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Abstract

Most single-factor and multifactor asset pricing models constitute special cases of the con-
sumption-based asset pricing theory, in which investors’ marginal utility is the key determi-
nant of asset prices. However, in recent years, production-based asset pricing models have
been extraordinarily successful in correctly pricing a wide range of anomaly portfolios that
are typically mispriced in previous research. In parallel, research on conditioning information
has contributed to significantly improve the performance of classic consumption-based
asset pricing models. On this basis, in this paper we conduct an in-depth research on the
performance of consumption and production-based asset pricing models on the Tokyo
Stock Exchange, for the period from 1992 to 2018, in order to test to what extent consumer
confidence helps consumption models to correctly capture shifts in the investment opportu-
nity set of investors. To overcome the constraints imposed by the periodicity of macroeco-
nomic data, we use a factor-mimicking portfolio approach that allows us to test the
performance of the models into consideration at different frequencies. Our results suggest
that the consumer confidence index for Japan helps consumption-based asset pricing mod-
els outperform production-based models for different anomaly portfolios. Conversely, in
those cases where consumption models perform worse, the production models also perform
poorly. These results help to partially reconcile the results provided by the consumption and
production models, and constitute a step forward for the purpose of identifying the funda-
mental risk factors that drive asset prices.

Introduction

The asset pricing theory comprises a wide range of models and methodologies that seek to find
the fundamental risk factors that drive asset prices and expected returns. A large part of the
asset pricing literature focuses on explaining the cross-sectional behavior of stock returns. In
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particular, most cross-sectional asset pricing models are intended to identify the key factors
that make some stocks provide higher expected returns than others. This task is crucial in a
wide range of well-differentiated areas, such as corporate finance, accounting, asset portfolio
management, or fiscal and monetary policy [1].

Considering that the vast majority of asset pricing models are special cases of consumption-
based or production-based models, this paper pursues two main objectives. First, building on
the fact that most of the recent evidence on the performance of consumption-based asset pric-
ing models attributes their poor explanatory power to their failure to correctly capture condi-
tioning information [2, 3], this paper seeks to determine to what extent the consumer
sentiment, and more particularly the consumer confidence index (hereafter, CCI), allows the
capital asset pricing model (hereafter, CAPM) and the consumption-CAPM (hereafter,
CCAPM) to improve their performance on the Tokyo Stock Exchange. The specific character-
istics of the Japanese economy due to its demographic conditions, as well as its consumption
pattern over time, largely motivate our study. According to [4], the steady increase in the ratio
of the population older than 64 to the population between 15 and 64 since 1990 is strongly
related to the decreases in inflation and the output of Japan in the same period. On the other
hand [5], relate the increase in the number of retirees to the sales of Japanese stocks and bonds
in recent decades and the increase in foreign investments, which ultimately results in yen
appreciation and deflation. We believe that these elements can result in specific patterns in the
relationship between consumption growth and consumer sentiment, and this paper explores
their effect on the returns of the Tokyo Stock Exchange.

Second, this paper seeks to determine the prevalence of the successful results achieved by
recent production models, specifically the model proposed by [6] and [7] (hereafter, the Fama-
French five-factor model and the g-model, respectively), in equity markets other than those
studied by these authors (i.e. US stock markets). More particularly, we seek to study the appar-
ent redundancy of the value factor, used as an explanatory variable in the Fama-French five-
factor model, in the presence of investment factors. For that purpose, we compare the perfor-
mance of the Fama-French five-factor model with that of the g-model, on the Tokyo Stock
Exchange, for the period from 1992 to 2018, at different frequencies and using distinct anom-
aly portfolios as test assets.

This paper contributes to the literature that relates consumer sentiment with asset prices,
and to the literature that seeks to reconcile both consumption-based and production-based
asset pricing models to integrate both approaches into a more general equilibrium model. To
the best of our knowledge, this is the first study to compare the performance of consumption
and production models on the Tokyo Stock Exchange, using the CCI as an instrument to
incorporate conditioning information into consumption models.

Our results show that the CCI does an excellent job when used as an instrument in con-
sumption-based asset pricing models, helping them to greatly improve their performance and
outperform production models for some portfolios. Additionally, our results show that,
although the Fama-French five-factor model and the g-model provide the lowest pricing errors
and the highest R” statistics among all the models under study, in most cases the Fama-French
five-factor model is the best-performing model, followed by the g-model. These results suggest
that, while there may be some duplication in the explanatory power of the value factor and
that of investment factors, they do not appear to be completely redundant.

Hereafter, the paper proceeds as follows. The next section describes the theoretical back-
ground of the models under consideration. The section thereafter defines the models and
methods under analysis. This is followed by a section that describes the data and the results.
The last section discusses the results and concludes the paper.
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Theoretical background

A large number of asset pricing models extensively studied in the literature are special cases of
a general consumption-based asset pricing model, in which the marginal utility of investors is
the only factor that drives asset prices [8] (pp.149-183). Specifically, some prominent models,
such as the CAPM [9-11], the CCAPM [12, 13], or the Fama-French three-factor model [14],
are developed by naturally imposing some constraint on the investors’ utility function or the
dynamics of consumption growth. In this regard, the Fama-French three-factor model
deserves special mention. According to [15], the Fama-French three-factor model constitutes a
successful implementation of the intertemporal asset pricing theory, as defined by [16]. On
this basis, the wealth portfolio—frequently assimilated to a broad-based portfolio, such as the
value-weighted portfolio of the Tokyo Stock Exchange-does not correctly proxy the marginal
utility of investors, given the forecastable nature of expected returns. This makes it necessary
to introduce other state variables that allow the model to forecast shifts in the investment
opportunity set of investors [8] (pp. 165-167). The Fama-French three-factor model intro-
duces two additional state variables apart from the value-weighted market portfolio, specifi-
cally a size factor and a value factor, that allow the model to correctly price a wide range of
anomaly portfolios. These factors are often referred to as SMB (the excess return of the portfo-
lio that comprises the small minus big market value firms) and HML (the excess return of the
portfolio that comprises the high minus low book-to-market equity firms) in the asset pricing
literature.

Although consumption-based asset pricing models are generally presented in the form of
single-factor or multifactor models, they can all be written in terms of a stochastic discount
factor (hereafter, SDF) model. This model assumes that asset prices are determined by the
expectation conditional on time-t information of the product of the SDF and the asset payoft,
where the SDF is the marginal rate of substitution or ratio of price to probability for all states
of nature [8] (pp. 6-7). The SDF model is the dominant approach in contemporary asset pric-
ing research [17] (p. 83), as it is easily adaptable to most of the topics addressed in the asset
pricing literature. Below we exploit this flexibility to allow consumption-based asset pricing
models to account for conditioning information used by economic agents and, more particu-
larly, consumer sentiment.

Although recent research on financial markets highlights the important implications of
consumer sentiment on asset returns [18-21] and its strong predictive power [22-25], its role
in the cross-sectional analysis of stock returns has not yet been sufficiently addressed [26].
evaluates the validity of the Arbitrage Pricing Theory (hereafter, APT) in the Japanese equity
market using investor confidence as an explanatory variable for asset returns, among other fac-
tors. Although his results support evidence of the APT as opposed to the CAPM, the author
proxies investor confidence by the difference between the returns of long-term corporate and
government bonds, using data series that cover only ten years (from January 1975 to Decem-
ber 1984) [27]. use an APT model to study the extent to which different macroeconomic fac-
tors determine returns in the Japanese stock market. Although the authors ignore investor
confidence into the model, they use several variables frequently used as a proxy for consumer
sentiment. Their results show that money supply, inflation, exchange rate, and industrial pro-
duction have a significant influence on expected returns.

On the other hand [28], studies how market indicators of investor sentiment and arbitrage
constraints affect the performance of cross-country stock market anomalies. His results show
that most anomaly-based strategies are poorly related to market sentiment except value strate-
gies. Remarkably, the author uses a composite measure of market sentiment that comprises
the market-level investor sentiment index suggested by [29], the State Street Investor
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Confidence Index (SSIC), the Sentix Economic Indices Global Aggregate Overall Index (Sen-
tix), and the Weighted Manufacturing and Non-Manufacturing Composite Purchasing Man-
agers’ Index (PMI).

In contrast, we use the CCI for Japan, as provided by the OECD, within the ‘Composite
Leading Indicators’ dataset, as a proxy for consumer sentiment. This data series comprises a
large number of components, including real economy- and credit market-oriented indicators,
which make the CCI a useful instrument to capture conditioning information used by inves-
tors, as noted below. However, it should be noted that many other variables can be used for the
same purpose, given their strong relationship with business cycle. This is the case of illiquidity
measures [30, 31] or market volatility, as measured by indicators such as the Chicago Board
Options Exchange Market Volatility Index (VIX) [32-34].

Notwithstanding the above, consumption-based asset pricing models are only a partial
explanation for asset prices, since they focus exclusively on the demand-side of the economy.
Conversely, production models focus on the supply-side, seeking to connect asset prices to
firms’ profitability and investment. Although first production models are long-standing [35-
40], recent research has considerably improved their performance, allowing some production
models to correctly price a wide range of anomaly portfolios that are typically mispriced in
previous research. As noted above, the Fama-French five-factor model and the g-model, devel-
oped by [6] and [7], respectively, are especially remarkable [6]. rely on the present value iden-
tity, as defined by [41], to add two investment-inspired factors to their three-factor model,
namely, RMW (the excess return of the portfolio that comprises the most profitable stocks
minus the least profitable) and CMA (the excess return of the portfolio that comprises firms
that invest conservatively minus aggressively) [7]. adopt a similar approach to propose a four-
factor model (i.e. the g-model) that explicitly ignores HML. Importantly, the g-model fits sev-
eral anomalies better than other models that, as the [42] four-factor model, include a momen-
tum factor (the excess return of the portfolio that comprises the high minus low past one-year
return stocks) as an explanatory variable. In fact, the apparent convenience of including HML
as a factor is currently the subject of a lively debate, to the point that [7] and [43] claim that
HML and the momentum factor appear to be noisy versions of the g-factors.

Models and methods

In this section we first briefly summarize the general framework of consumption-based asset
pricing models and relate it to factor models, as they are the most widely-used representations
in empirical research. Then, we describe the basic procedure that allows the model to account
for the conditioning information by parameterizing the model coefficients. Additionally, we
describe the factor-mimicking portfolio method, which allows us to switch from a factor-based
asset pricing model to a SDF model by comprising all factors into a single explanatory variable
(i.e. the factor-mimicking portfolio). This transformation is essential for some macroeconomic
asset pricing models, given the presence of low-frequency series—e.g. consumption data—
among the factors considered. Finally, we summarize the general framework of production
models and illustrate the general mechanics of the production models under study, namely,
the Fama-French five-factor model and the g-model.

Consumption models

According to the Existence Theorem, the law of one price-that is, the fact that every asset that
provides the same payoff as another has the same price-guarantees the existence of a single
payoff x* in the payoff space that perfectly prices all payoffs [44-46]. In this context, the

PLOS ONE | https://doi.org/10.1371/journal.pone.0241318 November 3, 2020 4/31


https://doi.org/10.1371/journal.pone.0241318

PLOS ONE

Impact of consumer confidence on the expected returns of the Tokyo Stock Exchange

following pricing function is exactly satisfied:
P, = B (x),%¢,1) (1)

where p; is the N-dimensional vector of asset prices at time ¢, E; (-) is the expectation condi-
tional on time-# information, and X, is the N-dimensional vector of asset payoffs. Since asset
returns are investments with price one and payoff R,, ;, Expression (1) can be particularized as
follows:

E((x* Rt+1) =1y (2)

t+1

where Ry, is the N-dimensional vector of gross returns. Defining an excess return as the dif-
ference between two returns, then:

E, (xt*ﬂ R:+1) =0y (3)

€
where R} |

the law of one price, when the payoff space and the pricing function leave no arbitrage oppor-
tunities, at least one strictly positive SDF is guaranteed. If markets are complete, that is, if there
are the same number of securities as states of nature, that ensures that x7, , is the only valid

is the N-dimensional vector of excess returns in the payoff space. Additionally to

SDF and that it is positive in all states of nature. However, when markets are incomplete there
are a potentially infinite number of SDFs that satisfy the pricing function and such positive
SDF no longer needs to be in the payoff space. In that case, Expression (3) can be written as fol-
lows:

Et(mH—lR:H) =0y (4)

where m,,; denotes any strictly positive SDF. Since the expected utility theory assumes that
marginal utility is always nonnegative, the Existence Theorem allows for a macroeconomic
explanation of asset prices. In particular, the investor’s first-order condition allows us to write
Expression (4) as follows [8] (pp. 4-5):

B R o, 5

where u/ is the investor’s marginal utility and C, denotes the consumption in levels at date ¢.
Assuming that m,,, is linear in consumption growth, the SDF can be written as follows (for a
complete review of the procedures that allow linearizing the SDF in Expression (5) see [8]
(pp. 161-165)):

m., =a,+bAC,, (6)

where AC;,; denotes consumption growth. Expression (4) combined with Expression (6)
results in the CCAPM. However, many consumption-based asset pricing models overcome
measurement problems tied to consumption data using broad-based portfolios as a proxy for
marginal utility growth. Specifically, different assumptions about investors’ preferences, such
as quadratic utility, log utility, or the combination of exponential utility with normal distribu-
tions, make the return on the wealth portfolio a valid proxy for consumption growth [8]

(pp. 152-161). In that framework, Expression (4) becomes the CAPM, with the wealth portfo-
lio typically being assimilated to the value-weighted market portfolio minus the risk-free rate
(hereafter, RMRF) in empirical research. On the other hand, the Fama-French three-factor
model uses three different portfolios (RMRF, SMB and HML) as consumption state variables
of special hedging concern to investors, in the language of the intertemporal CAPM, as defined
by [16]. In order to allow Expression (4) to encompass all of these models, we can generalize
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Expression (6) as follows:

my, =a,+ b,tfPrl (7)

t+1

where a; and by are parameters and fi,, is the K-dimensional vector of fundamental factors
used as a proxy for the growth in marginal utility (e.g. the consumption growth for the
CCAPM, RMRE for the CAPM, and RMRF, SMB and HML for the Fama-French three-factor
model). However, it is important to note that, contrary to Expression (6), Expression (7) does
not assume a specific economic structure in the SDF. This means that any vector of factors
whose covariances with excess returns are perfectly correlated with expected excess returns
will price assets correctly. Therefore, without imposing any other restriction on the dynamics
of the vector of factors f;,1, Expression (7) is fully consistent with the mechanics of the APT
[47, 48].

Although most empirical work on asset pricing uses beta models rather than the SDF
model, the transformation of Expression (4) into a beta model is straightforward. Specifically,
Expression (4) can be rearranged as follows:

cov,(m,,,R{,)

Et(R:Jrl) == E (m )t+1 (8)
t t+1
or equivalently:
covi(m,,R{ ) [ o(m,,,)
E e —_ t 1 T4l _ Tt t+1 —_ e;»
(Re) = [P R ] b ©)

where A, ,,, and By ,,, re can be interpreted as the price of risk and the risk loadings of the assets,
respectively. Substituting Expression (7) into Expression (9):

Et (Rfu) = Bt,f.RE)“t,f (10)

where By ¢ r. is the NxK matrix of slopes of the time-series regressions of excess returns on the
vector of factors f, and A is the vector of slopes of the cross-sectional regression of expected
returns on Py ¢ ge.

When both the SDF and the excess returns are independent and identically distributed (i.i.
d.) there is not difference between the conditional and unconditional versions of the model
and we can remove ¢ subscripts in the previous expressions. Specifically, in that case, the
unconditional version of Expression (4), particularized to the linear SDF shown in Expression
(7), can be written as follows:

E[(a + blftﬂ)Riﬂ] =0y (11)
while Expression (10) results in:

E(R{,1) = Brredy (12)

However, the pattern of predictability of asset returns and the time-varying nature of the
equity risk premium make substantial differences emerge between conditional and uncondi-
tional asset pricing models [1, 49]. In this regard, it is important to note that a conditional
asset pricing model does not necessarily imply an unconditional asset pricing model. In any
case, according to [39], to determine the unconditional version of Expression (4) it is sufficient
to consider that coefficients a; and b, in Expression (7) vary linearly with an instrument or vec-
tor of instruments observable at time ¢, where instruments should be forecasting variables for
excess returns [2]. Remarkably [50], follow an analogous procedure to transform the

PLOS ONE | https://doi.org/10.1371/journal.pone.0241318 November 3, 2020 6/31


https://doi.org/10.1371/journal.pone.0241318

PLOS ONE

Impact of consumer confidence on the expected returns of the Tokyo Stock Exchange

conditional CAPM into an unconditional model. Consequently, in order to consider condi-
tioning information into the model, we assume that the conditional nature of Expressions (4)
and (7) results from the dependence of the coefficients a, and b, on an instrument z observable
at time . In this context, we can write the unconditional version of Expression (4) by parame-
terizing the coefficients a, and by in Expression (7) as a function of z, as follows:

E{[(a, + a,2) + (b, + b,z) f,,,]R; .} = 0 (13)

Expression (13) shows that conditioning information adds two extra explanatory variables to
the SDF in addition to the fundamental factors f;,,, namely, z, and fi,; z;. Following [2, 39],
this allows us to write the following vector, which comprises the fundamental factors and the
new variables that result from the information included in z;:

!

F,,= (fo, 2 fiaz ) (14)
so that Expression (10) can be written as follows:
E(Riﬂ) = ﬂF,Re)“F (15)

In the next section we compare the performance of the unconditional and conditional versions
of single-factor consumption models—i.e. the CCAPM and the CAPM-, as defined in Expres-
sions (12) and (15), respectively, with that of the Fama-French three-factor model and the pro-
duction models described below. For that purpose, we use the CCI as the instrument z in
Expression (14).

Importantly, while the CAPM and the Fama-French three-factor model use traded factors
as explanatory variables in the vector f, the CCAPM uses a non-traded factor-the per capita
consumption growth—to explain expected returns. Consumption data is reported annually and
quarterly, preventing Expressions (12) and (15) from being used at monthly or higher frequen-
cies. However, it is always possible to determine the SDF implicit in Expressions (12) and (15)
and subsequently estimate the factor-mimicking portfolio of the model as the projection of the
SDF on the payoff space. Specifically, coefficients A¢ in Expression (12) allow us to determine
the parameters a and b in Expression (11) straightforwardly, as follows [8] (pp. 106-107) (for
Expression (15) this procedure is identical, simply by replacing f with F):

E[(1+bf,,.)R;

t+1

} =0, (16)

/

b= _COV(le’ ft+1>717"f (17)

where f, | is the vector of demeaned factors. Importantly, Expression (16) sets a = 1 to normal-

t+1
ize the SDF to E,(m,,1) = 1. In this regard, it is worth noting that the pricing function does not
identify the mean of the SDF when the payoff space comprises solely excess returns, so any
arbitrary value for the coefficient a will produce exactly the same fitted values.

As noted above, the factor-mimicking portfolio of the model can be estimated as the projec-
tion of m,,; —~determined using Expressions (16) and (17)-on the payoff space, so that [8]

(p- 67):

M, = proj(mt+1| E) T &4 (18)

where proj(m,,;|R°) is the mimicking portfolio of the SDF (hereafter denoted as x*), R® is the
space of excess returns, and £, is the error term. Expression (18) is equivalent to the
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regression of m,,; on the excess returns that constitute the test assets, that is:

m. = WIR:H T & (19)
where w is the vector of coefficients that result from the regression of m,,; on R{,, or, equiva-
lently, the vector of portfolio weights of the factor-mimicking portfolio x*, so that:

* _ 'ne
xt+1 =W Rt+1

(20)

. . .
Since the error term &, is orthogonal to Rg, ;,

the same pricing information as m,, ;. However, importantly, x,

the factor-mimicking portfolio carries exactly

5

t+1
data and can be determined at the same frequency as excess returns. Consequently, below we

use Expression (20) to test the CCAPM on a monthly basis.

depends entirely on market

Production models

While consumption models relate asset prices to the marginal utility that results from the
investors’ first order condition, production models focus on the supply-side of the economy,
exploiting the crucial role of investment and profitability of firms in equity returns. Specifi-
cally, production models assume that a firm chooses investments to maximize the cum-divi-
dend value of equity, V,, which is given by the risk-adjusted present value of dividends,
according to the following Bellman equation [17] (p. 209):

V,= In[aX[Dt + Et(mt+1 Vt+1)} (21)

where [; is the investment, and D; is the dividend paid by the firm at time ¢. Most production
models constitute special cases of Expression (21). In particular, the Fama-French five-factor
model, as defined by [6], starts from a standard dividend discount model to write the inverse
of the book-to-market equity ratio (hereafter, BE/ME ratio) as follows:

wE, D ([~ ABE,)/(1+r)
BE, BE (22)

t t

where I1; denotes the total equity earnings for period ¢, and r is the internal rate of return on
expected dividends. Expression (22) suggests that a high BE/ME ratio (low ME/BE ratio) must
either imply a low return on equity (ROE) or high returns over time and, consequently, ROE
(i.e. profitability) should forecast future returns controlling for value. Additionally, controlling
for BE,, ME, and expected earnings, higher expected growth in book equity (i.e. investment)
implies a lower expected return [6]. identify RMW and CMA as proxies for profitability and
investment, respectively. These two factors combined with the Fama-French three-factor
model result in the Fama-French five-factor model, which is represented in the form of an
unconditional beta model, as defined in Expression (12), with the following vector of factors:

f=(RMRF SMB HML RMW CMA) (23)

On the other hand, the g-model, as defined by [7], starts from Expression (21) to fully develop
a production-based asset pricing model that assumes that the dividend at time ¢ is determined
as the difference between the gross profits paid to shareholders, I1;, and the cost of investment,
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®,. Thus, defining:
[T, = XK. (24)

I 2
o —1+5(3) K (25)

t

where a > 0 is a constant parameter, K is the productive capital, and the second term in the
right-hand side of Expression (25) denotes the adjustment costs, then Expression (21) can be
rewritten as follows, particularized to the case of two periods:

a(l :
V,= InIaX XK, —1, - 2\ K, + Et(mt+lXt+1Kt+]) (26)
t t
Expression (26) leads to the first principle of investment for firms, which says that:
I
1+ aft = Et(mt+1Xt+l) (27)

t

Combining Expressions (26) and (27) and operating the result yields the investment-CAPM,
which can be written as follows [7, 43]:

Xt+l
=l 28
rH»l 1 + aI,/Kt ( )

where 1, is the net stock return. The beta representation that results from Expression (28) is
the g-model, which assumes the following vector of factors in Expression (12):

f=(RMRF SMB r,, Tror ) (29)

where 17,4 is the difference between the return on a portfolio of low investment stocks and the
return on a portfolio of high investment stocks, and rzog is the difference between the return
on a portfolio of high ROE stocks and the return on a portfolio of low ROE stocks.

Apart from some differences in the process followed to form the portfolios comprised in
the factors, investment and profitability factors shown in Expressions (23) and (29) are very
similar. In particular, both CMA and ry4 use the growth of firms’ assets as sorting variable.
Regarding profitability factors, RMW sorts stocks using revenues minus cost of goods sold,
minus selling, general, and administrative expenses, minus interest expense, all divided by
book equity. On the other hand, rror uses ROE as sorting variable, which is essentially the
same ratio as that used by RMW, except for the fact that ROE is determined after taxes.

In order to compare both models in a uniform basis and better analyze the apparent redun-
dancy of HML with investment and profitability factors, in the next section we determine the
three classic Fama-French factors following the standard methodology suggested by [14],
using the approach followed by [7] to determine 7y, and rzog.

Data and results

In this section we use Expression (12) to estimate all the unconditional models under consider-
ation-namely, the CCAPM, the CAPM, the Fama-French three- and five-factor models, and
the g-model-on the Tokyo Stock Exchange. Additionally, we use Expression (15) to estimate
the conditional versions of the CCAPM and the CAPM, using the CCI as an instrument to
capture the conditioning information. Since the performance of asset pricing models is sensi-
tive to the periodicity of data [51], we study all models at three different frequencies.
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Specifically, we use an annual, quarterly and monthly periodicity. Given the annual and quar-
terly periodicity of consumption data, we use the factor-mimicking portfolio approach, as
defined in Expressions (16), (17), (19) and (20), to study the performance of the CCAPM on a
monthly basis. All these calculations allow us to analyze the informativeness of the CCI in asset
pricing and to comprehensively compare the performance of consumption and production
models on the Tokyo Stock Exchange.

Data series

In order to test the models described in the previous section, we take the perspective of a Japa-
nese representative investor, thus assuming not only the existence of a representative investor—-
i.e. perfect risk-sharing-, but also the national identity of this investor. Although most tests on
the performance of asset pricing models in the US equity market adopt this perspective,
research on international equity markets often takes the perspective of a US investor investing
in a foreign market. For example [52], conduct a research on the performance of the Fama-
French five-factor model on different countries and geographical areas, measuring all returns
in dollars and using the one-month US Treasury bill rate as the risk-free rate. Conversely, we
measure returns in local currency, using the three-month Treasury Bill rate for Japan as the
risk-free rate. This helps minimize currency effects on asset returns, allowing us to focus exclu-
sively on the dynamics of equity risk premiums from a domestic perspective.

The previous assumption largely conditions the source of data used in the paper for stock
returns. Specifically, while many studies on the cross-sectional properties of stock returns use
the data made publicly available by Kenneth French on his website, the Japanese representative
investor assumption prevents us from using those series, as these data are provided in dollars.
In order to avoid errors arising from changing data to the local currency, we compile all stock
data from the Datastream database.

We test all models on different sets of portfolios, which comprise all stocks listed in the
Tokyo Stock Exchange, for the period from July 1992 to June 2018 (all data is publicly available
at [53]). For that purpose, we collect data for the following series, on a monthly basis: (i) total
return index (RI series), which allows us to determine asset returns, (ii) market value (MV
series), (iii) market-to-book equity (PTBV series), (iv) total assets (WC02999 series), (v) return
on equity (WC08301 series), (vi) price-to-cash flow ratio (PC series), and (vii) dividend yield
(DY series). We exclude non-common equity securities from Datastream data following the
generic rules suggested by [54]. We also exclude stocks with less than twelve observations in
the period from July 1992 to June 2018. Accordingly, our sample comprises a total number of
5,312 stocks. As noted, we use the three-month Japanese Treasury Bill rate, as provided by the
OECD database, as a proxy for the risk-free rate.

We follow the methodology suggested by [14] to create three sets of portfolios, which con-
stitute our test assets. Specifically: (i) 25 size-BE/ME portfolios, (ii) 20 momentum portfolios,
and (iii) 25 price-to-cash flow-dividend yield portfolios (hereafter, P/CF-DY portfolios). Addi-
tionally, we follow [14] and [7] to determine market factors, namely, RMRF, SMB, HML, ry,4
and rrog. Importantly [55], attribute the strong explanatory power of different asset pricing
models studied in the literature to the specific test assets typically used in empirical research
and, in particular, to the strong factor structure of size-BE/ME portfolios. To avoid this draw-
back, the authors suggest using other portfolios to test models, in addition to size-BE/ME port-
folios. We have followed this recommendation to configure our test assets.

We compile all macroeconomic data series from the OECD Statistics section. Regarding
consumption data, although the CCAPM establishes the consumption growth in nondurable
goods and services as the only explanatory variable for asset prices, we use total consumption
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data instead (‘Private final consumption expenditure’ series, CQR measure), following [56],
which show that total consumption of households fits the cross-section of expected returns
better than consumption in nondurables and services. We use the population series for Japan,
as provided by the OECD, to determine per capita consumption growth.

We collect the CCI data series for Japan, for the period from July 1991 to June 2018, on a
monthly basis, from the OECD Statistics section (dataset ‘Composite Leading Indicators’,
MEI). This indicator comprises the following data series: (i) the inverse of the ratio of invento-
ries to shipments, (ii) the quotient of the volume of imports and exports, (iii) the inverse of the
loans to deposits ratio, (iv) the number of hours worked in the manufacturing industry, (v) the
work started for dwellings, (vi) the share prices in the TOPIX index, (vii) the spread of interest
rates, and (viii) the Small Business Survey on sales trend. Our data show that the annual CCI is
positively correlated with the gross domestic product growth rate (AGDP), while it is poorly
correlated with the consumer price index (CPI), with correlations of 0.46 and -0.05, respec-
tively. Following [57], we perform all calculations below using the demeaned CCIL.

Table 1 shows the main summary statistics for portfolios and factors under consideration.
Panel A shows that the size effect-that is, the fact that stocks with lower market equity provide
higher returns, and vice versa—works as expected, with portfolios comprising the smallest
stocks providing significantly higher returns. However, the value effect-that is, the fact that
stocks with higher BE/ME provide higher returns, and vice versa—exhibits a less clear pattern,
which is consistent with the sharp reduction in the value premium experienced in other mar-
kets, such as the New York Stock Exchange [8] (p. 452).

On the other hand, Panel B in Table 1 suggests a U-shape curve in the mean returns of
momentum portfolios, with portfolios comprising stocks with the highest and lowest past one-
year return providing the highest returns. Regarding P/CF-DY portfolios, Panel C in Table 1
shows that, in general, the higher the price-to-cash flow ratio, the lower the mean return, and
vice versa, which is consistent with the results provided by most ratios that scale prices by
some firm-specific characteristic. Conversely, the dividend yield does not deliver a clear pat-
tern in average returns.

Table 1, Panel D shows means and standard deviations of factors used as explanatory vari-
ables. As shown, the mean of RMREF is relatively high (1.17% on a monthly basis) compared to
the result achieved by [52], which provide a near-zero mean return for the period from 1990 to
2015. However, the fact that the authors measure all returns in dollars and use the US Treasury
bill rate as a proxy for the risk-free rate makes these results not directly comparable. Regarding
macroeconomic series, Panel D in Table 1 shows that, for the period under study, Japan exhib-
its an average consumption growth of 0.44% using annual consumption data, which is a rela-
tively low rate compared to other countries. Additionally, Panel D shows that the CCI is highly
volatile, with a standard deviation of 124.15%, on a monthly basis.

Table 2 summarizes the correlations between our test assets and factors. As shown, most
portfolios exhibit high positive correlations with RMRF and RMW, while size-BE/ME portfo-
lios are also significantly correlated with SMB. Remarkably, all portfolios under consideration
exhibit a weak negative correlation with quarterly consumption growth. However, it is impor-
tant to mention that these correlations do not condition the performance of asset pricing mod-
els. Instead, according to Expression (8), it is the correlation of expected excess returns with
the covariances between excess returns and factors that determines the size of pricing errors.

Predictive power of consumer sentiment

Any instrument useful for capturing the conditioning information used by investors must
have some predictive power to forecast asset returns or macroeconomic indicators [8] (p. 135).
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Table 1. Summary statistics.

Panel A: 25 portfolios size-BE/ME

BE/ME quintiles BE/ME quintiles
Size Low 2 3 4 High | Size Low 2 3 4 High
Means St. Dev.
Small 5,17 4,76 3,85 3,09 3,12 Small 16,71 13,84 10,31 7,90 7,97
2 2,77 2,64 2,18 2,09 2,38 2 11,24 8,67 7,02 6,74 7,28
3 2,31 1,96 1,79 1,66 2,15 3 9,68 7,46 6,48 6,32 7,14
4 1,97 1,24 1,47 1,78 2,12 4 8,10 5,86 5,93 6,30 7,56
Big 0,84 1,06 1,53 1,45 1,72 Big 6,37 5,65 6,27 6,95 9,44
Panel B: 20 portfolios momentum
Means St. Dev.
Low-5 2,23 1,47 1,18 1,28 1,26 Low-5 10,25 9,31 7,33 7,02 7,25
6-10 0,84 0,90 1,17 1,98 1,03 6-10 6,77 6,73 6,36 6,22 6,48
11-15 1,08 0,89 1,18 1,02 1,00 11-15 6,15 5,59 6,24 5,76 5,80
15-High 0,88 0,87 1,28 1,24 2,08 15-High 5,89 5,82 6,54 6,84 9,25
Panel C: 25 portfolios P/CF-DY
DY quintiles DY quintiles
P/CF Low 2 3 4 High P/CF Low 2 3 4 High
Means St. Dev.
Low 2,70 1,07 1,46 0,97 1,80 Low 11,36 10,33 8,65 7,64 9,21
2 1,90 0,84 1,39 1,71 1,47 2 9,36 6,64 6,98 6,61 7,63
3 1,26 1,13 1,17 1,41 1,36 3 8,05 6,11 6,27 6,13 6,01
4 1,44 0,89 1,06 1,18 1,01 4 8,36 5,93 5,37 6,43 6,52
High 1,41 0,89 0,72 1,17 0,75 High 9,12 6,28 5,76 8,09 6,05
Panel D: Market factors and macroeconomic series
RMRF SMB HML RMW CMA AC (quarters) AC (years) CCI
Means 1,17 1,22 0,14 0,84 -0,10 Means 0,15 Means 0,44 Means 0,00
St. Dev. 5,72 4,60 3,39 3,07 2,96 St. Dev. 2,38 St. Dev. 1,20 St. Dev. 124,15

Note: We compile monthly series for all stocks listed in the Tokyo Stock Exchange from the Datastream database, for the period from July 1992 to June 2018. Using this
data, we form the following portfolios: (i) 25 portfolios size-BE/ME, (ii) 20 momentum portfolios, and (iii) 25 portfolios P/CF-DY. In order to determine excess returns,
when appropriate we use the three-month interest rate of the Treasury Bill for Japan. Panels A and C use rows and columns to represent the quintiles for the first and
second sorting variable, respectively. Panel C represents momentum demi-deciles in rows. All results are determined using monthly data, unless otherwise indicated.

Means and standard deviations are percentages.

https://doi.org/10.1371/journal.pone.0241318.t001

Accordingly, Table 3 summarizes the results of different forecasting regressions, using the CCI
for Japan as a predictor. Panel A shows the regression results of the AR(1) model for the CCI
at different horizons. As shown, consumer sentiment is strongly persistent in the short-run,
providing a slope coefficient and a R statistic of 0.895 and 0.801, respectively, for the three-
month horizon. However, that persistence declines rapidly over time, providing negligible esti-
mates for two- and five-year horizons. These results contrast with those provided by other pre-
dictors, such as the dividend yield or the consumption-wealth ratio, which deliver one-year
slope coefficients of around 0.9 and 0.6, respectively [1].

Panel B in Table 3 shows the results of the forecast regression analysis for the value-
weighted market portfolio, RMRF, using the CCI as a predictor. Additionally, in order to
study the potential shifts in the predictive power of the CCI in the presence of other macroeco-
nomic regressors, Panel C shows the regression results using AGDP as a forecasting variable,
while Panel D uses both the CCI and AGDP as predictors. As shown in Panel B, although
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Table 2. Correlations.

Panel A: 25 portfolios size-BE/ME

BE/ME quintiles BE/ME quintiles
Size Low 2 3 4 High Size Low 2 3 4 High
RMRF SMB
Small 0,53 0,40 0,47 0,60 0,60 Small 0,54 0,43 0,55 0,50 0,49
2 0,53 0,65 0,69 0,70 0,65 2 0,51 0,52 0,53 0,51 0,46
3 0,66 0,69 0,78 0,79 0,76 3 0,52 0,40 0,37 0,36 0,37
4 0,79 0,84 0,83 0,80 0,79 4 0,32 0,27 0,30 0,25 0,15
Big 0,94 0,95 0,87 0,77 0,68 Big -0,11 -0,15 -0,03 0,05 0,02
HML RMW
Small -0,31 -0,16 -0,13 0,02 0,05 Small 0,49 0,30 0,45 0,43 0,38
2 -0,16 -0,19 -0,03 -0,01 0,18 2 0,54 0,53 0,49 0,47 0,42
3 -0,16 -0,12 -0,02 0,09 0,13 3 0,53 0,56 0,51 0,47 0,42
4 -0,20 -0,03 -0,02 0,10 0,14 4 0,55 0,56 0,49 0,52 0,34
Big -0,20 -0,09 0,03 0,16 0,18 Big 0,44 0,48 0,53 0,45 0,43
CMA AC (quarters)
Small 0,07 0,08 0,11 0,17 0,23 Small -0,29 -0,14 -0,26 -0,32 -0,37
2 0,04 0,11 0,15 0,20 0,30 2 -0,30 -0,24 -0,36 -0,33 -0,31
3 0,08 0,20 0,17 0,24 0,28 3 -0,30 -0,14 -0,23 -0,31 -0,33
4 0,03 0,14 0,17 0,23 0,26 4 -0,18 -0,21 -0,22 -0,30 -0,26
Big 0,08 0,17 0,22 0,25 0,26 Big -0,05 -0,12 -0,18 -0,29 -0,22
Panel B: 20 portfolios momentum
RMRF SMB
Low-5 0,70 0,74 0,78 0,81 0,78 Low-5 0,18 0,06 0,09 0,04 0,00
6-10 0,80 0,79 0,85 0,86 0,84 6-10 0,04 0,01 0,01 -0,01 -0,07
11-15 0,83 0,84 0,83 0,85 0,87 11-15 -0,01 0,01 -0,05 0,04 0,02
15-High 0,88 0,87 0,86 0,84 0,78 15-High -0,06 0,02 -0,05 0,03 0,07
HML RMW
Low-5 0,01 0,04 -0,08 -0,06 0,01 Low-5 0,49 0,46 0,46 0,46 0,43
6-10 -0,05 0,00 -0,03 -0,10 -0,02 6-10 0,46 0,45 0,48 0,42 0,31
11-15 -0,01 -0,02 -0,03 -0,04 0,00 11-15 0,49 0,44 0,39 0,46 0,50
15-High -0,11 -0,09 -0,13 -0,12 -0,22 15-High 0,39 0,36 0,41 0,46 0,46
CMA AC (quarters)
Low-5 0,26 0,24 0,23 0,24 0,27 Low-5 -0,22 -0,20 -0,22 -0,23 -0,18
6-10 0,19 0,22 0,22 0,19 0,17 6-10 -0,25 -0,25 -0,17 -0,13 -0,09
11-15 0,22 0,26 0,14 0,22 0,20 11-15 -0,18 -0,17 -0,12 -0,10 -0,09
15-High 0,17 0,09 0,01 0,02 -0,05 15-High -0,02 -0,09 -0,04 -0,01 -0,09
Panel C: 25 portfolios P/CF-DY
DY quintiles DY quintiles
P/CF Low 2 3 4 High P/CF Low 2 3 4 High
RMRF SMB
Low 0,74 0,76 0,82 0,75 0,62 Low 0,28 -0,04 -0,02 0,06 0,09
2 0,76 0,83 0,75 0,74 0,71 2 0,16 -0,09 -0,03 0,05 0,04
3 0,69 0,88 0,82 0,81 0,76 3 0,19 -0,15 -0,02 0,14 0,18
4 0,80 0,90 0,85 0,77 0,73 4 0,18 -0,10 0,03 0,05 0,20
High 0,72 0,91 0,82 0,75 0,74 High 0,26 -0,11 0,01 -0,05 0,17
HML RMW
Low 0,04 -0,10 0,03 0,02 0,21 Low 0,61 0,47 0,39 0,46 0,45
(Continued)
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Table 2. (Continued)

2 -0,05 -0,13 -0,04 0,11 0,08 2 0,55 0,41 0,55 0,50 0,53
3 -0,05 -0,12 0,05 0,03 0,13 3 0,45 0,41 0,51 0,46 0,41
4 -0,05 -0,19 -0,03 0,01 0,10 4 0,45 0,37 0,48 0,46 0,40
High -0,19 -0,25 -0,04 -0,01 0,03 High 0,51 0,39 0,49 0,12 0,47
CMA AC (quarters)
Low 0,22 0,09 0,20 0,23 0,25 Low -0,27 -0,11 -0,10 -0,27 -0,18
2 0,17 0,10 0,20 0,22 0,20 2 -0,23 -0,09 -0,12 -0,17 -0,19
3 0,14 0,10 0,22 0,22 0,21 3 -0,24 -0,13 -0,16 -0,21 -0,27
4 0,20 0,10 0,19 0,26 0,27 4 -0,19 -0,09 -0,15 -0,18 -0,26
High 0,08 0,01 0,23 0,19 0,27 High -0,12 -0,03 -0,14 -0,13 -0,31

Note: See notes to Table 1. Results are in decimals.

https://doi.org/10.1371/journal.pone.0241318.t002

three-month and one-year estimates are virtually negligible, the predictive power of the CCI
increases as the time interval expands, which is a common feature of most asset return

Table 3. Predictive power analysis for the CCI.

Panel A: CCI forecasting regressions

CCI;=a+ bCCI;_; + &

3 months 1 year 2 years 5 years
Slope ,895 ,364 272 ,030
(16,600) (2,197) (-1,453) (,277)
R 801 137 086 ,001
Panel B: Return forecasting regressions using the CCI as a regressor
RMRF,=a+ bCCI,_; + &,
3 months 1 year 2 years 5 years
Slope ,011 -,010 -,096 -279
(,957) (-,314) (-1,575) (-3,701)
R 012 ,002 ,069 ,203
Panel C: Return forecasting regressions using the GDP as a regressor
RMRF; = a + bAGDP; ; + &,
3 months 1 year 2 years 5 years
Slope -,104 -4,125 -5,487 -7,798
(-,/436) (-1,469) (-1,201) (-1,288)
R ,002 ,071 ,052 ,033
Panel D: Return forecasting regressions using the CCI and the GDP as regressors
RMRF, = a + bCCI,_; + c(AGDP,_; + &,
3 months 1 year 2 years 5 years
CCI AGDP CCI AGDP CCI AGDP CCI AGDP
Slope ,011 -,118 ,031 -5,174 -,072 -3,054 -,299 2,668
(1,005) (-,496) (,841) (-1,504) (-,955) (-,582) (-3,289) (,315)
R 015 ,083 ,081 ,206

Notes: We compile monthly series for all stocks listed in the Tokyo Stock Exchange from the Datastream database, for the period from July 1992 to June 2018, and

determine RMRF accordingly. We compile monthly series for the CCI and the GDP for Japan, as provided by the OECD. Panel A shows the slopes and the R” statistics
for the AR(1) process of the CCL. Panels B, C and D show the slopes and R” statistics for the regressions of RMRF on the following lagged variables, respectively: (i) the
CCI, (ii) AGDP, and (iii) the CCI and AGDP. The t-statistics are in parentheses. We correct standard errors for the autocorrelation that results from overlapping returns,
following the [58] methodology.

https://doi.org/10.1371/journal.pone.0241318.t003
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predictors. Specifically, although the one-year slope coefficient amounts to -0.01, it reaches
-0.279 for a five-year horizon. Similarly, the R* statistic increases from 0.002 to 0.203, for those
time intervals. Remarkably, the five-year slope coefficient is statistically significant, with stan-
dard errors corrected for the autocorrelation that results from overlapping returns, according
to the [43] methodology.All slope coefficients shown in Table 3, Panel B, are negative with the
sole exception of the three-month estimate. This is consistent with the cyclical nature of con-
sumer sentiment, which means that the higher the CCI, the higher the market prices and, con-
sequently, the lower the expected returns. Regarding three-month estimates, the positive slope
coefficient suggests a continuation of the recent trend in stock returns, which is consistent
with the momentum anomaly, as described by [14] and [42].

Panels C and D in Table 3 show that the same conclusions hold when we include AGDP as
a predictor. Indeed, Panel C shows that, although the GDP exhibits some predictive power for
the one-year forecast, in the long-run its importance declines sharply, providing a R statistic
0f 0.033 for the five-year forecast. Consistently, Panel D in Table 3 shows that most of the esti-
mates for the CCI, as well as the R statistics, remain almost unchanged from those shown in
Panel B, which is indicative of the small predictive power of AGDP.

In summary, although our results suggest that the predictive power of the CCI for Japan is
lower than that of other predictors widely studied in the literature, the fact that consumer sen-
timent provides significantly better estimates as the time interval expands, together with the
high volatility of the CCI, makes us expect that consumer sentiment can be a good instrument
to account for conditioning information in cross-sectional consumption models.

Model results

In order to estimate the coefficients of the asset pricing models described above, we use a two-
pass cross-sectional regression (CSR) methodology, following a procedure similar to that pio-
neered by [59] and [60]. According to this methodology, in a first stage, the time-series regres-
sions of excess returns on factors provide the beta coefficients of the model (i.e. Expressions
(12) and (15), depending on the unconditional or conditional nature of the model, respec-
tively). In a second stage, the cross-sectional regression of average excess returns on betas pro-
duces lambda coefficients. Although this procedure does not guarantee that the model
correctly prices the factors-as is the case in a purely time-series approach, where the factors
are in the payoft space and A = E(f) is assumed-, it constitutes a well-established methodology
in the asset pricing literature, which allows the model to fit expected payoffs to betas and deter-
mine the prices of risk even when the factors are not traded.

Nevertheless, the two-pass CSR methodology involves some specific issues that can lead to
misleading estimates. In particular, the fact that errors are typically cross-sectionally correlated at
a given time, the estimated nature of betas, and the problems arising from measurement errors
can severely distort model estimates [8] (pp. 247-248). Thus, while the cross-sectional correlation
can result in misleading standard errors, the fact that betas are generated regressors not only can
lead to biased t-statistics, but can also result in inconsistent estimators. In this regard [61, 62],
examine a wide range of implications of the use of constructed variables on the properties of esti-
mators, including their consistency, efficiency and potential to provide valid inferences, while
[63] study the effects of estimated regressors in models with risk terms. Notably, the classic pro-
cedure developed by [60] (hereafter, the Fama-MacBeth procedure) helps to flexibly correct stan-
dard errors for cross-sectionally correlated errors, while other approaches, such as that suggested
by [64], allow correcting standard errors for the fact that betas are estimated.

Importantly [8], (pp. 247-251) explains that, under certain conditions, the Fama-MacBeth
procedure is numerically equivalent to a pooled regression, and emphasizes the benefits of
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mapping this approach into the generalized method of moments (GMM), developed by [65].
Notably [66], introduces a GMM estimator that relies on distance instruments to estimate
panel data regression models containing errors in variables [32, 33]. use this approach to test
the Fama-French five-factor model augmented with illiquidity measures, concluding that, in
general, the most significant factor is RMRF, with measurement errors largely determining
this result. On the other hand [34], use a distance instrument-based algorithm into a GMM
framework, to study the impact of illiquidity on the returns of twelve sector portfolios. Consis-
tently with [32, 33], the authors conclude that the only relevant factor according to their
dynamic GMM approach is the market risk premium.

Given the aforementioned issues related to the two-pass CSR methodology, in order to
allow comparison between our results and previous research that analyzes the effects of condi-
tioning variables, we estimate the models described above by mapping OLS regressions into
GMM,, following [8] (pp. 241-242). This allows us to simultaneously estimate betas and lamb-
das in Expressions (12) and (15) and correct standard errors for cross-sectional autocorrela-
tion in a manner similar to the Fama-MacBeth procedure, but additionally correcting for the
fact that betas are generated regressors. Specifically, following [8] (p. 241), we define the fol-
lowing vector of moments:

E(RE —a-— BXt)
gr(b)=<(E [(Rf —a—BX,)X,] (30)
ER; —B)

't

where a is the vector of intercepts of the time-series regressions, and X is the vector of factors,
that is, f; or F, depending on the unconditional or conditional nature of the model, respectively.
In order to allow GMM to reproduce the two-pass CSR estimates, we weight the moments in
Expression (30) using the following matrix [8] (p. 242) (I denotes the identity matrix):

B (IQN ) 61
T — B

aTgT(B) =0,y (32)

so that:

In order to estimate standard errors and the distribution of moments, we use the standard
GMM formulation (see [8] (pp. 203-204)) and a spectral density matrix S with zero leads and
lags, as follows:

R} —a—BX, R} —a—BX,
S=E( | (R;—a—BX)X, | | (R} —a—BX,)X, (33)
R? - pA R: — i

Tables 4-6 show the regression results provided by all models under consideration, namely, the
CCAPM and the CAPM, both conditional on consumer sentiment and unconditional, the
Fama-French three- and five-factor models, and the g-model. In order to accurately evaluate
the performance of these models, we study the anomaly portfolios described above separately.
In particular, Table 4 shows the regression results achieved for size-BE/ME portfolios, while
Tables 5 and 6 do the same for momentum portfolios and P/CE-DY portfolios. Each table com-
prises three panels, the first showing annual results and the second and third showing quarterly
and monthly results, respectively.

PLOS ONE | https://doi.org/10.1371/journal.pone.0241318 November 3, 2020 16/31


https://doi.org/10.1371/journal.pone.0241318

PLOS ONE Impact of consumer confidence on the expected returns of the Tokyo Stock Exchange

Table 4. Regression results for 25 portfolios size-BE/ME.

CCAPM Market factor models Instrument MAE
Row | Model Intercept Aac ARMRF | AsmB ‘ Armr | Aya | AroE Accr | Accrac | Accrrmre | R (%) J-test
Panel A: Annual data
1 | Unconditional CCAPM ,010 ,032 ,500 | 9,29 | 87,878
(,051) (1,157) ,363 (,000)
2 Conditional CCAPM -,075 ,019 -2,005 ,007 948 | 3,76 | 101,253
(-,403) (,845) (-1,723) | (,313) ,462 (,000)
3 Unconditional CAPM ,051 276 ,542 | 10,71 | 327,267
(,692) (2,387) ,359 (,000)
4 Conditional CAPM -,020 ,209 -1,490 ,039 944 | 4,33 | 163,805
(-,179) (1,772) (-1,392) (,232) ,611 (,000)
5 Fama-French (3 factors) ,063 134 ,193 -,020 935 | 3,97 | 347,288
(,755) (1,628) | (2,634) | (-,194) ,900 (,000)
6 | Fama-French (5 factors) -,022 173 223 -,010 ,062 ,108 971 | 2,84 | 141,455
(-,449) (2,031) | (3,120) | (099) | (,965) | (1,711) ,926 (,000)
7 | g-model -,055 ,196 ,242 ,095 ,097 963 | 3,23 | 163,576
(-,976) (2,222) | (3,302) (1,592) | (1,477) ,926 (,000)
Panel B: Quarterly data
8 Unconditional CCAPM ,009 -,035 ,673 | 1,42 19,257
(,461) (-3,126) ,549 (,686)
9 Conditional CCAPM ,006 ,002 -1,876 ,017 ,892 ,89 11,150
(,265) (,091) (-1,967) | (,595) ,785 (,960)
10 Unconditional CAPM -,056 ,124 482 | 1,81 30,274
(-1,784) (3,248) ,324 (,142)
11 Conditional CAPM ,021 ,007 -2,523 -,055 ,892 ,88 9,613
(,342) (,110) (-2,444) (-,400) ,519 (,984)
12 Fama-French (3 factors) ,034 -,002 ,056 -,013 ;846 | 1,06 35,813
(,938) (-,065) | (5,088) | (-,785) ,762 (,023)
13| Fama-French (5 factors) ,030 ,005 ,050 -,013 -,004 ,022 ,860 | 1,02 29,666
(,882) (,154) | (4,378) | (-,747) | (-,140) | (,998) ,673 (,056)
14 q-model -,005 ,035 ,056 ,002 ,010 ,831 | 1,09 31,487
(-,211) (1,411) | (4,816) (,105) (,392) ,723 (,049)
Panel C: Monthly data
15 Unconditional CCAPM ,005 -,225 756 37 56,382
(1,476) (-5,495) ,674 (,000)
16 | Conditional CCAPM ,011 5371 ,765 ,36 37,984
(2,828) (-5,222) ,601 (,026)
17 | Unconditional CAPM -,002 ,026 145 | )75 70,804
(-,311) (2,821) 072 (,000)
18 | Conditional CAPM ,017 -,007 -2,171 -,073 ,860 ,30 10,985
(1,106) (-,414) (-2,434) (-1,483) ,555 (,963)
19 | Fama-French (3 factors) ,002 ,008 ,017 ,001 ,790 | ,37 47,691
(,269) (,853) | (5,897) | (,225) ,743 (,001)
20 | Fama-French (5 factors) ,008 ,002 ,017 -,004 ,001 ,021 857 | 31 28,410
(,856) (,182) | (5/451) | (-,995) | (,224) | (2,841) ,769 (,076)
(Continued)
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Table 4. (Continued)

CCAPM Market factor models Instrument MAE
Row |Model Intercept Aac ARMRF | AsmB Amr Aya ARoE Accr Accrac | Accrrmre | R (%) J-test
21 q-model -,002 ,011 ,019 ,003 ,010 819 | )32 40,127
(-,301) (1,269) | (6,080) (,628) | (1,812) ,743 (,005)

Notes: We compile monthly series for all stocks listed in the Tokyo Stock Exchange from the Datastream database, for the period from July 1992 to June 2018. Using this
data, we form 25 size-BE/ME portfolios. To determine excess returns, we use the three-month Treasury Bill rate for Japan. Depending on the model, we use the
consumption growth, the market portfolio or the Fama-French factors-q factors as explanatory variables. In models 2, 4, 9, 11, 16 and 18, we scale factors using the CCI
as an instrument. We map the two-pass CSR procedure into GMM to estimate all models, assuming a spectral density matrix with zero leads and lags. We use the same
spectral density matrix to run the J-test. The table displays two rows for each model, where the first row shows the coefficient estimates and the second row the ¢-
statistics. For each model, the columns labeled ‘R* shows the adjusted OLS and GLS R” statistics, in that order. All p-values resulting from the J-tests are in parentheses.
Coefficients shown in Panel C for the CCAPM are determined using the factor-mimicking portfolio of the model, as defined in Expression (20), in order to transform
the coefficients that result from quarterly consumption data into monthly estimates.

https://doi.org/10.1371/journal.pone.0241318.t004

Tables 4-6 display two rows for each model, where the first row shows the lambda estimates
that result from Expressions (12) and (15), and the second row shows the ¢-statistics. In the
case of the CCAPM, we use the factor-mimicking portfolio approach, as defined in Expres-
sions (16), (17), (19) and (20), to transform the quarterly estimates in Panel B into the monthly
results shown in Panel C.As usual in the asset pricing literature, Tables 4-6 report the adjusted
OLS R’ statistics for each model. In any case [67], show that R? statistics can give rise to large
differences in model performance that are not statistically significant. In fact, the estimated
nature of betas can lead to significant distortions in this indicator. In this regard [55], suggest
complementing the OLS R” statistic with the GLS R statistic, as the latter constitutes a stronger
hurdle for asset pricing models. In particular, the authors explain that the GLS R statistic is
directly determined by the distance of the model’s factor-mimicking portfolio to the mean-
variance frontier, which ultimately conditions the size of the pricing errors provided by the
model. Conversely, the OLS R* statistic is weakly related to the mean-variance efficiency of fac-
tors, leading to spurious conclusions in some cases. Accordingly, Tables 4-6 show both the
OLS and GLS R statistics for each model.

Additionally, problems tied to OLS R” statistics and other test statistics make the recent
asset pricing literature emphasize the convenience of supplementing these indicators with
visual representations of pricing errors. Consequently, Figs 1-3 explicitly relate the fitted val-
ues provided by the main models under study to the mean excess returns of the portfolios that
constitute our test assets. In particular, any model that produces a perfect fit will provide esti-
mates lying on the 45 degrees angle. Therefore, the better the performance of the model, the
more concentrated the estimates will be around the 45 degrees angle, and vice versa. Fig 1
plots the estimates that result from size-BE/ME portfolios, while Figs 2 and 3 do the same for
momentum portfolios and P/CF-DY portfolios, respectively.

Tables 4-6 also show the mean absolute pricing error (MAE) for each model, where pricing
errors are determined as the difference between the mean excess returns of the portfolios
under consideration and the results provided by Expressions (12) and (15), as appropriate.

The last column in Tables 4-6 comprises the results delivered by the J-test for overidentifying
restrictions, as defined by [65].

Discussion and conclusions

The results shown in Tables 4-6 provide some patterns that unambiguously persist across
assets and data frequencies under study. In particular, all results suggest that the CCI helps to
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Table 5. Regression results for 20 momentum portfolios.

CCAPM Market factor models Instrument MAE
Row | Model Intercept Aac ARMRF | Asmp | Aamr ‘ Aya | AroE Accr | Accrac ‘ Accrrmre | R (%) J-test
Panel A: Annual data
1 Unconditional CCAPM -,060 ,027 ,657 | 3,52 | 25,209
(-,355) (,926) -,076 (,119)
2 Conditional CCAPM ,042 ,006 -1,291 ,001 ,868 1,93 | 47,836
(,367) (,323) (-1,663) | (,041) ,533 (,000)
3 Unconditional CAPM ,067 ,126 ,761 2,49 | 92,418
(1,400) (1,566) 747 (,000)
4 | Conditional CAPM ,069 ,113 =971 -,156 935 1,47 | 61,310
(1,041) (1,201) (-1,250) (-1,373) ,864 (,000)
5 Fama-French (3 factors) ,039 ,142 ,040 ,064 930 1,67 | 69,934
(,769) (1,724) | (,457) | (,577) ,782 (,000)
6 | Fama- French (5 factors) ,084 ,110 -,047 ,027 ,098 -,002 941 1,40 | 59,946
(1,364) (1,275) | (-439) | (,330) | (1,931) | (-,058) ,903 (,000)
7 g-model ,050 ,128 ,014 ,134 ,026 921 1,60 | 65,926
(,773) (1,479) | (,127) (2,528) | (,587) ,756 (,000)
Panel B: Quarterly data
8 | Unconditional CCAPM ,028 -,011 ,192 75 23,860
(2,379) (-1,272) ,115 (,160)
9 | Conditional CCAPM ,023 ,003 -1,190 ,005 ,755 42 9,242
(1,396) (,211) (-2,098) | (,228) ,654 (,903)
10 Unconditional CAPM -,031 ,070 ,841 41 14,714
(-1,538) (3,047) ,801 (,682)
11 Conditional CAPM -,007 ,046 -,364 -,039 ,834 ,39 12,832
(-272) (1,666) (-,418) (-1,062) | ,818 (,685)
12 Fama-French (3 factors) -,031 ,069 012 -,002 ,840 ,40 14,141
(-1,660) (3,155) | (,573) | (-,102) 775 (,588)
13 Fama-French (5 factors) -,028 ,067 -,004 -,011 ,042 ,010 ,857 ,35 10,805
(-1,398) (2,980) | (-,164) | (-662) | (2,976) | (,624) ,824 (,701)
14 g-model -,030 ,069 -,005 ,040 ,008 ,863 ,35 11,011
(-1,467) (3,017) | (-,206) (3,052) | (,490) ,840 (,752)
Panel C: Monthly data
15 Unconditional CCAPM ,010 -,015 ,168 24 30,187
(3,143) (-1,254) ,090 (,036)
16 Conditional CCAPM ,008 -,081 ,602 ,18 22,911
(2,565) | (-3,737) ,574 (,194)
17 Unconditional CAPM -,015 ,028 ,830 ,12 12,741
(-2,252) (3,521) 815 (,807)
18 Conditional CAPM -,012 ,025 -,096 -,010 ,826 ,12 12,806
(-1,156) (2,227) (-,219) (-,590) ,809 (,687)
19 Fama-French (3 factors) -,010 ,021 ,007 -,004 ,842 12 12,110
(-1,510) (2,701) | (,999) | (-,462) ,804 (,736)
20 Fama-French (5 factors) -,009 ,020 ,006 -,003 ,009 ,000 ,828 11 11,801
(-1,194) (2,361) | (,745) | (-,453) | (2,065) | (-,060) ,793 (,622)
(Continued)
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Table 5. (Continued)

CCAPM Market factor models Instrument MAE
Row | Model Intercept Aac ARMRF | AsmB Aamr Aya AroE Accr Accrac | Accrrmre | R (%) J-test
21 g-model -,009 ,020 ,006 ,009 ,000 ,839 ,11 11,835
(-1,204) (2,387) | (,766) (2,127) | (-,060) ,810 (,691)

Notes: We compile monthly series for all stocks listed in the Tokyo Stock Exchange from the Datastream database, for the period from July 1992 to June 2018. Using this
data, we form 20 momentum portfolios. To determine excess returns, we use the three-month Treasury Bill rate for Japan. Depending on the model, we use the
consumption growth, the market portfolio or the Fama-French factors-q factors as explanatory variables. In models 2, 4, 9, 11, 16 and 18, we scale factors using the CCI
as an instrument. We map the two-pass CSR procedure into GMM to estimate all models, assuming a spectral density matrix with zero leads and lags. We use the same
spectral density matrix to run the J-test. The table displays two rows for each model, where the first row shows the coefficient estimates and the second row the ¢-
statistics. For each model, the columns labeled ‘R* shows the adjusted OLS and GLS R” statistics, in that order. All p-values resulting from the J-tests are in parentheses.
Coefficients shown in Panel C for the CCAPM are determined using the factor-mimicking portfolio of the model, as defined in Expression (20), in order to transform

the coefficients that result from quarterly consumption data into monthly estimates.

https://doi.org/10.1371/journal.pone.0241318.t005

strongly improve the performance of single-factor consumption models, namely, the CCAPM
and the CAPM. Regarding production models, although the Fama-French five-factor model
and the g-model are the best-performing models, in most cases the Fama-French five-factor
model slightly outperforms the g-model. Finally, for all portfolios under study, the factor-
mimicking portfolio approach allows the CCAPM to provide monthly results completely con-
sistent with the results obtained at other frequencies. We analyze all results in greater detail
below.

Regarding size-BE/ME portfolios, Table 4 shows that use of the CCI as an instrument in the
CCAPM and the CAPM allows these models to significantly improve their performance for all
the frequencies considered. Specifically, Panel A in Table 4 shows that the CCI allows the
CCAPM to increase the OLS R’ statistic from 0.5 to 0.948, while the GLS R statistic increases
from 0.363 to 0.462. Analogously, the OLS R” statistic (GLS R” statistic) provided by the
CAPM rises from 0.542 to 0.944 (0.359 to 0.611) when the CCI is used as an instrument. Con-
sistently, for these models, the MAE is more than halved in the conditional versions with
respect to their unconditional counterparts. This pattern persists in Panels B and C, using
quarterly and monthly return data, respectively. The case of the CAPM in Panel C is especially
remarkable, as the unconditional model provides an OLS R statistic and a MAE of 0.145 and
0.75%, respectively, while its conditional counterpart provides estimates of 0.86 and 0.3% for
the same statistics.

Nevertheless, it should be noted that the conditional models under study only account for
the conditioning information captured by the CCI, while information sets that investors use to
drive their economic decisions comprise a large number of variables, where most of them are
unobservable. Although this fact is intrinsic to any asset pricing model, to observe to what
extent the explanatory power of the CCI persists when other macroeconomic variables are
considered, Tables A1-A3 in the S1 Appendix show the regression results of the conditional
models, using both AGDP and the CPI as additional explanatory variables. As shown in
Table Al in S1 Appendix, in most cases, the results remain almost unchanged from those
shown in Table 4 when these variables are included, with few exceptions, suggesting that, in
general, AGDP and the CPI hardly contribute to improve the explanatory power of the model.

Table 4 shows that the conditional versions of both the CCAPM and the CAPM perform
very similarly to the Fama-French five-factor model and the g-model. However, in most cases,
the Fama-French five-factor model is the best-performing model followed by the g-model,
providing OLS and GLS R statistics greater than 0.9 in Panel A and around 0.8 in Panels B
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Table 6. Regression results for 25 portfolios P/CF-DY.

CCAPM Market factor models Instrument MAE
Row |Model Intercept Aac ARMRF | AsmB | Aamr | Aya | ARoOE Accr | Accrac ‘ ACCLRMRF R’ (%) J-test
Panel A: Annual data
1 Unconditional CCAPM ,017 ,019 ,633 3,26 | 137,980
(,261) (1,178) -,393 (,000)
2| Conditional CCAPM ,020 ,012 -1,055 ,009 ,719 2,97 | 163,202
(,274) (1,599) (-1,628) | (,592) -1,508 (,000)
3 Unconditional CAPM ,092 ,103 ,526 4,17 | 330,285
(2,425) (1,334) ,501 (,000)
4 | Conditional CAPM ,006 ,160 -1,044 ,006 734 2,95 | 164,326
(,091) (1,657) (-1,724) (,052) ,228 (,000)
5 | Fama-French (3 factors) ,055 ,106 124 ,029 ,826 2,66 | 272,958
(1,564) (1,373) | (1,571) | (,491) 1501 (,000)
6_ Fama-French (5 factors) ,056 ,104 ,099 ,016 ,095 ,036 ,849 2,24 | 258,905
(1,807) (1,352) | (1,332) | (,276) | (2,044) | (,977) 518 (,000)
7 | g-model ,046 ,112 ,117 ,099 ,048 ,845 2,25 | 243,635
(1,250) (1,425) | (1,430) (2,095) | (1,214) ,580 (,000)
Panel B: Quarterly data
8 | Unconditional CCAPM ,021 -,018 ,516 ,73 27,216
(1,746) (-2,345) ,249 (,247)
9 | Conditional CCAPM ,018 -,007 =719 ,009 ,658 ,58 18,849
(1,552) (-,571) (-1,712) | (,609) ,459 (,595)
10 | Unconditional CAPM ,005 ,036 ,408 ,89 34,715
(,376) (2,216) ,381 (,055)
11| Conditional CAPM -,004 ,039 -,873 ,019 ,607 ,66 15,023
(-222) (1,920) (-2,260) (,424) ,548 (,822)
12| Fama-French (3 factors) -,005 ,036 ,013 ,025 744 57 25,202
(-,398) (2,188) | (,846) | (1,847) ,682 (,239)
13| Fama-French (5 factors) -,002 ,034 ,012 ,020 ,024 ,022 ,797 ,46 21,056
(-,171) (2,013) | (,819) | (1,595) | (2,741) | (1,539) ,685 (,334)
14 | q-model ,001 ,031 ,015 ,027 ,033 ,766 ,49 24,713
(,057) (1,801) | (1,009) (2,943) | (2,300) ,626 (,213)
Panel C: Monthly data
15 | Unconditional CCAPM ,009 -,050 ,364 ,26 39,850
(2,885) (-2,905) ,302 (,016)
16 | Conditional CCAPM ,009 -,089 475 24 33,120
(2,849) (-3,458) ,389 (,079)
17 | Unconditional CAPM ,000 ,013 ,324 27 34,338
(-,077) (2,346) 291 (,060)
18 | Conditional CAPM -,003 ,015 -,839 ,012 ,457 ,23 18,775
(-,480) (2,113) (-2,052) (,752) ,356 (,601)
19 | Fama-French (3 factors) -,001 ,011 ,003 ,008 ,665 ,18 26,310
(-,123) (1,958) | (,752) | (1,640) ,629 (,195)
20 | Fama-French (5 factors) ,001 ,010 ,005 ,008 ,005 -,002 ,704 17 19,445
(,224) (1,722) | (1,095) | (1,763) | (1,742) | (-,456) ,663 (,429)
(Continued)
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Table 6. (Continued)

CCAPM Market factor models Instrument MAE
Row | Model Intercept Aac ArmRE | AsmB | AmmL Aya AroE Accr | Accrac | Accrrmre | R (%) | J-test
21 q-model ,000 ,010 ,005 ,007 ,008 ,621 ,20 27,872
(,020) (1,819) | (1,197) (2,410) | (1,450) 431 (112)

Notes: We compile monthly series for all stocks listed in the Tokyo Stock Exchange from the Datastream database, for the period from July 1992 to June 2018. Using this
data, we form 25 P/CE-DY portfolios. To determine excess returns, we use the three-month Treasury Bill rate for Japan. Depending on the model, we use the
consumption growth, the market portfolio or the Fama-French factors-q factors as explanatory variables. In models 2, 4, 9, 11, 16 and 18, we scale factors using the CCI
as an instrument. We map the two-pass CSR procedure into GMM to estimate all models, assuming a spectral density matrix with zero leads and lags. We use the same
spectral density matrix to run the J-test. The table displays two rows for each model, where the first row shows the coefficient estimates and the second row the ¢-
statistics. For each model, the columns labeled ‘R* shows the adjusted OLS and GLS R” statistics, in that order. All p-values resulting from the J-tests are in parentheses.
Coefficients shown in Panel C for the CCAPM are determined using the factor-mimicking portfolio of the model, as defined in Expression (20), in order to transform

the coefficients that result from quarterly consumption data into monthly estimates.

https://doi.org/10.1371/journal.pone.0241318.t006

and C. Furthermore, the GLS R statistic magnifies the differences between single-factor con-
sumption models and production models. Specifically, although all GLS R statistics are lower
than OLS R’ statistics, they decline more markedly in the case of the CCAPM and the CAPM,
meaning that their factor-mimicking portfolios are further from the mean-variance frontier
than those of production models.

Remarkably, the J-test for overidentifying restrictions rejects most models under analysis,
with the exception of the CCAPM, the CAPM and the Fama-French five-factor model in Panel
B (rows 8-11 and 13), and the conditional CAPM and the Fama-French five-factor model in
Panel C (rows 18 and 20).

Although the coefficient estimates shown in Table 4, Panel C, for the Fama-French five-fac-
tor model and the g-model do not exactly coincide with the means of their respective factors
(see Table 1, Panel D), the prices of risk for RMRF, SMB and 7,4 in the g-model are relatively
close to their average returns, meaning that the model is reasonably well-behaved. Conversely,
the CAPM provides estimates that are far from the mean return of RMRF, which means that
the model does not correctly price the market portfolio.

Fig 1 shows that the fitted values provided by all the models under consideration are strongly
concentrated around the 45 degrees axis, which is consistent with the results shown in Table 4.

For momentum portfolios, the results shown in Table 5 are fully in line with those shown
in Table 4 for size-BE/ME portfolios. Notably, the unconditional CAPM performs satisfacto-
rily in pricing momentum portfolios (rows 3, 10 and 17), although the use of the CCI as an
instrument significantly improves its performance. Specifically, the OLS R” statistic provided
by the conditional version of the model amounts to 0.935, 0.834 and 0.826, using annual, quar-
terly and monthly data, respectively, while the GLS R” statistics amount to 0.864, 0.818 and
0.809 for the same frequencies. Nonetheless, the CCI has an even greater impact on the
CCAPM. Indeed, as shown in Table 5, Panel B, the unconditional CCAPM delivers an OLS R*
statistic and a MAE of 0.192 and 0.75%, respectively, while its conditional counterpart leads to
values of 0.755 and 0.42%, for the same statistics. Furthermore, results in Panel C show that
the positive effect of the CCI on the performance of the CCAPM persists using monthly data.
In particular, rows 15 and 16 in Table 5 show that the OLS R? statistic (GLS R statistic)
increases from 0.168 to 0.602 (0.09 to 0.574) when we use the CCI as an instrument. Table A2
in the S1 Appendix shows that the results of conditional models barely vary when AGDP and
the CPI are used as additional explanatory variables, which corroborates the informativeness
of the CCL
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As with size-BE/ME portfolios, for momentum portfolios, the Fama-French five-factor
model and the g-model are generally the best-performing models, although the Fama-French
three-factor model also provides excellent results. Notably, the results of both the Fama-French
five-factor model and the g-model are even closer in Table 5 than in Table 4. In fact, in
Table 5, Panels B and C, their MAE:s are exactly the same, amounting to 0.35% and 0.11%,
respectively.

Unlike size-BE/ME portfolios studied in Table 4, for momentum portfolios, the J-test for
overidentifying restrictions does not reject most of the models in Panels B and C, with the sole
exception of the unconditional CCAPM in row 15. However, Panel A shows that the opposite
is true on an annual basis, with the CCAPM being the only model not rejected by the J-test.

Again, the coefficient estimates shown in Table 5, Panel C, for the Fama-French five-factor
model and the g-model do not coincide with the means of the factors. However, in both mod-
els, the prices of risk for rj,4 and rrog are very close to their average returns, which means that
these models correctly price both investment and profitability factors.

Fig 2 shows that the vast majority of the models considered produce low pricing errors for
momentum portfolios, with the conditional CCAPM being the worst-performing model when
used on monthly data, consistently with the results shown in Table 5.

Regarding portfolios P/CF-DY, Table 6 shows that, in general, all models into consideration
perform worse than in the other samples. Table 6 also shows that, in this case, the CCI helps
consumption models to improve their performance to a lesser extent than in Tables 4 and 5. In
fact, although the conditional versions of both the CCAPM and the CAPM provide higher
OLS R statistics than their unconditional counterparts, the GLS R statistics shown in Panel A
for these models decrease when we use the CCI as an instrument, even though their MAEs
drop. This suggests that both model factors and consumer sentiment are less explanatory for
P/CE-DY portfolios than for the other anomaly portfolios considered. Remarkably, Table A3
in the S1 Appendix shows that neither AGDP nor the CPI help to improve the performance of
the conditional models.

Notably, results shown in Table 6 widen the gap between the Fama-French five-factor
model and the g-model, with the latter performing significantly worse than the former. The
case of Panel C in Table 6 is especially remarkably, as the g-model provides lower OLS and
GLS R’ statistics and a higher MAE than both the Fama-French three- and five-factor models.
As in previous tables, Table 6 shows that the Fama-French five-factor model generally provides
the highest OLS and GLS R’ statistics and the lowest MAEs among the models under study.

Although the J-test for overidentifying restrictions does not reject most of the models in
Panels B and C, this may be partly explained by the high variances and covariances in the spec-
tral density matrix, rather than the low pricing errors provided by these models.

It is important noting that lambda estimates shown in Panel C for the Fama-French five-
factor model and the g-model are close to the mean of their respective factors for RMRF, ry,4
and rror (see Table 1, Panel D). Additionally, the prices of risk that result from the conditional
and unconditional CAPM in Panel C are relatively close to the mean of RMRF, meaning that
these models are reasonably well-behaved.

Fig 3 shows that all fitted values provided by the models under consideration are more scat-
tered than those depicted in Figs 1 and 3, which is consistent with the results shown in Table 6.

In summary, the results shown in Tables 4-6 provide us with three major findings. First, in
most cases, the CCI does an excellent job when used as an instrument in single-factor con-
sumption models, contributing to significantly improve their performance for most frequen-
cies and portfolios under study. Second, the Fama-French five-factor model and the g-model
are the best-performing models among those considered in the research. However, in the vast
majority of cases the Fama-French five-factor model slightly outperforms the g-model, which
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Fig 1. Realized excess returns versus fitted values for 25 portfolios size-BE/ME. The figure depicts 25 portfolios size-BE/ME
using a code with two numbers, the first number being the size code (with 1 being the smallest and 5 the largest) and the second
number being the BE/ME ratio code (with 1 representing a low ratio and 5 a high ratio). The closer the portfolios are to the 45
degrees axis, the better the fit produced by the model.

https://doi.org/10.1371/journal.pone.0241318.9001
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Fig 2. Realized excess returns versus fitted values for 20 momentum portfolios. The figure depicts 20 momentum portfolios
using a number from 1 to 20. Stocks with the lowest past one-year return comprise portfolio 1 and stocks with the highest past
one-year return comprise portfolio 20. The closer the portfolios are to the 45 degrees axis, the better the fit produced by the

model.

https://doi.org/10.1371/journal.pone.0241318.9002
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Fig 3. Realized excess returns versus fitted values for 25 portfolios P/CF-DY. The figure depicts 25 portfolios P/CF-DY

using a code with two numbers, the first number being the P/CF ratio code (with 1 representing a low ratio and 5 a high ratio)
and the second number being the DY code (with 1 representing a low ratio and 5 a high ratio). The closer the portfolios are to
the 45 degrees axis, the better the fit produced by the model.

https://doi.org/10.1371/journal.pone.0241318.9003
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means that HML and investment factors do not appear to be completely redundant on the
Tokyo Stock Exchange. Third, the results provided by the CCAPM using monthly market data
are fully consistent with those delivered by the model at other frequencies, which suggests that
the model’s factor-mimicking portfolio does a good job of retaining the pricing information
included in consumption growth.

Most of the asset pricing models under consideration perform remarkably well for both
size-BE/ME portfolios and momentum portfolios, while performing worse for P/CF-DY port-
folios. Regarding the periodicity of the data, in all cases, the higher the frequency of the data,
the worse the performance of the models, which is particularly evident in the case of the
CCAPM and the CAPM.

In the light of these results, future research should deepen the study on the connection
between consumption and production asset pricing models. Indeed, both approaches consti-
tute partial solutions in the analysis of the relationship between asset prices and macroeco-
nomics, assuming that demand or supply are determined exogenously. In contrast, full general
equilibrium models with production use technology shocks as the primary driving process of
macroeconomic uncertainty. The fact that the CCI contributes strongly to improving the per-
formance of classic consumption-based asset pricing models can help strengthen the interplay
between consumption and production models. In this regard, while [22] and [23] emphasize
the relationship between the predictive power of the CCI and habit formation [68-70], embed
habit-formation preferences within production models. This makes consumer sentiment a
promising tool for relating consumption and production models more explicitly.

Additionally, further research should explore the sensitivity of the model estimates to differ-
ent estimation procedures. In this regard, the methodology suggested by [66] and [32-34] can
be a promising tool to address endogeneity and other specification issues related to the two-
pass CSR estimates.

Nevertheless, it is worth noting that none of the models studied in this paper allows us to
perfectly explain the expected returns for all portfolios and frequencies under analysis, which
makes us consider other explanations for asset prices apart from those arising from a purely
macroeconomic perspective. Indeed, pricing errors are directly related to the joint hypothesis
problem, that is, the fact that tests on the efficiency of financial markets are completely equiva-
lent to tests of economic discount factor models, which implies that market efficiency is only
testable in combination with a model of expected returns [17] (p. 122). In this regard, the fact
that most statistical tests on the efficiency of the Tokyo Stock Exchange show mixed results
[71-73] opens the door to behavioral explanations for the fraction of expected returns that
remains unexplained on the Japanese equity market. Particularly, partial equilibrium models,
such as those based on heterogeneous investors, can help to successfully complement this view
[33,74-79].
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