

The explanatory variables are listed, along with the symbols and respective definitions in the paper.  The macro 
information variables are detailed as basic and derived variables. The consumer confidence index is obtained from 
Bank of Finland till 2007:04 and later period data is completed from Statistics Finland data base.

Symbol Variable Definition/Source
Basic Variables

Rf Risk free rate Percentage monthly return on one month 
Interbank offered rate /Bank of Finland (BOF)

LGB Long term govt. bond Percentage monthly return on Finnish ten years 
Govt. bonds/ BOF

XR Exchange rate Euro per US dollars exchange rate/BOF
UE Unemployment rate Percentage monthly rate/ Statistics Finland
CPI Consumer Price index The price development of goods and services

(Base year 1981)/Statistics Finland

CCI
Consumer Confidence 
index

Consumers’ monthly views and expectations on 
individual and national development/BOF

Derived Variables
IRt+1 Inflation rate Percentage log relative of consumer price index

ln[CPI(t+1)/CPI(t)]
RHOt+1 Real interest rate (ex 

)
Rf(t+1)-IR(t)

EIRt+1 Expected inflation rate Time series method15

Rf(t)=E[RHO(t+1)/IR(t)]+E[IR(t+1)/I(t)]
UIt+1 Unanticipated inflation IR(t+1)-EIR[(t+1)/I(t))]
EXRt+1 Exchange rate changes Percentage log relative of exchange rate

ln[XR(t+1)/XR(t)]
TSt+1 Term structure LGB(t+1)-One month Interbank rate (t)

better. Moreover, in the full sample, the industries offering higher expected returns 
typically also have a higher associated risk than the industries that have lower average 
returns. Only four sectors in the full sample offer a 25 percent premium per unit of risk 
or less, emphasizing the higher average growth in Finnish stocks for bearing a unit risk.

Table 2 lists the macro variables and the derived variables. Chen et al. (1986) noted that 
“…no satisfactory theory would argue that the relationship between financial markets 
and the macro economy is entirely in one direction.” The general equilibrium theory 
describes the adjustment of financial market demand curves (left or right) with the 
arrival of new information, such as future profits, economic expansion, and interest 
rates. The selection of feasible macro variables as systematic influences on the 
investment risk is critical (for a detailed discussion, see Chen et al., 1986). This study 
employs the macro risks – namely, the term structure spread of interest rates, exchange 
rate fluctuations, returns on long return bond, expected and unanticipated components
of inflation, and the consumer confidence index. The interest rates variables and

15 Fisher (1930) noted that nominal interest rates can be expressed as the sum of an expected real rate and 
an expected inflation rate, as modeled in Fama and Schwert (1977).
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Table 3 Correlations between factor risks and instruments

Table 3 reports the correlations between the factors used across model specifications, that is, return on 
market index and macro shocks. In addition, cross correlations among factors and first lag of market index 
[rm(-1)], term structure and unemployment are also reported. These variables are used as instrument 
variables for the estimation of over identified first stage GMM rolling betas along with the moments of just 
identified case. The cross correlations between the factors and the instruments are presented in bold.

rm UI rm,t-1 TSt-1 UEt-1

rm 1
0.02 1
-0.01 0.05 1
0.05 0.12 0.07 1
-0.15 0.27 -0.07 0.01 1
0.14 0.01 0.03 -0.06 -0.01 1

UI 0.1 -0.04 0.12 -0.07 0.1 0.04 1
rm,t-1 0.24 0.04 0.01 0.21 -0.1 -0.05 0 1
TSt-1 0.18 0.23 0.07 0.15 -0.01 -0.03 0.11 0.20 1
UEt-1 0.19 0.06 0.01 0.16 -0.16 -0.02 -0.12 0.24 0.18 1

currency rates are provided by the Bank of Finland, whereas all remaining information 
is downloaded from the Statistics Finland database. We also retrieve monthly
unemployment rates, industrial output, foreign direct investments, and the industrial
confidence index. However, the inclusion of the noted variables does not improve the 
specified multi-factor model for the variations in average stock returns; therefore, they 
were dropped from the main analysis.

Endogeneity is a well-reported problem among macro variables; therefore taking them 
together as exogenous variables is questionable. To address endogeneity of macro 
variables, we employ the triangularizing scheme (Campbell, 1996) for retrieving the 
unaffected components of all the macro variables to the remaining factor risks (as listed 
in equation (6)).16 We start the estimation of orthogonal term structure component 
with the regression: = + , + . We keep the component of the term 
structure orthogonal to , . Subsequently, we estimate the orthogonal component of 

using return on market index and orthogonal component retrieved for earlier 
regression and repeat the scheme till the estimation of unaffected UI factor orthogonal 
to , and estimated macro factors.

This approach generates a non-overlapping pricing content of the market factor and 
macro factors to explain contemporaneous variations in the asset returns. However, the 
orthogonal decomposition induces some spurious correlations among a few of the 
macro factors. To maintain robustness, we use innovations in the macro factors in the 
tested models (Chen et al., 1986). The innovations to macro variables are calculated as 
an unexplained part of the macro variables after fitting an AR (1) process on the 
orthogonal component of each macro variable through estimating equation, = ++ such that from = + , makes the macro shock.

16 Campbell (1996) used VAR (1) system for the estimation of innovations to the forecasting variables. This 
study does not employ VAR system for the estimation of innovations to the macro factors.
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Table 4 GRS F-test for the CAPM

Table 4 reports small sample GRS F-test with corresponding asymptotic test. The joint hypothesis H0 i=0 
tests if all the model alphas are zero using the sample variance covariance matrix. The matrix is constructed with
the time series residuals, for all industry portfolios, both with OLS and GMM estimations, separately.

OLS Estimations GMM Estimations
Joint test H0: i=0
A: 1988:4 to 2008:7
F test statistic (p-value) 3.01 (<0.001) F test statistic (p-value) 4.14 (<0.001)

2(25) (p-value) 53.57 (<0.001) 2(25) (p-value) 107.42 (<0.001)
B: 1988:12 to 1998:12
F test statistic (p-value) 2.38 (0.007) F test statistic p-value 2.74 (0.002)

2(25) ( p-value) 64.47 (<0.001) 2(25) (p-value) 87.1 (<0.001)
C: 1999:1 to 2008:7
F test statistic (p-value) 2.26 (0.01) F test statistic (p-value) 3.48 (<0.001)

2(25) ( p-value) 72.83 (<0.001) 2(25) ( p-value) 91.07 (<0.001)

This study is well suited to the intuitive search for economic state variables that could 
potentially explain the contemporaneous movements in the asset returns. Moreover, 
stock prices are dynamic and may already incorporate the expectations for state 
variables linked to the changes in the investment opportunity set, whereas macro 
variables contain aggregated information from prior period. Therefore, with the lagging 
nature of data accumulation underlies the considerable chance that the collected 
information is already incorporated in stock prices before the formal release of 
aggregate variables. Therefore, shocks may prove better candidates for the revisions in 
the expectations for the state variables, than the level of macro variables, to capture the 
underlying stochastic shifts in the investment set. 

Table 3 reports cross correlation among the market factor, shocks to orthogonal macro 
variables, and instrument variables used in the GMM estimations. The cross 
correlations among the factors are marginal to bias estimations. The correlation among 
macro shocks has lowered to a range of –0.15 to 0.27 compared to the correlation range 
of –0.81 to 0.57 among the levels of macro variables. The lags for the term structure 
spread, unemployment rate, and market factor show a reasonable positive correlation 
with the aggregate return index and changes in the consumer confidence index. 
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4 ESTIMATIONS AND RESULTS 

4.1. Inference form time series regressions for CAPM

The non-tradability of macro factors prevents us from comparing measures of model 
misspecification based upon time series regressions using multiple assets, such as the 
GRS F statistic of Gibbons et al. (1989). However, we report the GRS F statistic from 
time series regressions for robustness and comparability with the evidence from cross-
sectional regressions for the market model specification. Table 4 reports the GRS F 
statistics and its asymptotic counterpart across all the samples. The joint test for the 
insignificance of the time series s, across all industry portfolios, rejects CAPM at the 1 
percent critical values. This is important evidence because for the US markets with the 
GRS F test, the market model is not rejected in the long run (Ang & Chen, 2007). The 
inference from the time series regressions with OLS or GMM methods does not show 
any discernible pattern besides over rejection of the null with the GMM estimations.

The significant presence of large pricing errors rejects the CAPM specification and 
shows that the used market proxy is not mean variance efficient. The rejection of the 
tested specification parallels the studies arguing for the impossibility of perfectly 
efficient markets. Furthermore, the rejection of the null hypothesis highlights that the 
market portfolio is not the only source of risk and prices may also correspond to risk 
compensation for additional sources of risks. In this regard, the focus here remains on 
additional sources of risks (macro) complementing the investor information set 
important for discounting asset returns.

4.2. Cross-sectional regressions

In this section, the comparison between the CAPM and different specified models with 
the economic state variables is provided. The results from the FM regressions are 
reported in Tables 5 and 6 using first stage OLS and GMM betas respectively. 

The results in Table 5 show that the price of market risk across all samples is estimated 
lower than the respective sample average, and is insignificant except for the sample B. 
This effect is substantial to the extent that the risk premium is negatively estimated for 
sample C. The risk premium in sample B gets its best chance to approach its sample 
average of 2.61 percent per month with GMM betas, that is, 2.58 percent per month, 
whereas the premium with OLS betas is 2.08 percent per month, significant at 1 and 10 
percent critical values respectively. The asset prices, for intertemporal hedging needs 
and in efficient markets, should compensate for the state variables that describe the 
economy. The signs on the macro shocks are not presumptuously fixed, a priori; 
rather, these signs are assumed to explain the expectations on variations in 
industry returns. 

Therefore, maintaining all other characteristics of the analysis as equal, the sign 
of each macro variable is presumed to explain the prevailing exposure of the 
risk. Additionally, the explanations are rendered for their effect on expectations, 
to assign marginal wealth to stocks, for assets paying off handsomely in poor 
times and vice versa. Panel II of Table 5 reports the results from the model that
account for only macro shocks – that is, changes in TS, DXR, CCI, LGB, EIR,
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Table 5 Fama-MacBeth regressions with OLS betas

The results from the cross-sectional regressions are presented for full sample, sample before the introduction 
of euro and after the introduction of euro represented by sample lengths 1993-2008, 1993-1998 and 1999-
2008 respectively. Each panel reports the results from the tested models across the samples.  The conventional 
FM method t- statistics are reported in (). The significant coefficients and respective t-statistics at 10% and 
below critical values are presented in bold fonts.  The reported ’s are the reward to risk and column 9 reports 
the average R2 for the FM cross sectional regressions. 

Sample 0 rm TS GB R UI

Avg. 
R2

I
1993-2008 0.3 0.42 - - - - - - 0.19

(0.47) (0.44) - - - - - -
1993-1998 0.203 2.08 - - - - - - 0.18

(0.21) (1.85) - - - - - -
1999-2008 0.351 -0.587 - - - - - - 0.20

(0.44) (-0.48) - - - - - -

II
1993-2008 0.91 - -0.36 0.05 0.09 -0.04 -0.11 0.17 0.50

(1.61) - (-1.63) (0.08) (0.23) (-0.79) (-0.98) (2.10)
1993-1998 2.03 - -1.02 2.12 0.15 -0.12 0.06 0.29 0.51

(2.78) - (-2.13) (2.94) (0.20) (-0.91) (0.27) (2.54)
1999-2008 0.23 - 0.04 -1.2 0.06 0.003 -0.22 0.1 0.50

(0.32) - (0.76) (-1.89) (0.14) (0.14) (-1.9) (0.99)

III
1993-2008 0.7 0.08 -0.31 0.02 0.08 -0.05 -0.08 0.18 0.61

(1.50) (0.10) (-1.77) (0.04) (0.23) (-1.00) (-0.71) (2.34)
1993-1998 1.24 0.954 -0.869 1.842 0.245 -0.111 0.134 0.302 0.59

(1.88) (0.95) (-2.29) (2.57) (0.42) (-0.93) (0.72) (3.39)
1999-2008 0.38 -0.45 0.03 -1.08 -0.02 -0.01 -0.21 0.11 0.61

(0.64) (-0.41) (0.75) (-2.04) (-0.06) (-0.43) (-1.84) (1.07)

IV
1993-2008 0.65 0.12 -0.21 0.07 - - -0.02 0.13 0.47

(1.16) (0.13) (-1.98) (0.13) - - (-0.24) (1.67)
1993-1998 1.36 0.89 -0.6 1.61 - - 0.15 0.17 0.45

(1.58) (0.80) (-3.41) (2.25) - - (1.00) (1.15)
1999-2008 0.22 -0.35 0.03 -0.87 - - -0.13 0.11 0.50

(0.34) (-0.30) (0.77) (-1.80) - - (-1.09) (1.26)

and UI. The significant negative sign for changes in term structure in the full sample 
and the sample before the introduction of the euro is the same as in Chen et al. (1986). 
The negative premium manifests stock returns that are negatively correlated with the
changes in TS are, ceteris paribus, considered more valuable and vice versa. The cross-
sectional variations in the stock returns follow a contrarian argument in sample C when 
the market is arguably more 
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Table 6 Fama-MacBeth regressions with GMM betas

The results from the cross-sectional regressions are presented for full sample, sample before the introduction of 
euro and after the introduction of euro represented by sample lengths 1993-2008, 1993-1998 and 1999-2008 
respectively. Each panel reports the results from the tested models across the samples.  The conventional FM 
method t- statistics are reported in (). The significant coefficients and respective t-statistics at 10% and below 
critical values are presented in bold fonts.  The reported ’s are the reward to risk and column 9 reports the 
average R2 for the FM cross sectional regressions. 

Sample 0 rm TS GB R UI

Avg. 
R2

I
1993-2008 0.28 0.64 - - - - - - 0.15

(0.46) (0.83) - - - - - -
1993-1998 -0.45 2.58 - - - - - - 0.12

(-0.36) (2.59) - - - - - -
1999-2008 0.73 -0.53 - - - - - - 0.16

(1.20) (-0.62) - - - - - -

II
1993-2008 0.72 - -0.06 -0.04 0.002 0.14 -0.03 0.03 0.51

(14.52) - (-2.88) (-0.42) (0.44) (1.41) (-1.93) (2.06)
1993-1998 0.93 - -0.13 0.02 0.03 0.01 -0.07 0.02 0.51

(59.89) - (-3.65) (0.14) (2.79) (0.09) (-5.86) (1.49)
1999-2008 0.6 - -0.01 -0.08 -0.01 0.21 0.001 0.03 0.51

(13.37) - (-2.08) (-0.69) (-3.26) (1.56) (0.13) (1.64)

III
1993-2008 0.39 0.63 -0.04 0.09 0.02 0.13 0.01 0.16 0.62

(0.73) (0.78) (-0.32) (0.21) (0.49) (0.31) (0.13) (1.74)
1993-1998 0.62 1.74 -0.19 1.02 0.05 0.54 0.14 0.38 0.59

(0.59) (1.52) (-0.55) (1.12) (0.50) (0.68) (0.73) (3.23)
1999-2008 0.25 -0.05 0.05 -0.47 0 -0.13 -0.06 0.03 0.63

(0.43) (-0.05) (1.19) (-1.34) (0.13) (-0.31) (-0.57) (0.27)

IV
1993-2008 0.18 0.71 0.04 -0.21 - - 0.18 0.05 0.46

(0.28) (0.82) (0.35) (-0.42) - - (0.50) (0.43)
1993-1998 -0.25 2.35 0.05 0.43 - - 0.69 0.27 0.43

(-0.19) (1.69) (0.17) (0.36) - - (0.92) (1.20)
1999-2008 0.43 -0.3 0.03 -0.6 - - -0.13 -0.08 0.48

(0.71) (-0.31) (0.92) (-1.80) - - (-0.38) (-0.65)

internationally integrated. 

The effect of exchange rate movements is asymmetric to appreciating-
depreciating currency regimes, as reported in Koutmos and Martin (2003). 
Likewise, the premium for exchange rate changes is positively rewarded for the 
depreciating currency regime in the pre-euro sample. However, the risk 
compensation is negative in the post-euro sample. Overall, the exchange 
premium is substantially lower and insignificant in the full period compared to 
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the premium in the partitioned subsamples. The risk premium with the OLS 
betas is considerably larger than the estimated premium with GMM betas, 
although the signs for full estimations are different. Overall, the variations in 
exchange rate risk essentially track the appreciating and depreciating currency 
regime over the period of tested samples.

The signs for changes in the consumer confidence index for all three samples are 
plausible. The expected returns for industries are substantially lower in sample C than 
the full sample and pre-euro sample, but are imprecise. The signs on the changes on 
long-term maturity bonds are consistent with the results obtained with TS but are 
insignificantly estimated across all the specifications. In the post-euro sample, the 
changes in LGB are of marginal effect to be of any economic significance for average 
industry returns. This reduced effect may reflect the larger role played by the ECB's 
monetary policies that have steadied the markets to assign any premium to changes in 
maturity bonds. 

Inflationary pressures have a significant effect on the samples. The sign for premium on
expected changes in inflation is consistent with Chen et al. (1986). The significance of
premiums for expected inflation in sample C and for unanticipated inflation in samples
A and B show the effect of stringent inflation targeting by ECB.17 The adopted policy 
has smoothed out any unanticipated inflationary pressures for Finnish industry returns
in the post-euro sample. However, the unexpected inflationary shocks across all the
samples require positive compensation, which is not consistent with Chen et al. (1986)
and Pearce and Roley (1988). Everything else being equal, the fact that stock returns
may not be considered as safe hedges by the investors against the unexpected
discounting of their investments could explain this effect. Therefore, investors bearing 
unexpected inflationary shocks require larger compensation and otherwise may seek 
larger risk adjusted pay off from fixed income assets than stocks.18

Arguably, the market factor should be sufficient to capture the pricing impact of the 
macro variables under the CAPM theory. Therefore, to test the noted theoretical 
implication the market factor and macro shocks are tested together in one specification. 
The results from the regressions are reported in panel III of Table 5. The signs for the 
premium on market risk and macro shocks are similar to the reported results in panels 
I and II respectively. However, a departure in evidence occurs in the insignificance of 
the market factor in sample B, which is significant for the market model estimations in 
panel I for the same period. The results from panel II and III show that the shocks to 
the maturity bonds and consumer confidence index do not yield any significant premia. 

This result motivated us to test a specification excluding the insignificant factors. 
Additionally, we retain the market factor to report particular differences from the 
tested specifications in panels I, II, and III. The results in panel IV differ only in terms 
of the significance of inflationary pressures. The expected inflation is no more 
significant in sample C, whereas the unanticipated part is precisely estimated only in 
the full sample estimations. The specification with lower number of macro risks show 
that the marginal effects coming from the changes in the long-term bond and consumer 
confidence index are submerged into market risk and may not require independent 

17 The European Central Bank (ECB) identifies its primary function as keeping inflation rates below, but 
close to, 2 percent in the medium term.
18 The Sharpe ratio for 10-year government bonds over the risk free rate is sufficiently larger than the 
aggregate market index or any other industry in all the samples. The corresponding reward to risk ratio is 
139 percent, 210 percent, and 148 percent for samples A, B, and C, respectively.
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specification. Similarly, the specification also shows that the marginal effects from 
changes in term structure, exchange rate, and inflationary risks are separate from the 
market risk and require independent identification for the Finnish industry returns.

The time series for the model R2 is obtained in a similar manner as the model 
parameters from the second stage FM regressions. The R2 values are reported to see 
how well the model fits the data over the period of time, on average. The models across 
panel II, III, and IV explain larger cross-sectional variations in industry returns 
compared to the market model. The CAPM has only 19 percent explanatory power 
compared with models in II, III, and IV, which explain 50 percent, 61 percent, and 47 
percent, respectively, for the full sample. The hierarchy of explanation for industry 
returns between these models is the same across the results from the subsamples. 
However, the average R2 values for specification using only macro shocks are 
proportionally 10 percent higher than the tests where the market factor replaces 
changes in LGB and CCI. The model intercepts across all estimations are insignificant 
but close to zero, which should be the case under the correctly specified model 
(although significantly). The model mispricing is significant and large in sample B for 
the reported results in panels II and III. 

The results with GMM betas are reported in Table 6 and do not depart from the results 
with OLS betas in terms of the model R2 values. Expected inflation is significant only in 
panel II for samples A and B, whereas unanticipated inflation is significantly priced for 
factor combinations reported in panel II only for the full sample and in panel III for 
both the full and pre-euro samples. The market factor is significantly priced when we 
replace it with changes in LGB and CCI in sample B and the estimated risk premium is 
close to its time series average. The significance of changes in CCI is observed in panel 
II for the pre- and post-euro sample periods. The TS changes are significant in panel II, 
whereas the exchange rate risk is negatively rewarded in sample C panel IV, consistent 
with estimations using OLS betas.  

The R2 values for the market model with GMM betas are lower than OLS betas. 
However, the improvement is only marginal. The signs for the macros shocks in Table 6 
are not necessarily the same as the estimations in Table 5. Nevertheless, the importance 
of the macro variables, such as inflationary pressures, changes in term structure of 
interest rates, and changes in DXR, as the results in Table 5, is also evident across the 
samples in Table 6. The model intercepts are insignificantly different from zero for the 
specifications in panel I, III, and IV across all samples.  

The factor combinations used in panels I, II, III, and IV will be referred as M1, M2, M3, 
and M4 from here on for convenience in comparing the performance of the tested 
models. The ranking among the models with the HJ (1997) distance measure is 
reported in Table 7 and is not as clear as reported with the cross-sectional R2 values.19

The pricing errors only for the macro risk specification, M2, are considerably 
discernible from M1, M3, and M4 in the pre-euro sample. Nevertheless, the 
specification errors are too large across all the models to be argued as approximations 
of the correct asset-pricing model. The pricing errors for the full and post-euro samples 
are not substantially different among models M2, M3, and M4, but are sufficiently 
smaller than the corresponding values for the pre-euro sample. 

19 The HJ-distances among the tested models were also computed with the identity matrix to weigh the 
imposed moments from each model, but the corresponding errors provide similar results as we report with 
the Hansen and Jagannathan (1997) second moment matrix. The results for the HJ-distance with identity 
as spectral density matrix can be provided on request.



46

However, the market model remains at loggerheads with the cross-sectional variations 
in the average industry returns and produces the largest mispricing among all models. 
The dismal performance of CAPM with the HJ distance is consistent with the lowest R2

values in cross-sectional FM tests. Furthermore, simulated p values reject all the 
models, that is, the distance between the models implied SDFs to the set of admissible 
region pricing kernel is equal to zero. The reported p-values for the LR statistic 
(Cochrane, 1996) are very low and the null hypothesis that the unrestricted model 
contains restricted model cannot be rejected at conventional confidence value. This 
evidence for M2 compares the ability of macro risks with a  constant factor model   and 
in the case of M3 and M4 shows models nesting the CAPM (with macro risks) are far 
more important in capturing the cross-sectional variability in industry returns.

4.3. Economic significance and additional estimations

The estimations in Tables 5 and 6 provide satisfactory evidence of the cross-sectional 
risk premium for changes in TS, DXR, and inflationary pressures. The analysis for the 
economic significance of the noted variables shows that they induce sufficient changes 
in the expected industry returns.20

A positive shock to the term structure of interest rates, currency risk, expected and 
unanticipated inflation impart contemporaneous average return changes of (2.5) 
percent, 0.84 percent, (0.24) percent, and 1.6 percent per annum respectively. The 
shock to term structure of interest rates has a larger impact on influencing variations in 
average industry returns in the pre-euro period than the post-euro period. The 
variation in impact may show that investors have a greater belief in the liberalization of 
the Finnish economy since the introduction of the euro. The absolute average return 
changes in the post-euro sample are proportionally only 5 percent of its pre-euro level.

Furthermore, the subsample estimations demonstrate that the innovations in the 
exchange rate have an alternating premium and induce substantially larger changes in 
the cross-sectional returns in subsamples than in the full sample. Similarly, a unit 
change in the levels of expected inflation requires an annual increment of 1.8 percent in 
sample B and -1.54 percent in sample C. Arguably, in the aftermath of the early 1990s 
recession, the market generally experienced lower expectations for growth in stocks. 
The shocks to the expected inflation during the pre-euro sample are perceived as bad 
news, duly requiring a positive price adjustment. However, the variations in the average 
industry returns for observing a unit shock to expected inflation have changed sign, and 
possibly investors’ expectations, in the post euro sample. Implicitly, the changes in the 
price impact reflects the tight monetary control of ECB for euro zone countries and are 
incorporated as an expectation for future growth with lower current period average 
returns. However, the changes in unexpected inflation overall are considered a sign of 
the bad state of the economy, thus inducing positive changes in average industry 
returns across all the samples. 

20 The economic significance of the cross-sectional premia is only discussed for OLS betas, as in panel IV 
for general simplicity. The cross-sectional premium for macro variables in panel IV is lower than the 
counterpart estimates in the models reported in panels II and III. Therefore, all subsequent estimates for 
changes in expected industry returns are conservative among others.
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Table 7 Pricing errors with Hansen and Jagannathan methodology

Table 7 reports the pricing errors using the model SDF with the moment conditions as implied by 
equations (3) for the cross-section of industry portfolios. The specified models M1, M2, M3 and M4 
represents the unconditional CAPM,  model with market factor and macro shocks together , model with 
macro shocks only  and market factors and selected state variables as reported in the panels I, II, III and IV 
of Table 5 and 6 respectively. The HJ distance are reported under the respective column headings and the 
p values with Jagannathan and Wang (1996) simulation method for H0: HJ-distance=0 are presented in []. 
The simulated p- values which cannot reject the null are presented in bold. Moreover, we report the 
Cochrane (1996) based likelihood ratio (LR) statistic under models M2, M3 and M4 for the estimations in 
each sample period. The LR test establishes given an unrestricted model with factors, is a restricted 
model with factors important for pricing assets. The LR test simplifies the idea if the restricted factors are 
not important for asset pricing then the GMM based minimized objective function compared to 
corresponding  estimate for the general model should not rise much. The test statistic is asymptotically 
chi-square distributed ( ) with degrees of freedom. The LR statistic is distributed with 6, 6 and 4 
degrees of freedom for the specifications M2, M3 and M4 respectively. The test statistics reported under 
model specification M2 compares the unrestricted model with restricted model that regresses the 
industries excess return on a constant, whereas M3 and M4 takes the CAPM specification as the nested 
model. The p-values for the null that the unrestricted model contains the restricted model are presented in 
[].

M1 M2 M3 M4

Sample A 0.22 0.19 0.19 0.20
[0.02] [0.01] [0.001] [0.00]

LR-statistic [p-value] 78.01 [<0.001] 112.47 [<0.001] 58.19 [<0.001]
Sample B 0.82 0.79 0.69 0.75

[0.001] [0.02] [0.01] [0.00]
LR-statistic [p-value] 68.11 [<0.001] 122.12 [<0.001] 117.52[<0.001]

Sample C 0.34 0.29 0.28 0.29
[0.001] [0.03] [0.0] [0.00]

LR-statistic [p-value] 87.22 [<0.001] 116.23 [<0.001] 58.19[<0.001]

The risk premium for the inflationary variables carries alternating signs in the 
subsample estimations, except for the unanticipated inflation. The unit changes in the 
unanticipated inflation requires higher average risk compensation and shows the 
persistence of unanticipated inflation for Finnish stocks over varying business cycle 
conditions. The appreciating euro against USD, lower short rates, and controlled 
changes in expected inflation in the post-euro period compared to the earlier period 
show the importance of these variables to proxy changes in investors’ marginal utilities 
and in forming aggregate beliefs for expected return changes in Finnish stocks. The 
contemporaneous changes induced by shocks to macro variables are also of 
economically substantial amount. The significant premia associated with the changes in 
term structure and unanticipated inflation in the full sample and the exchange rate in 
the subsamples make it a worthwhile case to see their importance in suppressing 
mispricing independently. We conduct robustness tests on the cross-sectional 
capabilities of the mentioned macro variables. The reporting of all additional tests is 
limited to the full sample only, to simplify generalizations.

The subsequent robustness check accounts for the performance of the macro risks in 
the conditional settings.21 We use the well-reported fact that conditional implications of 

21 The unconditional estimations reported in Tables 5 and 6 carry minimum five pricing factors besides 
model intercept. The calculation of any conditional model would have required the study to estimate the 
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a single factor model can be tested unconditionally in a multifactor model, as in 
Cochrane (1996) and Jagannathan and Wang (1996). We specify single factor SDFs 
using levels of term structure of interest rates, exchange rate fluctuations, and expected 
inflation and condition with lagged macro shock of the same variable, denoted as CA.
Subsequently, we augment the linear SDFs with the return on the market factor, 
referred as CB.

4.3.1. Pricing errors from conditional settings

The decomposed macro variables are assumed to follow an AR (1) process such that = + + . The model SDF regards AR (1) component as the level of the 
macro variable, and the unexplained component ( ) is regarded as the conditioning 
variable. The scaled factor SDF-GMM estimation is a general test of a conditional 
factor-pricing model (for a detailed review, see Cochrane, 2005). The results for 
conditional model pricing errors, as measured with the HJ-distance are reported in 
Table 8. The pricing errors implied by the SDFs of conditional models are always better 
than the unconditional market model SDF (reported in Table 7). The SDF with 
expected inflation and its unexplained part yields the minimum distance from the set of 
true pricing kernels, and, importantly, the simulated p-values cannot reject the zero 
distance null hypothesis. The pricing errors with term structure and exchange rate 
changes based SDFs are marginally larger than the multi-factor settings as in M2, M3, 
and M4. 

However, the pricing errors under the setting CB for the above-noted macro variables 
are smaller than all the tested unconditional models and are considerable 
improvements on the results with CA. Nevertheless, the smallest pricing errors still 
come from the specification with the inflationary risks augmented with the market 
factor. All the model-implied SDFs in the CB model settings reject the null hypothesis of 
zero mispricing at 5 percent significant p-values. Nevertheless, the conditional tests 
show that the industry returns could be explained with lesser factors and more 
parsimoniously than the unconditional settings. These results reinforce the significance 
of the term structure of interest rates, exchanges rate changes, and inflationary 
pressures for explaining average industry returns. Moreover, the conditional model 

pricing impact of interaction terms between the model pricing factors and conditioning variables. For 
example, estimating a conditional model with five pricing factors and one conditioning variable would have 
required us to estimate an additional six parameters. In the case of conditioning variables, the number of 
additional parameters would have been × ( + 1), where  the number of pricing factors in the model is
and so on. But the purpose of the study is not to compare the performance of unconditional models with 
the implications of conditional models. Therefore, we did not estimate cross-sectional risk premiums for 
any factor in conditional settings. But in order to report the robustness of successful macro variables in this 
study, we computed HJ distances for respective scaled factor model. The estimation of conditional risk 
premiums would have shifted the focus from the pricing ability of macro state variables to gauging the 
comparable performance of unconditional and conditional models, which is beyond the scope of this study. 
Furthermore, the different factor representation of the unconditional models and the single macro risk 
based scaled model manifests the main hypothesis, that is, the improvement of unconditional macro 
models than the unconditional CAPM specification. Whereas, the scaled representations show the 
marginal importance of macro variables and shocks to them in explaining the industry return dispersion, 
as robustness check. The well-documented non-convergence of estimations and parsimony of model 
estimates, in the wake of sufficiently large numbers of model parameters, would also have been related 
issues.
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Table 8 HJ-distances for conditional models

Table 8 reports the pricing errors for the conditional models CA and CB with the simulated p-values in [] to 
test H0: HJ-distance=0 for the tested model as given in Jagannathan and Wang (1996). The simulated p-
values, and associated distance values, which cannot reject the null are presented in bold. The conditional 
models assume a linear SDF of the form[( + ) ]. In the case of CA is level of the macro factor 
given by AR(1) process , as in the header of the Table columns, and is conditioned with first lag of macro 
shock, i.e., which resultantly implies a SDF of scaled factor model such that [( , + , + , +, )]. Similarly, CB is a conditional setting where comprises of level of macro variable, as in the 
header of the Table columns, and market factor such that it is again conditioned with previous period 
shock to macro variable. The conditional models imply 4 factor and 6 factor linear SDFs which are then 
used to calculate HJ-distance across the cross-section of industry portfolios same as in equation (3) using 
GMM.

TS EXR EIR
Model CA

0.21 0.21 0.17
[0.01] [0.59] [0.95]

Model CB

0.17 0.20 0.16
[0.02] [0.01] [0.03]

performance improves noticeably for the macro risks when taken with the market 
factor. 

4.3.2. Dynamic model evaluations

The previous section highlights the importance of conditional tests in suppressing 
cross- sectional pricing errors compared to unconditional tests. In this section, we 
analyze the robustness of the conditional tests relative to the unconditional tests with 
the Farnsworth et al. (2002) test based upon dynamic performance of the SDF models. 
The idea behind the test is that if a model is assumed to capture the time variation of 
test assets, the model’s time series pricing errors , = ( ) , should not be 
predictable with any information available in the previous periods. 22 Farnsworth et al. 
(2002) propose to get linear projections of across all test assets onto a set of 
conditioning variables available in period . The average standard deviation of the fitted 
values of serves as a measure for the model’s ability in capturing the time series 
variation in the average stock returns among the competing model SDFs. 

In order to evaluate the performance of all the models, we identify a conditioning 
vector (   ) with the macro factors that have demonstrated larger 
explanations for the contemporaneous variations in average industry returns. After 
computing the model pricing errors, we run the predictability regressions to report if 
the model residuals are really unpredictable in period t. The low volatility of the fitted 
residuals will indicate the better performance of the specific model in capturing the 
time series predictability of the excess industry returns. 

22The SDF model pricing errors should be equal to one in case of gross returns. In the case of excess 
returns, the errors should be zero, if the specified model SDF exactly approximates the true model.
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Table 9 Dynamic SDF models performance

Table 9 reports the results from the predictability regressions for the pricing errors , =( ) , onto a set of conditioning vector = (   ) as proposed by Farnsworth et al. (2002). 
is prevailing difference between long rate series and one month EURIBOR series, is the change in 

euro against USD at time t and is the inflation rate. The pricing errors are computed for 25 industry 
portfolios using the SDF implied by each tested model. The unknown parameters for model based SDF are 
estimated with GMM-HJ estimation.   M1, M2, M3 and M4 represents SDFs implied the unconditional 
models. CA and CB are the conditional model SDFs. The robustness measures are reported in panel A for
listed unconditional model and in panel B for conditional models. The 2nd column in panel B lists the 
number of factors in the SDF implied by the model additionally these factors are also scaled by the lagged 
shock of the macro variables listed in the column only.  The Table reports the average standard deviation of 
fitted values for pricing errors from the predictive regressions from a candidate model along with 
minimum and maximum standard deviations across 25 industry portfolios. The lower average shows a
particular models performs better in capturing the time series variability of asset returns in comparison to 
the results reported for other tested models.

Mean Minimum Maximum
Panel A: Unconditional Models

M1 1.123 1.044 1.238
M2 1.021 1.008 1.034
M3 1.153 1.055 1.274
M4 1.118 1.047 1.222

Panel B: Conditional Model
CA TSt+1 1.127 1.030 1.243

EXRt+1 1.071 1.032 1.136
EIRt+1 1.150 1.007 1.430

CB

TSt+1 and Rm,t+1 1.101 1.050 1.215
EXRt+1 and Rm,t+1 1.016 1.006 1.033
EIRt+1 and Rm,t+1 1.028 1.012 1.062

The average standard deviations of the projected alpha values across the industry 
returns, along with the minimum and maximum, are presented in Table 9. The
Farnsworth et al.’s (2002) test showed that conditional models have fared better than 
unconditional models in capturing the predictable patterns for the industry returns. 
The SDF specification with + , has the smallest average standard 
deviation closely followed by the unconditional specification using only macro risks, 
M2, and the conditional specification with the expected inflation and market factor 
respectively. The lower average standard deviations of the SDF models in CB are also 
consistent with our earlier observation that the selected macro factors do better when 
combined with the market factor. Otherwise, when they are tested with the SDFs in the 
CA, the average standard deviation cannot be discerned.

The important fallout is the SDF performance implied by inflationary changes. In 
replicating the cross-sectional success, the specification, with the dynamic SDF test, is 
unable to also capture the time series variations in the industry returns. The 
specification with the inflation gives the largest standard deviation for the most 
mispriced portfolio among all the tested models. However, the model performance gets 
better when augmented with the market factor to yield the third smallest average 
standard deviation. The results with the dynamic model performance check are 
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consistent with Farnsworth et al. (2002) such that the conditional models perform 
better than the unconditional models.
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5 CONCLUSIONS

This study attempts to explain the average cross-sectional variations in Finnish 
industry returns with the macro systematic risks in addition to the aggregate market 
risk. In pursuit, we explored a number of macro risks. The analysis further delves and 
reports the cross-sectional premia for macro risks before and after the introduction of 
the euro. The analysis is important for reporting evidence in the dynamics of changes in 
expected returns for a euro zone country. The cross-sectional tests using macro shocks 
are compared with the benchmark CAPM. The FM regressions are performed using 
OLS and GMM first stage rolling betas. However, the results do not impart 
substantially different explanations for the cross-sectional variations in average 
industry returns in terms of model R2. The evidence suggests that different macro 
factor combinations with or without the market perform better than the CAPM, 
unconditionally.

The changes in the term structure of interest rates, exchange rates, and inflationary 
pressures, both expected and unanticipated, are reported as significant risks across the 
samples. The significance of unanticipated inflation is larger during a comparably 
volatile (pre euro) period compared to other employed macro risks in the study. The 
price for market risk is correctly estimated more often and corresponds approximately 
to its time series average in the post-euro sample. However, the overall market 
premium remains insignificant, regardless of whether it is tested alone or with macro 
risks. The notable observation from the FM tests is that the larger explanation for the 
variations in the industry returns comes from the macro risks rather than the market 
risk. The result signifies the general importance of macro information and the 
particular importance of shocks to term structure of interest rates, exchange rates, and 
inflationary changes. The waning of CAPM to explain the variations in average industry 
returns is further consolidated with the HJ distance measure, which shows that the 
smallest pricing errors are produced when we use only macro risks. 

The results, by the scaled model SDFs, are significant improvements in suppressing 
distance from the set of true pricing kernels compared to the unconditional models. 
The smallest HJ distances are produced by the SDF implied by inflationary changes. 
The distance is further shortened when the conditional macro SDFs are augmented 
with the market factor. The conditional settings also capture larger time series 
variations in the industry returns compared to the unconditional specifications, as 
vindicated by the Farnsworth et al. (2002) dynamic model test. The robustness checks 
show that the impact of macro risks is pervasive and therefore should be separately 
accounted for Finnish industry returns. Finally, we conclude that macro risks 
outperform CAPM, but in conditional settings its role to explain average returns cannot 
be ignored altogether. 

Overall, the evidence suggests macro risks capture the investor’s investment set better 
than the market factor to explain cross-sectional variations in the average Finnish 
industry returns. Additionally, the results show that the tight inflation targeted 
monetary policy from ECB has changed investor expectations for a unit increase in 
expected inflation and term structure of interest rates compared to the pre-euro 
sample. The evidence suggests that the impact coming from macro variables is more 
independent than the systematic CAPM risk. The exchange fluctuations and 
unanticipated inflationary pressures are the most important macro risks for changes in 
expected industry returns. The importance of macro risks could be rationalized with the 
larger dependence of Finnish industries on foreign trade and the early 1990s recession 
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in Finland that caused investors’ aversion to inflationary discounting of aggregate 
wealth.

The results suggest a need for further research taking into account the advanced 
conditional simplifications of the conditional CAPM models, such as Jagannathan and 
Wang (1996), Hodrick and Zhang (2001) and Lettau and Ludvigson (2001 a & b), to 
extend empirical evidence to the Finnish market. Furthermore, the asset pricing 
anomalies literature such as the Fama and French (1993) three factor model, Jegadeesh 
and Titman (1993) momentum factor, Pastor and Stambaugh (2003) liquidity factor, 
could also be interesting tests to account for key characteristics of the Finnish stock 
market for out of sample international evidence. Moreover, we suggest analyzing a 
sample of euro zone countries for comprehensive evidence to determine whether, as 
reported herein, the impact of coordinated polices from EU and ECB cause reversals in 
macro risk exposures compared to the pre-euro period for the average stock returns.
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Abstract

Preferential modifications to the standard state and time separable power utility are 
studied for the Finnish equity and bond returns. The reported ambivalence of the high 
equity premium and low Sharpe ratio makes the Finnish market an important case 
study. The estimations of the Epstein and Zin (1991) recursive utility and the Campbell 
and Cochrane (1999) habit formation preferences show that Finnish risk premia are 
time-varying across samples. Moreover, the results demonstrate that stronger time 
preferences improve the explanation of asset returns for the modified preferences more 
so than assuming tighter time preference and higher risk aversion. We conclude that 
the Campbell-Cochrane-based pricing kernel outperforms the competing models in 
generating plausible model parameters and suppressing specification errors. The study 
supports the U.S. evidence relative to the conclusions drawn from the European 
economies in comparable studies. 
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1 INTRODUCTION

The equity premium puzzle of Mehra and Prescott (1985) questioned why the 
consumption-based general equilibrium model (CCAPM) failed to explain the larger 
return on stocks in comparison to the riskless asset in the economy, despite no 
particular differences in their correlations with systematic consumption risk. 
Henceforth, this question has been repeatedly addressed in the literature on the 
margins of macroeconomics and finance. The earliest empirical evidence (Hansen & 
Singleton, 1982) reported unfavorable results for the standard power utility-based 
CCAPM. The international evidence for the standard model (Cumby, 1990) yielded 
similar implications as the equity premium puzzle of Mehra and Prescott (1985), with 
the exception of the Japanese stock market (Hamori, 1992). The inability of the 
equilibrium models to explain the larger returns on volatile stocks brings into questions 
the viability of the models for quantitative assessment. 

Nevertheless, the empirical inability of the model challenges the paradigms that 
characterize stocks as comparatively risky claims. Subsequently, the research has 
attempted to explain the equity premium in numerous ways. One way involves 
modifying preferences central to the standard model that restrict utility function to the 
constant relative risk aversion (CRRA) class.1 The proposed adjustments include state 
non-separable preferential structure by Epstein and Zin (EZ hereafter, 1989, 1991) and 
Weil (1989).2 The other notable modification allows for habit aggregation in the 
preferences – that is, the time non-separable utility function (e.g., Abel,1990; 
Constantinides, 1990; Campbell & Cochrane (CC hereafter), 1999). The modified 
preferences have greatly improved the empirical waning of CCAPM.3

Most studies incorporating alternative developments have focused on the U.S. market. 
Explanations of the equity premium puzzle from non-U.S. markets have been limited in 
comparison. Hyde and Sherif (2005) reported evidence supporting the power utility 
and habit formation models, among others, for the U.K. stock market. Chen and 
Ludvigson (2009) argued that within the consumption-based equilibrium models habit 
formation models are better candidates to describe the aggregate equity premium. 
Ghattassi (2008) concluded that in the long run, the CC (1999) consumption surplus 
ratio is a better predictor of asset returns than the proxies for consumption to wealth 
ratio (cay and cdy) by Lettau and Ludvigson (2001a, 2001b) for U.S. stocks. 

Yet empirical evidence has surfaced recently for the alternative specifications coming 
from the developed European economies. Hyde et al. (2005) reported analytical 
evidence for the German and French stocks with the Hansen and Jagannathan (1991) 

1 The standard CCAPM assumes the von Neumann Morgenstern utility, that is, separable in time and 
states.
2 Agents smoothing consumption across various states of nature under the CRRA preferences also smooth 
consumption across periods; that is, they dislike growth. The coefficient of relative risk aversion (RRA) is 
the reciprocal of the elasticity of intertemporal substitution (EIS) under the standard CCAPM. The 
conventional time additive and state separable von Neumann-Morgenstern intertemporal utility function, 
under no a priori economic justification, relates investors’ risk preferences with investors’ consumption 
variations over time, specifically as reciprocals of one another.  
3 Otherwise, the model must conspicuously assume large relative risk aversion (RRA) values for the 
explanation of the observed equity premium. However, the assumption of large values for RRA has its own 
drawbacks, implying high subjective preferences under the model assumptions that cause interest rates to 
rise counterfactually – that is, risk the free rate puzzle of Weil (1999). 
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non-parametric methodology. Engsted and Møller (2010) concluded that the CC (1999) 
habit formation model does not perform markedly better than the CCAPM for Danish 
stock and bond returns. Moreover, Engsted et al. (2010) showed that the surplus 
consumption ratio model does not improve on the standard CCAPM for numerous 
European economies in a post-World War II dataset. However, their evidence report 
log surplus consumption holds predictable information for future stock and bond 
returns. The reported evidence suggests an obvious divide between the results from the 
U.S. and the European economies. Finland’s stock market has been 
conventionally regarded as a developed market relying primarily on foreign trade. The 
market offers substantial annualized 8.8 percent (1990:01 to 2009:02) equity 
premium, a number usually associated with highly capitalized economies but with a 
comparably lower Sharpe ratio. The latter observation is often reported for European 
economies (see Hyde et al., 2005; Campbell, 1999) but with comparably lower excess 
market returns. The lower Sharpe ratio makes the relative risk aversion (RRA) small, 
which is consistent with the European evidence contrary to the larger values reported 
for the U.S. and U.K. stock markets (e.g., Mehra & Prescott, 2003; Hyde & Sherif, 
2005). 

The significant value of the market capitalization to GDP ratio for the Finnish stock 
market, which is 57 percent (cf. Virk (2012a), is a reasonable proxy for the aggregate 
wealth to total consumption. The total private consumption in Finland accounts for 
almost half of the total GDP (Viitanen, 2004). Thus the Finnish market is suitable for 
testing the consumption-based equilibrium models, given the underlying assumptions. 
Viitanen (2004) and Virk (2012b) showed that the growth in Finnish consumption 
across different samples is negative. The latter study also highlighted the requirement 
of implausibly large RA values (71) to justify the observed equity premium. In a series 
of essays, Viitanen (2004) studied the general equilibrium models using Finnish 
consumption data. The estimated models in Viitanen’s work are broad and capture 
internal and external habit effects along with the consumption durability parameter. 
These models provide a sharp contrast to the aforementioned alternative modifications 
that take only one habit behavior at a time and must overlook the durable consumption 
expenditures for maintaining separations between consumption and investment under 
the model regulatory conditions. 

The intriguing artifacts of the Finnish market place it at the margin of capitalized and 
European economies. Furthermore, a clear divide in the empirical evidence from 
capital-intensive economies (such as the U.S. and the U.K.) and European economies 
calls for evidence from other markets. Therefore, this study approximates Finnish 
representative agents’ temporal and state contingent risk preferences with EZ’s (1991) 
recursive utility specification and the habit persistence specifications of Constantinides 
(1990), Abel (1990), and CC (1999). The estimation of habit formation models using 
Finnish data is the first empirical attempt and accordingly extends the Finnish asset 
pricing literature. 

The specifications are estimated with quarterly data for the period from 1990:01 to 
2009:02.4 However, in comparison to other studies (Engsted & Møller, 2010; Engsted 
et al., 2010), our work analyzes larger numbers of equilibrium models for the Finnish 
market. The noted studies have often compared only the performance of the CC (1999) 

4 The sample period starts from 1990 instead of from 1975:01 because of the non-availability of aggregate 
dividend data that restricts the estimation of the Campbell and Cochrane (1999) external habit model. 
Furthermore, the model estimations are also reported for the sample, excluding the recession period – that 
is, from 1995:01 through 2009:02 – and are referred to as stable or recovery periods in the text.
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surplus consumption ratio model with the benchmark CCAPM. Therefore, the 
comparison provided in this study more fully addresses developments in the related 
literature. The relative performance of the alternative specifications is tested with the 
Hansen and Jagannathan (HJ, 1997) distance metric. 

The non-parametric calibration of Hansen and Jagannathan (1991) volatility bounds 
displays high levels of risk aversion that can be reduced relative to the standard model, 
consistent with the international evidence. Furthermore, the calibrations show that 
assuming higher subjective preference can also help explain related facts. The 
alternative utility specifications cannot be rejected with Hansen’s (1982) over 
identification test. The EZ (1991) preferences show agents are more risk averse in the 
full sample than in the subsample estimations. The inferences from the CC (1999) 
estimations record similar movements in risk premia as per EZ (1991). The Abel (1990) 
and Constantinides (1990) habit specifications estimated highly implausible risk and 
temporal parameters for the Finnish agent respectively. 

The successful models can also predict returns on risk free rates with fewer errors than 
other modified habit specifications. The average imprecision in the projections is lower 
with the EZ (1991) preferences in the full sample, whereas CC (1999) outperforms all 
others in the subsample. Overall, the results from the EZ (1991) recursive utility 
provides mixed results that were sensitive to the selection of test assets, instruments, 
and sample periods. However, CC (1999) is the only model consistently producing 
economic implications for the subjective time and state preferences across all the 
specifications and samples. The better performance of the EZ (1991) and CC (1999) 
models produce lower HJ pricing errors. The EZ (1991) produces lowest distances for 
the specifications, including only stock portfolios, arguably by using returns on the 
aggregate stock index in the model stochastic discount factor (SDF). Otherwise, the CC 
(1999) habit model produces comparably smaller HJ pricing errors for all the 
remaining specifications.  

The robustness tests with the linearized SDFs show that only the CC (1999) 
specification gets plausible risk signatures, which remain consistent even if we replace 
consumption growth with the dividend growth under the model assumptions of Lucas 
(1978). Importantly, the CC (1999) factor outperforms the market factor to capture 
variations in expected asset returns and command significant risk premia. We conclude 
that the CC (1999) external habit model lessens the severity of the puzzle for the 
Finnish market. The study reports evidence matching the studies for the U.S. (e.g., 
Chen & Ludvigson, 2009; Ghattassi, 2008) more so than the noted European evidence.

The remainder of the paper is organized as follows. The next section describes the data, 
and section 3 discusses alternate specifications used in the study to explain the asset 
return behavior and the equity puzzle. Sections 4 and 5 explain the estimations method 
and estimations output respectively. The last section concludes the study. 
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2 MODEL 

We test the EZ (1989, 1991) state non-separable recursive preferences, internal habit 
model of Constantinides (1990) and external habit models of Abel (1990) and CC 
(1999). The functional formation of habit, which captures how current period 
consumption affects tomorrow’s marginal utility of consumption, is defined arbitrarily 
in different studies. In the internal habit models, habit formation depends on agents’ 
own past consumption patterns, whereas the external habit persistence evolves from 
aggregated consumption. The model-specific aggregated habit affects consumers’ 
marginal utility exogenously in equilibrium. The functional form of the period utility 
function ( , ) is another modeling issue for the habit persistence specifications, 
where , is the habit level. Abel specified utility as a power function of the ratio / ,
while Constantinides (1990) and CC (1999) stipulated utility as a power function of the 
difference – that is, .

The specification of the habit in the period utility has an important effect on the 
behavior of the model risk aversion. The representative agent under the ratio 
preferential structure has constant RA, whereas risk aversion is time varying for the 
differenced utility specifications. The model moments are approximated under the 
assumption that all random processes are covariance stationary and their conditional 
and unconditional moments exist. 

2.1. Epstein and Zin (1991) recursive utility

The tightly specified utility function of the standard CCAPM, under the additional 
constraint of the invertible relationship between RA and elasticity of intertemporal 
substitution (EIS), has been considered responsible for the dismal performance of the 
CCAPM. EZ (1989, 1991) and Weil (1989) developed state non-separable utility, which 
untied risk aversion from the EIS in consumption. EZ (1991) termed the modified 
recursive utility across the states as non-expected utility. The certain and random 
components of the utility specification are built on the models of Koopmans (1960) and 
Kreps and Porteus (1978) respectively. The recursive utility function is defined in 
infinite time settings such that

Ut=[(1 )Ct + ( ) ] , (1)

where = 1 1 + is the discount factor given > 0 , and = / where  1 is the 
coefficient RRA. EZ (1989) showed that the degree of risk aversion increases as falls. 
The EIS, = 1 1  , along with rate of time preference ( ) is constant under the 
model assumptions providing deterministic future consumption. The earlier (late) 
resolution of uncertainty is preferred if < (>) or when < (>) 1. The power utility 
specification is nested in modified utility for = 1.

The Euler equation is derived under the imposition of budget constraint (no labor 
income) that links consumption and wealth. This kind of budget constraint is valid 
under the complete market assumptions. The changes in aggregate stock market in the 
recursive preferences are proxy to shocks to wealth, which do not include return on 
human capital and therefore suffer from Roll’s (1977) critique. The Euler representation 
implied by the EZ (1991) non-expected utility is
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 { ( ) } , , = 1. (2)

The intertemporal marginal rate of substitution (IMRS) implied by the EZ (1991) is a 
geometric weighted average of the SDF implied by the standard expected utility model 
and the SDF from the logarithmic expected utility model. The weights attached to each 
IMRS are determined through the ratio of risk parameter to the substitution parameter. 
The value = 1 implies the consumption changes (the standard CCAPM) are enough to 
discount future payoffs on assets, whereas for = 0 changes in the market index 
explains all – that is, the static CAPM case. For any other values of , both the nested 
specifications will contribute to determining expected asset returns. In order to 
maintain the identification of the parameter , the following equation is also included 
in the model estimations, implying moment condition: 

[ , 1 / ] = 0. (3)

Equation (3) suggests an interesting case for 0 by distinguishing between the EZ 
implied logarithmic risk preferences and logarithmic expected utility model; for a 
detailed discussion, see EZ (1991: 268–270). The representative agent is assumed to 
have identical and homothetic preferences similar to the expected utility case. 

2.2. Abel (1990) relative habit model 

Abel (1990) studied the intertemporal decision problem for a representative agent with 
a generalized utility specification addressing both internal and external habit 
sensitivities. The model also nests the standard expected utility specification. The iso-
elastic form for the period utility in Abel (1990) broke the time separability assumption 
and related consumption level with the prior period consumption levels (personal habit 
and the influence coming from others’ consumption):= ( ) , > 0, (4)

where is a preference parameter such that = [ ] , 0 and 0 ,
while positing as agents’ own past consumption in period and as the aggregate 
per capita consumption in period . The specified utility function converges to the 
standard expected utility formation for = 0. Under the relative habit development, 
measures the RRA for the representative agent and is constant. 

Abel (1990) specified the external habit for = 0 and = 1. The constraints determine 
the degree of temporal non-separability with the aggregate per capita consumption at 
previous lag – that is,  = . The utility specification is famously termed “catching 
up with the Joneses.” The Euler equation in equilibrium under the specified utility is:( ) ( )( )  , = 1, (5)

The model-predicted risk free rate and risk premia are estimated assuming 
homoskedasticity and joint log normality (IID) of asset returns and consumption 
growth. Abel (1990) argued that relative consumption models could solve the large 
equity premium because the model implication allows for large risk aversion values 
without facing the Weil (1989) risk free rate puzzle. This fact is observed for positive 
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values of time non-separability parameters but at the expense of counterfactually large 
fluctuations in the real risk free rate.

2.3. Constantinides (1990) internal habit model 

Constantinides (1990) initiated the vast literature allowing for habit persistence. In the 
continuous time model, the internal habit/subsistence level is an exponentially 
weighted sum of past consumption levels. Moreover, consumption behavior for the 
representative agent is determined endogenously under the model assumptions in 
contrast to the standard CCAPM. The specification also nests the power utility 
specification (see equation (3) of Constantinides (1990)). The utility function is defined 
over the difference between current consumption and lagged past consumption such 
that

= , (6)

where =  with describing the persistence of habit into the utility function 
and higher values of manifest lower impact of the current consumption to influence 
investors’ changing marginal utilities. The implied Euler equation by the continuous 
time model is: ( ) ( ) ( ) ( )( ) ( ) ( )   , = 1, (7)

where = for = 1,0,1. The is the utility curvature parameter such 
that = / , where is the fixed subsistence level. The estimate for will 
approximate the risk aversion when the ratio between consumption level and specified 
habit level nears one while always remaining below one. The model cannot resolve the 
equity premium puzzle without invoking large aversions to consumption risk. The 
model-implied Euler equation is with conditional operators; we assume consumption 
growth is IID to obtain the unconditional closed form solution in discrete time 
following Cochrane and Hansen (1992) and Hyde et al. (2005). Moreover, the 
predictions for the risk free rate are made assuming all the processes are jointly log 
normal. The derivation of the model-predicted return on risk free security is provided 
in Appendix A. 

2.4. Campbell and Cochrane (1999) surplus consumption ratio model

CC (1999) proposed an external habit formation model devoid of the issues confronted 
with the conventional habit models. The agents in the model derive utility from a power 
function of the difference between consumption and a time-varying habit level such 
that ( , ) = ( ) , > , (8)

where is habit level depending on previous periods’ consumption, and is the utility 
curvature coefficient. The specified utility function allows time-varying, counter cyclical 
risk aversion equaling . Instead of modeling habit in the model, CC (1999) stipulated a 
process for the surplus consumption ratio: . The surplus consumption ratio is 
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the fraction of consumption that exceeds habit in the prior periods and influences 
agents’ marginal utility in making intertemporal decisions. The RRA rises in the model 
as consumption falls towards habit. The Euler equation under the first order condition 
is: (  ) , = 1. (9)

The growth in the consumption levels is assumed to follow random walk process for the 
replication of the observed empirical facts regarding equity premium, predictability of 
asset returns, and stable and low levels of interest rates. The log surplus consumption 
following an AR (1) process – that is, log ( ) – is specified:= (1 ) + + ( ) , , (10)

where = + , , such that , is NIID consumption shocks with zero mean 
and constant variance. The parameter governs the persistence of the log surplus 
consumption ratio, and is the steady state level of . The sensitivity function ( )
controls the variations in the riskless interest rate for capturing the habit responses to 
consumption shocks with time-varying risk aversion and is specified as follows: 

( ) = 1 2( )  0               , (11)

where  = , + (1 ) and =  ( ).

The specification balances out the effects of “desire to borrow against future” and 
“precautionary savings.” The power coefficient controls the relationship between 
consumption growth and interest rates, while the risk aversion coefficient controls the 
price of risk. The model assumptions allow for high-risk aversion with low aversion to 
intertemporal substitution. The process for the surplus consumption ratio is 
unobserved and is central to the specification of the model. Therefore, the process in 
(10) is calibrated with the OLS estimates for , , whereas, is the first order 
coefficient for the log price to dividend ratio . A grid search is performed for the 
parameter , such that the observed return on riskless asset is estimated around the 
steady state surplus consumption ratio. The estimated steady state surplus 
consumption is taken as the initial value for calibrating the log surplus consumption 
ratio – that is,  at = 0. The process is then estimated recursively across the samples 
such that the surplus consumption ratio is = ( ).
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3 ESTIMATION METHOD AND THE SPECIFICATION TEST

Let be a SDF and be the gross returns on  test assets. If the SDF correctly prices 
the assets, the pricing errors should satisfy the identity such that[ 1 ] = 0 . (12)

The specification of is model dependent, and we only observe its empirical 
approximation in . In the context of this study, corresponds to (2), (5), (7), and (9) 
for the CCAPM alternative specifications. The success of the empirical IMRS lies in the 
ability to approximate the identity in (12) as closely as possible and is dependent upon 
the unobservable model parameter vector . Let the model IMRS be a function of 
unobserved parameter vector and  be a vector of K instruments observed in period .
Then the asset pricing model implies the following orthogonality conditions: [( ( ) 1 )  ] = 0  . (13)

GMM estimates the pricing errors, with no information on the exact distribution of the 
model errors, from the sample analogous to the orthogonality conditions such that ( ) = [( ( ) 1 )  ] = 0  based upon sample observations. The 
standard Hansen (1982) method estimates parameter vector in two steps. However, the 
approach for estimating parameter vector and then updating the weighting matrix can 
be iterated n times until the coefficients converge or the change in the objective 
function in (12) is sufficiently small. The estimations in the study are carried with the 
iterated GMM method.  The parameter vector is estimated while minimizing the 
quadratic form of the type = ( ) ( ), (14)

where W is × weighting matrix and is model-dependent.5 Nevertheless, the 
weighting matrix may also be model independent for the purpose of comparing 
different models, such as the identity matrix.6

The selection of the Hansen (1982) optimal weighting matrix is preferred in this study 
as it more often converges to plausible parameter solutions. Moreover, the weighting 
matrix also simplifies the hypothesis testing – that is, converges to , where q
is the number of unknown parameters. Nevertheless, the value of quadratic 
minimization cannot be used to compare the relative size of pricing errors associated 
with different asset pricing models. In order to compare the performance of different 

5 The spectral density matrix W=S = ( ) ( ) is the Newey and West (1987) hetroskedasticity and 
autocorrelation consistent (HAC) estimator. Bartlett kernel is used to downgrade the auto-covariance 
structure for the positive semi-definiteness of the S. The bandwidth algorithm is set to the Newey-West 
(1994) nonparametric method based on a truncated weighted sum of the estimated cross-moments, which 
control the number of auto-covariances in the HAC estimator and are important for consistent finite 
sample properties of S. The statistically optimal (most efficient) weighting matrix is obtained as the inverse 
of the covariance matrix of the sample orthogonality conditions – that is, S-1. It provides the smallest 
possible standard errors whereas any suboptimal matrix may produce inconsistent estimates.
6 The data/model independent weighting matrix may be kept constant across all the competing models, 
which is impossible with Hansen’s (1982) optimal matrix. Otherwise, the selection of the identity matrix 
assigns equal weights to specified moment conditions and provides a basis for model comparison among 
different models. Engsted et al. (2010) used the identity matrix, but Garcia et al.’s (2005) study chose the 
optimal weighing to obtain the parameters with the smallest standard errors. 
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models, we additionally compute Hansen and Jagannathan (1997) misspecification 
measures. The specification measure fixes the weighting matrix, in the GMM sense of 
equation (15), such that = [ ( )] ]. Hansen and Jagannathan (1997) 
showed that the type of quadratic form, as in (15), measures squared distance between 
candidate SDF of a given model and the set of SDFs in admissible region that prices 
the  asset correctly. The square root of the squared distance is referred to as HJ-
distance: = ([ ( ( ) 1) ( ) ( ( ) 1)]) . (15)

The specification measure has an appealing economic interpretation such that HJ-
distance=0.10 implies that the model-predicted asset prices deviate by 10 percent from 
the observed prices. Because the weighting matrix used in the estimations in (14) is 
suboptimal, the minimized value of the quadratic function does not converge to 2
distribution. The asymptotic standard error for the HJ-distance is computed with delta 
method as described in Hansen et al. (1995): ( )  ( ) 2 , (16)

where is the model specific IMRS and is the sample estimate of= [ ( )  ( ( ) )] / . (17)

The asymptotic distribution of is degenerative for testing the null hypothesis HJ=0. 
Thus, the asymptotic standard error gives a measure of precision of the .
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4 DATA

The quarterly data extending from 1990:01 to 2009:02 is used for the model 
estimations. The series for nondurables and services (NDS) is provided by the Research 
Institute of the Finnish Economy (ETLA) and is seasonally adjusted. The aggregate 
consumption is divided by the total population to obtain the per capita consumption 
expenditure. The study uses five test assets, namely two bond returns series computed 
from the proxy risk free rate (3 month EURIBOR) and 10-year government bond (LGB) 
and three stock return series that is, return on aggregate market index and Fama and 
French (1993) risk mimicking factors.7 The return series are used for analyzing the 
modified utility specifications.8 The inclusion of size and value zero investment 
strategies is motivated following a number of studies (Lettua and Ludvigson, 2001; 
Chen and Ludvigson, 2009; Hyde and Sherif, 2005, among others). The reported 
evidence whether consumption based models can explain the variations in returns 
captured by Fama and French (1993) factors are mixed. Therefore the estimation with 
size and value risks will augment this line of international evidence. All the nominal 
series are deflated with implicit price deflator retrieved from the Statistics Finland 
database. 

Table 1 provides summary statistics for the test variables and instruments used in the 
study.  The negative consumption growth in the studied sample for the Finnish 
economy is a more distinctive feature then the positive growth across the markets (see 
Campbell, 1999).9 The recession in the early 1990s yielded drastic drops in aggregate 
consumption, making the full sample consumption growth negative for the Finnish 
agent. The exclusion of the crisis period shows substantial recovery with a positive 
growth in the consumption growth. Therefore, estimations in the full period and the 
stable period provide a natural opportunity to explore the effects of fall and recovery in 
the consumption patterns in influencing Finnish representative agents’ intertemporal 
choices.

The gross real returns (minus one) on stocks are much higher than the bond returns. 
The greater volatility of the stock returns and NDS implies larger confidence intervals 
for the corresponding averages than the bond returns, which tend to have significant 
mean returns. The annualized excess equity premium 4 × (3.1% 0.9%) = 8.8% is

7 The reported annual yields are converted to quarterly returns using the price difference approach in 
Vaihekoski (2009).
8 The size (Small-minus-Big, SMB) and value (High-minus-Low, HML) return series are constructed from 
all the available stocks in the Finnish market during the sample years. We divide all the stocks in two 
groups of small and big firms using end of June median market capitalization breakpoint for subsequent 4 
quarters. Similarly, we make three partitions with respect to yearly BM ratio break points. The generated 
percentiles include the bottom 30 percent (L, growth), middle 40 percent (M), and top 30 percent (H, 
value) of the BM stock returns from the quarter beginning from July in the current until the fourth quarter 
ending in June in the following year. The partitions for size and BM for the whole sample period are 
rebalanced each year at the end of June.  The independent intersection of two size quartiles with growth, 
middle, and value BM percentiles produces six portfolios: SL, SM, SH, BL, BM, and BH respectively. The 
SMB risk factor is generated from the average of the small stock portfolios (SL, SM, SH) minus the average 
big stock portfolios (BL, BM, BH) each quarter. The value-growth factor return, HML, is the difference of 
the average of the two value portfolios (SH, BH) and the average of the two growth portfolios (SL, BL); 
HML is calculated each quarter.
9 Similar observations are also noted for Finnish consumption growth in Oikarinen and Kahra (2002), 
Viitanen (2004), and Virk (2012b).
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Figure 1 Hansen and Jagannathan (1991) min. volatility bounds

The Hansen and Jagannathan (1991) minimum volatility bounds for Finnish asset data are stretched The 
pairs of SDF mean and volatility are generated for CCAPM and the preferential modifications developed on 
it while breaking the state and time separable assumptions under range of non-parametric solutions for 
model intertemporal substitution and risk aversion.

substantial. The large Finnish equity premia are more of a capitalized economy feature, 
as reported for the U.S. and the U.K. markets, than the European economies. Hyde et 
al. (2005) reported annualized equity premiums of 2.28 percent and 1.79 percent for 
France and Germany, whereas Engsted and Møller (2010) reported an annualized 
premium of 4.33 percent for the Danish market. The sample Sharpe ratio of 11.3 
percent is closer to the reported values of 11.3 percent and 10.1 percent for Germany 
and France respectively in Hyde et al. (2005) than to the U.S. ratio of 50 percent 
(Mehra & Prescott, 2003) and the U.K. ratio of 39.5 percent (Engsted, 1998).  
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The consumption growth for the sample period has more density on the left side 
causing the (negative) asymmetry, whereas other variables are generally positively
skewed and leptokurtic (fat tailed). The normality hypothesis cannot be rejected for 
LGB and HML; otherwise, all remaining variables have excess kurtosis. Only the bond 
returns show signs of predictability, whereas value factor is also predictable 
(fractionally) from his history till 2nd lag. The instrument vectors are selected for which 
the Hansen (1982) moment identification test cannot be rejected. The selection of 
lagged aggregate price-to-earnings ratio and dividend yield is motivated for its higher 
predictability power in the asset pricing literature (e.g., Campbell & Shiller, 1988). Both 
instruments are rightly skewed and fat tailed, with high persistence in their levels. The 
remaining instrumental variables are representative of the extant literature on the 
consumption modeling. The selected instrument vectors are (1 ,  ,  ,  , ),(1  ), and (1  ), and are notated as INTI, INTII, and INTIII respectively 
across the model estimations.
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5 ESTIMATIONS

5.1. Hansen and Jagannathan (1991) min. volatility bounds

The nonparametric approach of Hansen and Jagannathan (1991) established a lower 
volatility bound on the model SDF. For the textbook treatment of the subject matter, we 
refer to Campbell, Lo, and Mackinlay (1997). The feasible regions for the mean and 
standard deviation of the employed models SDFs are the necessary precursors to the 
parametric estimations of the studied modifications to investors’ preferential structure. 
The volatility bounds provide the analytical solutions for the model risk aversion under 
which the model SDFs possess the essential characterization to be consistent with asset 
return data. 

The equity premium puzzle of Mehra and Prescott (1985) could also be reciprocated 
into the lower volatility bound of Hansen and Jagannathan (1991) for the model SDF.10

The Hansen and Jangannathan (1991) volatility bounds are stretched, assuming 
representative agents’ impatience parameter  of 0.97 and 0.95 for the model SDF, as 
shown in Figure 1 (a) and (b) respectively. The parameter is 3 for EZ (1991) 
preferences, whereas the habit persistence ‘ ’ parameter values for the Abel (1990) and 
Constantinides (1990) model calibrations are assumed to be 1 and 0.5 respectively. The 
surplus consumption ratio is generated to reproduce the variations in the Finnish asset 
return data. 

The locus (solid line) of the min. volatility bound is drawn assuming perfect correlation 
between consumption growth and the asset returns (both stocks and bonds). The 
squeezed in volatility bound (solid line with arrows) manifests more realistic variability 
requirements in the model SDFs while accounting for the historical correlations. The 
theoretically motivated loci are quite liberal considering that the estimated projection 
for the correlation between the model SDF (standard CCAPM) and the aggregate index 
is only 17 percent, following the method stipulated in Hansen and Cochrane (1992). 
Therefore, the empirical SDFs must be more volatile to cut through the minimum 
volatility bounds (MVB) and explain the variations in expected asset returns. The 
straight-bordered line is the Sharpe ratio of the aggregate market index representing 
the equity premium (EP) zone.

All the model SDFs loci, for the subjective preference rate = 0.97, are consistent with 
the EP zone, as shown in Figure 1 (a). The model SDFs also cut through the MVB, given 
perfect correlation, except for the EZ preferences. Nevertheless, the EZ preferences 
possess the largest SDF volatility among all. Still none have the variation to cut the 
squeezed bound to be consistent under truer SDF and asset return correlation estimate. 

10 The standard CCAPM model specifies the unconditional equity premium as =  , where 
is the price of risk (risk aversion), and implies the quantity of risk. Assuming the perfect correlation 
between consumption growth and aggregate wealth above, equality can also be represented as .
The is the model SDF volatility bounded from below to the maximum Sharpe ratio given asset return 
data (that is, 11.3 percent for the Finnish aggregate market), and is the consumption volatility. In 
summary, the model SDF should either be highly correlated with asset return data or, as shown in Hansen 
and Jagannathan (1991), should be highly volatile to cut through the minimum volatility bounds. 
Therefore, the smoothness of consumption growth implies large risk aversion to explain the growth and 
variability in the aggregate market index. Alternatively, for economically plausible risk aversion values, the 
consumption changes should exhibit larger variability. First, we do not observe any substantial volatility in 
the consumption changes. Second, if true, they should also induce large fluctuations in risk free rate (e.g., 
Weil, 1989), which has not been the case historically.
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Nonetheless, the alternative specifications reduce the risk aversion level for the Finnish 
agent more so than the standard CCAPM (Virk, 2012b) except for the Abel (1990) habit 
model. This fact is also evident from the lower curvature of the power utility-based SDF 
compared to the others.

The RRA for the standard power utility model should be around 7.9 and 9.1 to be 
consistent with the observed equity premium and asset return variations, respectively, 
for the Finnish market. The values for the risk parameter under Abel (1990) 
preferences are 10.3 and 12 respectively. The values of 1.7 and 2.9 for the 
Constantinides (1990) model correspond to RRA values of 2.8 and 4.8 respectively to 
cut the EP zone and the MVB. Similarly, the curvature parameter values of 0.25 and 
0.49 for CC SDF imply RRA estimates of 4.2 and 8.2 respectively. Cochrane (1997) 
argued that fewer solid reasons exist for objecting to the higher aversion to 
intertemporal substitution of agents than the higher risk aversion. Therefore, higher 
time preference under deterministic states of the world seems applicable for the 
historically higher risk free rate in the Finnish market relative to the U.S. and other 
developed stock markets (see Campbell, 1999). 

The calibrations for the higher temporal impatience of the Finnish representative agent 
with = 0.95 are presented in Figure 1 (b). The stretched locus for the model SDFs 
show that the noted ordinal structure for the RRA remains intact, as noted with the 
comparably lower temporal impatience. The calibrations with the allowance of stronger 
temporal preference show Constantinides (1990) and the CC internal habit models can 
even cut through the squeezed volatility bound. The other notable observation is the 
change in the location of the EZ-based SDF locus, which is now consistent with the EP 
region, MVB, and squeezed volatility bound. The EZ preferences have RRA estimates of 
0.95, 4.85, and 5.85 to enter the corresponding regions respectively, which is fairly 
lower than the noted CCAPM RRA estimates. 

The non-parametric calibrations display the importance of accounting investors’ 
subjective time preferences. Assuming stronger time preferences improves the 
explanation of asset returns and reduces the severity of related ‘puzzles’ than imposing 
a tighter temporal behavior. The EZ and CC preferences are important examples in 
producing well-rounded results, under the plausible non-parametric values, for the 
Finnish representative agent. Moreover, the non-parametric estimates are consistent 
with the reported evidence in Cochrane and Hansen (1992) and Hyde et al. (2005).

5.2. Model estimations

The estimations are presented with the model-wise hypothesis testing on the 
plausibility of model parameters and local restrictions on the models, such as 
differentiating them from CRRA preferences or testing for the log normality. The 
model-based predictions for the risk free rate are also expounded in reporting the 
success of the model SDFs. We close this section by comparing the competing model 
HJ-distance. The model implications on stock and bond return variability are analyzed 
across three test asset specifications. Specification I includes returns on the aggregate 
stock market, proxy risk free rate, and a government bond with a 10-year maturity as 
test assets. Specification II includes returns on stock portfolios, such as the aggregate 
market index and Fama and French (1993) SMB and HML portfolio strategies.
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Table 2 Estimations with Epstein and Zin state non-separable preferences

Table 2 reports the EZ (1991) state separable preferences such that first panel reports the estimation 
output for full sample and the 2nd panel reports for sub sample period. Specification I does the iterated 
GMM estimation using returns on risk free bond and long term bond and specification II tests only with 
stocks such that SMB and HML as test assets. The specification III takes the bond returns and stock 
returns together in one cross section for model testing. In each panel against the subsequent instrument 
vector model parameters for time preference, intertemporal substitution and ratio of risk parameter to the 

estimates 
-test is the Hansen’s moment identification statistic reported with p-value in [].The 

predicted return on risk free rate with estimated parameters is reported against row rf. Wald test tests if : = to draw on the fact if EZ state separable preference fits the data better whereas, the non rejection 
of the implies from N-1 equations the standard power utility is still a reasonable approximation to describe 
agent behaviour.

                                    Panel I Full Sample Panel II Sub Sample
Specification I INTI INTII INTIII INTI INTII INTIII

0.98 0.99 0.98 0.98 0.98 0.98
(0.002) (0.002) (0.001) (0.007) (0.005) (0.004)

1.37 0.85 0.96 -10.25 -6.92 -7.62
(0.28) (1.13) (0.52) (3.66) (1.64) (1.85)
0.80 0.86 0.80 1.27 1.35 1.35

(0.02) (0.06) (0.02) (0.28) (0.41) (0.33)
RRA -0.10 0.26 0.23 14.02 10.35 11.272-test 13.20 7.14 9.94 10.03 8.97 9.38

p-value [0.35] [0.31] [0.36] [0.61] [0.18] [0.40]
rf 0.014 0.012 0.014 0.003 0.01 0.008

Wald test 92.29 5.81 81.64 0.93 0.75 1.12
p-value [0.00] [0.02] [0.00] [0.34] [0.39] [0.29]

Specification II
0.99 0.98 0.98 0.98 0.99 0.99

(0.004) (0.006) (0.005) (0.010) (0.020) (0.013)
0.97 -0.13 -1.47 -12.08 -12.87 -9.09

(0.90) (2.42) (2.26) (4.22) (7.15) (4.00)
0.77 0.60 0.58 1.70 0.36 0.29

(0.08) (0.17) (0.11) (0.29) (1.35) (0.86)
RRA 0.26 1.08 1.86 21.54 5.62 3.652-test 12.28 7.34 8.19 10.13 9.13 9.20

p-value [0.42] [0.29] [0.51] [0.60] [0.17] [0.42]
rf 0.007 0.01 0.011 -0.003 -0.019 -0.015

Wald test 7.87 5.83 14.66 5.88 0.23 0.68
p-value [0.01] [0.02] [0.00] [0.02] [0.63] [0.41]

Specification III
0.99 0.99 0.99 0.99 0.99 0.99

(0.001) (0.002) (0.001) (0.005) (0.005) (0.004)
1.56 2.28 1.76 -8.26 -7.36 -5.38

(0.19) (0.91) (0.61) (2.62) (3.32) (4.07)
0.84 0.73 0.75 1.20 0.93 1.01

(0.02) (0.05) (0.03) (0.11) (0.53) (0.40)
RRA -0.31 -0.67 -0.32 10.90 7.86 6.422-test 14.31 11.68 13.07 14.98 13.27 14.16

p-value [0.89] [0.47] [0.73] [0.86] [0.35] [0.66]
rf 0.011 0.008 0.009 0.002 0.0003 0.004

Wald test 91.27 31.83 68.30 3.42 0.02 0.0003
p-value [0.00] [0.00] [0.00] [0.06] [0.90] [0.99]
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Table 3 Estimations with Abel’s relative consumption model

Table 3 reports the Abel (1990) catching up with the Joneses preference structure such that first panel 
reports the estimations for full sample and the 2nd panel for sub sample period. Specification I does the 
iterated GMM estimation using bond returns and return on aggregate stock index and specification II tests 
only with stock returns such that aggregate stock index ,SMB and HML as test assets. The specification III 
takes the bond returns and stock returns together in one cross section for model testing. In each panel 
against the subsequent instrument vector model parameters for time preference and risk preference are 

-test is the Hansen’s moment identification statistic reported with p-value in [].The predicted return 
on risk free rate with estimated parameters is reported against row rf. Wald test tests if : = to draw 
on the fact if log normality for the model could be assumed reported with p-value in [].

                                    Panel I Full Sample Panel II Sub Sample
Specification I INTI INTII INTIII INTI INTII INTIII

0.98 0.98 0.98 0.99 0.99 0.99
(0.002) (0.007) (0.004) (0.004) (0.003) (0.003)
-0.59 -1.15 -0.36 -3.90 -1.93 -2.10
(0.84) (4.14) (2.42) (1.12) (2.53) (1.84)2-test 13.98 7.06 8.56 10.39 9.17 9.84

p-value [0.30] [0.32] [0.48] [0.58] [0.16] [0.36]
rf 0.018 0.02 0.018 0.014 0.013 0.013

Wald test 3.54 0.27 0.32 19.08 1.33 2.83
p-value [0.06] [0.60] [0.57] [0.00] [0.25] [0.09]

Specification II
0.99 0.98 0.98 0.99 0.99 0.99
(0.005) (0.011) (0.008) (0.006) (0.007) (0.007)
-0.78 -1.58 -0.37 -3.20 -3.22 -3.22
(1.80) (6.25) (5.61) (1.45) (4.10) (4.10)2-test 4.01 6.93 8.45 5.73 6.42 2.57

p-value [0.98] [0.86] [0.49] [0.93] [0.38] [0.98]
rf 0.01 0.016 0.015 0.011 0.012 0.012

Wald test 0.98 0.17 0.06 3.01 1.06 1.06
p-value [0.32] [0.68] [0.81] [0.08] [0.30] [0.30]

Specification III
0.98 0.98 0.98 0.99 0.99 0.99
(0.002) (0.008) (0.005) (0.003) (0.005) (0.003)
-1.47 -2.06 -1.92 -2.42 -4.32 -3.26
(0.85) (3.76) (2.66) (0.48) (3.02) (1.67)2-test 14.60 12.24 13.35 11.10 9.98 10.49

p-value [0.69] [0.51] [0.42] [0.89] [0.70] [0.65]
rf 0.016 0.016 0.016 0.012 0.012 0.012

Wald test 8.47 0.66 1.20 49.96 3.11 6.53
p-value [0.00] [0.42] [0.27] [0.00] [0.08] [0.01]

Specification III tests the real strength of the estimated utility modifications to explain 
all the assets together.

Table 2 reports the model estimations for the EZ (1991) state non-separable 
preferences. The model moment restrictions cannot be rejected by the Hansen’s (1982) 
test. The estimate for parameter, which reflects substitution, is quite unstable across 
the full period specifications. The large estimate (with INTII and INTIII) for bond 
returns signifies higher aversion to switch across periods. However, the substitution 
effect is comparably lower for specification II (with INTII and INTIII), whereas the 
model implied EIS is low when stock and bond returns are taken together. The 
subsample estimations reveal preferences for the lower implied EIS. The implied risk 
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Table 4 Estimations with Constantinides (1990) habit model

Table 4 reports the Constantinides (1990) internal habit persistence model such that first panel reports the 
estimations for full sample and the 2nd panel for sub sample period. Specification I does the iterated GMM 
estimation using bond returns and return on aggregate stock index and specification II tests only with 
stock returns such that aggregate stock index ,SMB and HML as test assets. The specification III takes the 
bond returns and stock returns together in one cross section for model testing. The parameter 
determines the persistence of habit under the model. In each panel against the subsequent instrument 
vector model parameters for time preference and risk preference are reported with notations and 
respectively. The Table also computes the model risk aversion as described in section 2.3 reported against 

-test is the Hansen’s moment 
identification statistic reported with p-value in [].The predicted return on risk free rate with estimated 
parameters is reported against row rf .Wald test tests if : = 1 to draw on the fact if log normality for 
could be assumed for the model estimations reported with p-value in [].

Panel I Full Sample Panel II Sub Sample
( = 0.4) INTI INTII INTIII INTI INTII INTIII
Specification I

1.44 1.19 1.01 0.48 0.82 0.41
(0.12) (0.25) (0.64) (0.16) (0.43) (0.18)
2.13 1.77 1.63 2.01 1.51 2.20

(0.22) (0.26) (0.33) (0.40) (0.53) (0.57)
RRA 3.55 2.96 2.72 3.34 2.51 3.652-test 13.66 8.24 9.14 10.58 10.13 10.76

p-value [0.32] [0.22] [0.42] [0.57] [0.12] [0.29]
rf -0.37 -0.17 -0.01 0.74 0.20 0.89

Wald test 27.49 8.93 3.65 6.55 0.93 4.36
p-value [0.00] [0.00] [0.06] [0.01] [0.34] [0.04]

Specification II
1.54 0.30 0.30 0.14 0.19 0.37

(0.12) (0.45) (0.30) (0.07) (0.15) (0.27)
2.32 2.66 2.62 3.98 3.38 2.35

(0.24) (2.36) (1.51) (0.94) (1.34) (1.06)
RRA 3.86 4.43 4.36 6.61 5.61 3.902-test 4.06 7.57 8.73 5.91 5.63 7.24

p-value [0.98] [0.27] [0.46] [0.92] [0.47] [0.61]
rf -0.43 1.21 1.19 1.97 1.64 1.00

Wald test 28.95 0.49 1.15 10.04 3.13 1.62
p-value [0.00] [0.48] [0.28] [0.00] [0.08] [0.20]

Specification III
1.53 0.95 0.96 0.57 0.41 0.60

(0.04) (0.48) (0.44) (0.20) (0.13) (0.22)
2.31 1.61 1.62 1.83 2.21 1.79

(0.09) (0.15) (0.15) (0.34) (0.43) (0.32)
RRA 3.85 2.69 2.69 3.04 3.67 2.972-test 15.01 11.09 12.64 9.51 10.83 10.17

p-value [0.66] [0.60] [0.48] [0.95] [0.63] [0.68]
rf -0.43 0.05 0.04 0.57 0.89 0.52

Wald test 23.16 13.14 27.12 6.06 7.91 6.14
p-value [0.00] [0.00] [0.00] [0.01] [0.00] [0.01]
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Table 4 (Continued).

Panel I Full Sample Panel Sub Sample
INTI INTII INTIII INTI INTII INTIII

Specification I
0.35 0.02 0.83 0.28 1.16 0.24
(0.17) (0.03) (0.49) (0.13) (0.24) (0.16)
1.45 3.99 1.32 1.62 1.14 1.74

(0.30) (1.48) (0.39) (0.35) (0.66) (0.54)
RRA 3.62 9.95 3.29 4.03 2.83 4.332-test 12.92 9.68 9.08 10.63 11.98 10.73

p-value [0.38] [0.14] [0.43] [0.56] [0.06] [0.29]
rf 1.03 3.73 0.18 1.27 -0.15 1.42

Wald test 2.26 4.06 0.68 3.23 0.04 1.91
p-value [0.13] [0.04] [0.41] [0.07] [0.83] [0.17]

Specification II
- 0.20 0.19 - 0.17 0.30
- (0.48) (0.27) - (0.16) (0.32)
- 1.91 1.96 - 2.07 1.57
- (2.15) (1.30) - (0.91) (0.78)

RRA - 4.77 4.89 - 5.14 3.902-test - 12.92 8.66 - 5.69 7.11
p-value - [0.27] [0.47] - [0.46] [0.63]

rf - 1.62 1.67 - 1.78 1.20
Wald test - 0.18 0.55 - 1.37 0.54
p-value - [0.67] [0.46] - [0.24] [0.46]

Specification III
- 0.67 0.78 0.40 0.29 0.29
- (0.63) (0.37) (0.21) (0.13) (0.13)
- 1.24 1.28 1.39 1.62 1.62
- (0.10) (0.22) (0.30) (0.35) (0.35)

RRA - 3.10 3.20 3.45 4.02 4.022-test - 12.49 9.23 10.72 10.72
p-value - [0.60] [0.49] [0.95] [0.63] [0.63]

rf - 0.40 0.25 0.92 1.26 1.26
Wald test - 6.34 1.74 1.73 3.11 3.11
p-value - [0.01] [0.10] [0.19] [0.08] [0.08]

aversion parameter in the full sample is low, and estimations providing unreasonable 
risk preferences in specification III are nonconforming to the evidence in EZ (1991). 
The implausible risk implications are limited to the full sample estimations only, 
though the implied RA estimates are economically sensible in the recovery period 
across all the specifications. 

The notable consistency with the EZ estimations is for the time preference parameter ,
which is always greater than zero. The plausible identification of the temporal 
preference keeps the discount factor below 1 across all the samples and specifications, 
an improvement on the original study for the U.S. market. The noted economic 
structure projects positive return on the risk free asset, whereas the impatience 
estimates in the EZ (1991) provide counterfactual predictions under deterministic 
states of the world. The subjective time behavior for the Finnish agent is consistent 
with the evidence in Viitanen (2004) for the samples accounting for financial 
liberalization (post 1987). 
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Table 5 Campbell and Cochrane Surplus Consumption Ratio Model

Table 5 reports the Campbell and Cochrane (1999) external habit persistence model such that first panel 
reports the estimations for full sample and the second panel for sub sample period. Specification I does the 
iterated GMM estimation using bond returns and return on aggregate stock index and specification II tests 
only with stock returns such that aggregate stock index, SMB and HML as test assets. The specification III 
takes the bond returns and stock returns together in one cross section for model testing. In each panel 
against the subsequent instrument vector model parameters for time preference and risk preference are 
reported with notations and respectively. The Table also computes the model risk aversion as described 
in section 2.4 reported against row heading RRA. The standard errors for the model estimates are given in 
(). 2-test is the Hansen’s moment identification statistic reported with p-value in [].The predicted return 
on risk free rate with estimated parameters is reported against row rf.

Panel I Full Sample Panel II Sub Sample
Specification I INTI INTII INTIII INTI INTII INTIII

0.98 0.97 0.98 0.98 0.99 0.97
(0.001) (0.026) (0.002) (0.002) (0.001) (0.008)
0.08 0.64 0.11 0.08 0.10 0.20
(0.02) (1.13) (0.05) (0.02) (0.15) (0.15)

RRA 1.36 10.36 1.72 3.54 4.09 8.582-test 12.96 7.78 8.54 10.30 9.02 9.65
p-value [0.45] [0.35] [0.58] [0.67] [0.25] [0.46]

rf 0.016 0.022 0.016 0.020 0.014 0.024
Specification II

0.99 0.91 0.99 0.99 0.98 0.98
(0.004) (0.059) (0.003) (0.005) (0.010) (0.004)

0.03 1.65 0.18 0.23 0.71 0.14
(0.06) (0.79) (0.10) (0.07) (0.78) (0.14)

RRA 0.48 26.63 2.85 9.66 30.06 5.872-test 4.00 6.27 9.43 6.27 5.78 7.45
p-value [0.99] [0.51] [0.49] [0.94] [0.57] [0.84]

rf 0.008 0.022 0.013 0.007 -0.026 0.015
Specification III

0.99 0.95 0.99 0.99 0.98 0.99
(0.001) (0.020) (0.001) (0.001) (0.003) (0.001)
0.04 1.12 0.09 0.16 0.46 0.15
(0.01) (0.52) (0.02) (0.03) (0.45) (0.06)

RRA 0.59 16.58 1.33 4.73 13.72 4.602-test 14.79 10.77 10.77 11.10 9.69 10.37
p-value [0.68] [0.63] [0.63] [0.89] [0.72] [0.66]

rf 0.013 0.017 0.013 0.011 -0.005 0.013

Generally, the ratio parameter maintains earlier resolution of uncertainty in the full 
sample consistent with Viitanen (2004), whereas the stable period estimations signify 
late resolution of uncertainty. The variations in the resolution of uncertainty across 
samples signify a conditional relationship given representative agents’ EIS in 
consumption between today and tomorrow. 

The Finnish agents in the recovery period are less averse to substituting 
consumption across periods than the full sample, given estimated risk 
preferences. The effect of the relative disliking of intertemporal fluctuations in 
consumption is also manifested in the higher predicted returns on the risk free 
rate in the full sample estimations rather than in the recovery period 
estimations.
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Besides, the agents are more risk averse in the recovery period relative to the 
full period. The (plausible) RRA estimates in the full sample are below 2 
compared to the sufficiently higher values for RRA in the subsample 
estimations. The full sample estimations reject the expected utility preferences. 
The model predicted return on risk free rate is precise in the full sample 
compared to the recovery periods’ smooth predictions. On average, the full 
sample predictions misprice the quarterly risk free rate by 40bps in 
specification I, whereas mispricing is only 10bps for specifications II and III. In 
comparison, the subsample projections misprice the quarterly return in 
specifications I, II, and III by an average 60bps, 210bps, and 60bps respectively. 
The EZ (1991) preferences for the recovery period predict returns on the risk 
free rate negatively in specification II. The EZ (1991) estimations provide 
varying implications for investors’ temporal subjectivity, risk preferences, and 
elasticity to substitute consumption across periods. Nevertheless, the suitability 
of recursive preferences in the full sample is backed by better risk free 
predictions, whereas the lesser aversion to intertemporal substitution leads to 
implausibly smooth predictions for the return on risk free rate. The plausible 
estimates for the substitution effect and risk preferences are sensitive to the 
selection of test assets in the full sample.

The estimations with the “catching up with Joneses” preferential structure are 
reported in Table 3.Abel’s external habit model faces great difficulty in 
producing plausible risk preferences across all the reported estimations. The 
model estimations display marginally higher subjective time preference yet 
remain plausible in the full sample estimates. The stronger time preference 
leads to a larger prediction for the return on risk free rates in the full sample 
than the ex-recession period. The model forecasts for the risk free rate are above 
the observed rate by 100bps, 40bps, and 30bps for specification I, II, and III 
respectively. The corresponding mispricing for the sub sample estimations is 
40bps, 30bps, and 30bps. The log normality assumption is rejected frequently 
for the specified consumption growth and external habit levels.

The results with the Constantinides (1990) habit model are presented in Table 4 
for varying degrees of subsistence level. The implications for investor 
impatience parameters are grossly implausible. The impatience estimate implies 
agents are either more interested in shifting their consumption to the next 
period, the case when the subjective preferences are estimated greater than 1, or 
they are highly impatient to consume now such that the values are sufficiently 
below 1. The first case is economically inconsistent and corresponds to negative 
interest rate predictions. The second case requires high interest rates for 
inducing substitution, which is nonviable. Moreover, the estimates for the 
subjective preferences are not consistent with the tighter estimates we obtained 
from other specified model estimations. 

The subsample estimations are also marred with extreme time preferences for 
the Finnish representative agent, such that the Finnish agent's eagerness to 
consume today corresponds to high interest rate predictions, despite the degree 
of habit persistence, when compared with the full period estimations. The 
plausible temporal preferences are recorded with = 0.4 in specification III 
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Table 6 Predictability regressions

Table 6 reports the results from the bi-variate regressions including predictability variables such as 
aggregate price-dividend ratio ( ), price-earnings ratio ( ) ratios and term structure of interest rates ( )
along with surplus consumption ratio. All the variables in the predictability regressions are log linearized. 
We estimate the following regressions , = + + + and  , = + + +
for the excess stock and bond return predictability. The explanatory variable , corresponds to mentioned 
predictors accordingly.

Panel A Panel B Panel C, , , , , ,
-0.02 0.01 -0.01 0.01 0.004 0.01      (-0.23) (2.71)       (-0.07) (2.63)       (0.04) 3.04

1.96 0.14 0.21 0.01 -0.75 0.02     (1.65) (6.83)      (0.74) (1.60)      (-0.81) 0.64   0.03 0.43 0.01 0.20 0.01 0.15

with INTII and INTIII, although these preferences are still higher than the estimates 
from other specified models. The local curvature parameter corresponds to plausible 
and significant risk aversion values. However, the extreme impatience estimates 
devastate the possibility for a coherent reconciliation with the observed facts. The Wald 
test is for the case if  = 1 under the null hypothesis and tests for the log normality of 
the data, an assumption under which we approximated the predictions for the risk free 
rate. The log normality null for the consumption data with = 0.4 is rejected more 
frequently than when we specify habit persistence for  = 0.6.

The model estimations for the surplus consumption ratio model are presented in Table 
5.11 The subsample estimations report higher risk aversion values than the full sample, 
consistent with the EZ (1991) estimations across samples. The estimations provide 
precise power coefficient estimates across both the samples using INTI. Generally, the 
steady state risk aversion is higher with INTII than the other instrument vectors. The 
surplus consumption specification also predicts the return on risk free security with 
larger forecasting errors in the full period than the observed rate. Nevertheless, the 
interest rate projections in the full sample reported with INTI and INTIII are better 
than INTII. The reported mispricing across the specifications on average is 110bps, 
50bps, and 40bps respectively.

The predicted returns with CC (1999) are reasonably lower than the estimated habit 
persistence models of Abel (1990) and Constantinides (1990). The convergence of 
power coefficient to positive values is documented to be consistent with Engsted et al. 
(2010). The CC (1999) estimated model parameters are economically more plausible 
than the other tested utility specifications inclusive of the EZ (1991) recursive 
preferences. The specification imparts theoretical structure on the Finnish 
representative agents’ subjective time preferences and risk aversion. Moreover, the 
forecasting ability of the CC (1999) specification for the return on risk free rate 
improves in the subsample estimations.

11 The statistics in the calibration of the surplus consumption ratio are available upon request. The surplus 
consumption ratio across the samples is time varying and the habit is closer to the consumption levels in
the subsample than those in the full sample calibrations.
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Table 7 HJ-distances for modified specifications

HJ-distance is the Hansen and Jagannathan (1997) based model comparison metric computed as in 
equation (15) and ( )reports the asymptotic standard errors as in (16) . We also report the distance 
measure for the standard power utility based CCAPM.

Panel I  Full Sample Panel II Sub Sample
INTI INTII INTIII INTI INTII INTIII

Specification I: CRRA utility model
0.40 0.44 0.43 1.18 1.20 1.19( ) (0.24) (0.23) (0.23) (0.29) (0.29) (0.29)

Epstein and Zin Model
0.45 0.45 0.45 1.17 1.19 1.18( ) (0.24) (0.25) (0.24) (0.30) (0.30) (0.30)

Abel Model
0.45 0.45 0.46 1.21 1.21 1.21( ) (0.24) (0.24) (0.24) (0.29) (0.29) (0.29)

Constantinides Model= 0.4 0.63 0.49 0.45 1.35 1.25 1.37( ) (0.17) (0.23) (0.25) (0.27) (0.29) (0.26)= 0.6 0.78 1.07 0.48 1.44 1.24 1.46( ) (0.15) (0.11) (0.24) (0.25) (0.29) (0.25)
Campbell and Cochrane Model

0.45 0.40 0.45 1.20 1.20 1.20( ) (0.24) (0.26) (0.24) (0.29) (0.29) (0.29)
Specification II: CRRA utility model

0.12 0.11 0.11 0.09 0.08 0.1( ) (0.11) (0.10) (0.12) (0.15) (0.09) (0.11)
Epstein and Zin Model

0.02 0.01 0.01 0.03 0.01 0.01( ) (0.09) (0.09) (0.08) (0.12) (0.11) (0.11)
Abel Model

0.11 0.12 0.12 0.09 0.15 0.10( ) (0.12) (0.14) (0.13) (0.14) (0.15) (0.14)
Constantinides Model= 0.4 0.57 0.70 0.69 0.85 0.80 0.63( ) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02)= 0.6 - 0.80 0.81 - 0.82 0.69( ) - (0.02) (0.02) - (0.02) (0.02)
Campbell and Cochrane Model

0.12 0.09 0.11 0.12 0.11 0.12( ) (0.12) (0.13) (0.12) (0.13) (0.14) (0.13)
Specification III: CRRA utility model

0.58 0.57 0.57 1.40 1.40 1.40( ) (0.21) (0.21) (0.21) (0.29) (0.29) (0.29)
Epstein and Zin Model

0.46 0.46 0.46 1.15 1.14 1.15( ) (0.24) (0.23) (0.23) (0.32) (0.32) (0.32)
Abel Model

0.46 0.46 0.46 1.21 1.21 1.21( ) (0.24) (0.24) (0.24) (0.29) (0.29) (0.29)
Constantinides Model= 0.4 0.71 0.46 0.46 1.32 1.38 1.32( ) (0.15) (0.24) (0.24) (0.27) (0.26) (0.27)= 0.6 - 0.56 0.50 1.39 1.44 1.44( ) - (0.20) (0.22) (0.26) (0.25) (0.25)
Campbell and Cochrane Model

0.47 0.36 0.46 1.20 1.19 1.20( ) (0.24) (0.25) (0.24) (0.29) (0.30) (0.29)
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The surplus consumption ratio has noteworthy implications for the asset return 
predictability.12 Therefore, following Engsted et al. (2010), we also test for the return 
predictability prowess of the log process for the Finnish stock and bond returns. The 
results show none of the lagged predictors, including log surplus consumption ratio, 
have any considerable predictability for the excess premium on the stocks, as 
reported in Table 6. However, the surplus consumption ratio has considerable 
forecasting ability for the excess bond premium. The lagged surplus ratio 
remains significant even in the presence of term structure on interest rates. The 
better predictability for the excess bond premia compared to the excess equity 
premia is also evident in the comparable values. 

5.3. Hansen and Jagannathan (1997) pricing errors

Hansen and Jagannathan (1997) pricing errors for all the estimations are 
reported in Table 7. The EZ (1991), Abel (1990), and CC (1999) markedly 
improve on the pricing errors from standard power utility based CCAPM for the 
Finnish market reported in Virk (2012b). We also report the comparative HJ-
distance for the standard CRRA utility based CCAPM for comparative 
completeness. The CRRA specification HJ errors are on average 42 percent and 
118 percent for specifications I and III, whereas the corresponding mispricing 
estimate for the subsample is 58 percent and 138 percent. The HJ-distances for 
the CRRA utility in specification II are much smaller than the specifications 
including bond returns. 

The Constantinides (1990) model faces larger difficulty in pricing the assets 
compared to the other model pricing kernels. The mispricing is aggravated 
when the habit level is increased to 0.6, an observation generalized across all 
specifications and samples. The dismal performance of the Constantinides 
(1990) is a further testament to the empirical failure to explain Finnish 
temporal and risk preferences. The HJ mispricing is larger when the models are 
estimated with the bond returns – that is, EZ estimations in specification I only 
or when they are taken together with the stock returns as is the case in 
specifications I and III for the habit models.

The noted simplification shows that alternative preferences have more difficulty 
than the stock returns in corroborating the bond returns. Nonetheless, the 
surplus consumption ratio model suppresses HJ-distance better for the 
specifications including bond returns and, arguably, for the reported ability to 
predict bond returns. The external habit model of Abel (1990) has a similar level 
of mispricing as the CC (1999) across specifications. However, the inability to 
give plausible risk preferences, as reported in Table 3, undermines the overall 
model performance to fit with asset pricing data.

12 The CC (1999) model captures the variations in expected stock returns with closeness of consumption to 
habit persistence, that is, surplus consumption ratio. Therefore, the model implies that for periods with 
lower surplus consumption ratio, agents are more averse (counter cyclic) and require higher (expected) 
returns for holding risky assets and vice versa. Therefore, the surplus consumption should capture the 
information to predict future paths of time-varying expected returns.
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EZ (1991) prices the stock returns in specification II with sufficiently lower 
errors compared to the CC (1999) habit model across both samples. The success 
of EZ (1991) preferences for the stock returns demonstrates Cochrane and 
Hansens’ (1992) point that the model IMRS has larger variability for including 
return on the market index.13 In contrast, CC (1999) produces the smallest HJ-
distance with INTII for the full sample in specifications I and III amongst the 
specified models. Otherwise the pricing errors from CC (1999) and EZ (1991) are 
nearly identical. Moreover, the model estimations for the habit persistence 
specifications also explain the return on the market index whereas, the EZ 
(1991) preferences take it exogenously given. Therefore, the results support the 
CC (1999) surplus consumption ratio model for its greater ability to suppress 
mispricing relative to other preferential modifications. 

The HJ-distances in the subsample estimations, for specifications I and III, are 
substantially large to be anything but consistent with the asset returns; Virk 
(2012b) also documented the same for the standard CCAPM. The CCAPM 
implied pricing errors tend to outperform the habit models in the stable period 
(in specifications I and II).Whereas the Campbell and Cochrane (1999) model 
does marginally better than the power utility model in the full period. 

5.4. Diagnostic analysis

We take the successful modifications, along with the standard CCAPM model, for 
further investigation to check the consistency of the main results. Thus, the CC (1999) 
surplus consumption ratio model and EZ (1991) preferences’ (despite structural 
constraints) are selected. 

In the first test, we follow the motivation of Mankiw and Shapiro (1986) that 
consumption risk should theoretically be a better measure of systematic risk than the 
CAPM beta.14 Therefore, the proposed test in Chen et al. (1986) is employed for 
reporting whether the CAPM risk (Sharpe, 1964; Lintner, 1965) or CCAPM based 
consumption risk is significant to influence the cross-section of assets. All model SDFs 
are log linear from herein for reporting comparable joint hypotheses testing with the 
CAPM model.15 We construct six benchmark size and book-to-market (size-BM) sorted 
Fama and French (1993) portfolios for the Finnish market from 1990:01 onwards. 

13 The construction constraint of the EZ (1991) model SDF factually limits the model comparison between 
the recursive utility specification and the habit persistence models for using different HJ-weighting 
matrices. This structural limitation of the EZ (1991) preferences perturbs the constancy of weighting 
matrix. 
14 In theory, the risk under the consumption-based models has more encompassing implications for 
assigning payoffs to the stocks. First, it incorporates the agents’ decision-making preferences across 
periods. Second, the measure governing investor portfolio decision making in different states of the world 
implicitly incorporates additional sources of wealth compared to the wealth from only the equity market. 
15 For example, we take the log of the consumption-based model IMRS such that the standard power utility 
based SDF, that is, ( ) is transformed to – = . The exogenous variables for log 
linearization are reported in lower case. Moreover, in this context signifies both the substitution 
effect and investor risk aversion. Similar transformations are also employed for EZ (1991) and CC (1999) 
model SDFs. The EZ (1991) model IMRS is aggregated across expected utility and non-expected utility 
components for = 0.75 with = 3, in consideration to the available results in Table 2 for Finnish market.
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Table 8 Beta risk vs. Consumption risk

Table 8 reports the results from the Chen et al. (1986) based test which specifies CAPM based beta risk to 
be zero and consumption based model risks to be positive under the null hypothesis. 

, , and correspond to the log linearized CAPM beta, standard CCAPM, EZ (1991) and 
Campbell and Cochrane (1999) based consumption risks. The suffixation of consumption risks with and 

highlights the estimation of consumption risks with stocks as claim to aggregate consumption or as a 
claim to (volatile) dividends as in the Lucas (1978) model. The significant regression estimates at 5% and 
below significance are provided in bold fonts. The Newey and West (1987) corrected t-values are reported 
in () Additionally, values for the Chen et al. (1986) regressions for all the assets are reported.

Panel I: regressions with cg Panel II: regressions with dg_  _  
0.48 0.88 0.38 0.49 -0.21 0.42
(3.81) (1.10) (4.01) (-2.46)
0.47 0.82 0.28 0.48 -0.24 0.37
(5.50) (1.04) (5.77) (-2.06)
0.54 -1.38 0.41 0.53 -0.01 0.39
(6.04) (-1.07) (6.62) (-0.08)
0.93 0.17 0.80 0.93 -0.09 0.81

(12.65) (0.29) (13.01) (-1.57)
0.64 -0.51 0.55 0.63 -0.12 0.55
(4.07) (-0.62) (4.26) (-1.62)
0.51 0.12 0.43 0.56 -0.16 0.46

(4.33) (0.51) (4.66) (-1.68)

_  _  
0.19 1.17 0.39 0.53 -0.01 0.39

(0.57) (1.10) (7.06) (-0.08)
0.20 1.09 0.33 0.56 -0.32 0.37

(0.72) (1.04) (6.58) (-2.06)
1.00 -1.83 0.41 0.56 -0.28 0.42

(2.05) (-1.07) (4.95) (-2.46)
0.88 0.22 0.80 0.96 -0.11 0.80
(3.99) (0.29) (14.89) (-1.57)
0.81 -0.68 0.55 0.67 0.15 0.56
(2.14) (-0.62) (4.56) (-1.62)
0.26 1.01 0.43 0.57 -0.21 0.45

(0.47) (0.51) (5.19) (-1.68)

_  _  
0.50 1.53 0.38 0.49 0.12 0.38
(3.87) (0.98) (3.87) (0.32)
0.48 -0.15 0.32 0.48 1.03 0.37
(5.44) (-0.09) (5.30) (2.91)
0.54 2.29 0.40 0.53 -0.02 0.40
(6.54) (0.63) (6.61) (-0.06)
0.95 4.64 0.82 0.93 0.55 0.81

(13.56) (4.28) (13.77) (2.79)
0.63 -1.06 0.55 0.63 0.15 0.55

The Chen et al. (1986) based test suggests a regression of type , = , , +, + , such that , and , correspond to market model beta risk and 
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Table 9 Linear SDF factor sensitivities and cross-sectional prices of model risks

The SDF-cross-sectional regressions are reported for the factor sensitivities of the linearized consumption 
based models and correspondently the prices of consumption risks for CCAPM, EZ (1991) and Campbell 
and Cochrane (CC, 1999) model specifications. The last of part of the table reports the estimations for 
unconditional CAPM. The cross-sectional SDF estimations are done with the two-step GMM using 
Hansens’ (1982) optimal weighting matrix using Newey and West (1987) estimator with Bartlett kernel. 
The estimations use the returns on six size-BM portfolios along with return on the risk-free rate for the 
tractability of SDF mean across all the models. The , and are SDF sensitivities for intercept and model 
factors, whereas and is the price of risk for the linearized SDF under respective model. The suffixation of 

and in panel I and panel II highlights the estimation of consumption risks with stocks as claim to 
aggregate consumption the standard practice or as a claim to dividend streams as in the Lucas (1978) 
model. The regression estimates at 5% and below significance are provided in bold fonts. The Newey and 
West (1987) corrected t-values are reported in (). Hansens’ (1982) over identification test is given in front 
of row heading with corresponding p-values in [].

Panel I with cg Panel II with dg
CCAPM

1.01 (80.87) 1.04 (9.67)

-10.43 (-1.74) 10.05 (9.69)

0.002 (1.69) 0.19 (0.43)

13.00 [0.45] 9.93 [0.70]
EZ Model with = 0.75

1.00 (99.70) 0.99 (4.36)

-4.62 (-87.35) 9.88 (14.36)

0.01 (56.75) -2.71 (-3.37)

12.45 [0.49 11.42 [0.58]
CC Model

0.98 (188.89) 0.96 (77.14)

-14.62 (-1.71) -6.04 (-72.36)

0.001 (1.65) 0.01 (5.84)

11.94 [0.53] 12.82 [0.46]

CAPM

1.00 (72.78)

-1.36 (-9.56)

0.06 (8.29)

12.45 [0.49]

consumption-based model beta risk respectively for asset . The latter represents 
standard CCAPM, EZ (1991), or CC (1999) model-based beta risks for asset 
accordingly. The hypotheses testing for the consumption-based models specify , = 0
and , > 0 under the joint null hypothesis. The significance of both the beta risks is 
tested with Newey and West (1987) based t-ratios. Moreover, following Lucas (1978), 
the estimations are repeated with dividend growth, assuming consumption is 
contingent on dividends. 

The results in the first vertical panel show the null hypothesis for the CAPM-based beta 
risk is rejected across all the assets. The beta risk is always positive, whereas CCAPM-
based consumption risk is implausibly negative for the portfolios and . Moreover, 
none of the consumption risk is significant to explain the time series variations in the 
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test portfolios. The performance of CAPM beta is less convincing when taken against 
EZ (1991) consumption beta such that the former is only significantly positive for ,, and portfolios. However, EZ (1991) linearized SDF is positive for portfolios , ,

, and although insignificantly estimated. The CC (1999) based consumption risk is 
significantly positive for portfolios  and , a feat not achieved by other consumption-
based model risks. Similar to other consumption-based model SDFs, the model pricing 
kernel also fails to significantly influence the time series variations of the test portfolios 
relative to CAPM risk.

The regressions replacing consumption growth with dividend growth (panel II of Table 
8) fare no better for the CCAPM; in fact, they are even poorer such that the point 
estimates for the consumption risk are negative. Similar performance is reported with 
the EZ (1991) based risk modeled with dividend growth. We get the most improved 
performance by the CC (1999) based SDF among the consumption-based models while 
using dividend growth. The consumption risk is significantly priced for and ,
whereas for the remaining portfolios it is positive except for portfolio . Nonetheless, 
the CAPM beta risk maintains supremacy compared to all the tested consumption risks.

In the second robustness check, we test for the model-based linear SDF factor 
sensitivities and the cross-sectional price of the risk estimate. The estimation procedure 
approximates all the moments jointly, as suggested in Cochrane (2005), to adjust for 
generated regressors problem faced in otherwise standard, two pass, cross-sectional 
regressions. The significance of SDF factor sensitivities and the cross-sectional price of 
risk estimate is reported for 5 percent confidence GMM t-values. The GMM t-values are 
corrected for heteroskedasticity and autocorrelation in the model errors with the 
Newey and West (1987) method. The unconditional moments for each model at time + 1 are such that

= ( + )( ) , (18)

where is the vector of GMM errors, which are minimized to zero from the sample 
counterpart of the imposed model moments. The instrument vector across all the tested 
models is (1 ,  , ). and are the factor sensitivities for the respective model 
SDF; for example, is the log consumption growth for the standard CCAPM, whereas 

is the model risk, and  is the estimated unconditional price of risk for the risk factor .
The results based upon the above moments, across the cross-section of six size-BM 
portfolios along with the return on risk free security, are reported in Table 9. The return 
on risk free security is included for the tractability of the unconditional SDF mean. The 
moment restrictions from all the SDF cross-sectional regressions cannot be rejected 
with Hansens’ (1982) test at 5 percent conventional p-values. The test suggests 
standard CCAPM consumption risk factor sensitivity, and the cross-sectional prices of 
model risk are insignificantly plausible. However, the EZ (1991) factor risk significantly 
influences the linear pricing kernel and also has plausible price of risk. The CC (1999) 
model estimations also imply plausible estimates for the factor sensitivity and factor 
risk premium, however insignificant at 5 percent critical values. The estimations 
reported in panel B with dividend growth do not yield encouraging results for CCAPM 
and the EZ (1991) recursive utility model. The results for the EZ (1991) model SDF 
using dividend growth have a rather dismal performance for model factor risk 
sensitivity and price of risk estimates, both of which are theoretically implausible.
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Similar to its better performance in Table 8 with dividend growth, the CC (1999) model 
produces plausible factor risk sensitivity and price of risk estimate. Additionally, both 
are significant at 1 percent critical GMM t-values. The reported result for the CAPM 
based-SDF provides model-consistent estimates for the model factor risk and price of 
risk at 1 percent significant GMM t-values. 
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6 CONCLUSIONS

The implications of the consumption-based equilibrium models have taken many 
routes since the seminal work of Mehra and Prescott (1985). These widespread 
developments has focused on modifying preferences central to standard models, 
heterogeneity of agents and uninsurable risk, survivorship bias, and a number of 
constraints related to market frictions such as borrowing costs, liquidity, transaction 
costs, and taxation.  The general test laboratory for these theoretical and empirical 
developments has been U.S. stock market. A recent surge in reporting the evidence for 
the modified preferences to the standard power utility specification (CCAPM) from 
non-U.S. financial markets has been observed (e.g., Hyde et al., 2005; Engsted & 
Møller, 2010; Engsted et al., 2010). Generally, the evidence has focused on comparing 
the performance of the leading habit formation model of CC (1999) with the standard 
power utility based model. 

This study provides evidence from the Finnish market while estimating a number of 
proposed preferential modifications, such as EZ (1991), Abel (1990), and 
Constantinides (1990) along with CC (1999), for a complete comparison. The Finnish 
stock market has observed large equity premia in the sample although with comparably 
low reward-to-risk ratios. This idiosyncrasy puts the Finnish market at the margin of 
capitalized and European economies and provides an added dimension to the earlier 
reported international evidence. The non-parametric testing with Hansen and 
Jagannathan’s (1991) methodology shows that the EZ (1991), Constantinides (1990), 
and CC (1999) models generate mean and volatility pairs to explain variations in asset 
returns. The better performance of Constantinides (1990) is not transformed to 
generate plausible parametric solutions to describe aggregate equity premia and other 
related facts. The EZ (1991) preferences provide mixed evidence and show that Finnish 
representative agents have varying risk tolerances across the samples. Importantly, CC 
(1999) estimations also provide similar evidence with lower risk aversion in the full 
sample than in the recovery period estimations. CC (1999) is the only model providing 
economically sensible parameterization across all the samples and specifications. 
Overall, the analytic solutions and parametric estimations for the better performing 
models show stronger time preference behavior (such as disliking temporal shifts in 
consumptions) reduces the severity of the puzzles. 

In terms of HJ (1997), distance measure EZ (1991) gives the lowest pricing errors for 
specifications taking only stock returns. CC (1999) produces the lowest distance for 
specifications including the bond returns with the stock returns among all. The better 
performance of EZ (1991) for stocks should not come as a surprise for using the return 
on aggregate market index in EZ’s specification IMRS. Thus, we conclude the CC model 
performs the best among the tested consumption-based equilibrium models. The 
surplus consumption ratio significantly predicts the bond returns, a performance which 
could not be replicated for equity returns for the Finnish market. Considering the 
ambivalent nature of the Finnish market, we provide supporting evidence to the results
for U.S. market (Chen & Ludvigson, 2009; Ghattassi, 2008) comparable to the 
European studies (Engsted & Møller, 2010; Engsted et al., 2010; Hyde et al., 2005). 
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APPENDIX 1 DERIVATION OF UNDER CONSTANTINIDES (1990) 
ASSUMING LOG NORMALITY

The model implies moment condition such that( ) ( ) ( ) ( )( ) ( ) ( )   , = 1, (A.I)

assuming joint log normality for all the processes in the equation, and , is 

the return on risk free security. Then the expansion of the above equation under 

the law of iterated expectations and subsequent arrangements, while notating 

log processes in lower cases, provide the following solution( ) = + ( + + + ) , + , , . (A.II)
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Abstract

The evaluation for the specification errors of asset-pricing models is conducted using 
numerous characteristic portfolios for the Finnish stock market. The selection of the 
market is motivated by the atypical setting wherein few firms dominate the total market 
capitalization and small numbers of stocks are listed. We report diverging risk-returns 
trade-offs for the average tendencies of the stocks and for the actual growth in the 
invested stocks. The results show that poor cross-sectional ability of the unconditional 
CAPM could be improved if the parameters of the stochastic discount factor (SDF) are 
allowed to vary through time. Nonetheless, the Carhart (1997) model SDF produces the 
lowest Hansen-Jagannathan (1997) distance across all the tested specifications. The 
Fama-French (1993) model augmented with macro variables and January-scaled 
CAPM produces performances matching the Carhart model with equal and capitalized 
weighted portfolios, respectively. 
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1 INTRODUCTION

The inability of the capital asset-pricing model (CAPM) to explain the return spreads on 
the size and book-to-market ratio sorted (size-BM) portfolios (Fama and French, 1992) 
is well documented. Arguably, this failure has led to the development of new models to 
explain anomalous patterns in the stock returns. This quest could be divided in two 
distinct dominions. The first type of model is motivated by theoretical considerations; 
the CAPM is augmented with risk factors for the market index’s inability to represent 
overall wealth in the economy, which is Roll's critique (1977). These choices borrow 
heavily from macroeconomics and business cycle theory, innovations in assorted state 
variables, and liquidity risks (Jagannathan & Wang, 1996; Lettau & Ludvigson, 2001; 
Acharya & Pederson, 2005). The second line of advancement rests primarily on 
numerous patterns in the stock returns, such as size, value (BM), and momentum 
effects (Fama & French, 1993; Jegadeesh &Titman, 1993), commonly referred to as 
stock return anomalies. Overall, the proposed models are reported to explain the cross-
sectional variations in the size-BM portfolios pretty well. 

One consequence of the advancement in financial modeling is the claim that numerous 
models can explain the return variations in the benchmark size-BM portfolios. The 
flurry of models naturally invites an analysis of the relative merit of one model in 
comparison to the others. Hodrick and Zhang (2001) were the first to evaluate 
numerous so-called “interesting” models using the 5 × 5 size-BM benchmark portfolios. 
Similar studies ranking model performances with the Hansen and Jagannathan (1997, 
HJ-distance) distance metric include Durack et al. (2004), Fletcher and Kihanda 
(2005), and Schrimpf et al. (2007) for the Australian, the U.K., and the German stock 
markets, respectively.  

The success of numerous models in explaining returns on the size-BM sorted portfolios 
has led to additional checks on the performance of the proposed models and the 
employed performance metrics. Lewellen et al. (2010) showed that fascinating results 
can be reported in terms of high cross-sectional OLS . Their study proposes to break 
the strong factor structure of the size-BM portfolios while adding different 
characteristic portfolios to the cross-section of test assets among other methodological 
assessments. 

How the standardized international evidence is attributed to other capital markets is an 
interesting topic in its own right. In this study, we report the specification errors of 
APM for a market with atypical market settings, such as the Finnish stock market. The 
peculiar attributes of the market include the small number of listed stocks and the 
domination of a few firms in the total market capitalization.1 The 10 largest firms 
comprise more than 80 percent of the total market capitalization; of them, Nokia alone 
contributed approximately 50 percent in the sample. We argue that the specification 
errors testing for markets like Finland may hamper the inference to have market wide 
significance with the usual VW portfolio testing.2 Concurring with only one type of test 
portfolios could produce misleading evidence regarding which model/risk consistently 

1 The number of stocks available for data construction only rise to 50 in the year 1996 if we ignore the 
delisted stocks from the analysis. The number of stocks increases to 137 in the 2008 for the studied sample. 
Our study did not include the dead stocks; therefore, the estimations in the study may suffer from 
survivorship bias.
2 The Hang Seng Index for Hong Kong, NZSE40 of New Zealand, and The Netherland’s CBS are other 
notable candidates that suffer from this abnormality.
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explains the return variability to proxy aggregate risk premium across all the 
stocks/portfolios in the market, given the non-normal market structure. 

Generally, the empirical evidence for the U.S. and other developed markets has no 
particular departure for using alternating weighting schemes in the construction of test 
portfolios. The non-effect occurs because no single stock or small number of firms 
dominates market capitalization to influence model beta risks and subsequent risk 
premiums. For similar capital markets, we expect that small number of firms may 
dominate (or limit) the overall yields on the constructed test portfolios as well as the 
overall orientation of the specification testing. Henceforth, this study carries out the 
analysis to control for the peculiar market settings and compare the specification errors 
of the asset-pricing models (APM) using both equally weighted (EW) and value 
weighted (VW) test portfolios.

The comparison between the unconditional models (such as CAPM, Fama and French 
(1993) three factor model (FF3), and Carhart (1997)) and the conditional CAPM 
specifications is carried to extend the relevant literature. The evidence from a market-
like Finland will help understand the risk and return trade-offs for both small and large 
capitalization firms in the economy and possible divergences in the significance of 
important risks. The evidence will also have implications for similar financial markets. 
The study not only contributes to the relevant literature from a market with 
idiosyncratic characteristics but also supplements the Finnish asset-pricing literature.3

The conditional specifications are similar to Schrimpf et al. (2007). However, to 
account for the Lewellen et al. (2010) critique and for the statistical power of the tests, 
we construct size-momentum (MOM, 6) and industry (8) portfolios, along with size-
BM (6). The estimations are carried for the period from 1994:07 to 2009:05 using 
monthly stock returns on 21 test portfolios.4 We employ the stochastic discount factor-
generalized method of moments (SDF-GMM) procedure to allow for time variation in 
the SDF factors. The method also provides a performance metric (HJ-distance) using 
model independent weighting matrix. The corresponding risk premia for bearing factor 
risks are estimated with the Fama and MacBeth (1973, henceforth FM) regressions. We 
rely on the conventional risk mimicking factors in the literature such as size and value 
risks proxies of Fama and French (1993) and momentum factor of Carhart (1993). The 
instruments for scaled-CAPM specifications are selected given earlier literature on 
Finnish stocks and their ability in capturing business cycle variations.  Given the 
evidence for the time variation in expected return over time, we allow the CAPM 
specification to have time varying prices of risks. We make use of the observation in 
Cochrane (1996) that conditioning of factor prices of risks is equivalent to scaling the 

3 The estimations of Fama and French’s (1993) three-factor model and the Carhart (1997) model in this 
study are the first attempts to carry the parametric testing using Finnish stocks. Vaihekoski (2007) was the 
only notable study that estimated the conditional risk premia in GMM framework for liquidity risk, but 
with only six size portfolios. Therefore, his work does not account for the size, value, or momentum related 
risk factors. Similarly, Pätäri et al. (2010) constructed value portfolios based on data envelopment analysis 
but without any parametric testing.   Therefore, this study has a far larger scope than the reported studies 
in the Finnish asset-pricing literature. The evidence will show whether the size, value, and momentum 
effects are present for the Finnish stocks similar to the international evidence, besides the main 
specification testing of the APM. Otherwise, the asset-pricing literature for the Finnish stock market is 
extant and generally focuses on the time variation of market beta and pricing of Finnish stocks in 
international settings using different risk settings (Berglund & Knif, 1999; Vaihekoski, 2000, 2009; Antell 
& Vaihekoski, 2007; Virk, 2012).
4 We included the proxy for risk rate for the tractability of the SDF mean, following Hodrick and Zhang 
(2001) and Schrimpf et al. (2007).
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factors, also exploited by Hodrick and Zhang (2001) and Schrimpf et al. (2007). If 
prices of risks fluctuate over the business cycle, we can capture this effect by using 
variables that are associated with business cycles. 

Overall, the specification errors of APM models show that unconditional CAPM is 
unable to explain the variations in EW and VW portfolio returns. The results display 
discernible patterns in the evaluation of risks for EW and VW portfolios to influence 
the model SDFs.  The SMB and HML are important risks capturing variations in the 
EW expected returns. However, market factor among other model risks dominate VW 
return variations. The inference is further strengthened from the conditional CAPM 
estimations. None of the employed (conditional) factors could influence the pricing 
kernel for the EW test portfolios. The estimations for the VW portfolios show that the 
January dummy is the only factor to influence SDF, which is also compensated with a 
significant risk price. 

The results display considerable improvement in suppressing pricing errors by the 
conditional CAPM specifications if the parameters of the SDF are allowed to vary 
through time. The illiquidity-scaled CAPM reduces mispricing for both types of 
weighted portfolios relative to the pricing errors from the other conditional CAPM 
specifications, whereas the exchange rate scaled CAPM suppresses specification 
mispricing only second to the best APM for the VW portfolios. Additionally, the Carhart 
model has the lowest HJ-distance for both EW and VW test portfolios among all the 
tested models. The HJ-distance estimates for the Fama and French (1993) model 
augmented with macro risks and the January-scaled CAPM match the best model 
performance for the average tendency of firms (EW) and for the actual growth in the 
capitalization of stocks (VW) respectively. We conclude that unconditional models 
reduce the cross-sectional mispricing better than the conditional CAPM specifications. 
Generally, the parameter instability null is rejected for the tested specifications. The 
reported evidence survives a number of robustness tests for the significance of the 
model SDFs in capturing the time series variability and cross-sectional patterns across 
the test portfolios. 

The paper is organized as follows. Section 2 delineates the conditional specifications of 
the SDF-GMM estimations, specification tests, and FM price of risk estimations. The 
construction of data and risk factors is explained in section 3. The discussion of the 
results and the subsequent robustness checks is provided in section 4. Section 5 
concludes the study.
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2 METHODS AND SPECIFICATION TESTING

2.1. Conditional SDF model

All the models can conveniently be circumvented in the stochastic discount factor 
representation under different underlying assumptions. The basic pricing equation, 
which only requires the simplistic assumption of the absence of arbitrage, states: 

, = 1. (1)

The relation in equation (1) holds for all assets  ( = 1, … , ) in the economy, where , is the nominal return on asset  and is the SDF pricing all risky payoffs.  [. | ] represents the expectation conditional on the filtration [| ] exhausting the 
available information at time t. The existence of risk free rate and the subsequent use 
of excess returns transforms equation 1 to [ , ] = . The general pursuance is 
to look for (proxy) risk factors significantly influencing variations in the investors’ 
marginal utility and reducing cross-sectional mispricing. Therefore, assuming a linear 
functional form for the SDF: = + . (2)

portrays the fact that we only observe empirical proxies for the true pricing 
kernels. Equation (2) represents a conditional linear factor model such that is the 
time varying level of the SDF and are the time varying sensitivities of the pricing 
factor. The estimation of the conditional model is possible only when the time varying 
SDF parameters in equation (2) are assumed to be constant. Cochrane (1996) and 
Hodrick and Zhang (2001) estimated conditional factor models using lagged linear 
instruments: = ( + ) (1 ) = + + + ( ). (3)

The estimations of the conditional specifications include parameters for scaled 
variables and interaction terms with the pricing factors. The estimated model is the 
unconditional implication of the conditional model such that time varying parameters 
of the conditional SDF are approximated unconditionally. Substituting equation (3) in 
equation (1), the unconditional moment condition using the law of iterated 
expectations is: [( + + + ( )) , ] = 1. (4)

Equation (4) across the cross-section of test assets can be used to get the SDF factor 
sensitivities. The parameters for the model could effectively be tested, whether or not 
factor ‘j’ significantly influences the pricing kernel.5 Furthermore, factor risk prices 
may also be computed from the estimated factor sensitivities. To assess whether ‘jth’ 
factor influences expected returns, we should also determine if corresponding is also 
different from zero.  

5 Rearranging equation (4) gives the unconditional beta representation, in terms of multivariate betas and 
prices of risks, of the scaled multifactor model: , = ( , ) + . In the unconditional 
representation ( , ) is the expected zero beta rate, = ( , ) , , and  =, ( ) . All of the parameters can be calculated once the factor sensitivities ( ) are estimated 
from the SDF-GMM regressions.
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SDF-GMM estimations 

This section focuses on the estimation of kernel-based model moments with GMM 
(SDF-GMM) as implied by equation (4) and the subsequent specification testing. In the 
standard two step GMM procedure the coefficient vector, = [    ], is estimated 
such that the quadratic objective function = ( ) ( ) (5)

is minimized, where = is × asymptotically optimal weighting matrix with 
# of imposed model moments and whereas ( ) is the vector of sample pricing errors. 
Hansen (1982) showed that when optimal weighting matrix is used, the test on the 
over-identifying restrictions is × ~ with equaling sample observations.

The over identification tests are statistically robust; however, we may not be able to 
identify model misspecification (Newey, 1985). Additionally, the use of model-
dependent weighting matrices, such as the inverse of variance covariance of model 
sampling error ( ), varies across the competing models and may weigh sample 
moments differently. Therefore, Hansens’ (1982) over identification test cannot be used 
to compare models. However, the constancy may be established by the Hansen and 
Jagannathan (1997) weighting matrix (HJ-matrix) [ ] , which is the inverse of the 
second moment of the test assets. The methodology replaces the asymptotically optimal 
matrix with the HJ-matrix. The subsequent approximation of the objective function 
provides squared distance of the empirical SDF from the set of admissible region 
discount factors. The square root of the squared value is famously known as the HJ-
distance, : = [ ( ) [ ] ( )] / . (6)

The  provides a direct comparison between the competing models. The specification 
test may be enveloped in different interesting model comparison interpretations (for 
details, see Hodrick & Zhang, 2001). However, we report the modified  as proposed 
by Kan and Robotti (2008).6 Their study shows that specifying SDF, as we have in 
equation (2), is problematic for comparing misspecification of different APM with the 
HJ-distance and instead proposes SDF normalization for which modified is 
invariant to affine transformations of the SDF factors. The modified HJ-distance 
replaces the inverse of the second moment of test assets with the inverse of the 
variance-covariance matrix of test assets to yield an equivalent interpretation as a 
misspecification measure. The normalized SDF representation is such that

6 Kan and Robotti (2008) highlighted that the specification measure, while using excess returns, could be a 
function of specified SDF mean and is not invariant to affine transformations of factors. They proposed a 
modified HJ-distance measure for which SDF is a normalized linear function of demeaned factors with 
unit mean. However, the SDF-GMM representations are also tested using identity matrix and the 
conventional HJ-matrix (results are available upon request). The use of different model independent 
weighting matrices has no effect on the reported model ranking with Kan and Robotti (2008) suggested 
SDF normalization using excess returns. Hodrick and Zhang (2001) noted in this regards that the use of 
identity matrix produces small distances that may appease the eyes but are affected by large sampling 
errors for model parameters. The HJ-distance measure not affected from the affine transformations of the 
factors is the one that uses the continuous-updating estimator of Hansen et al. (1996). The HJ-distance 
using continuous updating estimator reports similar estimates as we have with Kan and Robotti (2008) 
SDF transformation but preferred to report the modified specification measure for robustness.
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 = 1 + [  ( )]. (7)

Kan and Robotti (2008) described the normalized SDF with demeaned factors in 
equation (8) as preferable among other normalizations of SDF for limiting the model-
based SDFs to have comparably equal means. The distribution for the HJ-distance 
statistic, to test the null hypothesis of = 0, is constructed with the Jagannathan and 
Wang (1996) method and is simulated 100,000 times. The finite sample properties of 
the test statistic in small samples could be unstable (see Kan & Zhou, 2002; Ahn & 
Gadarowski, 2004). Therefore, we use the static distance measure to rank model 
performances and do not emphasize the correctness of the specification as implied by 
the simulated null values. We also report Hansen’s (1982) over identification test to see 
how well the imposed model conditions fit with the data. 

Moreover, we employ the Andrews (1993) supLM test to account for parameter 
instability in the tested model specifications. The proposed test checks for structural 
shifts in the model parameters, which is powerful against the alternative of a single 
structural break in the model parameters when the change point is unknown. The 
supLM statistic is evaluated at 5 percent confidence value using the partial sample 
between 15 percent and 85 percent of the full sample. The critical values for the test are 
given in Andrews (1993) Table 1.

2.2. Fama and MacBeth (1973) regressions

The price of risk is estimated with the FM method, whereas Hodrick and Zhang (2001) 
and Schrimpf at al. (2007) reported the risk premia implied by the SDF-GMM based 
factor sensistivities.7 The first stage of the FM procedure regresses portfolio  returns 
onto a set of factors and a constant.8 The estimated beta risks from the time series 
regressions are then subsequently used in the second stage cross-sectional setting. The 
second step runs a cross-sectional regression of all the portfolio returns, each month in 
the sample, using the time series factor loadings such that

, = + + , = 1, … ,   . (8)

The t-values for the risk premiums suffer from errors in the variable (EIV) problem 
for using generated regressors in the second stage regressions. The conventional FM 
method does not correct for generated regressors problem, however the computed 
Shanken (1992) correction factors are not large enough (available upon request). We 

7 The price of risk estimates are assuming linearity for the scaled model parameters and restrictive 
assumption for the conditional variance-covariance matrix of the factors is constant over time. Because of 
the sub optimality and small sample properties of the HJ-matrix in the GMM estimations (Ahn & 
Gadarowski, 2004), we estimate the unconditional prices of risk (also) with FM method. The SDF-GMM 
factor sensitivities based unconditional factor prices of risks and FM based cross-sectional estimate more 
often converge to each other. The FM standard errors based t-ratios are conservative than the computable 
t-ratios for the SDF-GMM based estimates for factor risk prices (results are available upon request). We 
report the FM based factor prices of risks. As the method provide us reporting of a cross-sectional 
counterpart of the Gibbons, Ross, Shanken (1989) based test: if all the pricing errors across assets are 
jointly zero (Cochrane, 2005 page 247). 
8 We, following Lettau and Ludvigson (2001) and Nyberg and Wilhelmssen (2010), use constant first stage 
betas rather than the rolling betas for a sample of 178 time series observations. The adjustment takes into 
account the small time series observation relative to its cross-sectional counterpart and poor estimation of 
all the weighting matrices for small samples as encountered in this study (for detailed discussion and 
references, see Lettau and Ludvigson, 2001). 
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report the conventional FM method t-statistics for the testing if the factor prices of 
risks are different from zero. 
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3 DATA

The availability of small numbers of listed stocks in the Finnish stock market 
substantially reduces the dimension of the test asset matrix compared to the common 
practice of 5 × 5 size-BM test portfolios or even a reduced 4 × 4 matrix as is used in 
Schrimpf et al. (2007) for the German stocks. Additionally, (small) equity markets like 
Finland’s also suffer from issues such as multiple share classes and thin trading (for 
details, see Vaihekoski, 2004). The mentioned limitations restrict this study to 
construct only six size-BM portfolios, which are also used for the construction of 
mimicking risk factors, such as SMB and HML. 

However, taking only six size-BM portfolios would have limited meaningful cross-
sectional dispersion in the test portfolio means and factor loadings (Carhart et al., 
1997). Additionally, the estimations would have been low on statistical power. 
Therefore, our study includes additional portfolios to expand the cross-sectional size of 
the test portfolios. The other characteristic test assets are six size-MOM portfolios and 
eight industry portfolios. The larger cross-section tests the real success of an APM 
(Lewellen et al., 2010). The construction of size-BM, size-MOM, and industry portfolios 
considers the issues highlighted in Vaihekoski (2004) for small markets like Finland.9

However, to maintain the standardization of the analysis with the international 
evidence, we prefer the yearly sorting.10

3.1. Construction of test assets

All the data is downloaded from DATASTREAM unless stated otherwise. The 
construction of the size-BM, size-MOM, and industry portfolios is preceded with the 
retrieval of end of month prices, number of outstanding shares, and end of the year 
balance sheets for the period December 1990 through May 2009.11 Banks, insurance 
companies, and other financial firms are excluded from our primary dataset for the 
construction of BM partitions in the data.12

The non-availability of the accounting information for the available stocks in the pre-
1989 period limits the starting period. The numbers of stocks available for portfolio 
construction remain depleted until 1989–1993 such that we have only 16–23 stocks 
available with accounting information to construct the six double-sort-size BM 
portfolios. The limited number of available stocks will limit the purposefulness of 

9 We selected a representative series for the stocks that have more than one listing on the stock market. 
The selection criteria emphasized primarily the longevity of the series and the monthly share class specific 
liquidity, that is, the sensitivity of price changes with respect to the euro volume traded as proposed by 
Amihud (2002). The imposed restrictions factually reduce our data set from 136 firms to 111 towards the 
end of sample period. With the established criteria from 1996, the number of available stocks is greater 
than 50. 
10 The momentum portfolios are monthly sorted with the previous 2–12 month average of stock returns, 
while excluding the most recent month from rolling average as an standard practices in momentum 
literature, the only exception in the study against the yearly sorting of test assets. The momentum 
partitions of the stocks with 2–12 month rolling averages in period ‘t’ are generated in month ‘t+1’ from the 
available universe of stocks.
11 The price series is adjusted for stock dividends, stock splits, and other cash payouts.
12 They are excluded because of increased leverage and dependence upon special accounting measures as a 
standard practice in the literature. The firms that report negative BM ratios for a particular year are also 
not ranked in the subsequent year norm, established since Fama and French (1992, 1993) respectively.
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portfolio construction such that the sorted portfolios during the period consist only of 
an asset or otherwise the maximum number of stocks per portfolio is four.13 The 
thinness of portfolios urged this study to start the estimation period in July 1994 such 
that the characteristic portfolios maintain a minimum requirement of five stocks per 
portfolio, with the exception of the forestry sector.

The process of portfolio construction is begun with the calculation of market 
capitalizations and BM ratios for all the stocks.14 Available stocks for the portfolio 
construction are divided into two size groups with respect to the end of month (June) 
market capitalizations. The small size group includes the firms that have market 
capitalization below the median capitalization break point, and the big group includes 
the firms with firm sizes above the median break point in that year. The three BM 
partitions for all the legitimate stocks are generated with the corresponding BM 
estimates.15

The generated percentiles include the bottom 30 percent (L, growth), middle 40 
percent (M), and top 30 percent (H, value) of the BM stock returns from July in the 
current year until June in the following year. The partitions for size and BM for the 
whole sample period are rebalanced each year at the end of June. The independent 
intersection of two size quartiles with growth, middle, and value BM percentiles 
produces six portfolios: SL, SM, SH, BL, BM, and BH respectively. For example, SL 
represents the stocks belonging to the small size group that also resides in the low BM 
percentile; BM represents the group of stocks that are in the big size category and the 
middle 40th percentile of BM partition.

The construction of size-MOM portfolios is followed likewise but with monthly 
momentum rebalancing based upon previous 2–12 month rolling average returns. The 
stocks with relative performances are ranked in bottom 30 percent (L, loser), middle 40 
percent (N, neutral) and top 30 percent (W, winner) percentiles. The independent 
intersection of the two size quartiles with the MOM percentiles produces six size-MOM 
portfolios: SLM, SN, SW, BLM, BN, and BW. The letter ‘M’ differentiates the size-MOM 
portfolios from the size-BM portfolios. 

The industry portfolios are ranked on a yearly basis with the categorization available 
from Talouselama that places a company in a specific industry if it generated 60 
percent or more of its net sales in a particular business. This report is available in May 
each year. However, as noted in Vaihekoski (2004), no industry specific codes are 
available for Finnish firms; thus the construction of industry portfolios is subjective. 
Moreover, the test portfolios are constructed with both EW and VW weighting schemes. 
The low number of stocks in the Finnish market is pertinent issue for construction of 
characteristic portfolios. Earlier evidence for Finnish stocks has reported cross-
sectional regressions with 6 size and/or 7 industry portfolios (Vaihekoski, 2004 and 

13 The small number of the stocks in portfolios increases the riskiness of the investment, which is a stock 
specific characteristic to exhibit large fluctuations around the mean value.
14 The market capitalization is the product of the number of outstanding shares with the end of month 
stock price for June each year; similarly BM ratios are the estimates from dividing the book value of the 
stock by its market price at the end of December. The book values for the stocks are the total reported
assets plus deferred taxes (if reported), subtracting total intangible assets, total debt, and preferred stocks, 
taken from the reported fiscal yearend balance sheets.   
15 The fiscal year in Finland ends in December but all the reports are available at later dates. In order to 
avoid forward looking bias, like Fama and French (1992, 1993), we also start the ranking of portfolios in 
the month June. This practice reduces the sample period by six months but maintains the standard 
construction practice as is generally adopted in asset-pricing literature.
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Vaihekoski 2009). To have meaningful characteristics portfolios such that diversifiable 
risk could be reduced or eliminated is the requirement of (most of) rational models. 
Nonetheless, US retail investor hold under diversified portfolios (Goetzmann and 
Kumar, 2008). 

Ilmanen and Keloharju (1999) report Finnish representative investor hold poorly 
diversified portfolios and on average have only two stocks. Few industry portfolios in 
Vaihekoski (2004) have one (Food) and two (Housing & Constructions) stocks in the 
constructed Finnish industry portfolios. Given historical precedence in the Finnish 
asset pricing literature and poor diversification of Finnish investors, the portfolios in 
this study, theoretically, are under diversified for limited availability of stocks in the 
market otherwise reflect reality. The motivation to extend international evidence for 
anomalous risks leads us to compromise on the thinness of constructed characteristic 
portfolios. Nonetheless, these under-diversified portfolios are cost effective for having 
fewer stocks. Furthermore, estimations in section 4 show there is no linear dependence 
in the test portfolios. Following Lewellen et al. (2010) criticism, the tests in this study 
pass much stringent test and explain the cross-sectional variations in expected returns 
which might not have a particular covariance structure in the spanning of factor risks.

3.2. Risk factors

This study uses an EW market index as the representative market proxy to adjust for 
the Nokia effect.16 The EW market portfolio is constructed from all the listed stocks on 
the Finnish stock market. The monthly EURIBOR rate is used as a proxy for risk free 
rate and is extended with the monthly HELIBOR rates for the period prior to January 
1999.

The risk factors SMB, HML, and WML are constructed from the 2 × 3 base portfolios, 
that is, size-BM and size-MOM portfolios respectively. The SMB risk factor is generated 
from the average of the small stock portfolios (SL, SM, SH) minus the average big stock 
portfolios (BL, BM, BH) each month. The value-growth factor return, HML, is the 
difference of the average of the two value portfolios (SH, BH) and the average of the 
two growth portfolios (SL, BL); HML is calculated each month. The WML factor is the 
difference between the averages of two winner/relative strength portfolios (SW, BW) 
and the two loser portfolios (SLM, BLM), also calculated each month. We also augment 
Fama and French (1993) three factor model with term structure of interest rate and 
exchange rate variations as risk factors. 

The selection of these variables is motivated for their ability to explain the variations in 
expected returns for the Finnish stocks (Antell & Vaihekoski, Virk, 2012). Ferson and 
Harvey (1991) study a number of proxies for the economic risks that influence expected 
returns for which earlier studies report nonzero average price of respective (beta) risk. 
This guideline is also followed here in searching relevant risk factors for Finnish stocks 
prevalent in both domestic and international asset pricing literature. Furthermore, we 
include factor risks that manifest aggregate risks that are non-diversifiable. Of course, 
the tests in the study are not to manifest that the proxies for risks uniquely capture 
underlying economic risks that affect discount rate variations. These factors if proxy the 
latent variables that drive expected returns should reflect the tendency of assets to do 

16 Therefore, non-adjustments for the large capitalization stocks in the constructed portfolios could 
potentially dominate the size of the SDF factor sensitivities and beta risk for a particular portfolio (see Lally 
& Swidler, 2008). 
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badly in bad times that is, capture inherent risk, influence model pricing kernel  and are 
priced across assets. 

3.3. Conditioning variables

Investors set prices presumably based on some information besides preferences that 
how the investment payoff is set under different states of world. We would like to have 
a cleaner measure for the information used by the investors in setting prices. Factually 
we do not observe the information set of the investors. Therefore we use instrumental 
variables which summarize the state of the world when they made their allocation 
decisions. Numerous conditioning variables, following Schrimpf et al. (2007), are 
searched to draw comparisons among unconditional models and conditional versions 
of CAPM for the Finnish market. The restrictions imposed on the selection of 
instruments used are that they have the ability to proxy business cycle variations so 
that the scaled CAPM specification could be supported in capturing time varying risk 
premium. Second, these variables should be available in the (prior) time  information 
set.  We employ six instruments to capture investors’ expectations for future asset 
returns. Generally, the selection of conditioning variables, except for market illiquidity 
and currency fluctuations, depends on the return predictability literature. The 
aggregate market illiquidity is estimated by the Amihud (2002) measure.17

Moreover, the set of conditioning variables include term structure spread (TS) as the 
difference of the 10-year Finnish government bond and monthly interbank rate proxy 
for risk free rate. The choice of EXR to scale the CAPM is motivated to study if the 
representative investor in the CAPM economy set prices while hedging for exchange 
rate fluctuations. The remaining conditioning variables are a January dummy and a 
log-linearized market dividend yield (DY) and price to earnings ratio (PER).18 Ferson 
and Harvey (1991) show that average market risk premium in the month of January is 
higher than the remaining months of the year. Whereas, Loughran (1997) and Daniel 
and Kent (1997) report returns characteristics are different in January and other 
months of the years. They report the value effect in the stock returns is largely driven by 
January effect (with much higher returns in the value stocks than growth stocks). 
Therefore, following Hodrick and Zhang (2001) and Schrimpf et al. (2007) we also use 
the January dummy to allow the parameters of the model to differ in this month and 
remaining months of the year. We test for the presence of January anomaly for the 
Finnish stocks then taking January as a risk factor in the model or for the predictability 
of stocks returns as in Ferson and Harvey (1991).

Numerous other candidate instruments such as market capitalization, industrial 
production level changes and its cyclical component, inflationary changes, and 
unemployment rate were used to condition CAPM. The estimations with the mentioned 

17The absolute return of each stock is divided by the corresponding euro volume: | |/ , where | |is the absolute return on day  of the month , and is the daily volume in euros. The Amihud 
(2002) measure gives absolute price change per euro volume traded. An illiquid stock would have lesser 
depth (resilience) and will be more sensitive for each per euro volume traded in comparison to liquid 
stocks. Hence, for illiquid stocks, monthly will be higher and is calculated such that, =1 | | , where is the number of days for which data is available for stock in month  for a particular year. The monthly illiquidity estimates in a month are then averaged across the stocks, 
and the final monthly market illiquidity  is, such that, = 1 .
18The January dummy (Jan.) allows for the risk premium to differ between January and the other months 
of the year, such that the dummy takes values of 1 in the months of January across the sample and zero 
otherwise.
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instruments provide no statistical or economic improvement and therefore are dropped 
from the main analysis.

3.4. Descriptive statistics

Table 1 reports summary statistics for both EW and VW portfolios. The average firms in 
all the portfolios are greater than five, except for the food and retail sector, which has 
an average number of 3.26 firms in the sample. The size-BM and size-MOM portfolios 
have 10 firms per portfolio on average, while the largest number is reported for BN 
(18.58). Overall, the portfolio with most number of firms is the electronics (22.84) 
industry. The big capitalization firm in each portfolio constitutes at least 25 percent of 
the total portfolio capitalization. Similarly, if we account for the collective capitalization 
weight coming from the top three firms in a particular portfolio, the weight ranges 
between 53 percent and 99 percent of the aggregate portfolio capitalization.

The industry portfolios suffer from the skewed capitalization weights most severely 
amongst all. The small size portfolios constitute only approximately 1 percent of the 
total market capitalization, whereas the capitalization of the big portfolios range from 
13 percent to 49 percent for both size-BM and size-MOM portfolios. The multi-
business, banking and finance, food and retail, and construction sectors are those 
mainly containing the small capitalization firms; its contribution to the aggregate 
market capitalization ranges between 1 percent and 6 percent in the sample. The 
average returns for EW portfolios are generally lower than the mean returns on the 
value weighted counterparts reported in Table 1, except for the multi-business and 
forestry sectors. 

The VW average returns for size-BM and size-MOM portfolios are statistically 
significant, except for the BN, whereas the significant EW portfolios are SM, SH, BM, 
BH, SLM, SN, SW, and BW. All industry returns, both EW and VW, are statistically 
significant at 5 percent critical t-ratios, barring the forestry portfolio. The size and value 
effects are observed for EW size-BM portfolios. The size monotonicity in the VW 
portfolios is broken only for the higher returns obtained on the large growth firms (BL) 
rather than the small growth firms (SL) in the sample. The BM effect is also missing for 
the capitalized portfolios. However, the size-related increases across momentum 
portfolios (for both weighting criterions) are present, while the momentum effect is 
only witnessed for EW portfolios. 

The momentum return monotonicity in the VW portfolios is broken for the lower 
returns on the neutral capitalization (across both size categories) stocks more so than 
in the loser portfolio. Otherwise, the winner stocks consistently outperform the loser 
portfolios. The largest return on the portfolio SH is consistent with the size and value 
risk explanations in Fama and French (1993). Vaihekoski (2004) described low average 
dispersion across size portfolios, which is contrary to the substantial dispersion across 
portfolios reported in this study. The non-conformity could occur for numerous reasons 
including different sample periods and inclusion of delisted stocks. The most 
compelling reason for the observational differences is the use of logarithmic returns in 
his work rather than the simple relative returns used in this study. The continuously
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Table 2 Summary Statistics for Factors and Conditioning Variables

The Table reports monthly percentage mean returns and standard deviations of risk factors for the period 
199407:200905.  Furthermore, correlation matrix is reported in the next vertical panel. is EURIBOR 
rate proxy for risk free rate in the study extending the series with HELIBOR for the period prior to 199901. 
Rm is the equally weighted proxy for aggregate market index. SMB and HML are Fama and French (1993) 
size and value risk factors constructed for Finland.  The instrument matrix for conditioning variables used 
to study the conditional CAPM is defined as with = (     ) , where is the term 
structure spread and  are the monthly €/$ logarithmic change. and and MV are the log 
linearized series of aggregate dividend yields and the price to earnings ratio for the aggregate index. 
measures the sensitivity of absolute returns to the euro traded volume for the total market as given in 
Amihud (2002 The only instrument not reported is the January dummy ( .) which takes value 1 in the 
month January and is zero otherwise.

compounded returns are not linearly additive across the portfolio components, which is 
a well-reported drawback (Campbell, Lo, & Mackinlay, 1997).19

Moreover, the momentum investing in small capitalization firms is the most rewarding 
strategy and has the highest average return across all the EW and VW test portfolios. 
The largest EW average return across the sectors is offered by the forestry sector at
2.04 percent per month, whereas banking and finance sector provides the lowest return 
of 1.06 percent per month. The most rewarding industry in the capitalized weighted 
portfolios is the electronics sector (2.19 percent), and the lowest average returns are
reported for the forestry sector (0.76 percent). Additionally, capitalized weighted 
average returns are significant at the 5 percent level more often than the contrarian 
weighting method. 

The volatilities for all VW portfolios are larger than the EW portfolios, except for SH, 
SW, multi-business, and forestry portfolios. The Jarque-Bera normality test rejects 
normality more often for the EW portfolios in comparison with the VW portfolios. We 
estimate the difference in means t-test between the two series of the respective 
portfolio. The significant differences show that both the portfolios constructed with 
alternating weighing schemes follow independent return paths overtime. 

19 Campbell, Lo, and Mackinlay (1997) noted that this issue is minor at shorter time horizons, such as daily 
time intervals. However, the portfolio returns calculated with log returns are downwardly biased in the 
range of 0.5 percent to 1.5 percent per month on average from the reported size-BM and industry 
portfolios. The bias implies that logarithmic returns underreport the gains and over-report the losses of the 
constituent stocks in the respective portfolios.

Cross-correlation

Mean Std. Rm SMB HML WML TS EXR DY PER ILLIQ

Rf 0.29 0.09
Rm 0.84 6.43 1.00
SMB 0.71 6.57 -0.14 1.00
HML 0.27 6.54 -0.32 0.32 1.00
WML 1.05 8.72 -0.16 0.45 0.16 1.00
TS 0.14 0.11 0.16 0.04 -0.04 0.01 1.00
EXR 0.13 2.50 -0.06 0.04 0.00 0.01 0.08 1.00
DY 0.23 0.11 0.05 0.04 -0.01 -0.23 -0.24 0.04 1.00
PER 1.44 0.74 0.01 0.18 0.08 0.23 -0.22 -0.17 -0.54 1.00
ILLIQ 4.37 4.49 -0.15 0.07 0.14 -0.09 -0.25 0.05 0.33 0.03 1.00
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Table 3 Forecasting regressions using conditioning variables  

The Table reports the predictive power of the set of conditioning variables used in the study and is tested 
with Wald statistic for the sample period 1994:07-2009:05. The Wald statistic tests under the null 
hypothesis : = 0 that all the model coefficients on the conditioning variables are jointly zero. The 
predictability regressions , = + + are ran for the all the test assets i
with = (     ) , where is the term structure spread, are the monthly €/$. 
and are the log linearized series of aggregate dividend yields and the price to earnings ratio for the 
aggregate index respectively. measures the sensitivity of absolute returns to the euro traded volume 
for the total market as given in Amihud (2002Additionally we also report the R2 values from the 
predictability regressions. The asymptotic test estimates and corresponding p-values to reject the null 
are given in columns (2,3) of panel A and B for EW and VW portfolios respectively.

Equally weighted portfolios Value weighted portfolios

R2 2(6) p-value R2 2(6) p-value
Panel A Panel B

SL 0.12 24.92 0.00 0.12 24.16 0.00
SM 0.11 22.35 0.00 0.12 24.46 0.00
SH 0.10 20.81 0.00 0.12 23.46 0.00
BL 0.09 17.98 0.01 0.04 7.32 0.32
BM 0.09 18.35 0.01 0.05 10.14 0.14
BH 0.05 8.84 0.18 0.02 4.59 0.62
SLM 0.15 30.99 0.00 0.12 24.52 0.00
SN 0.08 15.75 0.02 0.08 16.33 0.02
SW 0.12 23.17 0.00 0.16 33.91 0.00
BLM 0.09 17.50 0.01 0.02 4.55 0.63
BN 0.09 17.70 0.01 0.05 10.05 0.15
BW 0.08 15.34 0.02 0.10 20.02 0.01
Multi Business 0.11 20.89 0.00 0.09 18.35 0.01
Banking & Fin. 0.06 11.68 0.07 0.03 5.44 0.52
Metal 0.08 14.52 0.02 0.05 10.02 0.15
Forestry 0.11 21.09 0.00 0.03 5.52 0.51
Food & Retail 0.09 16.92 0.01 0.08 16.46 0.02
Electronics 0.12 23.27 0.00 0.05 8.64 0.22
Chemicals 0.05 9.59 0.14 0.03 6.01 0.45
Construction 0.15 30.99 0.00 0.08 15.39 0.03

The test rejects the null of zero difference for portfolios SL, SM, BL, SLM, SN, and SW 
among size-BM and size-MOM portfolios, whereas for industry portfolios the null is 
rejected only for banking and finance, and food and retail. The power of the test, for the 
remaining test portfolios, is weak and cannot reject the null for nonzero differenced 
mean values. The results from nonzero alternative values reveal that the differences 
ranging from 0.1 percent to 1 perent per month are robust across the portfolios (results 
are available upon request). The statistical significance of the difference in mean 
returns strengthens our expectation to look for specification errors of APM using EW 
and VW portfolios separately, given the peculiar market dynamics. 

Table 2 reports the mean and standard deviations of the excess market return, 
proxy risk free rate, common variation is asset returns (SMB, HML, and WML) 
along with the conditioning variables used in the study. The second vertical 
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panel shows the cross correlations among all the listed factors for the tested 
asset-pricing models. The dividend yield (DY) and price-to-earnings ratio (PER) 
are correlated with the momentum effect more than the size or value premium. 
The other noteworthy correlation structures are between DY and PER.

The notable observation is the negative correlation between the market return 
and risk mimicking factors. The correlation structure shows that the strategies 
are good hedging candidates, which are related to the investor’s marginal rate of 
substitution, assuming that aggregate consumption linearly increases with 
increases in aggregate wealth. The value factor is substantially more associated 
with the market factor than the remaining two factor risks. The market 
illiquidity is also negatively correlated with market return and is auto 
correlated.20 The negative correlation manifests aggregate return falls during 
illiquid periods and vice versa. The non-correlation of common covariates with 
the fundamental factors could be disappointing for studies vouching for 
common covariates among stock returns as reward for mapping real variations 
in the economy (Vassalou, 2003; Liew & Vassalou, 2000; Cochrane, 2007).  

The time series regressions are carried to evaluate the predictability of the 
selected scaling variables. Table 3 reports the Wald statistic and corresponding 
p-values for the null that all the model coefficients are jointly zero. The reported 
R2 values are not substantially large across our EW and VW test portfolios. The 
Wald test in Table 3 rejects the null of joint predicting power of the stipulated 
conditioning vector more often for the EW portfolios than the capitalized 
portfolios at 5 percent confidence values. 

20 The serial correlation in the aggregate illiquidity can be traced till 23rd lag in the sample.
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4 ESTIMATIONS AND DISCUSSION

4.1. Unconditional models

The results for the unconditional models using EW portfolios are presented in panel A 
of Table 4. The benchmark CAPM model shows that the market risk premium is 
positive. The SDF estimations display the negative correlation of the market factor with 
the pricing kernel, which, in theory, is positively compensated risk.21 However, the 
estimates suffer from large sampling errors, and the -test rejects the null at 1 percent 
significant p-values. The HJ-distance for the CAPM is highest among all the 
unconditional models. Moreover, the Andrews (1993) parameter stability test rejects 
the null at 5 percent critical values.

The value factor remains persistent in affecting the SDF and commanding a positive 
premium in the estimation of the Carhart specification. The estimates for remaining 
risk factors are theoretically plausible but significant. Similarly, the SMB and WML 
(FM) risk prices are positive yet insignificantly estimated. The fit of the model is further 
boosted with the non-rejection of the joint null of zero pricing errors. Furthermore, the 
Carhart model parameters are stable and the null of no structural break in the model 
parameters cannot be rejected with 5 percent asymptotic values.  

The estimations for FF3 display the positive premiums for the size and BM effect,
although only the value effect is significantly priced. The prevalence of size and value 
effect for the Finnish stocks is consistent with the U.S. evidence. The specification not 
only improves in terms of R2 values but also fails to reject the null of joint zero 
mispricing.  Importantly, HML is the only factor significantly affecting the 
model SDF, whereas market and size factor sensitivities are insignificantly 
estimated. However, the FF3 specification also suffers from parameter 
instability. 

We augment the FF3 model with the term structure of interest rates and 
exchange rate risk, and call it FF5. The FF5 model shows a significant premium 
for the size and the value effect at 10 percent and 1 percent confidence values 
respectively, whereas the size factor in the SDF-GMM estimations does not 
influences the SDF. The value factor remains the most convincing and 
influences the model SDF. The model has the highest R2 and cannot reject the 
joint zero mispricing null. Nonetheless, the model produces the smallest HJ-
distance (34 percent) comparable to that of the Carhart model. The augmented 
model does not suffer from parameter instability regardless of using additional 
degrees of freedom. 

CAPM is the only model, among unconditional models, for which Hansen’s over
identification test rejects the model moments at 5 percent confidence values for 
both EW and VW portfolios. The results with VW portfolios (Table 4 panel B) 
show non-prevalence of the value factor to influence model SDFs and the 
corresponding risk premium. In the SDF-GMM estimations, the sign for value 

21 If the candidate model pricing kernel proxies the investor marginal utility, then the negative correlated 
pricing factor with the SDF should have the positive risk premium to compensate for the associated risk 
exposure. 
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factor sensitivity consistently requires positive returns on HML strategy; 
however, the estimated FM risk premium is implausible with its small economic 
size. The market factor, for VW portfolios, affects the pricing kernel and 
commands a significant risk premium across all the unconditional models. 
Moreover, the size factor influences the FF3 model-pricing kernel significantly, 
whereas the momentum priced risk is nevertheless unable to relate with the 
model SDF in the Carhart estimations. The macro factors remain trivial for the 
value-weighted portfolios, in the FF5 model, with significance of the market 
factor and borderline insignificance of the size strategy.

The dissimilarity in evidence displays the differences in the returns generating 
processes for the average firm effect (EW) and the fate of invested capital 
respectively (VW). Therefore, the portfolios on average are strongly sensitive to 
variations in value factor, but variations in VW portfolios are better captured by 
the market factor. Nevertheless, for capitalized portfolios, the CAPM is still 
unable to suppress cross-sectional mispricing, unlike the portfolio-based 
models. The Carhart model has the lowest HJ-distance followed by FF5 and FF3 
among the unconditional models for EW and VW test assets respectively. 
Besides, the explanations are reliable for the model parameters’ general stability 
across specifications.

4.2. Conditional CAPM 

Hodrick and Zhang (2001) noted that the conditional models are attractive for 
surrogating the time varying risk premiums that are otherwise unavailable with 
the unconditional testing. However, the conditional tests more often suffer from 
parameter stability and for employing additional degrees of freedom (Ghysels, 
1998). The model parameters increase geometrically with the number of 
conditioning variables. Therefore, given the small sample we condition only the 
single factor CAPM specification.

The SDF-GMM and price of risk estimations for the EW and VW portfolios are 
presented in Table 5 and Table 6 respectively. The role of scaling variables is to 
improve the misspecification of the unconditional CAPM compared to the 
competing multi-factor models. Generally, the joint zero mispricing null for the 
FM regressions is rejected across all the specifications except for the illiquidity-
scaled CAPM as shown in Table 5. Moreover, the estimate for the market beta 
risk is always positive yet insignificant.

The first instrument used for the conditional CAPM specification is TS. The R2

values show that the specified model explains larger linear variability in the test 
portfolios compared to the unconditional CAPM. The results suggest the term 
structure scaled model does not suppress the cross-sectional mispricing and 
could not help to bolster the dismal performance of the CAPM model. The HJ-
distance is marginally smaller than the unconditional CAPM with stable model 
parameters.

The second scaled specification concerns exchange rate risk. The estimations 
show that neither risk factor (exchange rate factor or market factor) significantly 
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affects the SDF. Additionally, the currency risk premium is negative with an 
economic premium of only -12 bps p.a. yet insignificantly estimated. The 
notable observation is the significance of premia on the EXR scaled beta risk, 
which is negatively priced and significantly affects the pricing kernel.  
Nonetheless, the is improved from the unconditional CAPM test. Overall, 
the scaled specification fails to boost the CAPM to compete with the better 
performing unconditional models, in terms of comparable HJ-distances.

The next specification is scaled by DY. The price of risk for the DY is negative 
and insignificant at 10 percent. The scaled variable is unable to influence the 
model SDF. Importantly, the DY scaled model has a R2 value comparable to that 
of FF3 model. However, the HJ-distance is large and the model moments are 
rejected by Hansen’s (1982) over identification test. The estimations for the 
PER-CAPM show that the variable is unable to mitigate the dismal performance 
of the unconditional CAPM across EW portfolios. The FM price for PER risk is 
0.005 and manifests as the increases in PER, which are followed by higher 
cross-sectional stock returns.22 Moreover, the lagged PER could not relate to 
pricing kernel significantly. The positive compensation of increasing PER yields 
predictions contrary to conventional wisdom (Campbell & Shiller, 1988). 

A January dummy is the fifth variable to scale the static CAPM. The estimations 
for the EW portfolios do not report significant “January effect.” The well-placed 
empirical evidence signifying size and BM effect in stocks is driven by the 
January effect (Loughran, 1997; Daniel & Titman, 1997) has no ground for the 
average inclination of the Finnish stock return patterns. Furthermore, we 
augment the model with value risk for robustness, and the HML remains 
significant risk to influence the model-pricing kernel. The price of risk 
estimations show a large R2 value compared to the FF3 model, but the January 
dummy neither influences the pricing kernel nor reduces the mispricing. 
Moreover, the SDF-GMM estimation suffers from parameter instability. 

Assuming ,  as the expected market illiquidity, the positive premium 
highlights an overall compensation for bearing the average state of market 
illiquidity, although it is insignificant.23 The FM estimations report a positive, 
though insignificant, premium for the expected market illiquidity. The evidence, 

22 Subsequent decline in the PER (per se mean reversion) from a higher period might occur for two reasons 
– either the stock growth slows or the stock earnings grows faster. The possibility that stocks grow slowly 
after the high PE periods poses a negative outlook for the stock market. The positive risk premium is only 
plausible assuming that the pull back in the PER is for stellar growth in earnings rather than the stalling 
growth in stock prices. We plot the quarterly PE ratios for the aggregate market index with the following 
four-year aggregate returns (available upon on request). The evidence is consistent with Campbell and 
Shiller (1988, 1998) for the U.S. and other pan-European stock markets such that the periods with high PE 
ratio are followed by slower growth in stock prices. 
23 We assume lagged as the expected market liquidity for its high persistence to generalize 
explanations for the expected state of market illiquidity.
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Table 4 Unconditional estimations with Fama-MacBeth (1973) and SDF-GMM regressions

The Table reports Fama-MacBeth (1973) price of risk estimations and factor sensitivities using the SDF-
GMM methodology for the sample period from July, 1994 till May, 2009.  The Table is divided into two 
panels.. Each panel is further divided into 4 distinct parts to report the corresponding factor premiums j

and SDF factor sensitivities bj for (1) CAPM, (2) FF3, (3) Carhart and (4) FF5 models respectively. The t-
values for the estimates from both regressions are given in (). The first two rows of each partition provide 
the FM based factor risk premiums and t-values computable from the time series of cross-sectional 
estimates in the 2nd stage FM regressions. The 2 (N-1) statistic and the average R2 are presented as 
performance measures for the FM regressions. The 2 statistic is distributed with N-1 degrees of freedoms 
tests if the cross-sectional pricing errors are jointly zero. The 5th and 6th row in the  partition present the 
parameters of the respective model SDF with GMM t-values.  The Andrews (1993) parameter stability test, 
Hansen (1982) over identification test and the Hansen and Jagannathan (1997) distance specification 
measures for the SDF-GMM estimations are notated with supLM, JT-test and HJ. The significant supLM 
test statistics at 5% critical p-values as given in the Andrews (1993) Table 1 are presented in bold. The p-
values for the null hypothesis HJ=0 are calibrated with Jagannathan and Wang (1996) simulation method. 
The small/large p-values against/for the null hypotheses are given in [] for the noted test statistics 
respectively.

m SMB HML WML TS EXR -1) R2

Panel A: Equally weighted Portfolios
(1) CAPM 0.01 39.02 12.15

(1.13) [0.000]

a bm bSMB bHML bWML bTS bEXR supLM JT-test HJ-dist.

0.997 -1.47 5.93 47.81 0.47

(107.6) (-0.85) [0.00] [0.42]

m SMB HML WML TS EXR -1) R2

(2) FF3 0.003 0.01 0.02 22.55 30.97

(0.55) (1.46) (2.59) [0.16]

a bm bSMB bHML bWML bTS bEXR supLM JT-test HJ-dist.

0.997 -2.95 -1.74 -5.57 10.93 24.41 0.35

(27.35) (-1.57) (-1.48) (-2.67) [0.11] [0.11]

m SMB HML WML TS EXR -1) R2

(3) Carhart 0.003 0.011 0.020 0.008 21.85 39.78

(0.58) (1.58) (2.73) (0.82) [0.15]

a bm bSMB bHML bWML bTS bEXR supLM JT-test HJ-dist.

0.997 -3.12 -0.98 -5.49 -1.08 19.39 24.00 0.34

(28.68) (-1.62) (-0.61) (-2.71) (-0.8) [0.09] [0.06]

m SMB HML WML TS EXR -1) R2

(4) FF5 0.002 0.02 0.02 0.05 0.005 20.91 42.61

(0.37) (1.89) (2.77) (1.50) (0.79) [0.14]

a bm bSMB bHML bWML bTS bEXR supLM JT-test HJ-dist.

1.00 -2.01 -1.79 -5.66 -2.78 -1.82 89.82 24.86 0.34

(15.13) (-0.91) (-1.51) (-2.51) (-1.41) (-0.2) [0.05] [0.10]
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Table 4 (Continued)

m SMB HML WML TS EXR -1) R2

Panel A: Equally weighted Portfolios
(1) CAPM 0.01 20.40 14.51

(1.75) [0.37]

a bm bSMB bHML bWML bTS bEXR supLM JT-test HJ-dist.

0.997 -3.79 16.95 30.61 0.34

(41.77) (-2.19) [0.04] [0.71]

m SMB HML WML TS EXR -1) R2

(2) FF3 0.01 0.01 -0.001 15.33 35.50

(2.39) (1.55) (0.14) [0.57] []

a bm bSMB bHML bWML bTS bEXR supLM JT-test HJ-dist.

0.997 -4.59 -1.80 -1.49 26.92 21.76 0.29

(30.98) (-2.47) (-1.75) (-0.86) [0.19] [0.27]

m SMB HML WML TS EXR -1) R2

(3) Carhart 0.014 0.01 -0.000 0.01 13.09 43.09

(2.52) (1.34) (-0.04) (1.61) [0.67]

a bm bSMB bHML bWML bTS bEXR supLM JT-test HJ-dist.

0.997 -4.82 -0.95 -1.52 -1.45 54.38 16.78 0.27

(29.25) (-2.53) (-1.65) (-0.93) (-1.33) [0.40] [0.31]

m SMB HML WML TS EXR -1) R2

(4) FF5 0.01 0.01 -0.001 0.03 0.002 15.14 44.73

(0.54) (1.61) (-0.14) (1.11) (0.34) [0.44]

a bm bSMB bHML bWML bTS bEXR supLM JT-test HJ-dist.

0.997 -4.37 -1.69 -1.51 -0.79 -1.56 213.49 21.17 0.29

(26.44) (-2.1) (-1.57) (-0.83) (-0.3) (0.17) [0.13] [0.17]

along with the negative risk premium for the market illiquidity risk (unexpected 
illiquidity) for the Finnish market as reported in Vaihekoski (2009), is 
consistent with Amihud (2002). 24 The interaction term between market factor

24 Vaihekoski (2009) modeled the market-wide illiquidity risk as the (unexpected) change in the market 
liquidity. Amihud (2002) noted the risk for bearing unexpected market illiquidity rises in the portfolio size 
and is weak for the large capitalization stocks and vice versa. However, the hypothesized illiquidity beta 
risk montonicity is not increasing across the capitalization of the portfolios for Finnish stocks in 
Vaiheksoki (2009); see tables 3 and 4 for the documented OLS and GMM time series betas on market-wide 
illiquidity risk for the six size portfolios respectively. Rather, a reverse pattern is reported wherein large 
capitalization stocks are relatively more exposed to market illiquidity risk contrary to the intuition of the 
concept; yet the cross-sectional premium for the risk is consistent with the evidence in the literature.  



115

Table 5 Fama-MacBeth (1973) and Conditional SDF-GMM regressions (I)

The Table reports the conditional CAPM estimations for the EW portfolios with Fama-MacBeth (1973) 
procedure and SDF-GMM regressions during the sample from July, 1994 till May, 2009.  The Table is 
divided into 9 sub panels. Each panel is numbered under heading IV-CAPM, where IV is the instrument 
variable used for the condition the unconditional CAPM. The factor risk premiums IV, m, and IV.m, are 
the premiums for the conditioning variables, market factor and interaction term of both respectively for 
the scaling variable as labeled in each sub panel.  Similarly, the estimates under bIV, bm, and bIV.m manifest 
the SDF factor sensitivities in the corresponding scaled CAPM specification. The t-values for the estimates 
from both regressions are given in ().The first two rows of each partition provide the FM based factor risk 
premiums and t-values computable from the time series of cross-sectional estimates in the 2nd stage FM 
regressions. The 2 (N-1) statistic and the average R2 are presented as performance measures for the FM 
regressions. The 2 statistic is distributed with N-1 degrees of freedoms tests if the cross-sectional pricing 
errors are jointly zero. The 5th and 6th row in the sub panel present the parameters of the respective model 
SDF with GMM t-values respectively.  The Andrews (1993) parameter stability test, Hansen (1982) over 
identification test and the Hansen and Jagannathan (1997) distance specification measures for the SDF-
GMM estimations are notated with supLM, JT-test and HJ. The supLM test failing to reject the null 
hypothesis of no structural shifts in the model parameters are presented in bold with the tabulated p-
values in Andrews (1993) Table 1. The p-values for the null hypothesis HJ=0 are calibrated with 
Jagannathan and Wang (1996) simulation method. The small/large p-values against/for the null 
hypotheses are given in [] for the noted test statistics respectively.

TS m TS.m -1) R2

(1) TS-CAPM 0.02 0.004 0.01 36.93 27.3
(0.54) (0.51) (1.47) [0.00]

a bTS bm bTS.m supLM JT-test HJ-dist.
1.03 -3.07 -0.54 -25.21 47.31 47.16 0.45

(15.75) (-1.36) (-0.30) (-0.81) [0.00] [0.05]

EXR m EXR.m -1) R2

(2) EXR-CAPM 0.000 0.004 -0.001 28.28 28.42
(-0.02) (0.61) (-2.13) [0.04]

a bEXR bm bEXR.m supLM JT-test HJ-dist.
1.02 9.83 0.04 258.54 1252.80 33.94 0.40

(20.43 (0.81) (0.02) (2.05) [0.01] [0.14]

LGB m LGB.m -1) R2

(3) DY-CAPM -0.001 0.002 -0.004 36.79 29.27
(-1.58) (0.32) (0.41) [0.00]

a bDY bm bDY.m supLM JT-test HJ-dist.
1.00 247.60 -1.59 -925.75 32.34 47.47 0.45

(17.99) (0.84) (-0.80) (-0.42) [0.00] [0.03]

PER m PER.m -1) R2

(4) PER-CAPM 0.003 0.001 0.000 38.16 28.34
(1.22) (0.22) (0.34) [0.00]

a bPER bm bPER.m supLM JT-test HJ-dist.
1.00 1.53 -1.19 -138.36 27.05 34.70 0.46

(69.51) (0.05) (-0.67) (-0.66) [0.01] [0.01]
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Table 5 (Continued)

Jan m Jan -1) R2

(5) Jan.-CAPM 0.02 0.00 0.01 37.36 31.17
(0.32) (0.57) (1.35) [0.00]

a bJan bm bJan.m supLM JT-test HJ-dist.
1.02 -0.08 -0.70 -7.22 4.98 46.02 0.46

(20.97) (-0.12) (-0.40) (-1.12) [0.00] [0.01]

ILLIQ m ILLIQ.m -1) R2

(6) ILLIQ-CAPM 0.04 0.01 -0.001 22.14 30.24
(1.45) (1.59) (-1.90) [0.18]

a bILLIQ bm bILLIQ.m supLM JT-test HJ-dist.
1.07 -10.56 -4.78 168.25 9.45 19.44 0.35

(10.88) (-1.36) (-1.51) (1.96) [0.30] [0.39]

and expected illiquidity is negative and is significant with conventional t-values. The 
illiquidity scaled CAPM performs well for the EW portfolios and has the lowest 
among the scaled specifications. The non-rejection of the over identification null 
hypotheses specifies the model moments are correctly specified but suffer from 
parameter instability as indicated by the Andrews (1993) supLM test.
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Table 6 Fama-MacBeth (1973) and Conditional SDF-GMM regressions (II)

The Table reports the conditional CAPM estimations for the EW portfolios with Fama-MacBeth (1973) 
procedure and SDF-GMM regressions during the sample from July, 1994 till May, 2009.  The Table is 
divided into 9 sub panels. Each panel is numbered under heading IV-CAPM, where IV is the instrument 
variable used for the condition the unconditional CAPM. The factor risk premiums IV, m, and IV.m, are 
the premiums for the conditioning variables, market factor and interaction term of both respectively for 
the scaling variable as labeled in each sub panel.  Similarly, the estimates under bIV, bm, and bIV.m manifest 
the SDF factor sensitivities in the corresponding scaled CAPM specification. The t-values for the estimates 
from both regressions are given in ().The first two rows of each partition provide the FM based factor risk 
premiums and t-values computable from the time series of cross-sectional estimates in the 2nd stage FM 
regressions. The 2 (N-1) statistic and the average R2 are presented as performance measures for the FM 
regressions. The 2 statistic is distributed with N-1 degrees of freedoms tests if the cross-sectional pricing 
errors are jointly zero. The 5th and 6th row in the sub panel present the parameters of the respective model 
SDF with GMM t-values respectively.  The Andrews (1993) parameter stability test, Hansen (1982) over 
identification test and the Hansen and Jagannathan (1997) distance specification measures for the SDF-
GMM estimations are notated with supLM, JT-test and HJ. The supLM test failing to reject the null 
hypothesis of no structural shifts in the model parameters are presented in bold with the tabulated p-
values in Andrews (1993) Table 1. The p-values for the null hypothesis HJ=0 are calibrated with 
Jagannathan and Wang (1996) simulation method. The small/large p-values against/for the null 
hypotheses are given in [] for the noted test statistics respectively.

TS m TS.m -1) R2

(1) TS-CAPM 0.06 0.01 0.00 18.18 25.34
(1.99) (2.10) (2.24) [0.38]

a bTS bm bTS.m supLM JT-test HJ-dist.
1.03 -1.99 -3.47 -29.51 182.05 28.98 0.32

(19.86) (-0.89) (-2.09) (-1.10) [0.04] [0.60]

EXR m EXR.m -1) R2

(2) EXR-CAPM 0.002 0.01 -0.001 14.60 28.59
(0.33) (1.94) (-2.42) [0.62]

a bEXR bm bEXR.m supLM JT-test HJ-dist.
1.02 0.95 -2.73 208.05 13.60 16.78 0.29

(21.16) (0.08) (-1.24) (1.91) [0.47] [0.67]

DY m DY.m -1) R2

(3) DY-CAPM 0.000 0.01 0.000 18.10 30.37
(-0.33) (1.15) (-0.09) [0.38]

a bDY bm bDY.m supLM JT-test HJ-dist.
1.00 252.66 -3.79 -308.09 23.56 24.84 0.32

(17.17) (1.04) (-1.91) (-0.19) [0.10] [0.50]

PER m PER.m -1) R2

(4) PER-CAPM 0.003 0.01 0.000 20.21 29.83
(1.82) (0.97) (1.37) [0.26]

a bPER bm bPER.m supLM JT-test HJ-dist.
1.00 -30.80 -3.66 28.34 5.31 31.50 0.32

(21.08) (-0.90) (-1.90) (0.14) [0.02] [0.57]
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Table 6 Continued

Jan m Jan.m -1) R2

(5) Jan.-CAPM 0.14 0.01 0.01 13.35 30.56
(2.22) (2.03) (1.61) [0.71]

a bJan bm bJan.m supLM JT-test HJ-dist.
1.13 -1.54 -3.20 -0.42 41.53 16.35 0.27

(19.60) (-2.40) (-1.62) (-0.05) [0.50] [0.84]

ILLIQ m ILLIQ.m -1) R2

(6) ILLIQ-CAPM 0.01 0.02 -0.0003 15.70 29.04
(0.41) (2.87) (-0.50) [0.55]

a bILLIQ bm bILLIQ.m supLM JT-test HJ-dist.
1.04 2.98 -4.43 87.84 65.12 19.13 0.30

(21.05) (0.49) (-2.24) (1.66) [0.32] [0.76]

The model parameters are stable for the conditional CAPM specifications using 
VW portfolios except for the PER scaled model at 5 percent critical values, as 
reported in Table 6. The other notable generalization is the significance of 
premia on market beta risk across all the scaled market model specifications, 
contrary to evidence reported in Table 5. Importantly, the market factor also 
influences the scaled pricing kernels and is important for determining cross-
sectional variations in the VW portfolio mean returns. Moreover, the cross-
sectional null cannot be rejected at the 5 percent critical p-values across all the 
FM price of risk estimations. The simplifications for the scaled CAPM are 
consistent with the estimations of the unconditional models using VW test 
assets.  
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Table 7 Dynamic Model Performances

Table reports the results from linear projections of the pricing errors , = ( ) , onto a 
set of conditioning vector = (     ) as proposed by Farnsworth et al. (2002). 
The model SDF, (), series is calculated using the one step SDF-GMM parametric solutions, , 
used in the estimation of HJ-distance measure. is the lagged difference between long rate series 
and one month EURIBOR series, is the change in euro against USD at time and is the 
aggregated market dividend yield. The is the price to earnings ratio for the market index and  

is aggregated market’s price impact to the euro volume traded. The Farnsowrth et al. (2002) 
diagnostic estimates of fitted pricing errors are presented under panel A and B respectively. The 
first vertical partition of the Table presents the results using EW portfolios and the 2nd half with the 
VW portfolios. The average standard deviation of projected pricing errors along with the minimum 
and maximum estimates using 20 excess portfolio returns and risk free rate proxy are given against 
each model tagged row. The lower average shows a particular model performs better in capturing 
the time series variability of asset returns in comparison to the results reported for other tested 
models.

Equally weighted portfolios Value weighted portfolios

Average Min Max Average Min Max

Panel A: Unconditional Models
CAPM 0.58 0.31 1.33 0.19 0.10 0.30

FF3 0.63 0.35 1.66 0.52 0.21 1.71

Carhart 0.57 0.34 1.28 0.47 0.19 1.37

FF5 0.69 0.43 1.77 0.66 0.26 0.97

Panel B: Conditional CAPM
TS 0.77 0.44 1.60 0.47 0.21 0.67

EXR 0.81 0.38 1.90 2.59 1.62 4.19

DY 1.93 1.31 3.32 0.73 0.36 1.62

PER 1.43 0.61 4.01 1.00 0.28 3.97

Jan. 0.47 0.30 0.81 0.30 0.16 0.54

ILLIQ 0.79 0.39 1.75 0.99 0.42 1.61

The TS-CAPM significantly prices the term structure risk and the interaction term.  The 
significance of the term premium highlights that investors demand higher returns on 
stocks for positive increases in the TS. The VW portfolios or presumably large 
capitalization firms are safe havens to meet investors’ hedging needs during periods 
with higher term returns, maintaining ceteris paribus. However, the term risk factor 
does not affect the pricing kernel significantly.  The model does not produce 
comparably small HJ-distance relative to the successful models using VW test 
portfolios. Additionally, the moment identification test rejects the model at 5 percent 
critical p-values. 

The scaled model with exchange rate changes explains larger variations in the VW 
portfolio returns than the EW counterpart. The price for euro/dollar fluctuations is 
positive yet insignificant. The result shows large capitalization Finnish firms are better 
hedged against currency fluctuations than the EW portfolios of small size firms. 
Generally, the returns for the export-oriented firms decrease with the corresponding 
appreciation in the home country currency, consistent with Koutmos and Martin 
(2003). The interaction term is negatively priced and also influences the pricing kernel 
significantly, similar to the results for EW portfolios. The exchange rate-scaled 
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specification has marginally lower HJ distance than the FF3 model and is second only 
to the Carhart model for the VW portfolios. 

The specifications with DY and PER are not attractive enough to affect the capitalized 
portfolio returns. The p-values for the over identification test reject the PER-CAPM at 5 
percent critical levels, whereas DY-CAPM is rejected for 10 percent significance values. 
Moreover, the HJ-distances do not improve on the cross-sectional mispricing to a level 
comparable with the better performing models.    

The most compelling performance is documented for the January-scaled CAPM using 
the VW portfolios. The estimations document a difference in the premiums for the
month of January and the other months of the year. The evidence is consistent with 
Heston et al. (1999) for the European stocks. However, the implications are not similar 
to the U.S. market, as reported in Denial and Titman (1997), because the higher returns 
in January display more correspondence to the large capitalization stocks than the BM 
effect. The explanation is also consolidated with the insignificance of the value factor 
for the VW portfolios. Importantly, the specification reduces the mispricing to similar 
levels, as with the best performing Carhart model.

The results for ‘January effect’ from the Finnish market are contrary to the US 
evidence: when we equal weight test portfolios (the best chance for value stocks, and 
small size stocks) January dummy does not influence model SDF. However, for VW test 
portfolios the January dummy influences SDF. Implicitly large capitalization Finnish 
firms have significantly larger premium in the month of January than remaining 
months of the year. 

The expected illiquidity has inconsistent SDF-GMM estimates compared to the FM 
positive risk price (which is insignificantly estimated). The interaction term 
significantly influences the pricing kernel at 10 percent critical values, as shown in the 
Table 5. The over identification test statistic has large p- values and is unable to reject 
the null. However, the model is comparable to better performing models in terms of 
HJ-distance, if not the best. 

Overall, the estimations for the VW portfolio highlight the fact that the market factor is 
persistent in influencing the specification pricing kernels with plausible risk 
compensations. Besides the implicit significance of the January effect for large 
capitalization firms, other important factor risks include EXR and ILLIQ-scaled market 
factors for both EW and VW portfolios. The results show that the misspecification of 
the static CAPM can be improved if the parameters of the scaled SDF are allowed to 
vary through time. However, the scaled CAPM specifications usually fail to capture the 
average tendency of the firms, except for the illiquidity-scaled CAPM. 

The dismal performance of the conditional-CAPM for EW portfolios highlights the 
lowness of conditioning variables in the predictability regressions (Table 3). However, 
the employed information variables performed much better for the capitalized 
portfolios, compared to the EW portfolios, in suppressing cross-sectional mispricing. 
Moreover, the varying risk explanations and differences in HJ-distances emphasize the 
otherwise shortcoming of generalized evidence for markets such as Finland.
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Table 8 Factor combinations based likelihood-ratio test

Table reports the Cochrane (1996) based likelihood ratio statistic establishing given an unrestricted model 
factors f , are a restricted model factors f important for pricing assets. The LR test simplifies the idea if the 
restricted factors are not important for asset pricing then the GMM based minimized objective function 
compared to corresponding  estimate for the general model should not rise much. In order to employ the 

2-difference test we augment each model (excluding FF3) factors with the Fama and French (1993) model 
risk factors, i.e., SMB and HML. Then we compare the performance of the augmented model with the 
restricted model that the regression estimates for SMB and HML are zero. The listed models in the column 1 
of the Table represent the restricted model. Panel A reports the statistic for unconditional models for both 
EW and VW models in separate vertical partitions. Similarly, the performance of the conditioning variables 
is analysed in Panel B. All the GMM estimations are done using general model weighting matrix. The 
significant increases in the restricted model minimized objective function show the restricted model factors 
outperform the SMB and HML factors or vice a versa. The test statistic is chi-square distributed with 2 (# of 
restrictions) degrees of freedom. 

Equally weighted portfolios Value weighted portfolios

2(2) p-value 2(2) p-value

Panel A: Unconditional Models
CAPM 23.40 0.00 8.86 0.01

Carhart 21.21 0.00 1.95 0.19

FF5 16.50 0.00 7.40 0.01

Panel B: Conditional CAPM
TS 23.24 0.00 8.80 0.01

EXR 11.65 0.00 1.38 0.25

DY 24.78 0.00 5.29 0.04

PER 13.44 0.00 8.03 0.01

Jan. 21.57 0.00 1.83 0.20

ILLIQ 0.65 0.36 3.30 0.10

4.3. Additional tests

In order to test the stability of the SDF-GMM estimations, we perform additional 
diagnostic tests. The first robustness test focuses on the time series predictability of the 
spreads on the test assets as proposed by Farnsworth et al. (2002). The test analyzes 
the wellness of the empirical SDF proxy in explaining the time variation in the test 
assets. The proposed test exploits the fact that if the SDF proxy can capture the time 
variations in the test assets, then the pricing errors from the fitted model should not be 
predictable with any prior period information variables. 

The test analyzes the average standard deviation of the linear projections of the pricing 
errors from the SDF-GMM estimations. The lower average standard deviation of the 
fitted errors serves as a measure of SDF’s success in capturing the time series variations 
of the test assets. The results for the dynamic model performance are reported in Table 
7. The linear projections show that the January-scaled CAPM is most successful in 
capturing the time variations in EW portfolio returns among all the tested 
specifications, followed by the Carhart model and the unconditional CAPM. 

The second diagnostic checks if a set of factors are important for pricing assets 
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Table 9 The FM regressions and SDF-GMM performance metrics for 13 test portfolios

The Table is divided into two vertical panels, for which both panels display the calibrated performance metrics 
for each model highlighted in the first column of the Table for the reduced set of test portfolios excluding 
industry portfolios. 2 (N-1) statistic tests the ability of the model to report under the null hypothesis if the FM 
based cross-sectional pricing errors for the test portfolios are jointly zero. The remaining three test statistics, 
i.e., JT-test, HJ-dist. And supLM are for the main SDF-GMM estimations. The Hansens’ (1982) tests under the 
null hypothesis the imposed model moments are true and Hansen and Jagannathan (1997) distance measure 
reports if the distance of empirical proxy from the set of true pricing kernels is zero. The p-values for the null 
hypothesis HJ=0 are calibrated with Jagannathan and Wang (1996) simulation method. The small/large p-
values against/for the null hypotheses are given in [] for the noted test statistics. The Andrews (1993) supLM 
statistic checks the stability of the model parameters for full sample and partial sample SDF-GMM estimations. 
The significant supLM test statistics at 5% critical p-values as given in the Andrews (1993) Table 1 are presented 
in bold.

Equally weighted portfolios Value weighted portfolios
2(N-1) JT-test HJ-dist. supLM 2(N-1) JT-test HJ-dist. supLM 

Panel A: Unconditional Models

CAPM 24.01 27.10 0.37 16.63 16.20 16.66 0.30 11.57
[0.01] [0.00] [0.00] [0.13] [0.12] [0.00]

FF3 11.19 14.44 0.25 132.07 11.22 9.25 0.25 24.26
[0.26] [0.11] [0.00] [0.26] [0.41] [0.00]

Carhart 10.60 14.21 0.23 85.20 9.00 7.21 0.22 0.39
[0.23] [0.77] [0.00] [0.34] [0.51] [0.00]

FF5 9.49 8.75 0.23 26.17 9.00 8.48 0.24 66.31
[0.22] [0.28] [0.00] [0.25] [0.29] [0.00]

Panel B: Conditional CAPM
TS 20.48 22.11 0.34 244.02 8.74 9.11 0.22 2.2e+3

[0.02] [0.01] [0.00] [0.46] [0.43] [0.00]

EXR 11.70 10.24 0.26 123.83 8.71 7.38 0.22 4.4e+3

[0.23] [0.33] [0.00] [0.47] [0.60] [0.00]

DY 18.79 20.90 0.32 3.3e+3 11.87 14.70 0.26 1.67e+3

[0.00] [0.01] [0.00] [0.22] [0.10] [0.00]

PER 21.67 18.74 0.35 111.16 8.53 5.73 0.22 3.63e+3

[0.01] [0.03] [0.00] [0.48] [0.77] [0.00]

Jan. 20.42 20.50 0.34 705.74 9.38 7.64            352.17
[0.02] [0.02] [0.00] [0.40] [0.57] [0.00]

ILLIQ 12.73 11.65 0.26 1.56e+3 10.11 10.18 0.24 3.9e+3

[0.18] [0.23] [0.00] [0.34] [0.34] [0.00]

compared to another set of risk factors. Hansen’s (1982) statistic rejects the 
null hypothesis against a nonspecific alternative. Cochrane (1996) suggested 
testing a model against a specific alternative and proposed a likelihood-ratio 
(LR) test. The LR test statistic is the difference between test statistics of the 
restricted model and the unrestricted model. The test statistic is asymptotically 
chi-square distributed with degrees of freedom. The ratio statistic at the 5 
percent critical values tests if the nested model could be rejected against the 
alternative specification.   The non-rejection of the null hypothesis signifies for a 
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particular factor based SDF to have explanatory power, i.e., unaffected with the 
inclusion of certain risks factors and vice a versa. 

The LR test for EW portfolio returns shows that all the nested models are rejected 
against the pricing ability of the SMB and HML, excluding the ILLIQ-CAPM 
specification. The significance of the test statistic is highly robust (1 percent level) for 
the restricted unconditional and conditional specifications. The momentum factor 
coupled with the market factor makes the restricted specification sufficient for the 
cross-section of capitalized portfolio returns. However, the test highlights the market 
factor, and the FF5-based macro factors (TS and EXR) may not be able to explain the 
return variations independently at 5 percent critical values with the (2) test. The 
other notable factor risks are the scaled specifications with EXR, January dummy, and 
ILLIQ for the VW portfolio returns. The results with the LR test shows SMB and HML 
drives away the unsuccessful model SDF, except the ones that have fared well in 
suppressing the cross-sectional mispricing and therefore report the stability of the 
results in the sections 4.1 and 4.2.

We also estimate all the models, excluding industry portfolios, while reducing the 
number of factor structures to check for robustness. The results are not particularly 
different compared to main inferences with 21 test assets, whether tested with EW or 
VW test portfolios. However, almost all the conditional CAPM specifications perform 
better than the estimation results with 21 test assets, and in certain cases even come 
close to best performing the Carhart (1997) model with instruments TS, EXR, PER, and 
January dummy.
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5 CONCLUSIONS

This study accounts for the peculiar characteristics of small stock markets in analyzing 
the specification errors of asset-pricing models. Small markets such as Finland are 
severely affected by carrying proportionally large capitalizations weights from one or a 
few firms and a small number of listed stocks. We hypothesize that because of the 
peculiar structure of small markets, the usual evidence with VW or EW portfolios will 
lack the overall picture for the economic wide risks. Therefore, the study constructs 
size-BM (6), size-MOM (6) double sorted, and industry (8) portfolios both with equal 
weighting and value weighting. The horse race specification error testing among the 
tested APM for the Finnish market follows Hodrick and Zhang (2001) and Schrimpf et 
al. (2007) for the U.S. and the German stock markets respectively. Furthermore, the 
results in the study pass a far stricter test for using different characteristic portfolios as 
suggested by Lewellen et al. (2010) in the related literature.

The unconditional CAPM cannot explain the variability of size-BM, size-MOM, and 
industry-sorted portfolios for the Finnish stock market consistent with international 
evidence. Moreover, the performance of the CAPM could be improved if the parameters 
of the SDF are allowed to vary through time using certain conditioning variables. The 
size and value risk significantly affect the pricing kernel for the EW portfolios, whereas 
the weighting scheme market factor influences the model SDF persistently. The 
diverging persistence of risks elucidates the need for accounting the average stock 
sensitivity (EW) and the overall growth in the invested wealth (VW) separately for a 
market like Finland. Overall, the Carhart model produces the lowest HJ-distance 
among all tested models for both types of weighted portfolios. Similar evidence in 
suppressing mispricing is also reported by the FF5 model and the Jan.-CAPM for EW 
and VW portfolios respectively. Additionally, the diagnostic checks consolidate the 
evidence for better performance of the Carhart model. The results highlight the need 
for specification error testing from independent financial markets to report the impact 
of varying dynamics at play in atypical markets. 
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Abstract
This paper presents a simplified single period asset-pricing model that adjusts for 
illiquidity and tests it for the Finnish stock market. Empirical testing of a small yet 
developed market is motivated by the increased relevance of the illiquidity effect for 
illiquid assets/markets widely reported in the literature. Our results support our 
hypothesis. The results show that expected returns on illiquidity portfolios are cross-
sectionally linked with illiquidity risks to a greater extent than market risk, whereas the 
comparable U.S. evidence reports otherwise. The illiquidity premium remains 
pervasive even if we exclude illiquidity prone periods from the sample, although it
generates a lower share of the total model risk premium than the full period. The 
remaining evidence highlights variations in the types of pertinent illiquidity risks 
depending upon proxy measure used, time variations in illiquidity premia, and the 
superior performance of liquidity-adjusted model compared to the unconditional 
capital asset pricing model (CAPM) across assets and periods.
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1 INTRODUCTION

Studies connecting liquidity to asset pricing have evolved over time and are currently 
based on a twofold proposition that the level of illiquidity and illiquidity risk are priced 
and both are mutually reinforcing. This proposition implies that highly illiquid assets 
are those that are also vulnerable to illiquidity risk. Both effects result in a demand for
higher expected returns for holding such assets. A level of illiquidity can then be 
defined as a high transaction cost involved in trading the asset, which even under 
normal market conditions is higher than liquid assets. Liquidity risk arises when the
illiquidity of the market suddenly increases, making the prospect of transacting an 
illiquid asset difficult, thus further increasing the transaction cost.  

Amihud and Mendelson (1986) first studied the relationship between expected returns 
and the level of illiquidity. Their empirics predicted that returns increase and are a 
concave function of the level of illiquidity. Several studies on this topic have been 
conducted since Amihud and Mendelson. The initial studies focus on illiquidity as an 
asset-specific characteristic. Pastor and Stambaugh (2003) documented and tested the 
systematic dimension of illiquidity, termed illiquidity risk. Furthermore, Amihud 
(2002) investigated systematic illiquidity risk and proposed that expected market 
illiquidity is priced positively, while shocks to market illiquidity lower 
contemporaneous returns.1 Amihud (2002) tested the propositions with ten size 
portfolios for the U.S. market and reported consistent empirical evidence. 

Bakaert et al. (2007) further tested these hypotheses for emerging markets, and their 
results confirm their propositions. Chordia et al. (2002) and Hasbrouck and Seppi 
(2001), among others, suggested another systematic dimension of liquidity risk by
proposing that liquidity risk arises because the market’s illiquidity and the asset’s 
illiquidity co-vary over time. Illiquid assets are a major contributor to market 
illiquidity; hence, increased covariation with market illiquidity results in a demand for 
higher expected returns. Finally, Acharya and Pedersen (2005) summarized all of the 
former dimensions of liquidity risk in their proposed model. Their model contains an 
additional illiquidity-related risk for the sensitivity of asset’s illiquidity to variations in 
aggregate wealth and named it depressed wealth effect.

We simplify the model developed by Acharya and Pedersen (2005) by making the 
liquidity adjustment in a single period model rather than using an overlapping 
generation model (OLG). The model proposes that a market index, spanned from a 
mean-variance efficient asset space net of asset-specific liquidity costs, is a better 
candidate to reduce the reported mispricing associated with standard mean-variance 
CAPM. The generalization of the model allows for the determination of asset prices 
inside the model and accounts for the total cost of trade rather than exogenously 
determined prices and model agents confronting the cost of selling, as in Acharya and 
Pederson (2005).2 This limited effect of illiquidity handicaps the utility of their model 
for any measure of illiquidity constructed not using high frequency data. Illiquidity is

1 These propositions fulfill each other. A positive shock to asset illiquidity raises the prospect of higher 
(future) expected illiquidity and thus higher (future) expected returns. Therefore, the illiquidity shock 
lowers contemporaneous prices and contemporaneous returns while maintaining the concave return-
illiquidity relationship.
2 Selling costs can only be deduced when data for each trade, which allows buy and sell orders to be 
distinguished, is available, but this method requires substantial microstructure data. However, even the 
distinction between buy orders and sell orders is at times obscured in low frequency data. Thus no exact 
procedure exists to approximate the cost of selling using any illiquidity measure. 
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typically measured using daily data rather than high frequency trade level data, which 
allows for inexpensive long horizon asset pricing tests.

Therefore, these noted shortcomings demand that illiquidity-adjusted CAPM be 
proposed under more generalized assumptions, in which asset returns could be priced 
subject to the overall effect of illiquidity. We solve a simple pricing equation in which 
investors discount the net return on any stock by aggregate market net returns, where
net returns are excess returns adjusted for illiquidity. The solution to this pricing 
equation extends the applicability of the Acharya and Pedersen (2005) model for any 
measure of illiquidity and maintains a similar effect of the level of illiquidity and 
(unconditional) separation among model risks. The separation among model risks 
enables the determination of the relative impact of a particular risk on expected 
returns.

As is generally acknowledged, illiquidity effects are pronounced for illiquid 
assets/markets. However, with few exceptions, most liquidity-related studies are 
conducted for the U.S. markets. Arguably, the U.S. markets are the most liquid equity 
markets (Bakaert et al., 2007) and therefore may not be as suitable for empirical testing 
as other illiquid markets. The reported diminishing illiquidity premium in the U.S. 
stock returns over time (Ben-Rephael et al., 2010) then should come as no surprise.
Therefore, the proposed model is tested for the Finnish market. We argue that it is 
more appropriate to test liquidity-related models in markets that are sufficiently 
illiquid to diagnose the level and strength of bearing such risks in comparison to other 
pertinent risks, such as market risk. The Finnish stock market is a small, developed 
market that, over the course of a decade, transformed from an illiquid to a liquid 
market; yet, the prospect of finding illiquidity remains a possibility due to the peculiar 
setting in which the market operates.3

We construct 15 illiquidity-based and 10 non-illiquidity related test portfolios for the 
sample period from January 1994 through May 2009. A larger cross-section of 25 test 
portfolios based on five different stock characteristics tests the real strength of the
proposed model, as suggested in Lewellen et al. (2010). Furthermore, we purposefully 
calculate the measure of illiquidity for the stocks listed in the Finnish market in two 
distinct ways. The illiquidity measures used in our study were proposed by Lesmond et 
al. (1999) and Amihud (2002). Both of these illiquidity measures are highly correlated 
with finer spread and price impact proxies estimated from low frequency data, as 
reported by Goyenko et al. (2009). 

Lesmond et al. (1999) argue that the stocks with more zero return days are more 
illiquid than others, such that the marginal return from transacting the asset is less 
than the transaction cost and the later proxies for the Kyle (1985) price impact 
measure. The primary purpose of measuring illiquidity in different ways is to report 
which illiquidity proxy better captures the unobserved illiquidity effect that explains the 
cross-sectional return differences. Finally, we also check for time variation in illiquidity 

3 The empirical literature on the Finnish market studying the relationship between stock returns and 
different illiquidity proxies is extensive. For instance, Swan and Westerholm (2002) found that the level of 
illiquidity has a positive and strong effect on the cross-section of stock returns from 1993–1998. Vaihekoski 
(2009) tested for market specific and asset specific liquidity risks for a cross-section of six size portfolios 
and found that asset specific risk is not priced, whereas the portfolio risk sensitivities reveal a flat 
relationship across the size of the portfolios. In the latter study, the illiquidity risk was captured by one 
factor that only accounts for Amihud’s (2002) flight to liquidity notion. As noted previously, other 
illiquidity risks, such as commonality effect and depressed wealth effect on asset’s illiquidity, exist; 
therefore, the results contribute supplemental empirical evidence for other risk types affecting the Finnish 
stock return variations.
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and test all of the models, excluding the periods with high illiquidity, using the reduced 
sample.

The results show that the illiquidity portfolios’ returns are more related to the 
systematic illiquidity risks than the systematic market risk. The impact of this 
relationship is substantial; the percentage of the illiquidity premium in the total 
modeled risk compensation is approximately 92 percent, given model assumptions. In 
comparison, only 17 percent of the total risk premium is attributed to illiquidity risks 
for U.S. stock returns, as calculated from Acharya and Pederson (2005). The remainder 
of the risk premium is attributed to CAPM risk in both markets. The stronger
association of model-predicted risk premia with liquidity risks remains intact even 
during calmer periods – that is, 60 percent of the aggregate model premium is the 
reward for bearing illiquidity risks. The main empirical finding confirms our hypothesis
that liquidity effects are more pronounced for illiquid assets/markets. Therefore, the 
evidence suggests that liquidity related theories should prioritize illiquid markets 
over/along with the usual examinations of the U.S. market. 

The remaining evidence in the study can be summarized in three levels. First, the two 
measures of illiquidity perform equally well in reducing cross-sectional mispricing.
However, the overall model effect may be driven by a different model risk (dimension) 
altogether. Second, the illiquidity effect is time varying. The Amihud (2002) price 
impact measure is more responsive in capturing these (time) variations to the extent 
that model estimates using a proxy price impact measure are more stable under the 
model’s assumptions. Third, the liquidity-adjusted model performs well relative to a
simple CAPM, even when the asset space of test portfolios includes non-illiquidity 
portfolios in model estimates. For illiquidity test portfolios, this improvement is 
substantial in the full sample rather than in the calmer period.

This paper is organized as follows. Section 2 describes the methodology used in this 
paper. Section 3 discusses the data and constructs and elaborates the portfolio and 
different measures of illiquidity. Section 4 provides empirical analysis, and Section 5 
concludes the study.
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2 METHODOLOGY 

The presence of the law of one price (LOP) provides a stochastic discount factor, ,
such that all the assets are correctly priced implying,

. (1)

Equation (1) could also provide a representation of gross returns if we divide the 
equality by the non-zero stock price , such that . is the period 

return on asset i, and if is the excess period return over the risk free rate, then the 

relationship can also take the form . All subsequent equations will 

represent as the excess return for expositional convenience. If the discount factor is 

a function of the mean-variance efficient market factor return , equation (1) 
converges to the standard CAPM. One shortcoming of CAPM includes the model’s
implication for stocks with similar expected cash flows that differ only in their ability to
be traded or transacted quickly (Pastor and Stambaugh, 2003; Sadka, 2006). The 
model implies theoretically equal prices for such stocks; however, we observe violations 
to the model’s implications and LOP in the real world. 

Here, we derive a simple pricing equation adjusted for liquidity related costs following 
the mean-variance optimizations discussed in Lo et al. (2004), assuming that investors 
observe the net asset returns of the transaction costs accrued in the inherent asset 
specific illiquidity constraints.4 We use a proportional transaction cost measure such 
that . In the equality, represents expected illiquidity, is a

constant of proportionality that should be positive, and is the expected relative 
transaction cost. Similarly, we can represent the relationship between market illiquidity 
and transaction cost to hold for all the assets in the market as . The 
expected illiquidity is a function of the actual transaction costs. The expected asset 
illiquidity and expected market illiquidity are equal to the respective transaction cost
relative for , such that theoretical costs are precisely identified. The subsequent 

model equations omit the terms and for clarity.

Therefore, an asset-pricing model adjusting for the liquidity effect can be derived from
expected excess net returns on stocks such that the pricing kernel is a function of net 
excess market return 5:

4 is the total cost of the trade in our model, but when we convert the pricing relationship, as in 

equation (4), in terms of net returns; the component represents the relative cost of trade for stock 

i, such that and similarly follows for total market portfolios, such that  .

5 The terms liquidity and illiquidity are used interchangeably throughout the paper – for example: liquidity 
effect, risks, or betas and illiquidity effect, risks, or betas.
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. (2)

Equation (2) accounts for the expected level of stock illiquidity, which for an illiquid 
asset is higher than the level of illiquidity of a liquid asset, such that .
Furthermore, the effect of market illiquidity on pay-offs from illiquid assets is also 
higher. Therefore, even if the expected gross returns on both illiquid assets and liquid 
assets are identical, the observed price of the illiquid asset is lower, such that

for having additional exposure to illiquidity. This follows from the simple 
risk-return relationship that if two assets have equal excess returns but one is 
(liquidity-adjusted) riskier, then the illiquid stock’s price is set to be lower than the 
liquid stock because investors demand additional compensation for bearing higher risk. 
Consequently, pricing equation (2) can gauge the relationship between expected 
returns and aggregate risks, for any proxy measure of liquidity, catering all systematic 
dimensions of illiquidity risks.

We argue that agents hypothetically assign equilibrium prices to all stocks while having 
homogenous expectations for conditional expected net returns.6 Therefore, in any 
period, agents choose consumption and portfolios to maximize expected utility.
Assuming exogenously determined illiquidity related costs, net returns are identified in 
each period, provided that all agents are price takers and short selling is not allowed.
The agents identifying net returns determine the new feasible set and the efficient asset 
combinations that will hold in equilibrium. The net return adjustment will re-establish 
the capital market line tangent, given the poor empirical performance of the standard 
CAPM, to the efficient frontier at the position of the net market (risk, return) tradeoff 
point in the reduced mean-variance space. The agents will take long positions in the net 
market portfolio, similar to the imagined CAPM economy. Moreover, the net return on
the market portfolio may not be the imagined CAPM economy optimal solution because 
our proposed model adjusts for the observed mispricing.7

Heuristically, the model may prove capable of justifying LOP and explain why, in the
first instance, prices for illiquid assets are set lower in lieu of the observed gross 
returns. The violation of LOP, under the empirical estimation of CAPM, occurs because 
the model ignores the liquidity effect, which results in model predictions that are not on
par with market equilibrium prices. The proposed model perceives liquidity risk as 
including the total cost of trade, and thus is more liberalized than Acharya and 
Pederson’s (2005) liquidity-adjusted model, although it generates a similar model in 
terms of model risks.8 The proposed generalization of the Acharya and Pederson 
(2005) liquidity-adjusted CAPM, following Lo et al. (2004), can provide better real 
world predictions when pricing assets in lieu of a net mean-variance portfolio. 
Furthermore, similar to CAPM theory, the expected (net) rate of return on the stocks is 
systematically related to the return on a well-diversified market portfolio. The testable 
cross-sectional restriction on the assets will imply a single beta representation such 
that:

6 We assume expected net returns are jointly normally distributed.
7 The non-conformability follows if one asset exists that is given positive weights under the imagined 
CAPM economy; such inclusion drives the optimal solution under the CAPM sub-optimal in the reduced 
net return investment set, owing to greater trading cost.
8 However, the feasible solution in their model is also applicable to the imagined CAPM economy, provided 
prices are exogenously determined. The other notable assumption in their OLG model is that the illiquidity 
discount incurred by the terminal period agents is revealed in the cost of selling. They described that 

agents can buy at but must sell at (page 379), where is the cost of selling an asset.
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, (3)

where and .

The proposed model will converge to CAPM: (i) in the absence of illiquidity related 
costs (ii) if the rank of an imagined CAPM opportunity space given the constraints is 
equal to the proposed model rank; and (iii) if the reduced investment set is an efficient 
subset of the imagined CAPM economy and shares the same solution space. The 
simplified one-period model improves the Acharya and Pederson (2005) OLG model 
for the endogenous determination of asset prices and the determination of total trade 
cost. The proposed model should be considered an abridgment of CAPM theory 
designed to ameliorate its limitations while allowing for liquidity-related costs (risks). 
Equivalently, we can decompose into CAPM beta and three illiquidity related betas 
such that the unconditional representation of equation (3) expands to:

.

(4)
Equation (4) shows that expected excess returns are sensitive to the expected level of 
liquidity market risk and the three liquidity beta risks. The purport of equation (4) is to 
adjust , the market beta, with the other illiquidity-related betas – , , and 
– such that the excess returns on liquid and illiquid assets match what we observe in 
the market. Arguably, the illiquidity-related betas increase (or decrease) the exposure 
of the expected returns on illiquid assets (or liquid assets) while accounting for the 
systematic risk of liquidity. The empirical estimation of the model is executed assuming 
all that investors have a one-month trading horizon.9 The model risk premium, for 
using proportional illiquidity costs, is not precisely the excess net market return, as in 
Acharya and Pederson (2005), but is rather a proportional measure yielding relative 
risk premia. The model risks can be estimated with the constrained price of risk as 
implied in equations (4) and (5) under restriction, such that = = = . The 
success of the proposed model, in reducing equilibrium mispricing, is estimated with 
the following specification:

4321)()( iiiiiii CERE . (5)

In equation (5), is a CAPM related beta, whereas the other three betas are liquidity 
related. All of these betas signify liquidity risks that have been studied extensively in 
the literature. The unconstrained estimation of equation (5) enables us to analyze all of 
the liquidity risks and the liquidity level under a simple model. We refer to Acharya and 
Pederson (2005) for a detailed discussion of the economic intuition behind the 
different liquidity betas. First, liquidity beta is associated with the commonality in 
assets and aggregate market illiquidities. The initial studies arguing for the effects of 
commonality in illiquidity are from Chordia et al. (2002) and Hasbrouck and Seppi 
(2001), among others. Second, liquidity beta is studied extensively, for example, by 

9 Otherwise, in the real world, the holding period is preference dependent, where illiquid stocks with 
higher associated transaction costs are typically traded less frequently, and long positions are maintained 
relative to the liquid counterparts.
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Amihud (2002) and Pastor and Stambaugh (2003) for the U.S. market. This beta 
captures the notion of flight to liquidity.10

The last liquidity beta is related to covariance between asset illiquidity and market 
returns. If an asset’s illiquidity decreases when aggregate market returns decrease; 
becomes easier to trade under tight market conditions when overall wealth is 
depressed, then investors settle for lower expected returns on them for hedging 
purposes in equilibrium. This illiquidity beta was first tested by Acharya and Pederson 
(2005) for the U.S. market and reportedly has the most pronounced impact relative to 
other illiquidity risks. These illiquidity betas are estimated by considering the liquidity 
risk arising from the overall transaction cost:

. (6)

. (7)

. (8)

. (9)

We rely on the constancy of beta (or covariance) risks estimated directly from the data 
using equations (6) to (9). Generally, asset-pricing models use the beta risks estimated 
from the first-stage time series regressions that are subsequently required to explain 
the cross-sectional return variations in the second stage regression to command 
significant risk compensation. However, the betas given in equation (5) with the
imposed theoretical structure are not estimable through the first stage time series 
regression, the otherwise standard method. Nevertheless, directly estimating liquidity-
related betas maintains the intuitive appeal of the manner in which betas are generally 
calculated and captures the illiquidity-related risks operating through different 
channels. 

10 The flight to liquidity, as noted by Amihud (2002), or shock to expected market illiquidity raises the 
prospect of higher expected illiquidity, which should be compensated with higher expected returns. 
Acharya and Pederson (2005), in addition to the above explanation, suggested that the negative premium 

for is also consistent for stocks that hedge for bad times. They further explained that stocks having 
higher returns when market illiquidity is higher generate consumption in periods when it is highly 
desirable. Investors settle for lower returns on such stocks under liquid market states of the world. They 
also assign negative risk prices to poor timer (providing higher returns when marginal utility for 
consumption is also high) stocks along with good timer (providing high returns when marginal utility for 

consumption is low) stocks for bearing this covariance risk. For the U.S. market, is priced risk as 
reported by Pastor and Stambaugh (2003); it explains a significant proportion of the higher realized return 
on the most illiquid portfolio, which is left unexplained by the three factor models of Fama and French 

(1993). Vaihekoski (2009) also reported that is significantly priced in the Finnish market while using a 
value-weighted, spread-based transaction cost measure. 
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3 DATA

Numerous studies suggest that illiquidity risk is present for assets with returns that are 
a function of illiquidity and use illiquidity-based characteristic test portfolios (Amihud,
2002; Acharya & Pederson, 2005; Pastor & Stambaugh, 2003). Acharya and Pederson 
(2005) reported that the results from an illiquidity-adjusted CAPM do not corroborate
the findings on liquidity risk being priced using non-illiquidity based (size-BM) 
portfolios. However, Lesmond et al. (2004) and Sadka (2006) indicated that illiquidity 
is a systematic risk and remains persistent even for momentum and post-earnings-
announcement (non-illiquidity) based characteristic portfolios. 

The first problem with testing the illiquidity effect in the Finnish market concerns the 
limited number of listed stocks compared to other developed markets. This limitation 
constrains the study to a large cross-section of portfolios with respect to a particular 
stock characteristic. Therefore, based on prior period sorting criteria, for each month 
we divide the available stocks into five quintile portfolios using five different stock 
characteristics. The asset characteristics related to illiquidity are the zero measure 
(Lesmond et al., 1999), size, and price inverse (PI) ratio. The rest are generated using 
prior year rolling average returns and book-to-market (BM) ratios. First, the 
availability of 25 characteristic portfolios enables the study to report the relative role of 
illiquidity in pricing illiquidity and non-illiquidity test portfolios. Second, it provides an 
adequate number of test portfolios for the statistical power of cross-sectional tests.

Prior to constructing of test portfolios, data are retrieved from DATASTREAM from 
January 1994 through May 2009.11 We prefer monthly information sorting criteria for 
ranking the characteristic stock returns. This method increases the informational
content (Vaihekoski, 2004) and provides a monthly partition of the data for illiquidity 
related and other available sorting criteria, such as previous year average returns.12

Only the BM-ratio portfolios are ranked on the year-end information. The retrieved 
stock prices are adjusted for dividends, splits, and other cash payouts. 

The first five portfolios are sorted on the basis of the previous month’s incidences of 
zero returns (zero measure onwards) for all available firms. The quintile portfolio 
increases in the zero measure; that is, L-1 is the portfolio containing the 20 percent of 
the partitioned stocks with the lowest value for the percentage zero return days. 
Subsequently, L-2, L-3, L-4, and L-5 are increasing in the relative illiquidities, similar 
to the relationship between L-1 and higher zero incidences. In a similar fashion, the size 
and the stock’s PI ratio-based quintile portfolios are generated based on the prior 
month’s firm capitalizations and PI ratios, respectively.13 The chronological order for 
the size quintiles is such that S-1 represents the smallest capitalized firms, and S-5 
contains the firms with the highest capitalization in the data. The price inverse 

11 Before 1994, the number of stocks was too low and the Finnish market suffered from a severe recession. 
Therefore, the constructed portfolios using data before 1994 may have assigned excessive importance to 
the returns of only a few stocks with a stock-like variability during the recession (initial) period of the 
sample. For this reason, the models are estimated from January 1994 onwards to avoid substantial stock 
specific patterns in the testing portfolios and, subsequently, in the overall analysis. 
12 However, using yearly sorting may not change the overall results because illiquidity is a persistent 
characteristic, and an illiquid asset is likely to be illiquid at monthly or yearly frequencies. Brennan and 
Subramanyam (1996) assumed one-year illiquidity estimates to be constant for the three subsequent years 
in their study.    
13 The size and PI ratio based test portfolios have been extensively used in the literature to proxy for 
illiquidity related characteristics. Amihud (2002) use size portfolios to determine the illiquidity premium. 
While the price inverse ratio is suggested by Brennan and Subrahmanyam (1996) because illiquid stocks 
generally have lower prices compared to liquid stocks.
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Table 1 Relation of Size with other Factors

The results are based on monthly measures of different (il)-liquidity measures, price inverse ratio, BM ratio and 
rolling average of the previous 11 months in correspondence with five size  quintiles. Each size quintile increases 
in order, with each succeeding one having 20% of firms with higher capitalization than preceding percentile, 
making first percentile comprised of the lowest 20% capitalized firms and fifth quintile as composed of top 20% 
capitalized firms . Zero measure is proportion of zero returns over total available tradable days in any month for 
the firms falling into particular size quintile. Amihud is the ratio of absolute return of any firm over traded volume 
in Euro, which gives an impact of one Euro traded on the stock’s daily absolute return, this measure is then 
averaged for any given month for the firms falling into particular quintile. Turnover is a monthly sum of daily 
ratio of equity value traded and number of shares outstanding for all firms falling into particular quintile.  
Similarly PI is price inverse ratio, BM is book to market ratio and Momentum is is an average of last 11 monthly 
returns, all of these measures are monthly and calculated for the particular size quintile.

portfolios are such that PI-1 contains the highest priced 20 percent of the stocks, and 
PI-5 represents the lowest priced 20 percent of the stocks.

Subsequently, we construct the 10 non-illiquidity-based portfolios. The five momentum 
portfolios are constructed employing the standard practice in the literature. The 
previous eleven-month rolling average returns (excluding the most recent monthly 
return) are estimated each month across all stocks and are then used to create five
momentum partitions, iteratively. The generated portfolios indicate that each 
succeeding quintile contains the firms for which the previous eleven month rolling 
average returns are higher than the preceding quintile; that is, M-1 are the loser stock 
portfolios, and M-5 are the winner stock portfolios. For the construction of the BM 
portfolios, we rank the next year’s stock returns into five portfolios, which are 
increasing in the BM ratios; that is, BM-1 represents growth (overpriced) stocks, and 
BM-5 are value (underpriced) stocks.  

We use equal weighting for portfolio returns and portfolio-specific illiquidity measures 
for the Finnish market. Numerous liquidity-related studies have followed the equal 
weighting scheme for the test portfolio. The selection of equally-weighted portfolios is 
even more relevant for the Finnish market (Butt & Virk, 2012), as the capitalized 
portfolios severely suffer in the presence of few large firms. Therefore, the empirical 
analysis with the value-weighted portfolios may miss the liquidity effect altogether,
which is usually pronounced for small firms. 

3.1. The (il)liquidity measures for the Finnish market

Generally, a proxy measure for transaction costs is deduced by either using daily return
alone or by using daily return in conjunction with daily volume. Thus illiquidity 
measures constructed from the daily observable data fall into two categories; either the 
measure is a proxy for effective spread or a proxy for price impact.  

Size 
Quintile

Zero 
Measure 

(%)

Price 
Impact (%)

Turnover 
(%)

PI 
Ratio (%)

Momentum
(%)

BM 
Ratio

1 57.40 7.26 2.41 185.86 0.70 1.91
2 42.00 1.17 2.57 51.93 1.4 1.51
3 31.07 0.52 2.71 27.61 1.3 1.54
4 22.68 0.09 3.68 19.30 1.3 1.48
5 11.13 0.03 6.21 12.44 1.7 1.73
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The first measure of illiquidity used in the study is the zero measure, which was
proposed by Lesmond et al. (1999). They report that the measure proxies for the bid-
ask spread such that the firms for which the relative frequency of zero return days is 
higher generally also have subsequently higher bid-ask spreads. Therefore, the premise 
of the zero measure is that higher incidences of zero return days for any firm proxy for 
higher illiquidity. This is because investors holding an asset may only trade it when the 
anticipated profit from trading exceeds the associated transaction costs. Thus, higher 
transaction costs relative to marginal gains lead to zero return days and reflects the
illiquidity inherent in the stock. The construction of the zero measure is begun by
recording the frequency of the zero return days in a month across all stocks. Then, for 
each stock we take a simple ratio of the zero return days in a given month over the total 
number of trading days in that month:

Zero Measure = Number of days with zero return / Total number of trading days 

The underlying simplicity of the proposed measure enables us to construct the longest 
possible illiquidity series for the Finnish market.14 The zero measure accommodates all
of the assets in the sample, which might have been omitted under some other proxy 
measure of illiquidity because they require additional requirement, such as traded 
volume and type of trade.

The second measure of illiquidity is volume related and measures the response of 
absolute return to unit traded Euro volume for a particular stock, as proposed by 
Amihud (2002). The proposed measure follows Kyle’s (1985) concept of illiquidity,
which appears due to asymmetric information between market makers and market 
participants and is usually higher for illiquid stocks. The underlying intuition suggests
that the volume sensitivity measure captures the impact of traded order size on returns 
that actually occur in high frequency data, for instance, at five-minute trading intervals.

The measure is constructed provided that the traded volume for a particular stock is 
available. Consequently, the absolute return on stock i on day d of month m is 

divided by the traded volume (in euros) for the corresponding day in the 

same month such that . The daily traded volume in euros is the number 
of shares traded for stock i multiplied by the stock price at the end of the day. The 
measure provides the absolute return change per Euro traded, or the daily price impact. 
If a stock is illiquid, then it would have less depth and resilience and will be highly
affected by per Euro traded volume relative to a liquid stock. Therefore, for illiquid 
stocks, the estimated monthly ILLIQ should be higher than for liquid stocks. We 
estimate the monthly measure such that:

, (10)

where is the number of trading days for stock i in any month m.

14 Bakaert et al. (2007) estimated the turnover for all emerging markets to determine its relationship with 
the zero measure; they reported that the zero measure is negatively related to turnover. Therefore, we also 
estimate the turnover for all the stocks, which is the ratio of the shares traded to the number of shares 
outstanding. 
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The calculated average monthly illiquidity is the average price impact of the 
traded volume sensitivities across Finnish stocks:

, (11)

where is the number of stocks in a month. Amihud (2002) placed few restrictions 
on the construction of the price impact measure. For instance, illiquidity is calculated 
for stocks that are traded on at least 15 days in a month. By imposing similar 
construction constraints as Amihud (2002), this measure remained available for only 
40 percent of the stocks in the Finnish market. To increase the number of assets for 
which we could estimate price impact based illiquidity, the restrictions are waived. 

We also estimate monthly market illiquidity while imposing all of the restrictions in 
Amihud (2002) and find that, compared to the unrestricted measure, the restricted 
measure only provides approximations for the (relatively) liquid stocks in the Finnish 
market. Furthermore, we assume that the unavailability of traded volume for more 
than 15 days may not change the stock illiquidities substantially as measured with the 
available volume, even if the (non-reported) volume was available. A lack of trading for
a stock for a considerable number of days is still suggestive of increased illiquidity 
(Lesmond et al., 1999) and is a candidate for inclusion in the Amihud (2002) price 
impact measure. 

Moreover, Bakaert et al. (2007) also measured illiquidity using the relative frequency of 
the length of non-trading days compared to trading days in a month. However, stocks 
trading both infrequently or after long intervals exhibit inherent stock illiquidity,
although the latter displays a severe form of illiquidity. Therefore, by waiving the 
restrictions in Amihud (2002), the unrestricted price impact measure still measures the 
illiquidity of an asset by accommodating Lesmond et al. (1999) and Bakaert et al. 
(2007). Therefore, waving restrictions may help to capture additional illiquidity-related 
information with the price impact measure.

Whether the above measures of illiquidities are related to the transaction costs 
associated with trading assets has yet to be determined. An indirect test suggested in 
the literature argues that the transaction cost is inversely related to the size of the firm.
Empirical evidence establishing this relationship is presented by Demsetz (1968), 
Benston and Hagerman (1974), Copeland and Galai (1983), and Roll (1984).

Accordingly, Lesmond et al. (1999) used inverse firm size as a measure of transaction 
cost and reported decreasing proportions of zero return days for the firms in the higher
size deciles. Similarly, high turnover is related to stocks with higher liquidity. If the 
illiquidity measures are appropriate proxies for transaction costs, the candidate proxy 
may also decrease relative to size and vice versa. To confirm this hypothesis, we divide
all of the stock returns into five size quintile portfolios. Subsequently, we calculate the 
respective illiquidity measures and other associated features for all of the available 
stocks in the partitioned portfolios. We also estimate the previous 11-month rolling
average returns and BM ratios for the size portfolios. The associated characteristics of
the five size portfolios are calculated on a monthly basis, and the illiquidity-based 
features are the averages from the daily values in a month across the sample. The 
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Figure 1 Finnish market excess returns through 1994-2009

Figure 2 Amihud measure of illiquidity for the Finnish market 1994-2009

Figure 3 Zero measure of illiquidity for the Finnish market 1994-2009

relationship is demonstrated by the key statistics (equally weighted) presented in Table 
1.

The results suggest that the findings support the relevant literature on illiquidity in the 
case of the Finnish stock market. The measures of illiquidity, that is, the zero measure 
and price impact measure, decrease monotonically across size quintiles. Furthermore,
turnover increases in size as expected, such that lesser transaction costs are associated 
with larger firms. We also observe that the price inverse ratio of stocks decreases in 
size, such that large firms also have high stock prices. The noted features are an indirect 
indication of the higher transaction cost of the illiquidity portfolios, which consist of 
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higher zero return, higher price impact, higher PI ratio, and low turnover stocks; the 
inverse also holds.

We do not observe any explicit increase or decrease in either previous 11 month rolling 
averages for the size portfolios or in the BM ratios. This finding suggests that there is 
no momentum and BM ratios based growth in the size portfolios to proxy transaction 
cost attributes, as shown in Table 1. Importantly, the statistics in Table 1 demonstrate
that the zero measure and price impact measure are empirically related to transaction 
costs. Moreover, the table also shows that the 15 test portfolios on the zero measure, 
price impact, and price inverse ratios are candidates for illiquidity portfolios, whereas
the momentum and BM ratio portfolios could be regarded as non-illiquidity portfolios. 

3.2. Illiquidity of the Finnish market

Because illiquidity is a primary characteristic of any small market, understanding how 
illiquidity evolves over time in Finland is important. Figure 1 plots market excess return 
and Figures 2 & 3 plot the series of price impact and zero measures for aggregate 
market liquidity during 1994–2009. Periods of illiquidity and liquidity are evident in 
the Finnish market. The periods spanning 1994–1996 and 2008–2009 exhibit clear
patterns of increased illiquidity such that the absolute return impact of one Euro traded 
is exaggeratedly higher than the remaining (calm) period in the sample. Otherwise, the
market is quite liquid during 1996–2007, when the market (absolute) return shows an 
impact of only 0.012 € for one Euro traded, on average, whereas the price impact 
estimate increases to 0.070 € in the full sample, which is nearly six times higher than 
the estimate for the calm period. The difference conveys an impression of higher 
illiquidity for the total sample period.   

When the market is most liquid, we find that, especially for Nokia, the return impact of
one Euro traded is as low as 2.1x10-7. Vaihekoski (2009) also reported that the bid-ask 
spread for Nokia was 0.2 percent during his period of study. The use of the zero 
measure highlights similar patterns in illiquidity across samples but in a less vigorous 
manner than the Amihud measure. We divide the zero measure illiquidity series into 
three subsamples on the basis suggested by the results for the Amihud (2002) price 
impact measure in Figure 2. We report increasing incidences of zero return days during
1994–1996 and 2008–2009, as indicated by the steepness of the relevant trend line. 
The increased incidences of zero return days are a sign of increasing illiquidity. The 
trend lines for aggregate market return and market liquidity (both) show market 
premium, across samples, is constant when market liquidity is high. Whereas, for 
periods when market is short on liquidity, the trend in market show aggregate premium 
is on increase. This variation (in aggregate liquidity) can be argued to capture discount 
rate fluctuations for expected returns in good and bad times.

Generally, turnover, or volume, also increases when the market faces an illiquidity 
shock, as some investors are likely to be bound by their liquidity constraints, and thus
they sell at lower prices. The traded prices may result in reduced zero returns. If these 
conditions are left unconsidered, then the impact of such volume on prices, in 
approximating illiquidity as with the zero measure, may generate a false sense of 
liquidity when illiquidity occurs. However, this conjecture cannot account for actual 
activity, such as how many investors under such illiquidity shocks hit their liquidity 
constraints and how many investors can hold on to their asset holdings. Therefore, we 
presume that the Amihud measure is sufficiently robust to capture the greater impact 
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Table 2 Properties of portfolios with liquidity betas calculated by zero measure

Table 2 reports properties of 25 equally weighted portfolios formed monthly for the period from 1994 to 2009 on 
the basis of different characteristics. First five portfolios are based on measure of illiquidity constructed by 
number of zero returns in a month for a given firm. Each succeeding portfolio consists of 20% of firms with higher 
number of zero returns. This construction of portfolio for illiquidity also guides formation of other portfolios with 
different characteristics which in the order of Table are as, L represents illiquidity, S represents Size, P represents 
price inverse ratio, M represents momentum and lastly BM represents book to market ratio portfolios.  i1 is usual 
market beta whereas,  i2  , i3 and i4 illiquidity based betas, these betas are calculated using equation (6), (7),(8)
and (9). E(Li) , E(Ai) , E(TOi) are the expected illiquidity calculated from Lesmond zero measure of illiquidity, 
Amihud measure of price impact, and turnover. Size shows average market capitalization of each portfolio and E
(Re) is average gross returns.

Portfolios

i1 

(.100)

i2

(.100)

i3

(.100)

i4

(.100)

E(Li) 

(%)

E(Ai)

(,1000)

E(TOi)

(%)

Size 

Ml.€ E (R)

L-1 60.13 26.76 -7.53 5.78 12.16 0.71 5.95 3703.92 1.009
(6.83) (5.70) (-0.39) (2.82)

L-3 49.79 45.10 -11.02 -3.62 29.84 4.26 3.12 277.82 1.011
(8.82) (7.89) (-2.01) (0.18)

L-5 66.71 29.81 -22.56 -7.59 67.10 85.29 1.54 39.26 1.022
(4.36) (6.14) (-1.74) (-0.52)

S-1 68.85 35.10 -21.38 -7.54 57.40 72.61 2.41 13.07 1.020
(7.13) (7.10) (-2.18) (-0.97)

S-3 52.69 38.18 -12.32 -4.81 31.07 5.21 2.71 139.67 1.014
(7.82) (6.60) (-2.68) (0.19)

S-5 52.13 29.64 -3.50 6.20 11.13 0.27 6.21 5090.61 1.010
(6.47) (6.08) (0.17) (1.85)

P-1 48.88 37.67 -5.11 -2.42 20.82 1.36 4.87 3668.69 1.004
(6.94) (6.97) (-0.32) (0.09)

P-3 48.11 37.72 -10.79 -2.45 31.87 5.55 3.18 405.19 1.013
(8.07) (6.82) (-1.44) (0.22)

P-5 83.33 33.74 -23.54 -7.54 46.99 76.52 2.96 93.15 1.026
(8.01) (6.63( (-2.19) (-1.10)

M-1 65.96 34.28 -13.18 -0.97 35.55 25.80 3.76 891.13 1.008
(6.59) (6.68) (-2.32) (0.51)

M-3 44.11 40.24 -9.83 -2.47 31.85 17.72 3.35 951.74 1.010
(7.86) (6.64) (-1.65) (0.23)

M-5 61.94 37.24 -12.26 -1.70 32.12 34.36 4.16 2038.92 1.021
(6.34) (5.63) (-1.53) (0.06)

BM-1 60.11 40.28 -13.26 -8.89 26.18 6.36 3.88 3336.37 1.003
(7.81) (8.63) (-2.73) (-0.75)

BM-3 59.01 37.21 -13.74 -3.52 35.45 14.57 3.53 698.15 1.015
(6.89) (6.46) (-1.14) (0.23)

BM-5 57.47 28.63 -10.41 6.48 35.26 72.44 2.88 619.05 1.018
(5.97) (5.43) (-1.02) (1.98)

of illiquidity under the dynamic market conditions for which the zero measure of 
illiquidity is not as effective.

Furthermore, to illustrate the point that the Finnish market is more illiquid than many 
large capitalized (developed) markets, we rely on the illiquidity estimates from studies 
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on the U.S. market. The reported price impact measure for U.S. stock returns in 
Amihud (2002) is 3.37x10-7 with a standard deviation of 5.12x10-7.15 Under similar 
criteria for the Finnish market, which stipulate that a stock is traded at least for 200 
days in a year and has a price above five Euro, generates in an annual mean price 
impact of 3.79x10-4 for all firms with a standard deviation of 5.69x10-4. The comparable 
sample (1993–2005) price impact measure for the U.S. market is 6.31x10-6 with a 
standard deviation of 9.12x10-7, as provided in Goyenko et al. (2009).16 The comparable 
estimates show that the Amihud (2002) measure for the U.S. markets is significantly
lower than the corresponding Finnish market estimates.

Goyenko et al. (2009) also calculated the average zero measure for the U.S., which is 
14.3 percent with a standard deviation of 14.7 percent, whereas the corresponding zero 
measure for the Finnish market is 33.15 percent with a standard deviation of 8.5
percent in the full period. The average zero measure for the Finnish market is 
comparable to the average zero measure for nineteen emerging markets, as reported in 
Bekaert et al. (2007). The reported zero measure for the emerging markets is 30.8
percent with a standard deviation of 13.5 percent for the time period ranging from 1987 
to 2003. This result indicates that, regarding liquidity measures, the Finnish market is 
too illiquid relative to the U.S. market and is similar to emerging markets in terms of 
the zero measure. The illiquidity characteristics and the hybrid nature of the Finnish 
market make the empirical contribution of the study more interesting and relevant.17

15 See Table 1 in Amihud (2002) for the U.S. market price impact measure descriptive statistics during 
1963–1999.
16 Table 1 panel A and panel D in Goyenko et al. (2008) provided detailed descriptive statistics for the price 
impact measure and percentage zero measure for the U.S. market for 1993–2005, respectively. For the 
Finnish market, the corresponding estimates of the price impact measure and zero measure, in a similar 
period to that employed by Goyenko et al. (2008), are 3.84x10-4 with a standard deviation of 6.36x10-4 and 
36 percent with a standard deviation of 4.31 percent, respectively.
17 The Finnish stock market is a developed marketplace that is included in the MSCI global. Yet the Finnish 
market shares the illiquidity features of emerging markets.
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4 ESTIMATION PROCEDURE

In this section, we estimate the equally weighted monthly portfolio illiquidities using 
the zero measure and price impact measure. We proceed in sections. First, in section 
4.1, we discuss performing the monthly innovation in the illiquidity series of the testing 
portfolios and the market portfolio. Additionally, we also retrieve the innovation series 
in the monthly market returns. The estimation of the models proposed in section 2 
employs four betas. The beta risks are directly estimated from the innovations series in 
section 4.1 using equations (6), (7), (8), and (9). The calculated beta risks are 
subsequently used for the calculation of the liquidity-adjusted net beta series. We 
analyze the properties of the estimated betas in section 4.2, in conjunction with the 
expected excess returns for the 25 test portfolios.18 In section 4.3, we estimate our 
model equations (3) and (5) and numerous nested specifications for the sample from
1994:01 to 2009:05. Then, in section 4.4, we test all the specifications for the illiquidity 
portfolios alone. Finally, in section 4.5, we check the robustness of the illiquidity 
specification across the samples.

4.1. Testing portfolios and innovation in return and illiquidity series

We use innovations instead of original series in our empirical analysis because the
literature indicates that liquidity is predictable; an illiquid portfolio is expected to be 
illiquid for a considerable length of time. Moreover, employing innovations also 
circumvents the stationarity issues, given the high persistence in the levels of illiquidity 
series. The innovations in illiquidity are gathered by imposing ARMA structures of 
varying order in (p, q), where p is the lag length for the autoregressive term, and q is
the lag length of the moving average term:

. (12)

is the expected level of illiquidity of each test portfolio and market portfolio. The 
innovations in the asset-specific illiquidities are collected for both measures of 
illiquidity. We also collect innovations in the aggregate market illiquidity and market 
return series. In imposing the ARMA structure across all illiquidity series, we ensure 
that no predictability remains in the respective innovation series. We retrieve 
innovation in the market return: , = + , + + +, + , + , + , . The estimation of shock series to the 
market portfolio return series takes all the explanatory variables available at the end of 
last period. The explanatory variables included in the regression as first lag of market 
return series, size ( ) and value( ) factors of Fama and French (1993), aggregate 
liquidity measures of Amihud (2002, ), Lesmond et al. (1999, ) and 
turnover ( ). The inclusion of 2nd lag for market return produces little improvement 
in the explanatory power. Subsequently, the illiquidity related betas are calculated 
using innovations in portfolio and market illiquidity series.

18 We use the monthly returns on the one-month EURIBOR rates from the beginning of January 1, 1999 
and for the earlier period to match the sample in the study, which is completed with the one-month 
HELIBOR rate, available from the Bank of Finland. 
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Table 3 Properties of portfolios with liquidity betas calculated by price impact measure

Table 3 reports properties of 25 equally weighted portfolios formed monthly for the period from 1994 to 2009 on 
the basis of different characteristics. First five portfolios are based on measure of illiquidity constructed by 
number of zero returns in a month for a given firm. Each succeeding portfolio consists of 20% of firms with higher 
number of zero returns. This construction of portfolio for illiquidity also guides formation of other portfolios with 
different characteristics which is order of Table are as, L represents illiquidity, S represents Size, P represents 
price inverse ratio, M represents momentum and lastly BM represents book to market ratio portfolios.  i1 is usual 
market beta whereas,  i2  , i3 and i4 illiquidity based betas, these betas are calculated using equation (6), (7),(8) 
and (9). E(Ci) , E(Ai) , E(TOi) are the expected illiquidity calculated from Lesmond zero measure of illiquidity, 
Amihud measure of price impact, and turnover. Size shows average market capitalization of each portfolio and E 
(Re) is average gross returns.

Portfolio

s

i1 

(.100)

i2

(.100)

i3

(.100)

i4

(.100)

E(Ci) 

(%)

E(Ai)

(.1000)

E(TOi)

(%)

Size 

Ml.€ E (R)

L-1 63.48 0.00 -9.08 0.05 12.16 0.71 5.95 3703.92 1.009
(9.34) (0.57) (-4.58) (0.59)

L-3 52.56 0.19 -13.93 -0.92 29.84 4.26 3.12 277.82 1.011
(9.48) (1.18) (-3.70) (0.04)

L-5 70.43 70.37 -10.05 -13.80 67.10 85.29 1.54 39.26 1.022
(3.54) (1.52) (-4.19) (-1.45)

S-1 72.68 58.39 -9.93 -11.32 57.40 72.61 2.41 13.07 1.020
(5.46) (1.56) (-3.20) (-1.51)

S-3 55.62 0.22 -12.26 -0.33 31.07 5.21 2.71 139.67 1.014
(10.01) (1.06) (-3.39) (0.01)

S-5 55.03 0.02 -10.57 -0.01 11.13 0.27 6.21 5090.61 1.010
(8.47) (-0.07) (-4.39) (-0.75)

P-1 51.59 0.08 -10.80 -0.24 20.82 1.36 4.87 3668.69 1.004
(8.98) (0.39) (-4.03) (-2.08)

P-3 50.79 0.21 -11.37 -0.26 31.87 5.55 3.18 405.19 1.013
(9.69) (2.02) (-4.19) (0.01)

P-5 87.97 63.00 -10.80 -10.47 46.99 76.52 2.96 93.15 1.026
(6.24) (1.47) (-3.16) (-0.64)

M-1 69.63 13.27 -12.19 -3.87 35.55 25.80 3.76 891.13 1.008
(7.74) (1.44) (-2.95) (-0.26)

M-3 46.56 43.32 -9.88 -7.24 31.85 17.72 3.35 951.74 1.010
(8.28) (1.05) (-3.55) (0.02)

M-5 65.38 18.93 -11.56 9.20 32.12 34.36 4.16 2038.92 1.021
(7.08) (1.39) (-3.78) (1.08)

BM-1 63.45 1.31 -11.30 -0.92 26.18 6.36 3.88 3336.37 1.003
(8.13) (2.61) (-4.09) (-1.13)

BM-3 62.29 1.75 -11.11 -2.05 35.45 14.57 3.53 698.15 1.015
(6.04) (2.31) (-4.56) (0.07)

BM-5 60.66 128.05 -11.64 -35.65 35.26 72.44 2.88 619.05 1.018
(8.22) (1.18) (-5.43) (-1.47)
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4.2. Liquidity related betas over time

We present the descriptive statistics for the test portfolios and the key characteristics
and estimated beta risks in Table 2 and Table 3 for the initial analysis using the zero 
and price impact measures, respectively. 

First, as shown in Table 2, the illiquidity-based test portfolios provide adequate results 
in terms of sharing key illiquidity characteristics, similar to the size portfolios, as 
presented in Table 1. The expected portfolio illiquidities estimated with the zero and 
price impact measures are given under the headings E(Li) and E(Ai), respectively. The 
estimated illiquidites are increasing in the odd numbered illiquidity and PI portfolios
and show pertinence of illiquidity across the portfolio returns, whereas for size related 
portfolios both illiquidity measures are decreasing in the capitalization of size 
portfolios.19 Moreover, the portfolio expected turnovers, E(TOi), decrease as the
illiquidity of the portfolios increases. 

The average illiquid portfolio returns are higher than those of the liquid portfolios. 
Importantly, the previous month’s zero measure sorting produces a wide spread in the 
extreme portfolio returns. The annual return differential between the most illiquid 
portfolio (L-5) and liquid portfolio (L-1) is approximately 15.37 percent.20 This result
highlights the greater illiquidity effect in the Finnish market. A similar return 
differential for the odd numbered momentum portfolios is also present, and the annual 
return difference between winners (M-5) and losers (M-1) is approximately 15.6
percent, although the average illiquidity levels captured in columns E(Li), E(Ai), and 
E(TOi) are not precisely co-correspondent. The varying illiquidity characteristics imply 
that the portfolios with approximately equal return differentials are not necessarily 
holding similar firms such that the proposed model is not estimated with redundant 
test portfolios. 

Larger per annum gross return differentials are noted for PI (26 percent) and BM (18
percent) portfolios. The lowest return differential is observed for size portfolios (S-1
minus S-5), which still average a substantial 12 percent per annum, importantly with 
visibly different characteristic patterns than the others. This result reinforces our 
motivation for sorting portfolios based on five stock characteristics, given the
limitations of the Finnish stock market, such that the Lewellen et al. (2010) criticism of
the success of asset-pricing models is incorporated to address numerous related issues. 
The reported statistics regarding the three illiquidity betas in Table 2 show that the beta 
risks are a function of the portfolio’s illiquidity level and increase in portfolio illiquidity. 

Furthermore, the zero measure based illiquidity betas in Table 2 are monotonically 
linked to the mean returns of the illiquidity portfolios, with the exception of the 
commonality risk . Notably, the illiquidity portfolios exhibit substantial monotonic 

sensitivity to . It may be inferred that the most important illiquidity risk, in 
explaining cross-sectional variations in the test portfolios, is captured by flight to 
liquidity risk (Amihud, 2002) when quantified for the Finnish market. The most 
illiquid portfolio has a beta sensitivity of -22.56 for , whereas for L-1 the beta 

19 The results also hold for even numbered portfolios, but to conserve space the results are only presented 
for odd numbered portfolios.
20 In Acharya and Pedersen (2005), in Table 1 column E (re,p), the yearly difference between the most
illiquid and liquid portfolios, is 7.44 percent, which is approximately half the size if the corresponding 
value for the Finnish market. This result also implies that liquidity compensation is large with respect to 
the severity of illiquidity in the market.

2i

3i

3i



148

sensitivity is -7.53. The negative sign shows the effect of the flight to liquidity, where
positive shocks to market illiquidity further depress the contemporaneous returns on 
the illiquid stocks; that is, illiquidity risk is negatively correlated with expected stock 
returns. 

The non-responsiveness of the non-illiquidity portfolios to liquidity risks is also 
exhibited in Table 2. The illiquidity-related betas for the momentum and BM portfolios 
do not have any monotonic sensitivity towards illiquidity beta risks. Because these 
return differentials are not a function of the level of illiquidity, the liquidity-related 
betas are also not increasing. We use the beta risks calculated from the full sample for 
the model estimations, whereas the reported significance t-ratios are from the 
estimated series of yearly betas across the sample years. To obtain the sampling
distribution for the beta risks, we calculate fifteen yearly beta risks across test portfolios
for each sample year (1994–2009). Subsequently, we estimate the sample standard 
errors for each beta risk using the formula , where is the standard deviation of
the yearly series of beta risks. Small differences are bound to emerge given the small 
sample at hand. However, the full sample beta values and yearly mean betas converge 
to similar levels. Furthermore, the means of yearly illiquidity related betas are also 
increasing across portfolios’ illiquidities (results available upon request). 

In Table 3, the analyses for model risks are reported with the price impact measure.
The only differences from Table 2 are in the four model beta risks. The reported beta 
risks show that is not noticeably increasing with the mean returns of the illiquidity 

portfolios. However, and , in comparison to the zero measure based 
corresponding liquidity betas, are increasing in the anticipated direction across the
illiquidity portfolios. Another notable difference is the monotonic relationship between 
the price impact based illiquidity risks and BM portfolio average returns compared to 
what we reported in Table 2. The monotonic increases across illiquidity beta risks are 
such that value stocks show the largest price impact sensitivity compared to all other 
test portfolios. The price impact sensitivity for BM portfolios is also larger for BM-1 and
BM-3 compared to the corresponding values for illiquidity portfolios L-1 and L-3 
reported in column E(Ai) of Tables 2 and 3.

We also estimated the beta risks for the tranquil period, that is, the sample period 
1996–2007, to compare the performance of illiquidity-related betas and the market 
beta during different liquidity periods.21 Moreover, model equation (6) imposes the 
restriction that the unconditional price of risk associated with all four beta risks 
remains identical. However, establishing the theoretical separation among the model 
risks in the empirical estimation of the model is a significant undertaking.22 The 

21 The estimated beta risks show that the price impact on returns is the lowest in the calm period. However, 
the smoothness does not devoid the reported monotonicity of returns across portfolio mean returns in the 
full sample. The zero measure based liquidity is also reduced but is not as smooth as that observed for the 
Amihud measure. The calm period estimates for beta risks are not reported and are available upon request.
22 Generally, the pre-estimated model risks in equations (6), (7), (8), and (9) are highly correlated and pose 
a serious concern regarding the empirical implications of the model. This collinearity is also conspicuous 
for the U.S. market, as reported in Acharya and Pederson (2005). In the presence of such collinearity, 
observing a distinguishable effect on the returns for each beta risk when taken together is difficult. We also 
estimate the correlation structure across the yearly model risks (and the net beta risk, the results of which 
are available upon request) for both the samples and the illiquidity measures. The cross-correlations (with 
the zero measure) are less severe than correlations among beta risks reported in Acharya and Pederson 
(2005). The correlations among price impact based betas are substantially larger than the zero measure-
based risks and akin to the severe correlation structure provided in Acharya and Pederson (2005) using an 
Amihud measure-based transaction cost proxy. The cross correlations are even higher in the tranquil 
period. The correlation among zero measure based illiquidity risks with the market risk and net beta risk 
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(unreported) correlation patterns among model risks demonstrate the empirical 
obscurity confronted in tracing segregated illiquidity risks and, therefore, in testing the 
implications of the proposed model requiring uncorrelated factor risks in the regression 
analysis. Nonetheless, Acharya and Pederson (2005) estimated the unconstrained 
(unequal) premia to track the (theoretically) segregated impact of each risk on the 
cross-sectional return variations. They acknowledged that the empirical evidence is 
weak.

Furthermore, they argued that models isolating the separate effects of liquidity or 
liquidity risks can be reinterpreted as providing the overall specification effect. 
Therefore, the most robust number is the overall model effect given the substantial
correlation among pre-estimated beta risks. With respect to the high correlations 
among the model risks, the model with one of the most representative beta risks– the 
one that is most highly correlated with all the remaining risks – could also be tested.
Ideally, the overall model effect should be manifested in net beta risk, i.e., .
However, due to empirical difficulties in estimating the beta risks, the overall effect 
may also be manifested through some other channel of beta risk.23 To alleviate the 
difficulties of estimating an unconstrained model with four highly correlated beta risks, 
we also explore nested model specifications that only consider a single beta risk at a 
time, which are not reported in Acharya and Pederson (2005).

We hypothesize that different liquidity risks will demonstrate their pertinence to 
explain the cross-sectional return differences through a particular illiquidity measure,
for hypothetically capturing different dimensions of liquidity. A similar conjecture can 
also be drawn for differences in the monotonicity of illiquidity risks across the 
illiquidity portfolio mean returns, as reported in Tables 2 and 3.

4.3. Model testing

We proceed with the estimation of the proposed models in equation (3) to the 
equally testable model equation:

, (13)

where shows that the net beta is an overall market risk 
when illiquidity risk is incorporated. The model in equation (3) is expressed in terms of 
excess returns, which implies that the constant should be zero. However, we 
estimate equation (13) by allowing a nonzero constant for robustness. The estimations 
using the zero measure of illiquidity in all 25 test portfolios are reported in Table 4. The 
success of the model specifications is gauged under a joint criterion of higher cross-
sectional R2 and ability to suppress pricing errors (cross-sectional intercept).

follows a similar structure, as observed for the full sample. Generally, the correlation patterns show that 

could be as good as a proxy as due to its substantial correlation with other beta risks to capture 

an overall effect of illiquidity. We note that the overall illiquidity effect after may also be proxied by

and as implied by the cross-correlations pattern for the price impact measure based beta risks.
23 We expect that if this is the case, the overall effect should be better captured through one of the 
illiquidity risks rather than the market risk due to the latter’s reported empirical difficulties (Fama & 
French, 1992, 1993) in explaining different characteristic-based portfolio returns.
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Table 4 Equally weighted portfolios using zero measure of illiquidity

Table 4 provides estimates for the illiquidity related betas and market beta using cross-sectional regression 
analysis for the period of 1994-2009. In panel A we estimate coefficients for all 25 test portfolios using 
different variants of following relation between excess returns and explanatory factors

44332211)()( iiiiiii CERE

where 4321, iiiiinet , the total of nine models from above relation are estimated .In 
panel B the cross-section regressions are performed for equally weighted 15 portfolios which are ranked 
with some illiquidity related characteristics. The t-statistics is reported in parentheses and these are with 
corrected standard deviation using Newey and West (1987) method with two lags. R2 is obtained for each of 
the estimated model and adjusted R2 is reported in parentheses.

Constant E(Ci) net,i i1 i2 i3 i4 R2

Panel A: equally weighted 25 portfolios.

1 0.0002
(0.09)

0.0282
(5.77)

0.386
(0.359)

2 -0.0130
(-2.29)

0.0214
(3.91)

0.372
(0.345)

3 -0.0092
(-1.08)

0.0175
(1.69)

0.0123
(1.19)

0.454
(0.404)

4 0.0120
(-3.93)

0.0392
(6.56)

0.425
(0.400)

5 0.0198
(2.12)

-0.0283
(-1.18)

0.047
(0.006)

6 0.0008
(0.59)

-0.0756
(-7.44)

0.495
(0.473)

7 0.0087
(7.67)

-0.0282
(-0.83)

0.046
(0.005)

8 -0.0047
(-0.61)

0.0109
(0.92)

0.0002
(0.01)

-0.0782
(-2.93)

0.0347
(0.99)

0.573
(0.487)

9 -0.0230
(-1.30)

0.0257
(1.08)

0.0308
(1.50)

0.0203
(0.67)

-0.0067
(-0.11)

0.0465
(1.01)

0.620
(0.520)

Panel B: equally weighted 15 illiquidity related portfolios.

1 0.0008
(0.50)

0.0267
(5.64)

0.530
(0.493)

2 -0.0206
(-8.24)

0.0288
(12.31)

0.819
(0.805)

3 -0.0202
(-6.96)

0.0009
(0.17)

0.0282
(7.21)

0.819
(0.789)

4 -0.0169
(-6.16)

0.0482
(10.50)

0.751
(0.732)

5 0.0210
(1.55)

-0.0315
(-0.91)

0.059
(-0.014)

6 0.0001
(0.05)

-0.0823
(-7.78)

0.809
(0.795)

7 0.0078
(9.12)

-0.0771
(-3.55)

0.379
(0.332)

8 -0.0131
(-2.19)

0.0271
(4.13)

0.0061
(0.51)

-0.0485
(-2.47)

-0.0019
(-0.09)

0.897
(0.856)

9 -0.010
(-0.67)

-0.0055
(-0.30)

0.0228
(1.22)

0.0036
(0.19)

-0.0649
(-0.98)

-0.0041
(-0.22)

0.898
(0.842)



151

Table 5 Equally weighted portfolios using Amihud (2002) price impact

Table 5 provides estimates for the illiquidity related betas and market beta using cross-sectional regression 
analysis for the period of 1994-2009. In panel A we estimate coefficients for all 25 test portfolios using 
different variants of following relation between excess returns and explanatory factors
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where 4321, iiiiinet , the total of nine models from above relation are estimated .In 
panel B the cross-section regressions are performed for equally weighted 15 portfolios which are ranked 
with some illiquidity related characteristics. The t-Statistics is reported in parentheses and these are with 
corrected standard deviation using Newey and West (1987) method with two lags. R2 is obtained for each of 
the estimated model and adjusted R2 is reported in parentheses. 

Constant E(Ci) net.i i1 i2 i3 i4 R2

Panel A: equally weighted 25 portfolios.

1 0.0061
(7.32)

0.017
(6.58)

0.605
(0.588)

2 0.0020
(0.86)

0.0083
(3.08)

0.433
(0.409)

3 0.0085
(5.42)

0.020
(3.52)

-0.004
(-1.55)

0.623
(0.586)

4 -0.0120
(-3.93)

0.0371
(6.56)

0.425
(0.400)

5 0.0077
(9.352)

0.011
(2.69)

0.386
(0.360)

6 0.0096
(0.92)

0.0008
(0.01)

0.000
(-0.043)

7 0.0085
(8.13)

-0.0257
(-1.76)

0.137
(0.100)

8 -0.0091
(-1.37)

0.0186
(2.40)

0.0182
(3.91)

-0.0579
(-1.54)

0.0430
(3.23)

0.622
(0.547)

9 -0.0029
(-0.48)

0.017
(2.87)

0.0029
(0.28)

0.0069
(1.58)

-0.0677
(-2.67)

0.0378
(3.73)

0.698
(0.619)

1 0.0064
(8.51)

0.017
(5.97)

0.791
(0.775)

2 -0.0015
(-0.97)

0.0131
(8.29)

0.826
(0.812)

3 -0.0025
(-0.756)

-0.022
(-0.31)

0.0147
(2.68)

0.826
(0.797)

4 -0.0169
(-6.16)

0.0457
(10.50)

0.751
(0.732)

5 0.0071
(9.15)

0.0196
(5.88)

0.780
(0.763)

6 0.0128
(1.00)

0.0281
(0.28)

0.005
(-0.072)

7 0.0067
(8.58)

-0.105
(-5.10)

0.722
(0.701)

8 -0.0126
(-2.23)

0.0123
(1.74)

0.0352
(3.12)

-0.120
(-4.60)

0.102
(1.81)

0.884
(0.838)

9 -0.0105
(-2.25)

0.038
(1.68)

0.0126
(1.80)

0.0071
(0.28)

-0.091
(-4.70)

0.191
(4.01)

0.907
(0.855)
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Using the level of illiquidity alone, the cross-sectional regression in line 1 yields the 
expected positive estimate and insignificant pricing errors. The lower adjusted R2 could 
be argued to be due to the low variability in the zero measure based illiquidity levels for 
the PI, momentum, and BM portfolios (see Table 2 under column heading E(Li)). 
Nonetheless, the significance of the level of illiquidity shows that the portfolio returns 
are linked to their illiquidity levels. In line 2, the net beta specification also has a 
positive and significant price of risk. However, the net beta specification yields 
significantly large pricing errors. The next specification estimates level of illiquidity and 
net beta simultaneously. The estimation output shows insignificant pricing errors with 
only a relatively higher R2 of 0.45 than the results reported in lines 1 and 2. The 
coefficient on the expected illiquidity is significant at the 10 percent level, and the 
coefficient on the net beta is insignificant, although it retains the positive sign. 
However, the results show, through lines 1 to 3, that a joint criterion of higher R2 and 
insignificant pricing errors is not met. 

The relatively poor performance of the net beta specification demonstrates the
empirical difficulties of making accurate model-based predictions when the component
beta risks do not capture the underlying theoretical direction or are not monotonically 
sizeable across the illiquidity of test portfolios. The same is argued for the beta risks 
estimated with the zero measure (for example, the commonality effect; see Table 2).
Nonetheless, the plausible coefficient estimates on expected illiquidity levels are an 
improvement on Acharya and Pederson (2005), as the illiquidity level, when allowed to 
have a free parameter value, was often implausibly estimated in their work.

The price of risk associated with either of the beta risks can also be interpreted as 
capturing the overall model effect, as argued previously. The individual beta risk 
specification incorporates the possibility of determining which beta is a more relevant 
risk in suppressing cross-sectional pricing errors. Therefore, given the highlighted 
estimation difficulties and the strong correlation patterns among beta risks, we test the 
following cross-sectional specifications and the nested single beta representations for 
the described analysis:

. (14)

In line 4, a CAPM specification is employed, and the price of risk associated with is 
positively significant. The significant model pricing errors over predict the average 
portfolio returns by 1.20 percent per month, which is substantially large. The price of 
risk for the commonality effect is expected to be positive. However, we find an 
insignificantly negative coefficient, which again highlights the inability of the 
commonality effect to not account for the particular contemporaneous association 
between idiosyncratic and aggregate illiquidity shocks. The specification with flight to 
liquidity risk produces insignificantly small pricing errors. It also yields the highest 
adjusted R2 across specifications using only one explanatory variable. The estimated 
price of risk for is insignificantly plausible. Acharya and Pedersen (2005) reported
that the depressed wealth effect risk has the largest and most significant compensation 
across all illiquidity risks for U.S. stock returns.

The regression in line 8 again finds a strong impact of , as in line 6, and is 
significant even in the presence of other model risks. The comparison of the models,
under the established criteria, suggests that the specification using only flight to 
liquidity risks performs better than the others. The risk can explain the largest 
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variability in mean portfolio returns while maintaining the model’s parsimony with a
similar adjusted R2 to lines 8 and 9. In brief, when illiquidity is measured using the zero 
measure, illiquidity risk is best captured through to proxy the overall illiquidity 
effect in the Finnish market. The result signifies the pervasiveness of illiquidity risk,
which is attributed to a flight to liquidity, also reported in Vaihekoski (2009) for the 
Finnish market. 

The estimations using price impact measure based illiquidity risks are reported in panel 
A of Table 5. The results show that the level of illiquidity is significantly related to
expected returns with a larger model R2 than the corresponding zero measure 
specifications. The increased explanatory power demonstrates the increased variability 
(information content) in the price impact measured portfolio illiquidity levels in 
conjunction with expected portfolio returns compared to the zero measure (see column 
headers E(Li) and E(Ai) in Tables 2 and 3). However, the specification with expected 
illiquidity has significant pricing errors and fails to meet the model success criteria. The 
net beta specification does not have a high R2, although it has insignificantly estimated 
small pricing errors. Using the level of illiquidity in conjunction with the net beta 
hampers the model in terms of the significant cross-sectional pricing errors. 

The has positive and significant coefficients in the single beta risk specifications. 
However, the commonality risk alone is not a sufficient risk factor for significant
pricing errors. The flight to liquidity specification cannot replicate its performance 
under the zero measure and is neither significant nor plausible. In line 7, the last 
illiquidity-related risk also has a negative, significant estimate of the price of risk. The 
performance of the net beta specification, among the other single beta specifications, is 
relatively better under the model selection criterion for suppressing cross-sectional
mispricing. The model estimations highlight the key differences in measuring illiquidity 
between zero measure and price impact through the significance of alternating 
illiquidity betas to explain expected portfolio returns, as hypothesized above.

We separately graph cross-sectional pricing error plots using the best model 
specifications, under the employed model performance criteria, for the zero measure 
and price impact measure. The predicted returns are the multiple of the selected 
model’s price of risk with the corresponding time series portfolio beta (as reported in 
Tables 2 and 3). We use line 6 of Table 4 (panel A) for the zero measure and the net 
beta price of risk as in line 2 of Table 5 (panel A) for price impact based model 
predictions. Similarly, we also plot the standard CAPM specification 
predictions. 

All of the selected models only use one explanatory variable; hence, no model is 
given any statistical advantage. In Figure 4, we provide the empirical fits of the 
models against actual portfolio returns. The model projections that include
liquidity adjustment clearly outperform the market beta. The model predictions 
show that the difference between the actual and predicted yearly average
returns is 3.5 percent with the zero measure, while this differential is 3.8 
percent with the price impact measure. The market model specification 
performs the poorest and the differential is alarmingly high, i.e., 14.38%.    

The generated plots are the outcome of a stringent test to explain returns from
(non- illiquidity) momentum and BM ratio portfolios. Therefore, the average 
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Figure 4 Fitted vs. realized returns for 25 portfolios

Empirical fit for 25 portfolios: the empirical fit depicted at the top left corner is when a relevant measure of 
illiquidity is estimated as zero measure, at the right of it is an empirical fit when relevant measure of 
illiquidity is estimated by Amihud (2002) price impact. Below is empirical fit by CAPM beta. The period of 
estimation is 1994-2009.

annual differentials between model-predicted and actual returns are 
encouraging with respect to the successful specifications.

4.4. Model testing for illiquidity-related portfolios

Numerous studies report that illiquidity risk matters for asset returns, which are a
function of the level of idiosyncratic illiquidity. Accordingly, we reduce the cross section 
of twenty-five portfolios to fifteen and test the hypothesis for the Finnish market. All of 
the regressions reported in panel A of Tables 4 and 5 are re-estimated and presented in 
panel B of Tables 4 and 5. The estimations with the zero measure retain the overall 
trends in significance or insignificance for particular beta risks and pricing errors, as 
shown across specifications in panel A. The notable differences in the panel B 
specifications include the significant risk premium on the net beta in line 3 with 
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Figure 5 Fitted vs. realized returns for 15 portfolios

Empirical fit for 15 portfolios: the empirical fit depicted at the top left corner is when a relevant measure of 
illiquidity is estimated as zero measure, at the right of it is an empirical fit when relevant measure of 
illiquidity is estimated by Amihud (2002) price impact. Below is empirical fit by CAPM beta. The period of 
estimation is 1994-2009.

significantly large cross-sectional pricing errors, the significance of market risk in line 8 
also with significant cross-sectional errors. However, the most striking difference is the 
larger cross-sectional R2 values across all specifications. Importantly, the flight to 
liquidity risk specification exhibits greater ability in suppressing the pricing errors 
(although insignificantly estimated) and obtains an R2 of 80.90 percent.

In panel B of Table 5, we report that the regression specifications using the price 
impact measure based illiquidity risks. Here again, in line 2, the net beta
significantly affects the cross-sectional return variations, although with 
insignificantly small pricing errors and an adjusted R2 of 81.20 percent. In line 
3, the specification using the level of illiquidity and the net beta, yields
insignificant pricing errors, but the coefficient on expected illiquidity is 
implausibly estimated and counter-intuitive. Furthermore, the adjusted R2 in 
line 3 is actually reduced relative to the specification with net beta alone. 
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Table 6 Equally weighted portfolios using zero measure of illiquidity

Table 6 provides estimates for the illiquidity related betas and market beta using cross-sectional regression 
analysis for the period of 1996-2007. In this Table we estimate these coefficients for all 15 test portfolios 
using different variants of following relation between excess returns and explanatory factors
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where 4321, iiiiinet , the total of nine models from above relation is estimated. The t-
statistics is reported in parentheses and these are with corrected standard deviation using Newey and West 
(1987) method with two lags. R2 is obtained for each of the estimated model and adjusted R2 is reported in 
parentheses.

Constant E(Ci) net.i i1 i2 i3 i4 R2

1 0.0060
(4.47)

0.0279
(6.85)

0.561
(0.527)

2 -0.0132
(-5.39)

0.0267
(12.07)

0.839
(0.827)

3 -0.0119
(-4.97)

0.0042
(0.95)

0.0242
(9.09)

0.844
(0.818)

4 -0.0045
(-2.31)

0.0402
(10.80)

0.746
(0.726)

5 0.0263
(1.84)

-0.0288
(-0.84)

0.056
(-0.017)

6 0.0041
(5.11)

-0.0770
(-18.70)

0.871
(0.861)

7 0.0123
(13.26)

-0.0650
(-3.17)

0.229
(0.170)

8 -0.0017
(-0.21)

0.0126
(1.29)

0.0061
(0.37)

-0.0555
(-2.92)

-0.0094
(0.49)

0.882
(0.835)

9 0.0051
(0.30)

-0.0113
(-0.63)

0.0004
(0.02)

-0.0011
(-0.04)

-0.0927
(-1.51)

-0.0164
(-0.85)

0.889
(0.828)

Generally, individual liquidity risks with the price impact measure perform 
better for illiquidity-related portfolios. The main difference between the 
estimations reported in panel A compared to those in panel B of Tables 4 and 5 
is that the employed risk specifications explain a greater share of the cross-
sectional variance in the mean returns. To highlight this effect, see the model R2

for the successful specifications in Table 4 and 5 across the panels (line 6 and 
line 2). The estimations in the B panels have approximately 78 percent and 100
percent higher model R2values than the corresponding R2 levels in the A panels
of these tables.

The model predictions, regarding the return differentials between the most 
illiquid and liquid portfolios, highlight the importance of illiquidity risk for 
illiquidity-related portfolios. We employ of the most successful price of risk 
specification across Tables 4 and 5 (panel B). The reported price of risk associated with 

is -0.0823. Using the flight to liquidity price of risk, a predicted return differential 
on the most illiquid and illiquid is estimated as:

,

where is the difference between the betas of these two portfolios. The 
subsequent calculations yield an annualized return differential of 14.84 percent. The 
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Table 7 Equally weighted portfolios using Amihud (2002) price impact

Table 7 provides estimates for the illiquidity related betas and market beta using cross-sectional regression 
analysis for the period of 1996-2007. In this Table we estimated these coefficients for all 15 test portfolios 
using different variants of following relation between excess returns and explanatory factors
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where 4321, iiiiinet , the total of nine models from above relation is estimated. The t-
statistics is reported in parentheses and these are with corrected standard deviation using Newey and West 
(1987) method with two lags. R2 is obtained for each of the estimated model and adjusted R2 is reported in 
parentheses.

Constant E(Ci) net,i i1 i2 i3 i4 R2

1 0.0113
(16.98)

0.034
(7.55)

0.774
(0.757)

2 -0.0009
(-0.66)

0.0155
(16.17)

0.800
(0.784)

3 0.0035
(0.88)

0.014
(1.26)

0.0097
(1.87)

0.819
(0.788)

4 -0.0045
(-2.31)

0.0216
(10.80)

0.746
(0.726)

5 0.0121
(17.81)

0.122
(7.63)

0.783
(0.767)

6 -0.0022
(-1.25)

-0.282
(-11.03)

0.741
(0.721)

7 0.0122
(17.14)

-0.0852
(-6.99)

0.630
(0.602)

8 0.0046
(1.02)

0.0044
(0.64)

0.0964
(1.53)

-0.0786
(-0.89)

0.0265
(0.72)

0.836
(0.771)

9 0.0040
(0.94)

0.024
(0.34)

0.0066
(0.61)

0.0317
(0.19)

-0.0447
(-0.26)

0.0376
(0.60)

0.840
(0.751)

prediction is near the yearly difference between the realized returns on these portfolios, 
which is 15.37 percent for the period of 1994–2009. We repeat the procedure using our 
second measure of illiquidity. The price of risk associated with , in panel B 
line 2 of Table 5, is 0.0131. This yields a predicted return differential of:

%48.1412)( 1,5, LnetLnet .

The tested specifications explain nearly all of the difference in returns across illiquidity 
portfolios. Imposing the constancy constraint on the net beta price of risk, we 
determine which beta best explains the return differentials. To conserve space, we only
present the results for the component that best explains the return differential, which is

, the commonality effect in illiquidity. Using the reported net beta specification 
price of risk, the component resulting from the commonality effect (while using 
commonality betas) is calculated as follows: 

%06.11)( 1,25,2 LL .

Similarly, the market beta represents 1.09 percent of the overall return differential, 
whereas the flight to liquidity explains only 0.15 percent. The remaining difference of 
1.34 percent is attributed to . The combined premium on liquidity risks account for 

inet ,

i2

i4
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Figure 6 Fitted vs. realized returns in the sample 1996-2007 (for 15 liquidity portfolios)

Empirical fit for 15 portfolios: the empirical fit depicted at the top left corner is when a relevant measure of 
illiquidity is estimated as zero measure, at the right of it is an empirical fit when relevant measure of 
illiquidity is estimated by Amihud (2002) price impact. Below is empirical fit by CAPM beta. The period of 
estimation is 1996-2007.

nearly 92 percent of the total model-predicted risk premium, and only 8 percent is
associated with the market (CAPM) risk. Acharya and Pederson (2005) reported a
comparable return differential between the most illiquid and liquid portfolios for the 
U.S. stock returns as follows:

%40.612)( 1,25, LnetLnet .

Of this yearly return differential, the three illiquidity-related betas explain nearly 1.10
percent, whereas the market beta explains 5.30 percent. The illiquidity premium only
accounts for 17 percent of the model projection compared to the 92 percent reported for 
the Finnish stock market, given the equality of model premia across the beta risks. 
These results clearly suggest that market-related risk is dominant in the U.S. market,
while this is not the case for the Finnish stock returns. The larger liquidity premium
rather than market premium demonstrates the importance of accounting for liquidity 
risk, as argued by numerous theories.
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Furthermore, the evidence also confirms our hypothesis that illiquidity effects can be 
more pronounced in illiquid markets, even if the markets are developed, as in our case. 

The pricing error plots for the illiquidity portfolio estimations are shown in Figure 5
with the previously noted specifications (lines 6 and 2 in panel B of Tables 4 and 5,
respectively). The graphs indicate much better empirical fits. The difference between 
the predicted and actual yearly realized returns decreases compared to the 
specifications with non-illiquidity test portfolios. The zero measure yields a yearly 
difference of 2.5 percent, whereas with price impact, the yearly difference is 2.8
percent. The prediction errors are reduced by approximately 1 percent per annum 
across the combination of test portfolios.

4.5. Model testing for 1996–2007

To test for the pervasiveness of the illiquidity-related betas across samples, we run 
cross-sectional regressions for the sample period spanning from 1996–2007.24 Table 6 
reports the results with the zero measure beta risks. The coefficient on expected 
illiquidity is positive and significant, implying higher expected returns for illiquid 
assets. Nonetheless, the specification with expected illiquidity again fails to suppress
mispricing. The problem of significant pricing errors also undermines the specifications 
with net beta alone and the net beta combined with the level of illiquidity. Other 
comparable differences from the full sample estimations include reduced pricing errors 
equaling -0.45 percent per month for the market model specification and the larger 
pricing errors from the specification. Moreover, the cross-sectional pricing errors 
from both specifications are significant at 1% critical t-values.

The best model in the reduced sample is in line 8, in which all the beta risks are taken 
together, whereas only is significantly priced. Under the employed model selection 
criteria, none of the single beta specifications outperform the others on both fronts. 
However, for the largest adjusted R2 across all specifications and, economically, the 
smallest pricing errors among single beta specifications – the flight to liquidity risk
specifications– remains noteworthy. Nonetheless, the specification including 
illiquidity-related betas with market risk reduces the cross-sectional mispricing
(insignificantly estimated), although it suffers from employing additional degrees of 
freedom and thus lower adjusted R2 values. 

The results for the price impact based liquidity risk estimations in the tranquil period, 
reported in Table 7, are similar to the results in Table 5 panel B. Notable differences 
include the significance of net beta in line 3 at 10 the percent critical t-values, the 
significance of the flight to liquidity risk, and insignificantly estimated pricing errors for 
the specifications in lines 8 and 9. Moreover, the specifications in lines 8 and 9 do not 
have significant prices for the model risks, except for .Whereas all the risk premia
are significant at 10 percent critical t-values or below, with the exception of the 
commonality effect (in line 9 only) in the comparable full period settings. 

Figure 6 plots the empirical fit of the successful models in the calmer period. Visible 
improvement is noted in the performance of the CAPM beta compared to the full 

24 As indicated in section 3.2, the Finnish market has a higher price impact and slightly reduced zero 
returns for 1996–2007. The descriptive behavior of the Finnish aggregate market illiquidities motivated 
the selection of the reduced sample. We only report the results for illiquidity-related portfolios. The 
estimations using the cross-section of 25 portfolios are available upon request.

i,3

i3

i,3
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period. The evidence implies that a CAPM beta may be a better candidate for explaining
return variations in illiquidity portfolios in calmer periods than in periods involving 
high illiquidity. The improvement is such that the average annualized difference 
between the model-predicted returns and the realized returns is 5.41 percent. The lower 
prediction errors are a substantial decline from the annualized difference of 20 percent
in the full sample of illiquidity portfolios. The annualized difference when an illiquidity
adjustment is included, using both measures of illiquidity, is 2.5 percent, and, on 
average, is similar for the 15 illiquidity test portfolios across the samples.

Nevertheless, illiquidity risks still have explanatory power beyond that of the market 
beta in the reduced sample period and are more visible through price impact measure 
based model projections. To highlight the improvement, we also check for the relative 
contribution of the liquidity effect to the total model risk premium in the calm period 
by price impact measure:

inetiiiRE ,11)( . (16)

We do not control for illiquidity level, as we intend to compare the price of risk for 
liquidity risks and for the market beta. The estimation of equation (16) yields the
following results:

inetiiRE ,1 025.0014.0002.0)( . (17)

In equation (17), pricing errors are insignificantly small and the price of risk associated 
with the net beta is significant with Newey and West (1987) corrected standard errors 
at the 10 percent level, whereas the corresponding market beta is insignificant. The 
negative risk premium associated with the market beta does not imply that risk is 
negative and is exemplified, similar to Acharya and Pederson (2005), as follows:

The negative sign on market premia indicates that, under the model assumptions, a
greater risk premium is associated with illiquidity beta risks. This evidence highlights 
the importance of liquidity adjustment in the static CAPM. The annualized difference 
between the returns on the illiquid portfolio, L-5, and the liquid portfolio, L-1, is 18.29
percent for the sample period from 1996–2007. Using the price of risk associated with
the net beta, as shown at line 2 of Table 7, the model-predicted annualized return 
differential is 10.32 percent. Although the model prediction is not as precise as that 
reported for the full period, we focus on the proportional share due to illiquidity-related 
risks rather than market risk, ceteris paribus.

The calculations demonstrate that market-related risk explains 4.34 percent of the 
annual return differential for the prediction for the full model, and the remaining 
model risk premium is associated with illiquidity-related risks. The proportional 
illiquidity effect is not as substantial as reported in the full period; yet it accounts for 
approximately 60 percent of the model-predicted risk premium. The evidence 
highlights the time variation in illiquidity premia. However, illiquidity-related risks are 
more important than market risk, regardless of the market conditions, and constitute a
major part of the model-projected risk premium. Arguably, if the sample includes the
illiquidity period, then compensation for illiquidity risks is sufficient to cover the total 
model risk premium (approximately). 

).(025.0011.0002.0)( 4321 iiiiiRE
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The estimations indicate that the overall model effect is captured through net beta 
specification using price impact measure illiquidity risks, whereas the zero measure 
based flight to liquidity risk specification performs equally well. Moreover, the results 
demonstrate that the sensitivity of expected returns across the price impact illiquidity 
risks relative to zero measure illiquidity risks is more often theoretical. The overall
impact of illiquidity risk is thus manifested through the net beta. The model restriction 
of the equality of premia is also satisfied in estimations using the price impact measure 
based illiquidity risks when tested with a Wald test (results available upon request). 
However, the restriction is more often rejected for estimations with zero measure beta 
risks. Finally, the primary finding is the sizeable price of the illiquidity premium for the 
Finnish market, even if we cautiously assume no change in illiquidity across the 
samples.
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5 CONCLUSIONS

In this paper, we simplify the liquidity-adjusted model developed by Acharya and 
Pedersen (2005) to determine asset prices and account for the total cost of trade in a
single period equilibrium model. The liquidity-adjusted model is tested for the Finnish 
stock market. Through the analysis, we emphasize the greater relevance of illiquidity-
related theories and models to comparably more illiquid stock markets, rather than the 
standard practice of analyzing the most liquid market, the U.S. The liquidity
adjustment in the model is incorporated through two different measures to proxy for 
transaction costs. The selection of two separate illiquidity measures is employed to 
analyze whether illiquidity’s effect on asset pricing is captured any differently via a 
particular measure. We show that the proxy measures capture asset illiquidity while 
considering the key illiquidity characteristics of firm size, turnover, and PI ratio 
following Demsetz (1968), Datar et al. (1998), and Brennan and Subrahmanyam 
(1996), among others.

The central finding of the paper is the substantial risk premium related to illiquidity 
risks for Finnish stocks (92 percent in full periods and 60 percent in calm periods) in 
the total model risk premium. The illiquidity premium is far larger than the reported 
illiquidity premium (17 percent) in the U.S. market as inferred from a comparable study 
(Acharya & Pederson, 2005). The remaining empirical evidence can be divided into 
three parts. First, the estimations using the illiquidity measures show that different 
model (illiquidity) risks are important in explaining variations in expected returns and 
reducing model mispricing across samples. Therefore, we argue that the empirical 
significance of depressed wealth effect in Acharya and Pederson (2005) is more of a 
dimensional effect of the proxy measure used than the systematic effect of the risk, 
given the unavailability of exacting illiquidity proxies that cover all aspects of stock 
liquidity. Nonetheless, the varying ability of illiquidity risks across specifications, in 
explaining cross-sectional return differences, does not undermine the overall 
performance of the illiquidity measures in capturing liquidity effect. Second, time 
variation in the illiquidity premium is documented across the samples, which include 
and exclude illiquid periods. Third, a liquidity-adjusted CAPM performs remarkably 
better than simple CAPM specifications across the samples, including and excluding 
illiquidity periods. We suggest that the illiquidity premium across stock markets (both 
developed and emerging) should be quantified to make further generalizations. 
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