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Abstract 

 

 

My three essays contain three studies using multi-factor asset pricing models, where all 

the data are based on the US market. The first study extends intertemporal CAPMs with a 

few macro pricing factors: inflation or the cycle of industrial production (IP). I regard this 

specification of such models as a multi-factor pricing model, where this multi-factor linear 

pricing model can alternatively be derived from a consumption-based model from a 

theoretical perspective. I find significant evidence that the augmented multi-factor models 

outperform the original ICAPM. The results show that inflation is a key additional factor in 

the pricing models for the 25 size/book-to-market portfolios, while the cycle of IP is another 

vital additional factor in pricing models for the 25 size/momentum portfolios. Moreover, I 

find that most pricing information contained in the momentum factor is the inclusive 

information of the IP cycle, where the cycle of IP is generated by using the Hodrick–Prescott 

filter. The second study extends another two ICAPMs and Hou, Karolyi and Kho's three-

factor model with inflation. The evidence shows that inflation significantly aids the original 

models in pricing 25 size/book-to-market portfolios in cross-sectional tests. Hence, I provide 

further robust evidence that inflation is the vital factor in the factor pricing models for the 25 

size/book-to-market portfolios and a few other portfolios. Inflation provides additional 

explanatory power beyond Fama-French’s five factors in pricing the cross-sectional variation 

of 25 size/book-to-market portfolios. The third study investigates the performance of multi-

factor asset pricing models in explaining the cross-section variation of the large number of 

expanding portfolios and a set of different portfolios, where the multi-factor models refer to 

the Fama-French three-factor model augmented by other pricing factors. I investigate the 

performance of several well-regarded multi-factor models by using Hansen’s general method 



 

X 

 

of momentum (GMM), which is another alternative and very robust complement/guarantee to 

the only regression-based procedure in the previous literature. The results continuously 

support the superiority of the augmented multi-factor models. In general, augmented multi-

factor models outperform the original models in a sound portion of different portfolios, where 

the original model refers to Fama-French’s three-factor model. In conclusion, my essays shed 

light on a fresh type of linear asset pricing model with sound theoretical background, and my 

research justifies the superiority of the multi-factor pricing model over Fama-French’s three-

factor model in explaining the cross-sectional variation of equity returns with robust evidence. 
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Chapter 1: Introduction 
 

 

1.1 Background and Summary 

 

 Background 

 
 

Asset pricing models aim to gain an understanding of an essential question: Why does 

the average rate of return vary across equities? A common insight of asset pricing admits the 

relationship between the bearing of the pricing factor and a compensating return. However, in 

the academic literature, there is a debate about the different fundamentals of pricing factors in 

different empirical models. All asset pricing theory is derived from one simple concept: the 

price equals the expected discounted payoff. 

 

Sharpe (1964) and Lintner (1965) were the first to discover the capital asset pricing 

model (CAPM). However, although the CAPM is theoretically accurate, the static CAPM 

performs poorly in explaining stock market returns in many empirical studies. Merton (1973) 

develops an intertemporal capital asset pricing model (ICAPM), and any state variable that 

predicts future investment opportunities may serve as a good candidate in the ICAPM context. 

However, one of the major weaknesses of Merton’s (1973) study is that he does not explicitly 

identify which state variables are competent candidates, since there are many possible factors 

and data in the real world. Furthermore, Breeden’s (1979) consumption capital asset pricing 

model (CCAPM) derives from the view of maximization of a consumer’s utility function, 

where a household (or an agent) makes an optimal decision in allocating consumption, saving 

or investment. Finally, Ross’s (1976) arbitrage pricing theory (APT) is another popular strand 

of theory for the motivation of a linear multi-factor model. 
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 Motivation 

However, there are significant research problems in the empirical study of asset pricing. 

More specifically, the CAPM and CCAPM have a sound theoretical background, but their 

empirical performance is disappointing. The Fama-French three-factor model and other 

ICAPMs and multi-factor models perform inadequately in pricing equities. A new strand of 

research turns to other, correct pricing factors that may provide additional explanatory power 

in multi-factor asset pricing, such as the investment factor and profitability factor in Fama-

French’s (2015a) five-factor model. However, in addition to the investment factor and 

profitability factor, other correct macro factors may capture a large amount of valid 

information for asset pricing. My research follows this research strand and investigates 

whether a few (other) macroeconomic factors can help price assets in the framework of 

Cochrane’s (2005) pricing factor model. The framework of Cochrane’s (2005) multi-factor 

pricing model provides a sound theoretical background and presents the choice of theoretical 

sound macro factors in this multi-factor pricing model. 

 

The different components of a factor can lead to different results in empirical asset 

pricing studies (see Du (2014) and Du and Hu (2012, 2014)). I find that the original base 

model augmented with the inflation rate performs better than the model augmented with 

unexpected inflation or the change in expected inflation. The original base model augmented 

with a cycle of IP performs significantly better than the model augmented with a growth rate 

of IP. Hence, in empirical studies, I present a sound empirical reason for the choice of 

inflation and the cycle of IP following Cochrane’s (2005) framework. 

 

I develop a new version of a multi-factor pricing model that incorporates more types of 

variables, where I augment the previous ICAPMs and multi-factor models with a few 
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additional macroeconomic factors, such as inflation and IP cycle. The new version of the 

augmented linear multi-factor model is highly likely to solve the problem of the inadequate 

explanatory power of previous ICAPMs and multi-factor models. In addition, I am interested 

in whether any macro variables have a valid link with the momentum factor, as to the best of 

my knowledge, previous studies have not determined how to explain the pricing information 

in economic factor momentum. 

 

Theoretically, a correct model should successfully price any type of asset. Following 

this logic, it is important to test various augmented multi-factor models in several different 

well-sorted portfolios for robustness. One should take this empirical approach in testing any 

good multi-factor model. For example, my third study specifically tests several well-regarded 

augmented multi-factor models in a number of pooled portfolios and other portfolios sorted 

in some important anomalies, as it is also an important empirical test for a correct specified 

model. My study provides the robust guarantee from the perspective of the stochastic 

discount factor (SDF) beyond the view of regression-based test. 

 

 Summary 

A correct model, such as the CAPM, is theoretically true, and it also should be 

accepted that the model is true, regardless of whether it fits the real-world data. Similarly, a 

correct pricing factor with sound theoretical support should be true, regardless of whether it 

fits the real-world data. Such a story often occurs in economic modeling: for example, if 

some correct factors with a sound theory background appear to be nonsignificant, researchers 

should not exclude these correct factors from the specification of a correct model.  

 

First, my first and second studies further explore the neglected function of some 
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“correct” pricing factor, such as inflation and the cycle of IP. My selections of true factors are 

certainly not “fishing licenses.” More specifically, Cochrane (2005) provides a statement on 

some requirements that a pricing factor that can be a competent pricing factor in a linear 

pricing model; that is, the competent pricing factor in a linear pricing model should measure 

the state of the economy, forecast the macroeconomic variable or forecast the bad or good 

state of the economy. In my research, I find that inflation and the cycle of IP generally meets 

Cochrane’s (2005) standard requirements in a linear multi-factor pricing model. Furthermore, 

I find a remarkable empirical function of inflation and the IP cycle in explaining the cross-

section variation of equity returns, particularly in pricing the 25 size and book-to-market 

portfolios (SBM25) and 25 size and momentum portfolios (SM25). Note that 25 size and 

book-to-market portfolios and 25 size and momentum portfolios are the most popular testing 

assets in academic studies. I further find that much pricing information of the momentum 

factor is the inclusive information of the IP cycle 

 

My third study further provides robust evidence on the preference of several multi-

factor models (the proposed models all have at least five pricing factors) over Fama-French’s 

three-factor model in pricing the cross-sectional variation of pooled portfolios and various 

other portfolios sorted in different anomalies. Hence, I conclude or confirm that the Fama-

French three factors should be inadequate in explaining the cross-sectional variation of stock 

returns. Other correct pricing factors might explicitly help to explain more cross-sectional 

variation in stock returns. 

 

 

1.2 Introduction of Empirical Studies 
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First, Chen et al. (1986) explore a set of macro factors as pricing factors, which have a 

sound influence on security returns, following Ross’s (1976) APT. Their construction of the 

model shows that the factor of IP, the factor of inflation, surprise in the risk premium, and 

surprise in the yield curve may affect stock returns. Several researchers extend the APT 

strand of studies.  

 

Other influential studies follow Merton’s (1973) ICAPM framework: Fama-French 

(1992, 1993, 1996) develop the famous Fama-French three-factor mode, 1  with the 

augmentation that high minus low (HML) and small minus big (SMB) should act as state 

variables in the context of the ICAPM. Admittedly, one may consider the Fama-French three-

factor model in the framework of APT. Liew and Vassalou (2000) provide evidence that the 

Fama-French HML and SMB factors are significantly related to a new factor: news related to 

future Gross Domestic Product (GDP) growth. Their evidence supports the hypothesis that 

HML and SMB act as state variables in the context of the ICAPM. Vassalou2 (2003) further 

shows that her ICAPM (adding innovation-related future GDP growth to the CAPM) 

performs quite well in pricing the cross-section variation of equity returns. She also indicates 

that much of the information in SMB and HML is related to the future of news about GDP 

growth. Moreover, Petkova (2006) shows that innovations in predictable macro variables, 

including term spread, default spread, dividend yield and one-month Treasury-bill yield, 

display explanatory power equivalent to Fama-French’s three-factor model in cross-sectional 

asset pricing. Moreover, the findings also illustrate that innovations in state variables are 

significantly related to the Fama and French (1993) factors. In particular, HML and SMB 

                                                 
1 Carhart (1997) extends the Fama-French three-factor model with an additional momentum factor, 

which significantly helps the model in explaining momentum-sorted portfolios. 

 
2 Note that both Vassalou and Petkova are madam. 
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may proxy for the innovation of the state variable in Petkova’s (2006) ICAPM.  

 

Another strand of model is the conditional asset pricing model, e.g., the CCAPM and 

the conditional CAPM. Since the original CCAPM and CAPM broadly perform quite poorly 

in empirical studies, Jagannathan and Wang (1996) develop a conditional CAPM with a time-

varying parameter, where they incorporate a human capital factor into the pricing kernel. The 

findings show that their model performs quite well in explaining the cross-sectional variation 

of stock returns. Lettau and Ludvigson (2001a, 2001b) argue that “cay”3 is a scale factor for 

the time-varying parameters and that it dramatically helps improve the cross-sectional pricing 

performance over the standard CCAPM. They also argue that to resurrect the CCAPM, the 

instrument “cay” presents a better role than other instruments, such as the dividend-price 

ratio, the default spread, and the term spread. Similarly, Kang et al. (2011) create the factor of 

“coin”4, and they find that it also plays a significant role as the conditioning variable, which 

helps explain the cross-sectional variation of stock returns.  

 

Other strands of asset pricing models are motivated by Q-theory. These include 

Cochrane’s (1991) production-based asset pricing model and Cochrane’s (1996) investment-

based asset pricing model, as well as other extended studies, based on Cochrane’s model. 

 

Finally, the multi-factor model is also popular; for example, Cohart (1997) develops a 

four-factor model (i.e., Fama-French three factors augmented with a momentum factor), 

which performs much better than the Fama-French three-factor model in momentum 

                                                 
3  “Cay” refers to the co-integrating residual of the co-integrating vector autoregressive (VAR) 

estimation for the following factors: consumption, labor income and asset wealth. 

 
4  “Coin” denotes the co-integrating residual of the co-integrating vector autoregressive (VAR) 

estimation for the following factors: dividend yield, default rate, term spread and short-term interest 

rate. 
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portfolios. Recently, Fama and French (2015a) proposed a five-factor model (i.e., Fama-

French three-factors augmented with an investment factor and profitability factor), which 

performs better than the Fama-French three-factor model in the regression-based approach. 

 

To date, researchers have developed a large number of empirical asset pricing studies 

using different types of pricing models/factors. The introduction in chapter one presents the 

most representative studies in the entire empirical asset pricing literature, and the 

representative literature is closely related to my essays. 
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1.3  Market in the United States 

 

In light of the above mentioned asset pricing literature, my three essays contribute to 

the field of macroeconomic asset pricing. All three studies from my three essays use a U.S. 

sample. The research on the U.S. stock market is remarkably attractive since the U.S. national 

economy is the largest in the world and also significantly influences other stock markets. 

Furthermore, the assumptions of asset pricing theory require a developed financial system, a 

relatively mature economy and relatively effective regulatory systems. Hence, the academic 

research for the U.S. stock market is the most popular choice. 

 

The U.S. stock market represents the most outstanding features among global stock 

markets. A profile of the United States’ economy5 states that “the economy of the United 

States, which generates nearly $15 trillion a year in goods and services, is the largest in the 

world and, by most measures, the most innovative and productive.” Wikipedia6 indicates that 

the United States has been the world’s largest economy since the 1920s. The U.S. nominal 

GDP was about $US16.63 trillion in 2013, which is equivalent to a quarter of the nominal 

global GDP. Meanwhile, the U.S. financial market is the most developed in the world, and it 

has the longest history and the most comprehensive financial research data available among 

global stock markets, and the financial data in the U.S. is also accurate, reliable and 

accessible. Furthermore, when one successfully creates an asset pricing model/factor in the 

U.S. financial market, other researchers often replicate the successful model/factor in the tests 

                                                 
5 See “outline of the U.S. economy,” published in 2012 by the Bureau of International Information 

Programs, 

United States State Department. The online website is 

http://photos.state.gov/libraries/amgov/30145/publications-

english/120321_Outline_US_Economy_2012_CX2.pdf. 

 
6 See http://en.wikipedia.org/wiki/Economy_of_the_United_States. 

http://photos.state.gov/libraries/amgov/30145/publications-english/120321_Outline_US_Economy_2012_CX2.pdf
http://photos.state.gov/libraries/amgov/30145/publications-english/120321_Outline_US_Economy_2012_CX2.pdf
http://en.wikipedia.org/wiki/Economy_of_the_United_States
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of other countries’ stock markets; the recommended countries can be Australia, Germany, 

Hong Kong, Finland, China, and Pakistan, among others. 

 

1.4 Research Theory for the multi-factor Pricing Model  

 

The consumption-based model performs poorly in empirical studies. Cochrane (2005) 

suggests that a linear factor pricing factor model with macroeconomic data can perform better 

in practice, where all the linear pricing factor models are derived as specializations of a 

consumption-based model. From the perspective of theory, the valid macrofactors in the 

linear pricing factor model can effectively proxy for aggregate marginal utility growth. 

Cochrane (2005) also indicates that the linear factor models can be the CAPM, APT model, 

ICAPM, Fama-French three-factor model and other multi-factor models. All the linear factor 

models are equivalent to the consumption-based model. 

 

Cochrane (2005) also indicates that the essential concept of asset pricing is that rational 

investors are particularly concerned about the state of the world’s economy, which affects 

their consumption/investment decision in their financial management, and such information 

about the state of economy should be included in the pricing kernel. The corresponding 

macrovariables in the linear factor model indicate the “good state” or “bad state” of the 

current or future economy. 

 

More specifically, which macro factors are good candidate in these linear factor models? 

Cochrane (2005) suggests several macro factors that can measure the state of the economy, 

and they are thus related to consumption. These plausible macro factors can be returns on 

broad-based portfolios, interest rates, growth in GDP, investment and so on. On the other 
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hand, any macroeconomic variable that can forecast asset returns or predict macroeconomic 

variables are also good candidate factors. Such factors can be the term premium, dividend 

yield, stock returns, and so on. Although these factors do not directly measure the aggregate 

good or bad times, they can forecast such times. 

 

My empirical research shows that previous linear factor pricing models, such as 

ICAPMs and the Fama-French three-factor model, appear inadequate in explaining the cross-

section variation of equity returns. Following Cochrane’s (2005) statement on the theory of 

the linear factor pricing model, I can regard ICAPMs, the Fama-French three-factor model7 

and other multi-factor models as specializations of the consumption-based model. The pricing 

factors in original models appear to provide adequate information about the state of the 

economy. Then, when I augment novel and vital macro factors with respect to the original 

models (APT, ICAPM or the Fama-French three-factor model and other models), the 

augmented multi-factor models are also linear factor pricing models under Cochrane’s (2005) 

framework, which remain equivalent to a consumption-based model. Next, the augmented 

vital macro factors may capture additional/different important information about the current 

state or future state of the economy. Under such specifications of a model, the augmented 

multi-factor pricing model performs significantly better than the original model in explaining 

the cross-sectional variation of equity returns. Chapter 4.2 presents more comprehensive 

details about the theory for my studies. 

 

 

                                                 
7 Fama and French (1996) posit that the Fama and French three-factor model conforms to either 

Merton’s (1973) ICAPM or Ross’s (1976) APT. 
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1.5 Research Methodology  

 

To test the cross-sectional asset pricing models in my essays, I use Fama-Macbeth’s 

(1973) two-pass regression and Hansen’s (1982) GMM, where the two-pass regression refers 

to the beta method and the GMM refers to the SDF approach. The estimations of first-stage 

GMM achieve results similar to or consistent with those of Fama-Macbeth’s (1973) two-pass 

OLS regression. However, the two alternative methods use very different econometric 

frameworks; hence, the two methodologies are not directly comparable.  

 

In the beta method setup, one always runs the time-series regression to estimate the 

betas in the first pass of regression, and one subsequently runs the cross-sectional regression 

(CSR) to estimate the risk premiums in the second pass of regression, where the betas 

obtained in the first regression are used as independent variables and expected asset returns 

are used as dependent variables. However, the Fama-Macbeth’s beta method suffers from the 

errors-in-variables problem; Shanken (1992) and Jagannathan and Wang (1998) propose 

valid ways to correct this problem. The indicator of 2R is the most popular measure of the 

performance of the model in the two-pass cross-sectional framework, in work following that 

of Kandel and Stambaugh (1995) and Kan, Robotti and Shanken (2010). More recently, Kan, 

Robotti and Shanken (2013) develop the asymptotic distribution of the statistic 2R  in a beta 

method and other econometrical innovations. Kan, Robotti and Shanken (2013) also suggest 

an F-statistic for the specification test of pricing error terms in Fama-Macbeth’s two-pass 

CSR. 

 

The SDF is given as follows:  

'm b f ,                                                                                                                 (1.1) 
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where b  refers to a vector of coefficients and f  refers to a vector of ones and variable 

factors. If the element of b  does not equal zero, then the corresponding factor of this element 

of b helps in pricing assets. The classical GMM approach typically solves the equation 

'm b f .  

 

The risk premiums (denoted as  ) can then be estimated by using the following 

formula:  

fr V b     ,                                                                                                            (1.2) 

where 
fr  refers to the unconditional risk-free rate or the zero-beta rate and V is the 

covariance matrix of the pricing factors. All of the estimations can be performed and the 

statistics obtained once the researchers determine the value of b from formula (1.1) using 

GMM. 

 

          When I estimate the performance of models in my first and second studies, I use 

quantitative tests ( 2R and Hansen-Jagannathan distance (HJ distance)) as well as qualitative 

tests, where the qualitative tests refer to the P-value approach of the traditional specification 

test of the model diagnosis (the P-value of the J-test statistic and the P-value of HJ distance 

in the GMM estimation and the P-value of the statistic of 2R and the P-value of the statistic 

of the F-statistic in the two-pass Fama-Macbeth regression). While estimating the 

performance of models in the third study, I use quantitative tests ( 2R  and mean absolute 

pricing error (MAE)) and another qualitative test (Newey and West (1987) J-difference test 

statistic), where MAE refers to the mean absolute pricing error. Qualitative tests can provide 

robust evidence as an important supplement to pure quantitative tests. 
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Research Gap  

 

First, the ICAPMs, Hou et al. (2011) 

three-factor model (HKK model) and 

Fama-French three-factor model appear to 

inadequately explain the cross-sectional 

variation of SBM25 portfolios as well as 

other types of portfolios. The factor of 

inflation and the factor of IP are popular 

pricing factors, but the different 

components of factors can lead to very 



 

14 

 

different exploratory effects (Du (2014) 

and Du and Hu (2012, 2014)). The 

function of inflation and cycle of IP 

appear to have been neglected. 

 Second, how the priced information 

of the momentum factor can be explained 

remains unclear to researchers so far.  

 Third, previous studies overly focus 

on SBM25 portfolios but somewhat 

neglect the performance of asset pricing 

models with respect to other types of 
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portfolios, such as pooled portfolios and 

other portfolios sorted in different 

anomalies. A few related studies use only 

regression-based methods to address this 

issue. Another robust estimation of GMM 

thus remains unknown, and their models 

are limited to only a few sorts. 

 

My study fills these gaps via a core 

research question throughout three essays: 

Within the theoretical framework of the 
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1.6 Research gap, research questions and findings 

 

The research questions and findings for the first study 

 

linear factor pricing model, can 

researchers improve the performance of 

the ICAPM and Fama-French’s three-

factor model by using augmented pricing 

factors, such as macroeconomic variables?  
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The essential research question for study 

one: 

1. Do inflation and the cycle component of IP significantly help in pricing the cross-

section variation of stock returns?  

2. Does the augmented multi-factor model perform significantly better than the 

original model? What about the performance comparison between my five-factor 

model and Fama-French’s (2015a) five-factor model? 

3. Can one explain the priced information of the momentum factor via macro 

factors? 

Answer: 

For my first study, I extend the Fama-

French three-factor model and Petkova’s 

(2006) model with two novel macro 

factors widely used as pricing factors: 

inflation and the cycle of IP. I regard my 
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model as a fresh multi-factor model under 

the theory of multi-factor pricing model. I 

find evidence that my augmented multi-

factor model performs significantly better 

than the original models. Inflation is the 

key additional factor of the asset pricing 

model for the 25 size and book-to-market 

portfolios, while the IP cycle proves to be 

a crucial factor for the 25 size and 

momentum portfolios. The evidence also 

illustrates that the Fama-French five-
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factor model does not outperform my 

standard five-factor model in estimating 

the cross-sectional variation of SBM25 

portfolios and SM25 portfolios. Moreover, 

the momentum factor is significantly 

related to the cycle of IP and becomes 

superfluous with the cycle of IP, 

suggesting that much of the priced 

information in the momentum factor is the 

inclusive information of the IP cycle. 
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The research questions and findings for the second study 

The essential research questions for study 

two: 

1. Does the factor of inflation significantly help in pricing the cross-section of stock 

returns?  

2. Do the augmented three types of multi-factor models perform significantly better 

than the original model? What about the performance comparison between my three 

types of multi-factor models and Fama-French’s (2015a) five-factor model? 

Answer: 

My second study consistently finds 

that inflation is an important augmented 

factor for Intertemporal Capital asset 

pricing Models (ICAPMs) when pricing the 
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cross-sectional variation of Fama-French 

25 size and book-to-market portfolios and a 

few other portfolios. I extend this strand of 

research by investigating two alternative 

ICAPMs from Michel (2009) and Hahn 

and Lee (2006), as well as the three-factor 

model from Hou et al. (2011). Inflation 

significantly helps in pricing the assets in 

my augmented models. I find robust 

evidence that both ICAPMs and the Hou et 
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al. (2011) three-factor model augmented 

with inflation perform significantly better 

than the original models. I find that the 

Fama-French five-factor benchmark model 

does not often outperform my proposed 

multi-factor models in pricing the cross-

section variation of SBM25 portfolios. The 

augmented models achieve a good model 

fit with the fewest factors, thus avoiding or 

alleviating the over-fitting problem. 
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The research questions and findings for the third study 

 

The essential research question for study 

three: 

1. Do the augmented factors other than the Fama-French three factors significantly 

help in pricing the cross-section of stock returns in a large number of expanding 

portfolios and different sets of portfolios other than 25 size and book-to-market 

portfolios?  

2. Does the augmented multi-factor model perform significantly better than the Fama-

French three-factor model in a large number of expanding portfolios and different 

sets of portfolios other than 25 size and book-to-market portfolios?  

Answer: 

The literature has offered an interesting 

debate on whether the performance of 

Fama-French’s three-factor benchmark 
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model is inadequate because it fails to pass 

some model specification tests and because 

its R2 is not convincingly high in cross-

sectional estimations. Previous studies 

focus only on the regression-based 

procedure, but they fail to provide another 

valid guarantee on the performance of 

asset pricing models in the pooled 

portfolios and other portfolios sorted on 

new and important anomalies using cross-
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sectional GMM tests. For the third study, 

the total testing portfolios are eight 

representative ones, and the research 

method is GMM. I find that except for 

Fama-French’s (1993) five-factor model, 

Fama-French’s three-factor model 

augmented with other factors often 

outperforms Fama-French’s three-factor 

model across a sound proportion of 

different portfolios, where these different 
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portfolios are sorted by important 

anomalies that the CAPM fails to explain. 

The augmented factors can significantly 

help in pricing different assets. In 

particular, Frazzini, Kabiller and 

Pedersen’s (2013) model shows the best 

overall performance, and the results are 

consistent across different portfolios. With 

the innovation of methodology, I confirm 

that Fama-French’s three-factor model 
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 Links between the Three Studies 

Cochrane (2005) suggests that a number of macro economic factors may be valid 

candidates as pricing factors in the linear factor pricing model. With respect to the links between 

the three studies, the first study reveals that both inflation and the cycle of IP are critical pricing 

factors in the specification of the pricing factor model. When Fama-French’s three-factor model 

and Petkova’s (2006) ICAPM are augmented with inflation and the cycle of IP, the new model 

specifications perform significantly better than the original models. The second study extends 

this approach. When Michel’s (2009) ICAPM, Hahn and Lee’s (2006) ICAPM and Hou et al.’s 

(2011) three-factor model are augmented with inflation, the new model specifications again 

performs inadequately in cross-sectional 

asset pricing, and I conclude that Fama-

French’s three-factor model augmented 

with other factor models is preferred in the 

specification of the linear factor pricing 

model. 
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perform significantly better than the original models. The third study investigates more pricing 

factors and finds that they provide more valid information beyond the Fama-French three factors, 

and the augmented models appear to be preferred. The links of the three studies are more 

conceptually presented as follows. Under the framework and theory of the linear factor pricing 

model, important macroeconomic factors, such as inflation, cycle of IP and several others, can 

assume a valid role as pricing factors within a sound theoretical framework. When these 

macroeconomic factors augment Fama-French’s three-factor model, various ICAPMs and the 

HKK model, the augmented factors can provide additional information about the state of the 

world economy, and thus, the augmented models perform significantly better than the original 

models in explaining the cross-section variation of equity returns, where I take various equities 

(portfolios) as my testing assets. 

 

1.7 Research Significance and Contribution 

 

To implement the augmented pricing factors, I adopt two well-known pricing factors in the 

multi-factor model, i.e., inflation and the cycle of IP. The motivation for using these two factors 

follows Cochrane’s (2005) suggestions.  

 

I state the contribution of the theoretical view first. I follow Cochrane’s (2005) theoretical 

statements and develop an innovative multi-factor pricing model, where one can take a number 

of competent pricing factors as independent variables, such as Fama-French’s three pricing 

factors, the pricing factors in ICAPMs, and macro factors (such as inflation and cycle of IP). The 



 

30 

 

 

 

choice of competent pricing factors (such as inflation and cycle of IP) also follows Cochrane’s 

(2005) theoretical suggestions in the specification of the factor pricing model. 

 

In the first study, I provide the following threefold contribution: First, after Petkova’s 

(2006) ICAPM and Fama-French’s three-factor model augmented with inflation and the cycle of 

IP, the performance of the model is significantly improved in a quantitative test (HJ distance and 

2R ) and qualitative P-value approach (the P-value of the J-test statistic and the P-value of the 

HJ distance in the GMM estimation and the P-value of the statistic of 2R and the P-value of the 

statistic of the F-statistic in the two-pass Fama-Macbeth regression). To avoid the over-fit 

problem, I regard Fama-French’s three factor model augmented with inflation and the cycle of IP 

as a fresh standard five-factor model. Under the sound theoretical framework of an alternative 

linear multi-factor pricing model, this standard five-factor model can be a good model within 

analysis in empirical studies. I discover the novel function of inflation and the cycle of IP for 

asset pricing as follows: I find that inflation and the cycle of IP are significantly priced in the 

new augmented multi-factor model and help in pricing assets in the cross-sectional tests owing to 

the t-statistics of the factor loadings and risk premiums. Second, the specification of the new 

augmented multi-factor model has a higher explanatory power than the original model (Fama-

French’s three-factor model and Petkova’s (2006) model) in explaining the cross-sectional 

variation of different sets of portfolios. Another benchmark model (Fama-French’s (2015a) five-

factor model) does not have stronger explanatory power than my standard five-factor model in 

pricing the cross-sectional variation of SBM25 and SM25 portfolios. Third, I find that much of 

the priced information in the momentum factor is the inclusive information of the IP cycle, 

which establishes an interesting link between the momentum factor and cycle of IP. 
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The contribution of the second study is as follows. First, I discover additional important 

evidence regarding new function of inflation for asset pricing as follows: I find that inflation can 

also significantly help in pricing Hanh and Lee’s (2006) ICAPM and Michel’s (2009) ICAPM 

and HKK model to explain the cross-sectional variation of SBM25 portfolios. The inflation 

augmented multi-factor model also has a stronger explanatory power than the original model 

according to quantitative tests (HJ distance and 2R ) and qualitative tests (P-value approach). 

The inflation risk premium is significant and negative. This result is consistent with Maio’s 

(2013) arguments that inflation represents a proxy for “bad times,” since unexpected increases in 

inflation lead to negative innovation among the wealthy. Chen et al. (1986) provide a similar 

explanation in terms of the hedge strategy. Second, inflation contains different parts of valid 

information beyond Fama-French’s (2015a) five factors: When inflation is augmented in Fama-

French’s (2015a) five-factor model, inflation significantly helps in pricing the cross-sectional 

variation of SBM25 portfolios. Furthermore, the Fama-French five-factor benchmark model 

often does not have a stronger explanatory power than my proposed multi-factor models in 

pricing the cross-sectional variation of the SBM25 plus five industrial portfolios (a total of 30 

portfolios). Third, my proposed multi-factor models also have higher explanatory power than the 

original model in a few other portfolios, such as the 25 size and operating profitability portfolios 

and 25 size and net share issue portfolios. Such evidence robustly justifies the important role of 

inflation in cross-sectional asset pricing. 

 

The contribution of my third studies is as follows. First, the Fama-French three-factor 

model appears to be inadequate in pricing the cross-sectional variation of pooled portfolios and 
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various other portfolios sorted according to several (other) important anomalies. Meanwhile, 

most proposed multi-factor models, i.e., the Fama-French three-factor model augmented with 

other factors, have explicitly higher explanatory power than the original Fama-French three-

factor model according to quantitative tests (MAE and 2R ) and qualitative tests (JT-difference 

test approach). I consider a remarkably greater number of augmented models and pooled 

portfolios as my innovation of research, which previous related studies neglect to examine. 

Second, I illustrate the cross-sectional GMM view rather than the regression-based perspective in 

the aspect of methodology to address the superiority of the explanatory power of multi-factor 

models (particularly the Fama-French three-factor model augmented with other factors) over that 

of the Fama-French three-factor model. Two methods are not directly comparable, and many 

current studies therefore use both methods in order to circumvent any estimation problems 

associated with a specific methodology. The cross-sectional GMM test can remarkably 

enhance/confirm the robustness of the evidence beyond the regression-based results. Third, I also 

reveal that the significant function of using noticeably more augmented factors other than the 

significance of the Fama-French three factors, where all these pricing factors should be sensitive 

to different types of assets/portfolios.  

 

Overall, my three studies provide the following significant contributions. The first study 

proposes a good, standard, and alternative five-factor model, where inflation is important and 

where the cycle of IP is significantly linked to the momentum factor. The second study further 

justifies the important role of inflation in other ICAPMs and the HKK model with robustness. 

The third study provides a rather robust investigation of the question whether augmented factors 

can provide additional explanatory power to previous Fama-French three factors in several 
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portfolios sorted in sound anomalies and pooled portfolios. In the third essay, the methodology is 

“new,” and various models and pooled portfolios enrich the content. The answer is often “yes” 

for the usefulness of augmented factors from the estimations of GMM. 

 

1.8 Organization of the Document  

 

The remainder of this thesis is organized as follows: Chapter 2 provides a literature review 

of the foundations and development of asset pricing. Chapter 3 presents details on the research 

methodology. Charpter 4 presents the first study, where the framework includes the related 

literature review, model development, data source, methodology, findings and conclusions in 

order. Chapter 5 presents Study 2, and Chapter 6 presents Study 3, where Study 2 and Study 3 

have the same structure as Study 1. Chapter 7 provides the conclusion and limitations of this 

thesis and finally sheds some light on future research. 
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Chapter 2 Literature Review 

2.1 .1 Introduction 

 

The documents from chapter 2 are as follows. First, I provide a fundamental cross-

sectional asset pricing model in terms of a SDF framework. Second, I survey the asset pricing 

literature, including modern portfolio theory, CAPM, APT, the Fama-French three-factor model, 

the Carhart four-factor model, CCAPM, ICAPM and recent production-based or investment-

based asset pricing approaches. I also provide a new version of a multi-factor model that 

incorporates some macro pricing factors used in ICAPM and a few different macroeconomic 

factors suggested in the factor pricing model. This innovation of the multi-factor model exhibits 

superiority in its performance. Third, I survey the previous literature on empirical asset pricing 

models/factors, where the presented literature is most related to my doctoral thesis. 

 

The Nobel Prize winning theorem and model, i.e., modern portfolio theory and CAPM, are 

the premises for the further financial development of asset pricing. However, the performance of 

the CAPM appears quite poor in many empirical studies, which may be due to the use of several 

unrealistic assumptions. Hence, the researchers resort to alternative multiple-factor models with 

quite relaxed assumptions. For example, the APT model, the Fama and French three-factor 

models, the Carhart four-factor model, and other models all present better explanations for the 

cross-sectional variance of equity returns than the CAPM. Other economists note another 

particular weak point of the assumption of the CAPM, i.e., the static and single-period character 

of the CAPM. These researchers then develop the multiple-period asset pricing models. Several 
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good examples are the consumption-based CAPM (CCAPM) of Rubinstein (1976), Lucas (1978) 

and Breeden (1979) and Merton’s (1973) intertemporal CAPM (ICAPM). More recently, some 

scholars have developed another interesting strand of asset pricing research, based on the 

production-based/investment asset pricing model, where they use the factor of investment returns 

in the pricing kernel. Cochrane’s (1996) findings show that factors of investment returns are 

significantly priced in his investment-based model. Meanwhile, Balvers and Huang’s (2007) 

study supports the validity of production-based models. My first and second studies develop a 

new version of the augmented multi-factor model, where the factors not only are used in the 

ICAPM but also contain a few different macroeconomic factors. The findings illustrate that this 

new version of the multi-factor augmented model can capture more variation in pricing the cross-

section of stock returns than the pure ICAPM from previous works. 

 

The framework of cross-sectional asset pricing can be briefly summarized in the form of 

Cochrane’s basic pricing equation. From the literature on empirical asset pricing, I am essentially 

concerned with the ICAPMs of Petkova (2006), Hanh and Lee (2006), Michel (2009), Vassalou 

(2003) and Hsu and Huang (2010); I also present the following pricing factors, i.e., factors of 

profitability, investment, momentum, liquidity, cash flow-to-price, inflation and IP.  

 

2.1.2 Stochastic Discount Factor Framework  

 

Cochrane (2005) advocates for the fundamental asset pricing model as follows:  

 1 1= ( )t t t tp E m x  ,                                                                                                      (2.1) 

1 ( )tm f data, parameter  . 
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Note 
tP  is the price of the asset. 

1 1 1t t tx p d    , where 
1tx 
is the asset’s payoff in the next 

period, which equals the stock price 
1tp 
 plus asset dividend 

1td 
; 

1tm 
 is the SDF or pricing 

kernel; and 
tE  is a conditional expectation given all publicly available information at time t.  

 

Divide both sides of equation (2.1) by 
tP  and let 1 1 1

1 1 1t t t
t

t t

x p d
R

p p

  



    ; this yields the 

following equation:  

1 11= ( )t t tRE m   ,                                                                                                        (2.2) 

Equation (2.2) has the following implication: although the expected returns can vary across 

time and assets, expected discounted returns should always be the same value for every asset, 

equal to 1. In other words, when the representative agency invests one unit of dollars currently, 

the agency will expect 1tR   units of dollars as the sum of payoffs in the next period. 

 

If the asset is a risk-free rate, one can change (2.2) into: 

1 , 11 ( )t t f tE m R                                                                                                         (2.3) 

One can then derive an expected return and beta framework from the formula (2.2) in 

Appendix A. Therefore, the expected return and beta framework and SDF framework are 

transformable in the technique of mathematics and statistics. 
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2.2 Theory and Empirical Work 

2.2.1 Modern Portfolio Theory 

 

Asset pricing theory starts from Markowitz’s (1952, 1959) modern portfolio theory, which 

assumes that investors are initially risk averse. Markowitz provides his great insight as follows: 

one can take the risk/return profiles of an asset in the form of portfolios rather than a separate 

way. One can say that a portfolio is efficient if it provides the minimum risk for a given rate of 

return or the maximum return for a given rate of risk.  

 

First, one can assume that there are N assets that are infinitely divisible, where the returns 

of N assets are joint normally distributed. Then, one can define the vector of returns of N assets 

as   and the vector of corresponding weights as  , and the portfolio return is r . Then, one 

can formulate an optimization problem as follows: 

2argmin 'w
w

p w w   ,                                                                                                           (2.4) 

which is subject to: 

' rw   , and ' =1w i , where i is 1N   vector of ones and   denotes the positive semi-definite 

variance-covariance matrix of the assets’ returns. 

 

To solve this optimal problem, one can obtain a hyperbola for efficient mean-variance 

portfolios. The upper branch of the hyperbola is the efficient frontier without consideration of the 

risk-free rate.  

 



 

38 

 

 

 

Figure 2.1 

  
 

Source: Wikipedia for efficient frontier  

 

In Figure 2.1, the best possible capital allocation line (CAL) refers to the capital market 

line (CML). The tangency portfolio (red point) is the market portfolio. The formula of the CML 

is presented as follows:  

r r
r r

M f

f

M





                                                                                                         (2.5) 

where rM  and M  are the expected value and the standard deviation for the market return, 

respectively, r  and   are the expected value and the standard deviation for any efficient asset’s 

return, respectively, and r f  refers to the risk-free assets.  

 

The efficient portfolio or efficient assets consist of the market portfolio and risk-free assets. 

The market portfolio is optimal or an efficient combination of all risky securities. The CML 

documents the relationship between the expected return of the efficient portfolio and the standard 
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deviation of the efficient portfolio. The term 
r rM f

M


 is the slope of the market capital line, and it 

is also referred to as the market price of risk or Sharp ratio.  

 

However, the CML does not show the relationship between the expected return for an 

individual asset and the risk for an individual asset. The theorem of CAPM reveals such a 

relationship, where the market portfolio is assumed to be efficient in the line of the efficient 

frontier. The details of the CAPM are introduced in the next section.  

 

 

2.2.2 Capital asset pricing Model (CAPM) 

 

Based on modern portfolio theory, Sharp (1964) and Lintner (1965) further develop the 

capital asset pricing (CAPM) model. The CAPM is mainly based on the following assumptions: 

(a) all investors are rationally risk averse and intend to maximize their utility; (b) all investors are 

price takers who are unable to affect prices; (c) all investors might borrow or lend in any amount 

of money at a risk-free rate of interest; (d) all investors can have a free transaction and tax in a 

trade; and (e) securities show perfect liquidity and divisibility; that is, all investors are able to 

deal with any small fraction of securities. 

 

The CAPM describes a simple linear relationship between a security’s equity risk 

premium and this security’s beta. One can present the CAPM in the form of a univariate linear 

regression function as follows: 
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( )= [ ( ) ]i f i m fE R R E R R                                                                                   (2.6) 

where ( ) iE R  denotes the expected return for an i th security, iR  denotes the return on security i , 

fR  denotes the risk-free rate, ( )mE R  denotes the expected return for the market, and i  denotes 

the beta or a quantitative measure of the systematic risk of i th security; i  is measured as: 

cov( , )

cov( )

i m
i

m

R R

R
  . 

 

As several assumptions cannot be held for an application within the real world, some 

shortcomings of the CAPM exist. Therefore, empirical research indicates that the CAPM does 

not adequately explain the variance of stock returns. The well-known shortcomings of the CAPM 

are as follows: 

 

a) The CAPM reveals the relationship between the ex-ante expected returns of the individual 

assets and the ex-ante expected returns in a market portfolio. However, in practice, 

researchers have only ex-post data, which results in bias in measurement. 

b) It is not realistic for there to be no taxes or transaction costs. It is also problematic in real 

society for all investors to have homogeneous expectations. 

c) Empirical studies show that low-beta stocks might contribute higher returns than the CAPM 

would estimate.  

d) The CAPM fails to explain some market anomalies (such as the size and value effect). 

e) Merton (1973) argues that the static or one-period CAPM does not consider the 

intertemporal hedging component of asset demand.  
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f) Roll (1977) argues that in practice, since researchers cannot observe the market portfolio, a 

stock index is typically used as a proxy for it. Unfortunately, this approach also has 

disadvantages, which can adversely affect the empirical performance of the CAPM.  

 

2.2.3 Arbitrage Pricing Theory (APT)  

 

Ross’s (1976) APT suggests that the expected return of an asset is influenced by a number 

of other relevant risk factors, in contrast to the pure market risk in the framework of the CAPM. 

The major differences between the CAPM and the APT are that the APT incorporates several 

augmented risk factors. In other words, the APT is the generalized CAPM, while the CAPM is a 

special and one-factor case of the APT. A common trait of these two settings of the models is 

that both are static or one-period models. However, the APT does not explicitly define which 

type of augmented risk factor is favourable. Previous researchers often consider these sound 

economic factors based on preference: IP growth, inflation growth, interest rate spread and 

default rate, exchange rates and so on. 

 

In a non-arbitrage economic environment, the APT model is expressed following 

multivariate linear functions: 

     1 1 2 2( )i f t t tn nE R R F F F     L                                                       (2.7) 

Where ( )iE R  is the expected return on the i th security, fR  is the risk-free rate, ( )j fE R R   is 

the risk premium of j th risk factor, and i  is the sensitivity of i th security to j th risk factor. 
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Compared with the CAPM, the APT model has the following advantages: First, the 

assumptions of APT are less restrictive. For example, unlike the assumptions of the CAPM, the 

APT does not assume that an investment decision is essentially based on a mean-variance 

framework8. Second, the APT’s assumptions do not concern the distribution of asset returns. The 

APT does not have to identify the true market portfolio, which leads to a potentially testable 

APT theory.   

 

2.2.4 Fama-French’s Three-factor Model and Its Extensions 

 

Banz (1981) finds that large firms earn significantly lower risk-adjusted profit than small 

companies. This study has had a direct influence on future research owing to the consideration of 

the effect of the size factor as a complement to the CAPM with a single market risk factor. 

 

Basu (1983) finds that low earning-price ratio (E/P) firms underperform relative to high 

E/P companies. To account for such anomalies, Fama and French (1992, 1993, 1996) 

demonstrate that the size-related factor (SMB) and the value-related factor (HML) help explain 

much of the variation in the cross-section of equity returns. The famous Fama-French three-

factor model is expressed as follows: 

( ) ( ( ) ) ( ) ( )
it f im m f is t ih t

E R R E R R E SMB E HML      
                    

(2.8) 

                                                 
8 The mean-variance context means that an investor takes the factors of required returns and variance into 

consideration for his portfolio investments.  
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where ( ) itE R denotes the expected return on the i th security, fR  denotes the risk-free rate, 

( )m fE R R is the expected excess market return, ( )tE SMB
 
refers to the expected return of the 

size factor, and ( )tE HML  refers to the expected return of the book-to-market factor. 

 

Furthermore, empirical asset pricing studies, such as Jegadeesh and Titman (1993, 2001), 

note that the existence of the momentum effect in the stock market is also one of the most 

important anomalies. Investors can earn returns via the momentum strategy, for instance, by 

buying stocks that have performed better in the last 3 to 12 months and selling stocks that have 

performed poorly during the last 3 to 12 months. Fama and French (1996) conclude that the 

Fama-French three-factor model does a poor job of explaining the returns of momentum 

portfolios.  

 

Carhart (1997) thus develop a four-factor model that incorporates the Fama-French three-

factor model and an augmented momentum factor. The momentum factor in his study is defined 

as the difference between returns of ‘winning’ stocks, which have earned the highest returns in 

the past one-year period, and returns of ‘losing’ stocks, which have earned the lowest returns in 

the past one-year period. The Carhart four-factor model is expressed as follows: 

( ) ( ( ) ) ( ) ( ) ( )
it f im m f is t ih t M t

E R R E R R E SMB E HML E UMD                                     

(2.9)                                                                                                                                                            

where tUMD  is the augmented momentum factor. The Carhart four-factor model outperforms the 

Fama-French three-factor model and the CAPM in explaining momentum sorted portfolios. 
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More recently, Fama and French presented a well-known Fama and French (2015a) model 

that incorporates the traditional Fama-French three factors and the profitability factor and 

investment factor. The function of Fama and French’s (2015a) model is as follows: 

( ) ( ( ) ) ( ) ( ) ( ) ( )
it f im m f is t ih t RMW t CMA t

E R R E R R E SMB E HML E RMW E CMA          

      
                                                                                                                                                                              

(2.10)  

where the profitability factor (RMW) is calculated as the returns of companies with robust 

operating profitability minus the returns of companies with weak operating profitability; and the 

investment factor (CMA) is calculated as the returns of companies that invest conservatively 

minus the returns of companies that invest aggressively. However, the augmentation of these two 

factors drives out the significant explanatory power of HML factors since the information of the 

HML factor is mainly captured by the other four factors of the Fama and French (2015a) model.9  

 

2.2.5 Intertemporal Capital asset pricing Model 

 

The CAPM is a theoretical one-period model. However, actual investors make multiple-

period decisions in the financial market equilibrium. Merton (1973) then develops an 

intertemporal CAPM by assuming that trades occur over a continuous time line. His ICAPM 

recognizes that the investment opportunity set might change over different time periods and that 

investors may apply a hedge strategy against some ‘bad’ changes in the investment opportunity 

set. If a particular security earns high profits when ‘bad’ things occur in the investment 

                                                 
9 Note that the correlation between CMA and HML is at the high value of -0.7. 
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opportunity set, investors can hold this sort of security as a hedging vehicle.  

 

 Brief Introduction of ICAPM Theory 

 

Merton’s (1973) approach is briefly introduced as follows. He assumes that the 

instantaneous rate of the ith asset’s return follows the Ito process:  

i
i i i

i

dP
dt dz

P
                                                                                                         (2.11)   

Where iP  is the price of ith asset at time t , i  is the instantaneous expected return of the ith asset, 

and i is the instantaneous standard deviation of the ith asset’s return.  

 ( ) ( ) ( )z t h z t y t h                                                                                               (2.12)   

Under the assumption that ( )y t is Gaussian distributed, when the limit as h  tends to zero in 

( ( ) ( )z t h z t  ), a Brownian motion is followed. 

 

Assume the kth consumer-investor acts in the order of: 

0
0

max [ [ ( ), ] [ ( ), ]]
kT

k k k k k kE U c s s ds B W T T                                                              (2.13) 

where 0E is the conditional expectation operator, conditional on the current value of the kth 

consumer-investor’s wealth; kU is the utility function and 
kB is the utility of the terminal wealth 

function. 

 

The formula (2.13) subject to the wealth constraint of the investor as in formula (2.14): 



 

46 

 

 

 

1

1

/ ( )
n

i i idW wWdP P y c dt


                                                                                    (2.14) 

where /i i iw N P W is the part of this investor-consumer’s wealth invested in the i th asset and 

iN  is the number of shares of the i th asset possessed by this investor-consumer; y is this 

investor-consumer’s wage income. 

 

After a series of complicated mathematical transformations, under the condition of the 

optimal choice of the weight of assets and the quantity of consumption for the purpose of 

maximized utility, Merton (1973) derives the following final results: 

2 2

[ ] [ ]
( ) ( )

(1 ) (1 )

i iM in nM i in iM nM
i M n

M nM n Mn

r r r
       

  
   

 
    

 
                                  (2.15) 

2 2
( ) ( )im in

M n

m n

r r
 

 
 

                                       

where iM is the covariance between the ith asset and expected market return, in  is the 

covariance between the ith asset and the corresponding hedge portfolios, and r is the risk-free 

return.  

 

Under the assumption of the CAPM, the investment opportunities are always constant. 

Merton (1973), however, develops an ICAPM and argues that the change may take place in the 

investment opportunity and that the risk factor should be an innovation of state variables, which 

predict the investment opportunity. If a state variable successfully forecasts positive (negative) 

expected aggregate returns, the innovation of a state variable should have a positive (negative) 

risk price in the estimations. However, the identification of these state variables appears to be 
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controversial. For example, to identify valid candidates of state variables in the ICAPM, 

Vassalou (2003) suggests news related to future GDP growth as a factor, and Hsu and Huang 

(2009) suggest technology prospects, among others. However, Fama (1991) and Cochrane (2005) 

argue that such approaches are like a “fishing license.” They argue that only the factor that 

predicts future investment opportunities may serve as a valid candidate in the framework of any 

ICAPM. Breeden (1979) proves that the ICAPM is equivalent to a CCAPM. Recently, Maio and 

Santa-Clara (2012) argue that most multi-factor models in previous studies cannot be regarded as 

an ICAPM from a strict theoretical perspective. 

 

2.2.6 Consumption Capital asset pricing Model 

 

Rubinstein (1976), Lucas (1978) and Breeden (1979) were the first to develop the CCAPM, 

which links asset returns to consumption variables. The CCAPM starts to form an idea 

concerning how an agent maximizes his utility function via optimal consumption and investment 

decisions in the intertemporal period framework. However, the classical CCAPM also performs 

disappointingly in empirical studies. For example, Hansen and Singleton (1982) show that the 

consumption-based model does not perform well in using a representative agent formulation with 

intertemporal power utility. Several studies also find that the CCAPM does not outperform the 

CAPM in cross-sectional assets when the CCAPM is tested in estimating individual stocks, 

industrial and bond portfolios, or size portfolios. 

 

 A Brief Introduction to CCAPM Theory 
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Cochrane (2005) explicitly states that if one buys a stock at time t, one will receive the 

next period’s payoff as follows: 

1 1 1t t tx p d                                                                                                              (2.16)
                                                                                                                   

 

where 1tx   is the payoff at time 1t  , 1tp   is the stock price and 1td   is the dividend at time 

1t  . A simple gross return 1tR   at time 1t   is denoted as follows: 

            
1

1
t

t

t

x
R

p


                                                                                                                  (2.17) 

 

The CCAPM is derived from an investor who is concerned with his multi-period utility of 

life-time consumption. An investor is assumed to consider an optimal consumption/investment 

choice to maximise his utility function. Take the two period as an example: 

 1max ( ) [ ( )]t t tu c E u c                                                                                            (2.18) 

which is subject to: 

t tc e p   and 1 1 1t t tc e x                                                                                    (2.19) 

where e is the original consumption level if the investor does not buy any of the assets and   is 

the quantity of assets that the investor chooses to purchase. 

 

After substituting these constraints (2.19) into maximized utility function (2.18) and taking 

the first-order derivative with respect to  , one can obtain an optimal consumption/investment 

choice:  
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1
1

'( )
[ ]

'( )

t
t t t

t

u c
p E x

u c
 

 ,                                                                                         (2.20)    

where 
1

1

'( )

'( )

t
t

t

u c
M

u c
 

   and 1tM  is referred to as the SDF or pricing kernel. 

 

Hansen and Singleton (1982) suggest a convenient power utility function: 

11
( )

1
t tu c c 






,    when  0  ,                                                                                    (2.21) 

( ) ln( )t tu c c ,          when 1  .                                                                                

where   is the free parameter,  tc  denotes the level of consumption at time t, and ( )u   denotes 

the utility function. 

 

When one substitutes power utility function (2.21) into pricing kernel 1tM  , one can obtain: 

1
1 ( )t

t

t

c
M

c

 
   .                                                                                                            (2.22) 

It is often convenient to use the linear approximation for this model of the pricing kernel: 

1 1(1 ln( ))t tM c     .                                                                                                (2.23) 

After substituting the linear approximation of pricing kernel 1tM   into fundamental asset 

pricing equations (2.2) and (2.3) and taking advantage of some mathematics transformations, one 

can obtain the classical CCAPM as follows: 

 , 1 1 , 1, 1 , 1 ( )  ( ,  )t i t t i tf t f tE R R R Cov M R     
                                                           

(2.24) 
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1 , 1
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1

( ln( ), )

( ln( ))

t t i t

i t

t t

Cov c R

Var c
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1

1

( ln( ))
( )

( )

t t
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t t

Var c

E M


 




  . 

 

 

 Conclusion  

The consumption-based CAPM, which optimizes the utility function with respect to an 

optimal decision of consumption and investment in a dynamic period, is the premier theory to 

explain the variation in asset returns. The classical consumption-based approach performs poorly 

in empirical research. Fortunately, several researchers have recently developed variants of the 

CCAPM that improve the performance of CCAPM to some extent. For instance, Lettau and 

Ludvigson (2001b), Park and Julliard (2005), Santos and Veronesi (2006) and Yogo (2006) have 

developed the consumption-to-wealth ratio, the ultimate consumption risk variable, the labour 

income-to-consumption ratio and the durable consumption factor, respectively, where all these 

factors are accepted as providing sound explanation power in cross-sectional tests.  
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2.2.7 Asset pricing Models from a Production-based Perspective 

 

 Production-based asset pricing 

Another growing strand of research on the asset pricing approach raised by Balvers and 

Huang (2007) concentrates on the production side and makes quite different contributions. The 

empirical evidence strongly supports Balvers and Huang (2007)’s model over with the Fama-

French three-factor model. The motivation is as follows: once the economy is competitive and 

once the financial market is complete, one can replace the pricing kernel in the CAPM by 

alternative pricing kernel in the production-based model, where the latter appears more 

successful in asset pricing. 

 

            I derive the production-based pricing kernel in a standard equilibrium model for every 

tradable asset 1

i

tr  : 

1 1 1( , ) [ ( , )]i

c t t t t c t tu c n n E r u c n n      ,                                                                    (2.25) 

where   denotes the discount rate, 
tC  denotes consumption and 

tn n denotes leisure. The 

pricing kernel thus proves to be: 

1 1 1( , ) / ( , )t c t t c t tm u c n n u c n n     .                                                                       (2.26) 

 

Balvers and Huang (2007) assume perfect competition and complete market general 

equilibrium model, where the equilibrium is Pareto efficient. Balvers and Huang (2007) also 

assume that the social planner maximizes the utility function as follows: 

1

1 1
,

( , ) { ( , ) [ ( , )]}
t t

t t t t t t t
n k

V k Max u c n n E V k  


                                                          (2.27) 
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Subject to: 1 1( , )t t tH    , 

1( , , )t t t t tc F n k k   . 

 

As a representative consumer, the maximized utility function should be subject to the 

standard production function ( , , )t t tF n k , where the inputs of parameters are labor 
tn  and capital 

tk and an exogenous technology/productivity level t . This utility function incorporates two state 

variables in the production-based model: the current per capita capital level 
tk  and the current 

productivity level 
t . 

 

To achieve optimization, after first-order conditions and in combination with envelope 

conditions, the production-based asset pricing model is yielded as follows: 

1 1 1 1

1 1 1 1 1

( , ) ( , ) 1

( , ) ( , ) ( , , )

c t t k t t

c t t t k t t k t t t

u c n n V k

u c n n EV k F n k

 

 
   

    

  
   

   
.                                         (2.28) 

Let 1tm   be the production-based pricing kernel, and one can conclude that:

1 1 1 1 1/ ( , , )t t k t t tm F n k      ,  

where 1 1 1 1 1( , ) / [ ( , )]t k t t t k t tV k E V k       . 

 

 Investment-based Approach  

 

 Within this approach, Cochrane (1996) proposes investment-based asset pricing, which 

can be regarded as a special production-based perspective. He derives an expression for 
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investment returns and incorporates it in the SDF for asset pricing. Cochrane (1996) 

demonstrates that his model performs significantly better than the CCAPM and about as well as 

the CAPM in explaining the cross-section of equity returns. Further studies, such as that of Li, 

Vassalou and Xing (2006), also find a good fit for the model through an investment-based 

approach. Cochrane’s (1996) investment-based model starts from the following assumption: 

,( , ) ( )t t t t ty f k l c i k  ,                                                                                                (2.29) 

 1 (1 )( )t t tk k i    , 

Where 
ty denotes the output, ( , )t tf k l denotes the production function, 

tk  refers to capital stock, 
tl  

refers to the labor input, 
ti  is investment,  is the depreciation rate and ( , )t tc i k is the adjustment 

cost function. 

 

           Cochrane (1996) further indicates that under the framework of the investment asset 

pricing model, the SDF is the linear function of the investment returns and asset returns as 

follows: i

j j k k

j k

m b r b r   , where jr  refers to asset returns and 
i

kr  refers to investment returns. 

 

Cochrane (1996) derives the whole investment asset pricing model as follows: 

, 11 ( ) [ (1 )[ ( 1) ( 1) 1 ( 1)]]i t t t k k ic t E m f t c t c t         ,                                     (2.30) 

, 1[ (1 )[ ( 1) ( 1) 1 ( 1)]]
1

1 ( )

t t t k k i

i

E m f t c t c t

c t

       



, 

or , 1 11 [ ]i

t t t tE m r  , 
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with 1

(1 )[1 ( 1) ( 1) ( 1)]

1 ( )

i k k i
t

i

f t c t c t
r

c t




      



. 

2.2.8 New Version of the Augmented Multi-factor Pricing Model 

 

Many financial researchers have shown considerable interest in the relationship between 

macroeconomic variables and the movement of stock market prices. Their findings generally 

show that stock prices can be determined by some fundamental macroeconomic variables, such 

as the term spread, interest rate, exchange rate, inflation, and IP growth. In the practical industry 

discipline, rational investors certainly admit the important role of a few macroeconomic pricing 

factors since they also have a valid impact on the context of asset pricing. Cochrane (2005) 

provides substantial theoretical insight on the framework of the factor pricing model: the CAPM 

mode, ICAPM, APT model and Fama-French three-factor model, as well as other multi-factor 

models all belong to the linear factor pricing models, and they are all derived as specializations 

of the CCAPM10.   

 

One can express the pricing kernel as the linear function of macroeconomic factors as 

follows:  

          

1

1

'( )
'

'( )

t

t

t

u c
m a b f

u c
b +

+= » +

,                                                                                      (2.31) 

                                                 
10  Furthermore, Cochrane (2005) states that the pricing factor in the models can be a good proxy for 

aggregate marginal utility growth. 
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where m  is the pricing kernel, 1'( )

'( )

t

t

u c

u c

+  is the pricing kernel in the form of the CCAPM, and f  

is any correct macroeconomic pricing factor. Cochrane (2005) further notes that macroeconomic 

factors should meet the following criteria in the framework of the pricing factor model; i.e., they 

can measure or predict the state of the economy, or they can predict other critical 

macroeconomic variables. 

 

The ICAPM and APT model (or multi-factor pricing models) both display the possible 

link between stock returns and a number of macroeconomic variables. Some macroeconomic 

pricing factors that are used in the ICAPM and APT model (or multi-factor pricing models) 

sometimes appear to coincide with result in the previous literature.11 Maio and Santa-Clara (2012) 

reveal that most multi-factor ICAPMs except Fama-French’s three-factor model and Carhart’s 

(1997) four-factor model are just multi-factor models rather than ICAPMs from a sort of strict 

theoretical view.  

 

The several different macroeconomic pricing factors in the ICAPM and APT (or multi-

factor pricing models) may capture different information about the state of the economy, which 

affects asset pricing. Following formula (2.31), I develop a new version of a multi-factor pricing 

model that incorporates more types of variables, where the variables refer not only to some 

macro pricing factors suggested for the ICAPM but also to a few different factors admitted in the 

                                                 
11  Michel (2009) summarize the fundamental difference between the APT and ICAPMs from the 

perspective of motivated theory: “Cochrane (2005) points out that the inspiration for factors is the main 

difference between the APT and the ICAPM in empirical asset pricing studies and argues that factors in 

the APT should be derived from statistical analysis of the covariance matrix of returns and that factors in 

the ICAPM should be related to the conditional distribution of future asset returns.” 
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APT (or multi-factor pricing models). This idea is my innovation for a new version of the 

augmented linear multi-factor model. My augmented multi-factor model can be viewed as an 

alternative model under the theory and the framework of a multi-factor pricing factor model. 

Any factors in the linear multi-factor model should meet the standard requirement in Cochrane’s 

(2005) statement. 

            

This innovation may successfully help to solve the problem of the inadequate exploratory 

power of the original ICAPM or multi-factor models. My thesis also confirms that the new 

versions of augmented models have significantly better explanatory power than previous models 

in cross-sectional estimations. The new versions of augmented multi-factor models are better 

models in terms of various tests of model diagnostics. In particular, Armitage (2005) posits that 

APT models are practically indistinguishable from an ad hoc multi-factor model. 

 

2.3 The Most Related Empirical Models/factors 

2.3.1 Petkova’s (2006) and Hanh and Lee’s (2006) ICAPMs 

 

The success of Fama-French’s three-factor model has led to the debate on how to 

rationally explain the possible economical mechanism behind the factors of SMB and HML. 

Vassalou (2003) has created news related to future GDP growth, which captures much 

information contained in the SMB and HML factors. Following this strand, one may be 

interested in the whether the SMB and HML factors may proxy for the state variable in the 

context of the ICAPM. 
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Petkova (2006) answers this research question in the affirmative and develops a new 

version of the ICAPM; the incorporated independent variables in her model are innovations in 

the dividend yield, term spread, default spread and risk-free rate other than excess market returns. 

She indicates that these state variables (dividend yield, term spread, default spread and risk-free 

rate) can predict the excess market return and the yield curve. In particular, HML may proxy for 

innovation in the term spread, while SMB may proxy for innovation in the default spread. 

Moreover, her model outperforms the Fama-French three factor model in cross-sectional tests. 

Hence, her study not only shows the time-series predictability of a set of state variables but also 

illustrates the cross-sectional explanatory power of these sets of corresponding variables, where 

both points successfully meet the general requirements of ICAPM theory. 

 

Hanh and Lee’s (2006) study is quite similar to Petkova’s (2006) research12, where the 

ICAPM of Hanh and Lee (2006) incorporates only three factors: the excess market return, the 

innovation of the default spread and the innovation of the term spread. They similarly conclude 

that the innovations of macroeconomic factors (default spread and term spread) appear to be 

good proxies for SMB and HML. Both studies prove that these innovations in macroeconomic 

factors span the information contained in the SMB and HML factors because in the presence of 

all the innovation in factors, the Fama-French factors lose the power of significance in 

explaining the cross-sectional variation of SBM 25 portfolios. 

                                                 
12 However, there are several vital differences between Hanh and Lee’s (2006) study and Petkova’s (2006) 

work. More specifically, Petkova (2006) documents the following statements: “There is a major 

difference between my paper and Hahn and Lee (2003); however, they do not show whether the model 

that they propose is a good conditional model. Given the criticism of the FF model by Ferson and Harvey 

(1999), it is important to verify the asset pricing abilities of a model that is proposed as an alternative to 

the FF model.”  
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2.3.2 Michel’s (2009) ICAPM 

 

Another paper that aims to rationally explain any possible economical mechanism behind 

the factors of SMB and HML is Michel’s (2009) work. Michel (2009) argues that the news on 

the real estate market has an important influence on the investment of firms and household 

consumption. Michel (2009) aims to investigate whether innovation in the real estate market 

serves as a pricing risk, which significantly explains the cross-section of stock returns. Michel 

(2009) develops an ICAPM that incorporates two pricing factors: one is excess market returns, 

and the other one is innovation in real estate portfolios.    

 

 Michel’s (2009) research is successful for such attempts. More specifically, the factor of 

real estate (which is constructed by Michel (2009)) explains a large amount of the cross-sectional 

variation among SBM 25 portfolios, while the factor of real estate also generates significant risk 

premium. Michel (2009) further shows that the real estate factor captures the majority of 

information contained in SMB and HML. Therefore, Michel (2009) argues that the real estate 

factor plays a determinant role in pricing average returns.  

 

   In Michel (2009)’s study, he also establishes the link between the time-series 

predictability of the real estate factor and the performance of this key economical factor from a 

cross-sectional perspective. Michel (2009) concludes that the risk factor of real estate qualifies a 
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good candidate in the context of ICAPM, and his explicit evidence supports the risk-based 

explanation of SMB and HML. 

 

2.3.3 Vassalou’s (2003) and Hsu and Huang’s (2010) ICAPMs 

 

Vassalou (2003) also addresses the interesting question of whether the SMB and HML have 

any correct explanations in macroeconomics. From the theoretical perspective of an ICAPM, an 

investor is concerned about future GDP growth and wishes to hedge his uncertainty by using this 

state variable. She follows Lamont’s (2001) tracking portfolios method to create the new 

mimicking portfolio, that is, news related to future GDP growth. She finds that the resulting 

mimicking portfolio significantly helps to explain the cross-sectional variation of equity returns; 

i.e., Vassalou’s ICAPM performs as well as Fama-French’s three-factor model. More 

specifically, her ICAPM is virtually formed from two pricing factors, excess market returns and 

the new type of mimicking portfolio. Furthermore, when she presents new mimicking portfolios 

in the asset pricing model, SMB and HML still have no incremental ability to explain the 

variation in average returns. This evidence implies that this new type of mimicking portfolio 

contains much of the information in SMB and HML.  

 

Hsu and Huang (2010) follow Lamont’s (2001) tracking portfolios method to create 

another type of mimicking portfolio, namely, changes in technology prospects. They find that the 

technology factor is a distinct pricing factor (in addition to SMB, HML and MOM) that is highly 

correlated with consumption growth at the standard level of significance. According to the 
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criteria of ICAPM, any economic factor related to consumption growth might act as a risk factor 

of the ICAPM that enters into the pricing kernel. They use patent data to reasonably measure 

technological innovation while their evidence proves the hypothesis that the technology factor is 

a vital systematic risk that significantly helps in pricing assets and that the corresponding risk 

premium is positive and significantly priced in their proposed ICAPMs. Their study therefore 

establishes a technology-based ICAPM to explain the cross-sectional variation of stock returns, 

where the technology factor appears to contain additional information beyond the Fama-French 

three factors and the momentum factor. 

 

2.3.4 Profitability Factor and Investment Factor 

 

Recent studies have also proposed some important factors that have extended the 

traditional Fama-French model. For instance, Novy-Marx (2013) shows that in predicting cross-

sectional returns, profitability (the ratio of a firm’s gross profits to its assets) has almost the same 

power as the book-to-market ratio. He observes that profitable companies earn significantly 

higher returns than unprofitable companies. Moreover, Titman, Wei, and Xie (2004) document 

that future stock returns are substantially lower for firms that abnormally increase capital 

investment. However, the negative relationship between abnormal investment and stock returns 

cannot be explained by risk-based factors or firm characteristic. The evidence from these studies 

indicates that three factors (MKT, SMB, and HML) could miss significant variation in average 

returns associated with factors of profitability and investment. 
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Responding to these studies, Fama and French (2015a) propose their five-factor model, 

which includes two more factors, i.e., rmw (based on profitability) and cma (based on 

investment)13, and show that the model successfully explains the returns of some new portfolios 

sorted on different characteristics based on a time-series perspective.  

 

2.3.5 Momentum Factor 

 

In addition to Fama and French’s size factor and value factor, Jegadeesh and Titman (1993) 

find the momentum factor to be a significant predictable factor for the next year’s returns, where 

the momentum factor is calculated as one year past the returns of a stock. They illustrate that a 

stock with a relatively higher return in the past one year continues to generate a higher return in 

the next one-year period. The momentum anomaly appears to be inconsistent with the weak form 

of market efficiency, which acknowledges that the past price cannot predict the future price in 

the state of an efficient market. Since then, several studies have documented the existence of 

momentum anomaly in stock markets worldwide. Carhart (1997) further develop a four-factor 

model that incorporates the Fama-French three factors and the momentum factor, where 

Danthine and Donaldson (2014) note that the momentum factor (UMD) may represent another 

APT factor.    

 

                                                 
13 Similar to the construction in other factors, rmw represents the difference in returns between portfolios 

with robust and weak profitability and cma is the difference in returns between portfolios with low 

(conservative) and high (aggressive) investment firms. 
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2.3.6 The liquidity factor 

 

The liquidity factor is important to investors since they need to transfer the ownership of 

their assets in their investment plan. Amihud and Mendelson (1986) are pioneers who have 

found a positive relationship between return and illiquidity. Other studies have followed this 

study in investigating the relationship between return and liquidity risk, but these works have 

achieved inconsistent and mixed findings over the last twenty years. Pastor and Stambaugh 

(2003) describe the intuitive economic argument that investors may require higher expected 

returns for assets that are more sensitive to aggregate liquidity shocks. Hence, their study 

investigates the role of liquidity as a pricing factor in the cross-sectional stage, and their evidence 

proves such an intuitive economic argument even when they account for exposure to the MKT, 

SMB, and HML and momentum factor.   

 

2.3.7  The Factor of Cash Flow-to-price 

 

A growing amount of global evidence shows that factors related to company 

characteristics have a verifiable impact on stock returns, where such company characteristics 

refer not only to size, value, and momentum but also to cash flow to price. Hou et al. (2011) 

address the type of factors related to company characteristics that may explain the cross-sectional 

and time-series variation in global stock returns. Their evidence justifies the role of the cash 

flow-to-price characteristic in asset pricing. More specifically, with a theoretical economic 

background, cash flow to price is significant in the Fama-Macbeth CSR and also explains much 

of the information in a time-series setup. Hou et al. (2011) suggest a new three-factor model that 
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includes MKT, the momentum factor and the cash flow-to-price factor, where they construct the 

cash flow-to-price factor as a long and short strategy that buys high cash-flow portfolios and 

sells low cash-flow portfolios. Furthermore, Du (2013) also proposes another five-factor model 

that includes MKT, SMB, HML, the momentum factor and the cash flow-to-price factor. 

 

2.3.8 The Factor of Inflation 

 

The Fisherian theory of interest is derived from the study by Fisher (1930), which argues 

that the nominal return on an asset, on an ex ante basis, can always be decomposed into two 

components. One is the expected real rate of return, and the other is the expected inflation rate. 

Hence, inflation is always a determinant of asset returns (including stock returns). 

 

Moreover, Fama and Schwert (1977) also note that inflation can predict aggregate stock 

returns. In particular, they argue that the use of a variety of assets hedges against the factor of 

inflation. However, the majority of empirical studies reveal that stock returns are negatively 

related to the inflation factor.  

 

More recently, Maio (2013) indicates that the consumer price index (CPI) is a proxy for 

the “bad time” of financial wealth and nonfinancial wealth. For example, Fama (1981) 

documents a negative relationship between inflation and real activity, where real activity can 

dominantly drive stock prices. Consequently, the negative relationship between stock returns and 

inflation is also a proxy for the positive relation between real activity and stock returns.  
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Previous studies have shown that the factor of inflation has a significant negative impact 

on asset returns. The asset pricing literature widely documents three types of inflation factors, i.e., 

inflation rate, unexpected inflation (Aretz et al. (2010) and Chen, Roll and Ross (1986)), and the 

change in expected inflation (see Chen, Roll, and Ross (1986)). However, I find that all three 

alternative factors are highly correlated with each other. Thus, they share a significantly large 

amount of similar information to a certain extent. On the other hand, Maio (2013) and Brandt 

and Wang (2003) find that the inflation rate or the function of inflation can help explain the 

cross-sectional variation of stock or bond returns.  

 

2.3.9 The Factor of Industrial Production 

 

Generally speaking, stock returns reflect the state of the economy. Based on intuition, the 

current stock price should be positively correlated with the future level of real activity in terms of 

the future GDP or future IP. In other words, the stock price should incorporate the information of 

future cash flows.   

 

Fama (1990) shows that stock returns are highly correlated with future production growth 

rates during a period of approximately 35 years. In particular, he notes such a relationship 

between current stock returns and future production growth, where such a relationship reflects 

the fact that future cash flow, such as future IP, can affect the current price of stock returns. In 

line with Fama (1990), Schwert (1990) provides some more robust evidence. Hence, Fama (1990) 

and Schwert (1990) both build a significant link between current stock returns and future IP 

growth.  
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Daniel and Torous (1995) find that the cyclical element in IP is predictive for common 

stock returns. Then, both Schrimpf, Schroder and Stehle (2007) and Hodrick and Zhang (2001) 

use the cyclical component of IP to explain the cross-section variation of equity returns. 

However, both filter out future information in their construction of the cycle of IP. 

 

In the first essay, I use the Hodrick-Prescott filter to construct the cycle of IP. To be 

concise, I follow Fama (1990) and Schwert (1990)’s logic to incorporate the future information 

of IP; that is, I use a whole sample to construct the cycle of IP. The look-ahead bias may exist 

when one uses a full sample to construct a factor, but such an approach often appears in asset 

pricing studies (Lettau and Ludvigson (2001a, 2001b), Kang et al. (2011), Vassalou (2003) and 

Campbell and Vuolteenaho (2004) and others). 
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                Chapter 3   Research Methodology 

3.1  The Introduction of the Methodology 

 

Following Hansen’s (1982) GMM, one can (as in my study) estimate the asset pricing 

model as ( ) NE mx 1 14, where the pricing kernel can be a linear function of the pricing factors. 

In this case, the GMM estimation of parameters of the pricing kernel is not directly comparable 

with the estimation of the risk premium from Fama-Macbeth’s (1973) two-pass CSR, which is a 

beta pricing model setup. Admittedly, there is a mapping between these two sets of parameters. 

 

          The GMM methodology and Fama and Macbeth approach are both popular in the field of 

cross-sectional asset pricing. Although the difference in the econometric methodology of the 

two approaches rejects direct comparison, some points are worth mentioning: Researchers 

normally regard one approach as an alternative supplement to another one. Moreover, many 

current studies use both procedures to circumvent any estimation problems associated with a 

specific methodology.  

 

 

 

 

 

 

                                                 
14 See details in formula (3.1). 
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3.2.1 General Method of Momentum (GMM) 

 

        Hansen (1982) develops the standard GMM, which is broadly applied to the areas of asset 

pricing, for example, the linear asset pricing model. Assume that the pricing kernel is a linear 

function of a group of factors f . The standard asset pricing model is as follows: 

         'm b f                                                                                                                   (3.1) 

         ( ) NE mx 1      

where N1  refers to 1N   vectors of asset prices and x  refers to 1N   vectors of payoffs; f  is a 

1K   vector of factors, and b  is a 1K   vector of parameters15.        

                                                                     

           In a sample with T time period, I present the pricing errors as follows: 

          
'( ) ( )T T Ng b E xf b 1  .                                                                                              (3.2) 

           The GMM estimation aims to minimize the following objective function, after choosing 

the vector of b : 

           min ( ) 'W ( )T Tg b g b .                                                                                                   (3.3) 

The first-order conditions of formula (3.3) are: 

( ) 0T
T N

g
Wg D W Db 1

b


  


, 

where ( ').T
T

g
D E fx

b


  


 

          Then, one can easily calculate parameter b  as follows: 

                                                 
15 I suppress the time indices 1tm  , 1tf   and 1tx  . 



 

68 

 

 

 

1( ) Nb D WD DW1 .                                                                                                  (3.4)                                                                                                       

In the first stage of GMM for asset pricing, one normally sets the optional weighting 

matrix (symbol “W”) as the identity weighting matrix or Hansen and Jagannathan’s (1997) 

weighting matrix. Hansen and Jagannathan (1997) use the inverse of the second moments of 

asset returns as a weighting matrix. Another popular choice of weighting matrix is the optimal 

weighting matrix 
1W S , where S refers to the consistent estimate of the covariance matrix of 

the sample pricing error ( )Tg b .  

 

I have mentioned that in the framework of GMM, there are several choices for the 

weighting matrix: the identity weight matrix (the first-stage GMM), the optimal weighting 

matrix (the second-stage GMM or the efficient GMM), and Hansen and Jagannathan’s (1997) 

weighting matrix (the efficient GMM). The different choices of weighting matrix for GMM have 

different advantages in the estimations.  

 

Altonji and Segal (1996) note that GMM estimates using the identity weighting matrix are 

more robust for the use of small samples than several others (estimated weighting matrix). 

Cochrane (2005) also argues that the first-stage GMM is robust in any estimation where the 

number of cross-sectional observations for a sample is less than 1/10 of the number of time-

series observations. The first-stage GMM is preferable to other weighting matrixes because 

researchers may focus on the performance of models in economically interesting portfolios.  
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 On the other hand, statistics are considered to achieve optimal efficiency and better model 

fit, and the second-stage GMM using the optimal weighting matrix always performs best.  

Hansen and Jagannathan’s (1997) weighting matrix is equivalent to the second-moments matrix 

of returns from the test assets16. Thus, this weighting matrix (Hansen and Jagannathan’s (1997) 

weighting matrix) for a fixed group of portfolios remains unchanged from one model to the other. 

Hence, it is better for a researcher to compare performance across models using the HJ approach. 

Note that the efficient GMM is equivalent to generalized least squares (GLS)/weighted least 

squares (WLS) CSRs of expected returns on factor betas, and the first-stage GMM is equivalent 

to OLS CSR. 

 

 Lewellen, Nagel, and Shanken (2010) argue for the optimal weighting matrix or Hansen 

and Jagannathan’s (1997) weighting matrix over the first-stage GMM for the following reason: 

when pricing SBM25 portfolios, it is much easier to achieve a high value of 
2R for OLS CSR 

than it is for the GLS or WLS approach. Therefore, the GLS/WLS CSR can provide a robust 

check for cross-sectional tests. 

 

The parameter b is asymptotically normal with a variance-covariance matrix: 

         
11

var( ) ( W ) 'WSW ( 'W )b D' D D D D D
T

  ,                                                       (3.5) 

where S always refers to the consistent estimate of the covariance matrix of the sample pricing 

error ( )Tg b in my document of GMM. 

 

                                                 
16 Hodrick and Zhang (2001) and other studies use this weighting matrix in their studies.  
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In the case of optimal or efficient GMM, the word “optimal” refers to the minimization of 

this variance-covariance matrix in formula (3.5), where this variance matrix equals: 

  
11

var( ) ( W )b D' D
T

  .                                                                                          (3.6) 

 

There is a specification test (J-test) that examines whether all the pricing errors are jointly 

zero. In other words, the J-test is also called the test of over-identifying restrictions. The formula 

of J-test is as follows: 

1 2(# # )T T TJ Tg S g moments parameter : ,                                                         (3.7) 

where #moments  refers to the number of GMM moment conditions and the # parameter  refers 

to the number of parameters.  

             

 One specific situation illustrates the following question: for a model with all its factors 1f , 

do other augmented factors 2f  significantly help this model? Fortunately, Newey and West’s 

(1987) J-difference test statistic offers a good answer. They define the J-difference test statistic 

as follows: 

2(restricted) (unrestricted) (# of    restrictio )nsdiff T TJ J J   : ,                                 (3.8) 

where     restric# of tions  refers to the number of augmented factors 2f . 

 

Note that one should always use the same weighting matrix to estimate both systems (i.e., 

(restricted)TJ and (unrestricted)TJ ), where Cochrane (1996) suggests that the weighting matrix 

from the unrestricted system is preferred. 
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         The value of the HJ distance is another way in which to measure the overall fitness of a 

model to a set of portfolios. The P-value of the HJ distance is also another specification test of 

model diagnosis. Further details regarding HJ distance are presented in Appendix B. 

 

3.2.2 Fama and Macbeth’s (1973) Methodology  

 

Fama and Macbeth (1973) develop a popular approach for estimating the asset pricing 

model; the approach is precisely a two-pass CSR. The details of Fama and Macbeth’s (1973) 

regression are briefly introduced as follows. 

 

Assume that tf  is a vector of factors and that tR  is a vector of asset returns at time t. Let 

  [ ]t t tY f R  , and the mean and covariance matrix of tY  are as follows: 

1

2

( )t

u
u E Y

u

 
   

 
,                                                                                                         (3.9) 

11 12

21 22

( )t

V V

V
V Var Y

V

 
 





 .                                                                                         (3.10) 

One always assumes that the time series tY  is jointly stationary and ergodic, with finite fourth 

moments. 

             

One can express the linear asset pricing model in the relationship between expected return 

and betas as follows: 
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 2u X ,                                                                                                                    (3.11) 

where  [ ]NX 1   consists of an N-vector of ones (i.e., N1 ) and betas (i.e.,   ), the matrix X  is 

in full column rank, and 0 1 [ ]    consists of the zero-beta rate (or the intercept, i.e., 0   ) and 

the risk premium on the pricing factors. 

      

In the first stage of a Fama-Macbeth two-pass regression, one can estimate the time-series 

regression as follows:  

     .t t t , t 1R f , T      L                                                                                      (3.12) 

The   in the formulation refers to the estimated betas, where 
1

21 11V V  . 

    

           In the second stage of the Fama-Macbeth two-pass regression, Fama and Macbeth suggest 

running a CSR of 2u  on X . One can choose the weighting matrix in the estimations, for 

example, W I (OLS) or 
1

22W V   (GLS). 

           Then, one can obtain the estimation of   as follows: 

           
1

2( )XWX XW  .                                                                                                 (3.13) 

 

If one assumes that tR  is serial uncorrelated factor, one can conclude that Fama-

Macbeth’s uncorrected variance-covariance matrix of   is as follows: 

22( ) A AV V  .                                                                                                         (3.14) 
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           However, since the estimation of betas normally has errors in the first stage of the Fama-

Macbeth regression, an errors-in-variable (EIV problem appears in the second stage of the Fama-

Macbeth regression. To address this well-known problem, Shanken (1992) develops the 

asymptotic errors-in-variable adjustment in his study. Jagannathan and Wang (1998) then further 

develop an alternative approach that relaxes a few assumptions17. 

           

In terms of formula, one can write the variance-covariance matrix of   under Shanken’s 

(1992) EIV correction as follows: 

22

1

1 11 1( ) A A A AV V V       ,                                                                               (3.15) 

where 
1A ( ' ) 'X WX X W  and 

1

22 21 11 12V V V V   . 

            

In addition, the cross-sectional 
2R measure of the goodness-of-fit in Fama-Macbeth two-

pass regression is as follows: 

2

0

1
Q

R
Q

  ,                                                                                                                (3.16) 

where 
1

0 2 2 2 2( )N N N NQ W W1 1 W1 1 W        , 

and 
1

2 2 2 2( )Q W WX X WX X W        . 

 

Kan, Robotti and Shanken (2013) develop a specification test of the model, i.e., the P-

value for 
2 =1R , where the null hypothesis of the specification test clearly indicates whether the 

model is correctly specified. See details in Appendix C, especially see the formula in Appendix 

                                                 
17 A crucial assumption assumes that the returns are homoscedastic conditional on the factors. 
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(C.5). On the other hand, Kan, Robotti and Shanken (2013) develop another model specification 

that concerns the null hypothesis that 2 0R   or that any pricing factor does not provide any 

explanatory power. The details of the latter specification are provided in part C of the Appendix, 

especially (C.6). 

 

One can also derive the corresponding pricing errors of the two-pass Fama-Macbeth 

regression as follows: 

          2 .e u X   

          Shanken (1985) and Kan, Robotti and Shanken (2013) develop another specification test, 

that is, the F-test of two-pass CSR, which investigates whether the pricing errors are jointly 

equal to zero. 

 

The null hypothesis of the model specification test typically concerns the formula for joint 

sample pricing errors: 0Ne   or 
2 1R  . To test this null hypothesis, Kan, Robotti and Shanken 

(2013) develop the asymptotic distribution of e  under the null hypothesis: 

( ,0
a

N VTe N e: ( ) ) .                                                                                                (3.17) 

 

Similar to Shanken (1985), Kan, Robotti and Shanken (2013) create a Wald test statistic: 

1 2

1' '
a

W N KV VJ Te e e Te e e  

   % % %:( ) ( ) ,                                                                     (3.18) 

and then Kan, Robotti and Shanken (2013) suggest a more robust F-test statistic when the 

estimations involve a finite sample: 
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1,

( )

1
W N K T -N+1

T N - K -1
J F

T N
 

 
:  .                                                                                      (3.19) 

where V e ( )  denotes the pseudo-inverse of V e( )  and the notations are in part C of the 

Appendix.  

 

3.3 Application of the Research Methodology 

 

The researchers generally apply the GMM and Fama-Macbeth two-pass regression for a 

linear multi-factor asset pricing model. I present a classical example for application, where this 

example is a five-factor linear asset pricing model. One can then extend it to any other kind of 

linear multi-factor model in the same framework of application. Furthermore, I assume SBM25 

as test assets in this example, while one also can extend it to any other kind of portfolios in the 

same setup. 

 

I assume a linear five-factor asset pricing model, which is correct specified as follows: 

, 1 1 2 2 3 3 4 4 5 5t t t t ti t F F F F Fr b l b l b l b l b l= + + + +  and                                                                (3.20) 

0 1 2 3 4 51 2 3 4 5t t t t t tm b b F b F b F b F b F= + + + + + ,                                                                  (3.21) 

where the first equation is the expected return and beta representative model and the second 

equation is the SDF framework. Both of them can be transformed to be equivalent. F1, F2…… 

F5 are the five pricing factors; any of b  and any of b  are all parameters; and l  refers to risk 

premium.   
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3.3.1 Application of GMM in asset pricing 

 

From the perspective of the application of GMM in linear asset pricing, one can set 25 

different moments for SBM25: 

 

0 1 2 3 4 5( 1 2 3 4 5 ) 1 1t t t t t tb b F b F b F b F b F R+ + + + + -  

0 1 2 3 4 5( 1 2 3 4 5 ) 2 1t t t t t tb b F b F b F b F b F R+ + + + + -                                                                                                                               

h ( ib ) =                                    ·                                                    ,               (3.22) 

25´ 1                                                          ·                           

                                                   ·   

                                                   ·  

 

0 1 2 3 4 5( 1 2 3 4 5 ) 25 1t t t t t tb b F b F b F b F b F R+ + + + + -  

 

where 1tR , 2tR …… 25tR  represent each of the SBM25 portfolios. 

 

Take the sample mean of (3.22) to obtain ( )ig b . One then minimizes  

ˆ( ) ' ( )i i iQ g b Sg b ,                                                                                                              (3.23) 

where Ŝ  is an estimation of the optional weighting matrix in GMM. Since equation (3.23) is 

absolutely the same as equation (3.3), one can substitute that into the framework of GMM as 

Chapter 3.2.1 indicates. 
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3.3.2 Application of the Fama-Macbeth Approach in asset pricing 

 

On the other hand, I present the perspective of the application of the Fama-Macbeth two-

pass regression in cross-sectional asset pricing. In my example, the asset pricing model is also a 

linear five-factor model, and the testing assets are SBM25. As expected, one runs the first pass of 

time-series regressions to estimate the betas: 

 

1 1.1 1.2 1.3 1.4 1.51 - 1 2 3 4 5t t t t t t tR rf F F F F Fa b b b b b= + + + + +  

2 2.1 2.2 2.3 2.4 2.52 - 1 2 3 4 5t t t t t t tR rf F F F F Fa b b b b b= + + + + +   

 

25´ 1                                                     ·                                                                  ,      (3.24) 

regressions                                                ·  

·  

·  

 

25 25.1 25.2 25.3 25.4 25.525 - 1 2 3 4 5t t t t t t tR rf F F F F Fa b b b b b= + + + + +  

 

where rf refers to the risk-free rate and t denotes the time period. Then, with the obtained 25´ 5 

coefficients of betas (b s) and 25´ 1 coefficients of alphas (a s), one runs a second pass of a 

cross-section regression to estimate the risk premiums lambdas ( l s): 

.5 5.1 1 .2 2 .3 3 .4 4( )
tt t t tt t iT i Fi F i F i F i FE Ri rf b l b l b l b l b l a- = + + + + + ,                          (3.25) 

where ( )TE g  is the sample mean of the excess return of SBM25, tRi  is the ith portfolios of FF 

25 portfolios, i = 1, 2……25 refers to the order of SBM25 and ia  is ith pricing error. 

Furthermore, one can run equation (3.25) with or without a constant, where the constant should 

be approximately zero theoretically. Formula (3.24) is consistent with formula (3.12), and 

formula (3.25) is consistent with the statement that “in the second stage of the Fama-Macbeth 
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two-pass regression, Fama and Macbeth suggest running a cross-sectional regression of 2u  on 

X ” in section 3.2.2. Hence, one can then substitute the example of this five-factor linear asset 

pricing model into the framework of the Fama-Macbeth two-pass regression. 

 

However, the betas ( b s) are broadly measured with errors in the first pass of 25 time-series 

regressions. Since the estimated betas ( b s) are regarded as the independent variables in the 

second-pass cross-section of the regressions, the approach of the Fama-Macbeth CSR overstates 

the standard errors of risk premiums lambdas ( l s). Hence, Shanken (1992) develops an 

asymptotic errors-in-variables adjustment to correct these biased estimations of standard errors. 

After one substitutes a linear five-factor model into the framework of Fama-Macbeth two-pass 

regression, one can see the adjusted component of the errors-in-variables (
1

1 11 1 A AV   ) in the 

formula (3.15). Note that formula (3.15) is the variance-covariance matrix of risk premiums 

lambdas ( l s) and that the diagonal elements of this variance-covariance matrix are simply 

standard errors of risk premiums lambdas ( l s). 
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3.3.3 Statistical tests in Application 

 

The sample cross-sectional 2R  or the value of HJ distance measures the goodness of fit for 

a finite sample. The specification tests of Kan, Robotti and Shanken’s (2013) R-squared test 

statistic and generalized Shanken’s (1985) F test appear in Fama-Macbeth two-pass regression 

and the specification tests of J test, HJ distance and Wald test appear in GMM. 
2( 0)p R = and 

2( 1)p R =  refers to P-value of two Kan, Robotti and Shanken’s (2013) specification tests of 2R .  

The former one 
2( 0)p R =  represents the P-value of specification test with the null that R-

squared equals zero, while the latter one 
2( 1)p R =  represents the P-value of specification test 

with the null that R-squared equals one or zero pricing errors.  

 

Indeed, the specification test (including 
2( 1)p R = , F test, J test, HJ distance) measure the 

asymptotic property of null hypothesis, 2 1R = , or the equivalent that pricing errors are jointly 

zeros, that pricing factors in that asset pricing model fully explain the cross-sectional variation of 

equity returns, or that it is a correct specified asset pricing model. On the other hand, the 

specification test (including 
2( 0)p R =  and Wald test) measures the asymptotic property of 

another null hypothesis, 
2 0R = , or equivalent to that the pricing factors in that asset pricing 

model jointly does not explain any significant information or that it is a misspecified model. 

Rather, a third possible case often appears: 
20 1R< < . As Kan, Robotti and Shanken (2013) 

note, when 
20 1R< < , it is also a misspecified model, but that asset pricing model does provide 

some explanatory power for cross-sectional asset pricing. 
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The analysis of P-value for these specification tests (
2( 1)p R = , F test, J test, HJ distance) 

is documented as follows.  If the P-value of these specification tests (
2( 1)p R = , F test, J test, HJ 

distance) is greater than 0.05 (assume that the level of significance is 0.05), one can say the 

model can“accept”the null hypothesis that the asset pricing model is correctly specified. On 

the other hand, the analysis of P-value for these specification tests (
2( 0)p R = and Wald test) is 

documented in another regard. If the P-value of these specification tests (
2( 0)p R = and Wald 

test) is greater than 0.05 (assume that the level of significance is 0.05), one can say that the 

model does not reject the null hypothesis that the asset pricing model is misspecified. 
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    Chapter 4    A novel role of macro factors in asset pricing 

 

4.1 Introduction 

 

Asset pricing theory has a long and rich history. Sharpe (1964) and Lintner (1965) develop 

a capital asset pricing model (CAPM) to explain variation in asset returns. However, early 

empirical studies document the failure of the CAPM to account for the cross-section of average 

stock returns. Consequently, several alternative models have been developed. Chief among them 

are Merton’s (1973) intertemporal capital asset pricing model (ICAPM), Ross’s (1976) Arbitrage 

Pricing Theory (APT), and Breeden’s (1979) consumption-based capital asset pricing model 

(CCAPM). Several follow-up refinements have been made. In particular, Fama and French (1992, 

1993, and 1996) suggest a three-factor model that considers the size premium (smb) and value 

premium (hml) factors to be state variables. Carhart (1997) adds a momentum factor (umd) to 

Fama-French three-factor model. Liew and Vassalou (2000), Hahn and Lee (2006), and Petkova 

(2006) explore the role of several economic variables related to the smb and hml factors in the 

ICAPM. Other studies, such as those by Campbell and Cochrane (1999), Lettau and Ludvigson 

(2001a, 2001b), and Kang et al. (2011), examine conditional asset pricing models in which the 

risk premium beta, assumed to be time-varying, is predicted by some state variables. 

 

Fama and French (1996) posit that the Fama-French three-factor model conforms to 

either Merton’s (1973) ICAPM or Ross’s (1976) APT. Danthine and Donaldson (2014) also 

argue that Carhart’s (1997) momentum factor (umd) appears to represent another fundamental 

factor APT factor. Cetin et al. (2014) indicate that another popular risk is asset pricing, 
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particularly in the framework of APT, i.e., liquidity risk. Several other studies (Keene and 

Peterson (2007)) propose a five-factor model, which incorporates Fama-French’s three factors, 

umd and the liquidity factor. Following this direction, I extend the Fama-French three-factor 

model and Petkova’s (2006) model with inflation and the cycle of industrial production, and my 

two proposed models can be regarded as augmented multi-factor models in the context of a 

generalized linear pricing model or an APT framework18. Similar formulations of the model 

include Keene and Peterson’s (2007) five-factor model, Fama and French’s (1993) five-factor 

model19 and Limkriangkrai, Durand and Watson’s (2008) multi-factor model20. 

 

Although the Fama-French three-factor benchmark model can be derived from the APT 

or ICAPM model, researchers have sought to determine the economic mechanism behind Fama 

and French’s three factors. One of the key answers is that the three factors can act as a proxy for 

the state variables under the framework of Petkova’s (2006) ICAPM. Thus, my second 

benchmark model is Petkova’s (2006) model, which has a sounder economical basis than the 

Fama-French three-factor model.  

 

I am motivated by Chen, Roll, and Ross’s (1986) research to consider two popular macro 

                                                 
18 Armitage (2005) notes that the APT model is practically indistinguishable from an ad hoc multi-factor 

model. 

 
19 Fama and French’s (1993) five-factor model can, in particular, price bond portfolios. 

 
20 Limkriangkrai, Durand and Watson’s (2008) model incorporates two additional season variables and 

Fama-French three-factors. 
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factors: inflation and industrial production21. Although there are a large number of macro factors 

in the available real dataset, Chen, Roll, and Ross’s (1986) five-factor APT model adopts the 

most representative macro factors; in their model, both factors of inflation and industrial 

production have a natural link in asset pricing theory. I note that Petkova’s (2006) ICAPM 

contains all the factors of Chen, Roll, and Ross’s (1986) APT models except inflation and 

industrial production. Following the spirit of Chen, Roll, and Ross (1986), I highlight that 

inflation and the cycle of industrial production essentially contain valuable information for asset 

pricing. In other words, my work reveals the novel function of inflation and the cycle of 

industrial production, which has been overlooked in the previous literature. 

 

 Because both inflation and industrial production have natural theoretical and economical 

implications for asset pricing, I believe that these two factors likely contain a potentially 

important pricing function for equities. Du (2014) and Du and Hu (2012, 2014) indicate that 

different components of a vital pricing factor can lead to distinctly different empirical results 

under the assumption that these components of a factor all have sound economical implications 

in asset pricing. Building on studies by Du (2014) and Du and Hu (2012, 2014), my research 

considers the inflation rate rather than the unexpected inflation or the change in expected 

inflation, as in most previous literature. I find that these three components of inflation are 

highly correlated and share common information, but the inflation rate can capture more cross-

                                                 
21 These two augmented macro factors are broadly regarded as valid pricing factors in multi-factor pricing 

models as well as in several other studies (e.g., Chen, Roll, and Ross, 1986 and Aretz, Bartram and Pope, 

2010). 
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sectional variation of the equity returns.22 This is also the first study to consider the ex-post 

cycle of industrial production, which is generated from a full-sample period rather than using 

the recursive method. There is a key difference in the economic implications of the two relevant 

approaches: the full-sample estimation is an ex-post test, while the recursive estimation is an 

ex-ante test. Full-sample estimation is widely acceptable in a large body of asset pricing 

literature (see Lettau and Ludvigson (2001), Vassalou (2003), Campbell and Vuolteenaho 

(2004), and Petkova’s (2006) ICAPM, among many others). Because my essential contribution 

aims to significantly enhance or capture the explanatory power of the models/factors, 

particularly explaining momentum-sorted portfolios rather than forecasting aspects, I explore 

the ex-post approach as an essential research innovation. My findings show that the ex-post 

cycle of IP captures the most pricing information of the momentum factor while the recursive 

estimation one (rolling-window approach) appears to lose relevant pricing functions. 

 

Following traditional methodology in asset pricing, such as time-series, cross-sectional 

regression and Hansen’s (1982) General Method of Momentum (GMM), I also highlight my P-

value approach as an innovative research method throughout this study. Lewellen, Nagel, and 

Shanken (2010) argue that asset pricing tests are often misleading if they only rely on high cross-

section R-squared and small pricing errors.23 However, these authors do not reject the validity of 

                                                 
22 An extension work of my study Shi et al. (2017) also agrees with this statement about inflation, and 

they present that inflation provide different valid pricing information other than Fama and French’s (2015) 

five factors. 

 
23 Lewellen, Nagel and Shanken (2010) suggest that the size-B/M portfolios have a strong factor structure. 

Therefore, any spurious factor that is weakly correlated with SMB and HML could produce a high R-

square or low pricing errors. 
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the P-value approach, in which the null hypothesis is that the model is correctly specified.24 In 

contrast to Lewellen, Nagel, and Shanken (2010), I additionally compare the original base model 

with my augmented multi-factor model based on the P-value approach for all statistics of 

specification tests. Clearly, a correctly specified model is always better than a mis-specified 

model based on the P-value of specification tests.  

 

My study makes a two-fold contribution. First, I develop a standard five-factor model 

that extends the classical benchmark Fama-French three-factor model with two macro factors 

widely used as pricing factors, i.e., inflation and the cycle of industrial production. I also develop 

an alternative model as a robust complement, i.e., the Petkova benchmark model augmented with 

these two macro factors. I show that the Fama-French three-factor model and the Petkova 

ICAPM cannot pass most specification tests in the cross-sectional stage, suggesting that they 

inadequately explain the cross-sectional variation of portfolios. Theoretically, Cochrane (2005) 

argues that all linear factor-pricing models/factors (CAPM, ICAPM, APT and other multi-factor 

models) are derived from a generalized consumption-based model. Following the spirit of 

Cochrane (2005), because inflation and the cycle of industrial production (IP) in a multi-factor 

linear pricing factor model can either provide information on the state of the economy or predict 

future returns of assets, inflation and the cycle of IP should affect an agent’s investment decision 

within the context of the consumption-based model and thus be incorporated into the pricing 

kernel. Then, my empirical evidence indicates that inflation and the cycle of IP contain different 

                                                 
24 Ludvigson (2013) provides related support. In addition, I report the results of GLS and general method 

of momentum (GMM) using Hansen and Jagannathan’s (1997) weighting matrix, which can effectively 

alleviate the problem described by Lewellen, Nagel, and Shanken (2010). Note that the HJ approach/two-

step optimal GMM is an alternative to GLS/WLS cross-section regressions.  
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and valuable pricing information in explaining 25 size and book-to-market (SBM25) portfolios 

and 25 size and momentum (SM25) portfolios as well as other relevant portfolios. Hence, my 

proposed Standard Model and Alternative Model provide significantly better performance than 

the two benchmark models (the Fama-French three-factor model and the Petkova model) in 

explaining the cross-section of equity returns.  

 

I summarize my second contribution as follows: much of the priced information in the 

momentum factor is the inclusive information of the industrial production cycle25. The previous 

literature illustrates that the explanations of momentum anomalies are unclear. For instance, 

studies such as Fama (1998), Barberis and Thaler (2003), and Jegadeesh and Titman (2005) 

contend that momentum profit is behavior based rather than risk driven. Others, including 

Crombez (2001), Bansal, Dittmar and Lundblad (2005), and Sagi and Seasholes (2007), argue 

instead that the momentum effect characterizes rational investors. My study establishes a link 

between the momentum factor and a specified macro factor. Once I augment the momentum 

factor to the Standard Model26 in explaining either one-way sorted portfolios or two-way sorted 

portfolios, the momentum factor becomes superfluous with the cycle of IP. This effect 

summarizes my second contribution. My paper clearly differs from Liu and Zhang (2008), who 

mainly study macroeconomic risk-based factors to detect momentum profit. I highlight that the 

cycle of IP rather than Liu and Zhang’s (2008) growth rate of IP contains the majority of 

information in the momentum factor. Put differently, I find that Liu and Zhang’s (2008) growth 

                                                 
25 Because both the loadings of the momentum factor and IP cycle in the time-series regression also have 

similar patterns, I am further skeptical that momentum can serve as a marginal proxy for the IP cycle. 
 
26 One can constrain certain unimportant variables in my Standard Model. 
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rate of IP cannot aid in pricing SM25 robustly. I also note that the cyclical component of IP and 

the growth rate of IP capture the different parts of the IP factor27 and have distinctly different 

economic implications.  

 

 

4.2 Theoretical motivation 

 

Cochrane (2005) indicates that all generalized factor-pricing models (including CAPM, 

APT, ICAPM and other linear multi-factor model) are derived from a specialization of the 

consumption-based model. More specifically, all these models can be regarded as the 

consumption-based model plus an extra assumption that allows one to proxy for marginal utility 

growth from a number of macroeconomic variables, state variables or predictable variables28. 

Using mathematical notation, one can express the pricing kernel as follows: 

1
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m a b f

u c
b +

+= » + ,                                                                    (4.1) 

where f represents factors, a  and b  are free parameters, and m is the stochastic discount factor. 

Following this logic, all the factors of generalized factor pricing models can be derived into this 

approach as long as they are qualified factors f . Theoretically, the Fama-French three-factor 

model should be either ICAPM or APT. Put differently, from the perspective of the consumption 

model, all these pricing factors can be regarded as state variables, which affect an agent’s choice 

of investment with respect to his maximized utility. 

                                                 
27 Econometrically, the cyclical component in time-series refers to fluctuations around its trend (i.e., 

transitory component), while the growth rate represents the innovations (i.e., transitory and persistent 

components). 

 
28 Macroeconomic variables also may be state variables or predictable variables. 
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Cochrane (2005) provides in-depth suggestions for such qualified factors f  of Equation 

(1): if macro variables can either measure the state of the economy (such as “bad time” or “good 

time”) or forecast asset returns or the state of the future market, these macro variables should 

affect a rational investor’s decision about his consumption/investment and thus be incorporated 

into the pricing kernel.  

 

I regard the Fama-French three-factor model as a generalized linear multi-factor model 

that derived from a consumption-based model, where the size and value factors simply represent 

the state variables or predictable variables that provide inadequate information about the current 

or future states of the economy. Then, incorporating more significant predictable or state 

variables into Fama-French’s three factors can provide more valuable information about the state 

of the economy for asset pricing29. Hence, I augment Fama-French’s three factors with two 

macro factors: the inflation rate and the cycle of IP. Both factors have particular pricing 

implications: inflation can provide different pricing information other than Fama-French five 

factors (Shi et al. (2017)), and the cycle of IP captures the most pricing information of the 

momentum factor. 

 

For the aspect of inflation, Maio (2013) argues that inflation is a proxy for a “bad time” 

                                                 
29 Several previous studies describe similar approaches; for example, Fama and French (1993) suggest a 

five-factor pricing model, which is Fama-French’s three-factor augmented with term spread and default 

spread. Maio and Santa-Clara (2012) propose a model consistent with Fama and French’s (1993) model to 

meet the setup of ICAPM, where the model is formulated as Fama-French’s three-factor model 

augmented with innovation in both term spread and default spread. 
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of financial wealth and nonfinancial wealth.30 Maio (2013) illustrates that inflation as a state 

variable can clearly help improve the performance of Campbell and Vuolteenaho’s (2004) model 

in cross-sectional tests. Fama and Schwert (1977) also emphasize that inflation can predict 

aggregate stock returns. Hence, I can expect and accept the negative premium of inflation, where 

the negative sign of the factor premium of inflation is also consistent with Chen et al.’s (1986) 

work.  

 

For the aspect of the cycle of IP, Daniel and Torous (1995) argue that the cyclical 

element in IP is predictive of common stock returns. Then, Hodrick and Zhang (2001) confirm 

that the cycle of IP has significant predictable power for value-weighted market returns.  

 

Du (2014) and Du and Hu (2012, 2014) show that different components of an important 

pricing factor, such as exchange rate, can lead to completely different results of empirical studies. 

Because the inflation rate and cycle of IP have their own economic implications and both are 

proved to predict the state of the economy, I incorporate both in a generalized multi-factor 

pricing model, where Cochrane (2005) provides the theoretical framework of this model. 

 

4.3 The Proposed multi-factor Models 

 

                                                 
30 Many studies consistently find a negative relationship between stock returns and inflation. For example, 

Fama (1981) documents a negative relationship between inflation and real activity, where the real activity 

can dominantly drive the stock price. As a result, the negative relationship between stock returns and 

inflation is also a proxy for a positive relationship between real activity and stock returns. 
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I propose two variants of my proposal models. The first is the Alternative Model, which is 

Petkova’s (2006) model augmented with two macro factors: inflation and the IP cycle. The 

Petkova (2006) ICAPM model includes market risk premium and innovations in term spread, 

dividend yield, default spread and risk-free rate 31 . I choose the Petkova ICAPM model 

formulation because it possesses more explanatory powers than that of Fama-French’s three-

factor model, where the smb and hml factors represent the innovations in these state variables. 

Put differently, Petkova’s model is a good replacement for the Fama-French three-factor model 

for the purpose of economical implication. The second variant is the Standard Model, which is 

Fama-French’s (1993) three-factor model augmented with these two macro variables. 

 

I provide the beta-pricing form of my proposed models in Equations (2) and (3). I 

constrain the intercepts of my models following a large body of literature. The Alternative Model 

augments Petkova’s (2006) model with two macro factors32: 

inf, , 1 ,term def div rf ind

term def div rf

i t f t rmrf t t t t t i tr r rmrf inf ind
g g g g g g

b b g b g b g b g b b e+- = + + + + + + + , (4.2) 

where rmrf = market risk premium, the difference between the value-weighted market return and 

the one-month Treasury bill rate; 
x

tg = innovation in variable x, where x is one of the state 

variables; term = term spread, the difference between the yields of a ten-year and a one-year 

government bond; def = default spread, the difference between the yields of a Moody’s Baa and 

                                                 
31 Campbell (1996) argues that choosing key macroeconomic variables is not important in the empirical 

implementations of the ICAPM model. However, the factors in the model should be related to innovations 

in state variables that forecast future investment opportunities. 

 
32 My Alternative Model may suffer over-fit problems in terms of the poor Wald test statistics (the joint 

significance of the of factor loadings) in Hansen’s (1982) GMM, although the Alternative Model may 

present a good fit.  
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Aaa corporate bonds yields; div = dividend yield, the sum of dividends over the last 12 months 

divided by the level of the S&P 500 index; rf = risk-free rate, the one-month T-bill yield; inf = 

inflation; and ind = the IP cycle. 

 

The second model is the Standard Model, which augments Fama-French’s three factors 

with two macro factors: 

, , 1 ,i t f t rmrf t smb t hml t macro1 t macro2 t i tr r rmrf smb hml inf indb b b b b e+- = + + + + + , (4.3) 

where smb = size premium, the difference of returns between small and large firms, and hml = 

value premium, the difference of the returns between high book-to-market and low book-to-

market firms. 

 

4.4  Methodology and Data 

 

My research methodology follows Fama-Macbeth’s (1973) two-pass cross-sectional 

regressions as well as GMM. In the first stage of the Fama-Macbeth regressions, I obtain the 

estimated loadings of risk factors. I estimate the full-sample betas using procedures consistent 

with those in Lettau and Ludvigson (2001) and Kan, Robotti and Shanken (2013), among others. 

In the second step, I perform the OLS or GLS cross-sectional regressions and use Shanken’s 

(1992) method to make asymptotically valid error-in-variable adjustments of the resulting 

standard errors. I report the R-squared following Kan, Robotti and Shanken (2013), Lewellen, 

Nagel, and Shanken (2010), and Kandel and Stambaugh (1995). I also follow Kan, Robotti and 

Shanken (2013) to report the P-value of R-squared and the generalized version of Shanken’s 

(1985) F-test statistics in both OLS and GLS stages. Following Kan, Robotti and Shanken (2013) 
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and Davies, Fletcher, and Marshall (2015), I report the results without lags, which is equivalent 

to a heteroscedasticity correction. 

 

For robustness, I obtain supplemental estimations using Hansen’s GMM methodology 

with Hansen and Jagannathan’s (1997) weighting matrix 33 and an asymptotically optimal 

weighting matrix. In the framework of stochastic discount factor, Cochrane (2005) argues that 

the pricing error ( ) 1tg E mR   is simply the momentum condition, where R denotes the 

gross return of each portfolio and m is the pricing kernel. The GMM approach minimizes the 

weighted average value of momentum conditions with a carefully selected weighting matrix: 

( ) [ ( ) ( )]T

T T
J g b W g bq = , where W is the weighting matrix. I also compute Hansen’s J-statistic on 

the model over-identifying restrictions using an asymptotically optimal weighting matrix. 

 

The P-value approach contains the following test statistics of model diagnostics: Kan, 

Robotti and Shanken’s (2013) R-squared statistics and generalized Shanken (1985) F-test 

statistics in the cross-sectional regression estimation and the HJ-distance and Hansen’s J-statistic 

in GMM. The null hypothesis for these specification tests is broadly that the model is correctly 

specified. Thus, a high P-value of the p(R2=1) statistic, the generalized Shanken (1985) F-test 

statistic, the HJ-distance and the J-statistic indicates that a model is “acceptable” as a correct 

specified model. While, a high P-value of the p(R2=0) statistic and the Wald statistic suggests 

that a model is misspecified. The motivation for using the P-value approach is that a correctly 

                                                 
33 Following Hansen and Jagannathan (1997), I choose the inverse of the second moments of asset returns 

as a weighting matrix to compute the HJ-distance and its associated P-value.  
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specified model is always better than a mis-specified model. Overall, I essentially judge and 

compare the performance of models via R-squared, HJ-distance and my P-value approach.  

 

My sample comprises US monthly data spanning the period July 1963 - September 2014. 

From Kenneth French’s website,34 I obtain the return information of the Fama and French (1993) 

25 size and book-to-market portfolios and 25 size and momentum portfolios as well as the 

premiums on market risk (rmrf), size (smb), value (hml), momentum (umd) and the risk-free rate.  

 

Data on term spread, default spread, consumer price index (CPI), and IP index all come 

from the FRED database of the Federal Reserve Bank of St. Louis. Using the Hodrick-Prescott 

filter with a smoothing parameter of 14,400, I decompose the IP index into trend and cyclical 

components. The monthly inflation is the logarithmic first differences of CPI. The dividend yield 

of the CRSP value-weighted portfolio is computed as the log ratio of the sum of dividends over 

the last 12 months divided by the level of the S&P 500 index35. The relevant data come from 

Robert Shiller’s website.36 

 

To obtain the innovations of state variables, I follow the procedures established by Hahn 

and Lee (2006) and Maio and Santa-Clara (2012). The innovation of each state variable 

represents the first difference of the original variable: 1

x

t t tx xg -= - , where x  is the Petkova 

                                                 
34 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.  
35 Following Aretz, Bartram and Pope (2010) and Maio and Santa-Clara (2012), I use the dividend yield 

to estimate Petkova’s (2006) ICAPM model.  
36 http://www.econ.yale.edu/~shiller/data.htm. 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
http://www.econ.yale.edu/~shiller/data.htm
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(2006) ICAPM state variable “term, def, div, rf.” The alternative Petkova (2006) ICAPM model I 

propose is similar to that of Maio and Santa-Clara (2012).  

 

 

 

Table 4.1 

Summary Statistics 

 

This table reports the mean, standard deviation, minimum value, maximum value and first-order autocorrelation for 

the sample period from July 1963 to September 2014. rmrf = market risk premium, the difference between the 

value-weighted market return and the one-month Treasury bill rate. smb = size premium, the difference of returns 

between small and big firms. hml = value premium, the difference of the returns between high book-to-market and 

low book-to-market firms. umd = momentum premium, the difference of returns between high prior return and low 

prior return firms. inf = inflation based on the consumer price index. ind = industrial production cycle. term = term 

spread, the difference between the yields of a ten-year and a one-year government bond. def = default spread, the 

difference between the yields of a Moody’s Baa and Aaa corporate bonds yields. div = dividend yield, the sum of 

dividends over the last 12 months divided by the level of the S&P 500 index. rf = risk free rate, the one-month T-bill 

yield. xg = innovation in state variable x. 

 

 Mean Standard 

deviation 

Minimum Maximum ρ(1) 

rmrf 0.501 4.465  -23.240  16.100 0.076  

smb 0.233  3.103  -16.400  22.020  0.056  

hml 0.370  2.861  -12.610  13.880  0.158  

umd 0.688  4.236  -34.720  18.390  0.064  
defg  0.000  0.118  -0.6300  0.9400  0.291  
termg  0.002  0.281  -1.5600  2.6200  0.304  

divg  -0.000  0.036  -0.1340  0.2227  0.270  
rfg  -0.000  0.064  -0.4500  0.3500  -0.159  

inf 0.333  0.319  -1.7864  1.7938  0.622  

ind 0.000  1.381  -7.0843  4.4270  0.951  

 

 

Table 4.1 presents the descriptive statistics of the variables. The mean of the 

contemporaneous industrial cycle is zero, implying that applying the Hodrick-Prescott filter can 

de-trend and de-mean the IP factor. The IP cycle is highly persistent, with a high autoregressive 

coefficient (= 0.95), while the inflation rate has a lower autoregressive value (= 0.62). The rest of 

the variables display the usual low first-order autoregressive coefficients (less than 0.40). 
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Table 4.2 shows that the correlations between the two macro factors with either the 

Fama-French three factors or with the innovations in state variables are generally low. Thus, both 

macro factors may contain important information about state of the economy beyond those 

factors in ICAPM or Fama-French three-factor model.  

 

 

Table 4.2 

Correlation Matrix 

 

This table reports the correlation matrix of variables in my two proposed augmented Models. rmrf = market excess 

return. term = term spread, the difference between the yields of a ten-year and a one-year government bond. def = 

default spread, the difference between the yields of a Moody’s Baa and Aaa corporate bonds yields. div = dividend 

yield, the sum of dividends over the last 12 months divided by the level of the S&P 500 index. rf = risk free rate, the 

one-month T-bill yield. inf = inflation based on the consumer price index. ind = industrial production cycle. smb = 

size premium, the difference of returns between small and big firms. hml = value premium, the difference of the 

returns between high book-to-market and low book-to-market firms. umd = momentum premium, the difference of 

returns between high prior return and low prior return firms. xg = innovation in state variable x, where x is term, def, 

div, rf. * represents the correlation between the corresponding two factors is significant at the 5% level. Sample 

period is from July 1963 to September 2014. 

 

 rmrf smb hml      umd defg  termg  divg  rfg  inf 

smb 0.31*         

hml -0.30* -0.23*        

umd -0.12* 0.00 -0.16*       
defg  -0.05 -0.07 0.00 -0.02      
termg  0.12* 0.05 0.06 -0.12* 0.14*     

divg  -0.67* -0.34* 0.14* 0.19* 0.20* -0.08*    
rfg  -0.13* -0.09* -0.01 0.02 -0.02 -0.39* 0.14*   

inf -0.12* -0.03 0.08 0.08 -0.06 0.03 0.10* 0.06  

ind -0.19* -0.12* 0.04 0.18* 0.21* -0.09* 0.28* 0.06 0.21* 
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4.5  Empirical Results 

4.5.1 The Fama-Macbeth Approach 

 

Tables 4.3 and 4.4 report the results of Fama-Macbeth two-pass regression. I consider the 

performance of my multi-factor models along with other competing asset pricing models. For 

consistency with prior studies, such as Petkova (2006), I report results from two-pass OLS 

regressions with intercepts but constrain the intercepts in GLS regressions37. Theoretically, a 

correctly specified model should have a zero intercept.  

                                                 
37  However, Cochrane (2005) suggests that excluding the intercept enhances the efficiency of the 

estimates. In particular, in the GLS approach (not tabulated here to conserve space), the inclusion of the 

intercept appears to drive out the significance of other factors. Moreover, the intercept constrained to be a 

zero can impose the null that the model is correctly specified. I therefore report the two-pass GLS 

regressions excluding the intercept. 
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                                                            Table 4.3 

25 Size and Book-to-Market Portfolios 

 

This table reports the estimates of risk premium from the Fama-Macbeth two-pass regressions for the SBM25 portfolios. Panel A 

reports the OLS estimates and Panel B reports the summary statistics of GLS estimates. rmrf = market excess return. term = term 

spread, the difference between the yields of a ten-year and a one-year government bond. def = default spread, the difference 

between the yields of a Moody’s Baa and Aaa corporate bonds yields. div = dividend yield, the sum of dividends over the last 12 

months divided by the level of the S&P 500 index. rf = risk free rate, the one-month T-bill yield. inf = inflation based on the 

consumer price index. ind= industrial production cycle. smb = size premium, the difference of returns between small and big 

firms. hml = value premium, the difference of the returns between high book-to-market and low book-to-market firms. xg = 

innovation in variable x, where x is term, def, div, rf. t-stat. (fm) = the Fama-Macbeth t-statistics. t-stat. (s) = the Shanken (1992) 

error-in-variable adjusted t-statistics. p(R2=1) and p(F-test) are P-value of R-squared and P-value of F-test, respectively. The P-

value of F-test following Kan, Robotti and Shanken (2013) is the P-value of generalized version of Shanken’s (1985) cross-

sectional regression test. I report R2 (in %) in the OLS or GLS cross-sectional regressions with corresponding P-value as in Kan, 

Robotti and Shanken (2013). The sample period is from July 1963 to September 2014. 

 

Panel A: OLS estimation of models 

Petkova ICAPM 

 cons rmrf defg  termg  divg  rfg     OLS  

coefficient 0.65 -0.03 0.06 0.31 0.00 -0.11   R2 0.76 

t-stat. (fm) 2.20 -0.10 2.22 3.35 0.07 -4.45   p(R2=1) 0.60 

t-stat. (s) 1.04 -0.05 1.06 1.59 0.03 -2.12   p(F-test) 0.67 

Alternative Model 

 cons rmrf defg  termg  divg  rfg  inf ind  OLS  

coefficient 0.54 0.02 0.03 0.29 -0.01 -0.08 -0.34 -0.29 R2 0.87 

t-stat. (fm) 1.80 0.05 0.96 3.15 -1.04 -3.20 -4.50 -0.91 p(R2=1) 0.89 

t-stat. (s) 0.90 0.03 0.49 1.58 -0.53 -1.61 -2.27 -0.46 p(F-test) 0.79 

Fama-French Model  

 cons rmrf smb hml      OLS  

coefficient 1.12 -0.59 0.17 0.41     R2 0.71 

t-stat. (fm) 3.99 -1.75 1.36 3.47     p(R2=1) 0.00 

t-stat. (s) 3.90 -1.72 1.36 3.47     p(F-test) 0.00 

Standard Model 

 cons rmrf smb hml inf ind    OLS  

coefficient 0.61 -0.13 0.25 0.29 -0.42 -0.70   R2 0.90 

t-stat. (fm) 2.01 -0.37 1.96 2.49 -4.89 -2.83   p(R2=1) 0.90 

t-stat. (s) 1.18 -0.24 1.92 2.39 -2.91 -1.70   p(F-test) 0.82 

Panel B: Summary of GLS estimation of models with the intercept constraint 

 R2 p(R2=1) p(F-test) 

Petkova ICAPM 0.28 0.005 0.00 

Alternative Model 0.61 0.80 0.62 

Fama-French Model 0.24 0.00 0.00 

Standard Model 0.62 0.74 0.75 
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Consider first the results for the SBM25 portfolios in Table 4.3. In the estimates of the 

Alternative Model, inflation is significantly priced in the Shanken (1992) error-in-variable 

adjusted t-statistic (t-statistic= -2.27), suggesting that inflation is the key macro factor in pricing 

the SBM25 portfolios. In the Alternative Model, the P-value of R-squared and Shanken F-

statistic38 are significant in the GLS estimations, but they are insignificant for Petkova’s model. 

These results indicate that the Alternative Model performs significantly better than the Petkova 

ICAPM model in GLS estimations. Both models perform very well in OLS estimations.  

 

In the comparison of the Standard Model with the Fama-French three-factor model, both 

the P-value of R-squared statistic and Shanken’s F-test statistic are significant in the Standard 

Model but are not significant in the Fama-French three-factor model, using either OLS or GLS 

estimations. The intercept of the Standard Model is insignificant in OLS, implying that my 

model is robust. Inflation is significantly priced (the Shanken t-statistic = -2.91) in the Standard 

Model. The overall evidence illustrates that inflation is a key factor that enhances the Fama-

French three-factor model.39  

 

At the next stage, I use the SM25 portfolios as a second type of test asset. Table 4.4 

displays the results. Based on the P-value approach of R-squared and Shanken F-statistic, the 

results support the significant performance of the Alternative Model in OLS and GLS, but 

indicate poor performance for Petkova’s model in GLS. I conclude that my proposed Alternative 

                                                 
38 Through this study, Shanken’s F-statistic refers to generalized version of Shanken’s (1985) F-statistic.  

 
39 Jagannathan and Wang (1996), Lettau and Ludvigson (2001b) and Petkova (2006) all report negative 

estimates for the market risk premium, using monthly and quarterly data. 
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Model is superior to Pekova’s model in pricing SM25 portfolios. Moreover, the insignificant 

intercept of the Alternative Model in OLS supports the acceptance of my model. Additionally, 

the factor premium on the cycle of IP is significantly priced. The estimated coefficient is 2.60 

with a Jagannathan and Wang (1998) t-statistic of 1.89 (significant at the 0.10 level) 40 , 

suggesting that the cycle of IP is an important factor in pricing the 25 size and momentum 

portfolios. 

  

                                                 
40 The estimated t-statistics of Jagannathan and Wang (1998) are broadly consistent with those of Shanken 

(1992). 
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Table 4.4 

25 Size and Momentum Portfolios 

 

This table reports the estimates of risk premium from the Fama-Macbeth two-pass regressions for the SM25 portfolios. Panel A 

reports the OLS estimates and Panel B reports the summary of GLS estimates. rmrf = market excess return. term = term spread, 

the difference between the yields of a ten-year and a one-year government bond. def = default spread, the difference between the 

yields of a Moody’s Baa and Aaa corporate bonds yields. div = dividend yield, the sum of dividends over the last 12 months 

divided by the level of the S&P 500 index. rf = risk free rate, the one-month T-bill yield. inf = inflation based on the consumer 

price index. ind= industrial production cycle. smb = size premium, the difference of returns between small and big firms. hml = 

value premium, the difference of the returns between high book-to-market and low book-to-market firms. umd = momentum 

premium, the difference of returns between high prior return and low prior return firms. xg = innovation in variable x, where x is 

term, def, div, rf. t-stat. (fm) = the Fama-Macbeth t-statistics. t-stat. (jw) = the Jagannathan and Wang (1998) error-in-variable 

adjusted t-statistics. p(R2=1) and p(F-test) are P-value of R-squared and P-value of F-test, respectively. The P-value of F-test 

following Kan, Robotti and Shanken (2013), is the P-value of generalized version of Shanken’s (1985) cross-sectional regression 

test. I report R2 (in %) in the OLS or GLS cross-sectional regressions with corresponding P-value as in Kan, Robotti and Shanken 

(2013). The sample period is from July 1963 to September 2014. 

 

Panel A: Petkova ICAPM 

 cons rmrf defg  termg  divg  rfg     OLS  

coefficient -0.46 1.09 -0.02 -0.08 0.00 -0.12   R2 0.64 

t-stat. (fm) -1.46 3.09 -0.99 -1.19 -1.11 -5.36   p(R2=1) 0.11 

t-stat. (jw) -0.60 1.42 -0.42 -0.41 -0.45 -2.19   p(F-test) 0.79 

Alternative Model 

 cons rmrf defg  termg  divg  rfg  inf ind  OLS  

coefficient 0.86 -0.09 0.02 0.16 -0.01 -0.02 0.23 2.60 R2 0.92 

t-stat. (fm) 2.76 -0.26 0.68 2.64 -2.19 -0.97 2.60 6.50 p(R2=1) 0.88 

t-stat. (jw) 0.88 -0.10 0.22 0.93 -0.85 -0.35 0.75 1.89 p(F-test) 0.98 

Fama-French Model 

 cons rmrf smb hml      OLS  

coefficient 2.69 -1.86 0.33 -0.89     R2 0.73 

t-stat. (fm) 5.92 -4.10 2.44 -3.33     p(R2=1) 0.00 

t-stat. (jw) 3.93 -2.73 2.42 -2.37     p(F-test) 0.00 

Standard Model 

 cons rmrf smb hml inf ind    OLS  

coefficient 1.10 -0.45 0.26 0.38 0.15 1.48   R2 0.91 

t-stat. (fm) 3.00 -1.15 1.85 1.42 1.80 5.50   p(R2=1) 0.17 

t-stat. (jw) 1.58 -0.63 1.64 0.99 0.83 2.59   p(F-test) 0.21 

Carhart Model 

 cons rmrf smb hml umd     OLS  

coefficient 0.06 0.53 0.18 0.51 0.79    R2 0.85 

t-stat. (fm) 0.12 1.13 1.27 1.82 4.54    p(R2=1) 0.00 

t-stat. (jw) 0.11 1.03 1.18 1.56 4.45    p(F-test) 0.00 

Panel B: Summarize of GLS estimation of models with the intercept constraint 

 R2 p(R2=1) p(F-test) 

Petkova ICAPM 0.27 0.00 0.00 

Alternative Model 0.50 0.72 0.90 

Fama-French Model 0.13 0.00 0.00 

Standard Model 0.39 0.09 0.12 

Carhart Model 0.36 0.00 0.00 
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The results in Table 4.4 indicate that the Standard Model performs well. The factor 

premium on the cycle of IP is significant with a positive value of 1.48 and with a Jagannathan 

and Wang (1998) t-statistic of 2.59. Meanwhile, the factor premium of inflation is positive but 

loses its significance in terms of robust t-statistic of Jagannathan and Wang (1998) in both the 

Standard Model and Alternative Model, implying that the cycle of IP is the key macro factor in 

pricing the SM25 portfolios and inflation provides nothing in pricing these portfolios. Regarding 

the P-value approach, the P-values of R-squared and Shanken F-statistic indicate the significance 

of the Standard Model goodness-of-fit, but they reject the Fama-French three-factor model and 

the Carhart four-factor model. Therefore, these two factors enhance the explanatory power of the 

original Fama-French three-factor model. Note that both the Alternative Model and Standard 

Model perform significantly better than the Carhart four-factor model based on the P-values of 

both R-squared and Shanken (1985) F-statistic. 

 

The Alternative Model and the Standard Model, augmented with two specific macro 

factors, causes noticeable reductions in the adjusted Shanken (1992) and Jagannathan and Wang 

(1998) t-statistics of several other factors. This indicates that including two macro factors 

diminishes the explanatory power of some ICAPM factors and Fama-French three factors. 

Furthermore, the P-values statistically suggest that the goodness of fit of the two augmented 

multi-factor models are considerably improved compared to the original benchmark models 

(Fama-French’s three-factor model and Petkova’s ICAPM). The augmented factors appear to 

represent additional and different information about specified state of the economy, causing 

improvement in the model explanation of the cross-section of asset returns. Such relevant 
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information is not captured by state variables or characteristic-based factors in the original 

benchmark model. 

 

If one may suspect that only a few intercepts (in the two-pass OLS regression) appear 

abnormally high, I also estimate my models which constrain the intercept; the results consistently 

support my views and the entire story. In other words, in the two-pass OLS cross-sectional 

approach of Tables 4.3 and 4.4, including or excluding an intercept does not alter my results. I 

just report the case of estimations excluding the intercept in the Appendix D.1 and D.2. 

  

I provide a visual insight for the comparison of models, where Figure D.1 (in Appendix) 

plots the individual pricing errors of the SBM25 portfolios, and Figure D.2 (in Appendix) does 

the same for the SM25 portfolios. The dots located on the diagonal line imply that portfolios’ 

realized returns are perfectly explained by the specified models. In Figure D.1 and D.2, the dots 

in the Alternative Model come closer to the diagonal line than does the Petkova ICAPM model. 

And the dots in the Standard Model also come closer to the diagonal line explicitly compared to 

both the Fama-French three-factor model. These visual inspections also suggest that my two 

augmented models outperform other two benchmark models in explaining the cross-section of 

stock returns. 

 

One critical rule worth mentioning: only if the factor premium for a real pricing factor is 

significant, the sign of this factor makes significant sense. In other words, if the factor premium 

for this pricing factor is insignificant, I regard that this specified factor does not contribute any 

explanatory pricing information, and hence the sign of this invalid factor also loses any of its 
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meaning. Following this rule, my analyses illustrate that the sign of inflation is negative in 

pricing SBM25 portfolios, and inflation lose its total function in explaining momentum sorted 

portfolios. Meanwhile, the sign of industrial production cycle is positive in pricing momentum 

sorted portfolios, but it does not contribute any explanatory pricing information in estimating 

SBM25 portfolios. 

 

4.5.2 GMM Estimations 

 

For robustness, I investigate the proposed models from another perspective: the approach 

of the stochastic discount factor. I perform GMM estimations using the Hansen-Jagannathan 

(1997) weighting matrix, along with estimations using the optimal weighting matrix as a 

supplement. The key findings of my estimations remain consistent using these two different 

types of weighting matrixes. There is a key advantage of the HJ-approach over the optimal 

weighting method: because the HJ-weighting matrix is the inverse of the second moments of the 

estimated portfolio returns, it remains unchanged from one model to the other models. Hence, I 

compare the performances of the models using the HJ-weighting matrix. The null of the J-test 

and HJ-distance test in GMM argues that the estimated model is correctly specified.  
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Table 4.5 

 GMM: 25 Size and Book-to-Market Portfolios 

 

This table reports the GMM estimation results for the SBM25 portfolios using Hansen-Jagannathan (1997) distance. The HJ-

distance uses the inverse of the second moments of the 25 SBM portfolio returns as the weighting matrix. rmrf = market risk 

premium, the difference between the value-weighted market return and the one-month Treasury bill rate. term = term spread, the 

difference between the yields of a ten-year and a one-year government bond. def = default spread, the difference between the 

yields of a Moody’s Baa and Aaa corporate bonds yields. div = dividend yield, the sum of dividends over the last 12 months 

divided by the level of the S&P 500 index. rf = risk free rate, the one-month T-bill yield. inf = inflation based on the consumer 

price index. ind = industrial production cycle. smb = size premium, the difference of returns between small and big firms. hml = 

value premium, the difference of the returns between high book-to-market and low book-to-market firms. x

tg = innovation in 

variable x, where x is term, def, div, rf. The J-test is Hansen’s (1982) test of the model over-identifying restrictions. The Wald test 

examines the joint significance of factor loadings in the pricing kernel. The HJ-distance test is the Hansen-Jagannathan (1997) 

distance measure whose P-values are obtained from 10,000 simulations as in Jagannathan and Wang (1996). The b’s are the 

coefficient estimates of the pricing factors and the constant in the pricing kernel, while λ is the estimate of the corresponding risk 

premium. t-stat. = the GMM t-statistics. The numbers in brackets are the associated P-values. The sample period is from July 

1963 to September 2014. 

 

Petkova ICAPM 

 cons rmrf defg  termg  divg  rfg    Wald J-test HJ-dist 

b 0.96 0.06 -0.22 -1.05 1.17 7.78   12.80 42.82 0.31 

t-stat. 32.71 1.63 -0.12 -0.99 0.17 1.23   0.02 0.00 0.00 

λ  -0.67 0.01 0.13 0.00 -0.04      

t-stat.  -1.69 0.42 1.73 0.43 -1.62      

  Alternative Model 

 cons rmrf defg  termg  divg  rfg  inf ind Wald J-test HJ-dist 

b -0.06 0.08 -0.31 -1.80 4.57 6.50 3.05 -0.03 12.25 19.17 0.25 

t-stat. -0.16 1.55 -0.10 -1.18 0.46 0.70 2.70 -0.13 0.09 0.31 0.66 

λ  -0.18 0.02 0.17 -0.00 -0.04 -0.30 -0.27    

t-stat.  -0.31 0.53 1.71 -0.56 -1.24 -2.73 -0.69    

        Fama-French Model 

 cons rmrf smb hml     Wald J-test HJ-dist 

b 0.98 0.05 -0.05 -0.03     22.01 48.91 0.30 

t-stat. 56.01 3.09 -3.48 -1.94     0.00 0.00 0.00 

λ  -0.99 0.23 0.36        

t-stat.  -3.22 1.81 2.97        

   Standard Model 

 cons rmrf smb hml inf ind   Wald J-test HJ-dist 

b 0.01 0.05 -0.04 -0.05 2.93 0.11   17.08 19.41 0.23 

t-stat. 0.03 1.80 -1.78 -2.02 2.92 0.63   0.00 0.43 0.64 

λ  -0.43 0.23 0.32 -0.30 -0.43      

t-stat.  -0.77 1.22 1.83 -2.90 -1.28      
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In Table 4.5, I compare my Standard Model and Alternative Model with other competing 

models in the SBM25 portfolios using GMM. Both the J-test and the HJ-distance test easily 

reject the correct specification of the Petkova model. All the independent variables of Petkova’s 

model are not significant, suggesting the weak performance of the Petkova model. The GMM 

estimation of the Alternative Model illustrates a significant inflation coefficient of 3.05 (t-

statistic = 2.70) and a significant premium of inflation equal to -0.30 (t-statistic = -2.73), 

suggesting that inflation is a key factor that significantly helps to price SBM25 portfolios. 

Comparing the Petkova model with my Alternative Model, the HJ-distance in the latter model is 

lower at the value of 0.25, with a significant P-value of 0.66. The J-test does not reject the 

Alternative Model (= 19.17, P-value = 0.31). Hence, the results show that inflation significantly 

contributes to the explanatory power of my Alternative Model in pricing the SBM25 portfolios. 

Table 7 also displays the estimation results of the Fama-French three-factor model and my 

proposed Standard Model. The J-test and HJ-distance of Fama-French’s three-factor model 

reject the null that the Fama-French three-factor model is correctly specified. In contrast, the 

Standard Model is correctly specified according to the Wald test statistic (= 17.08, P-value = 

0.00), to the J-test statistic (= 19.41, P-value = 0.43), and to HJ-distance (= 0.23, P-value = 0.64). 

The coefficient of inflation is significant (= 2.93, t-statistic = 2.92), implying the inflation helps 

to price these assets. The factor premium of inflation is also significantly and negatively priced 

(= -0.30, t-statistic = -2.90). My P-value approach and the absolute value of HJ-distance indicate 

that my Standard Model and Alternative Model have a better explanatory power than the original 

Fama-French three-factor model and the Petkova model in pricing relevant assets.  
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Table 4.6 

GMM: 25 Size and Momentum Portfolios 

 

This table reports the GMM estimation results for the SM25 portfolios using Hansen-Jagannathan (1997) distance. The HJ-

distance uses the inverse of the second moments of the 25 SM portfolio returns as the weighting matrix. rmrf = market risk 

premium, the difference between the value-weighted market return and the one-month Treasury bill rate. term = term spread, the 

difference between the yields of a ten-year and a one-year government bond. def = default spread, the difference between the 

yields of a Moody’s Baa and Aaa corporate bonds yields. div = dividend yield, the sum of dividends over the last 12 months 

divided by the level of the S&P 500 index. rf = risk free rate, the one-month T-bill yield. inf = inflation based on the consumer 

price index. ind = industrial production cycle. smb = size premium, the difference of returns between small and big firms. hml = 

value premium, the difference of the returns between high book-to-market and low book-to-market firms. umd = momentum 

premium, the difference of returns between high prior return and low prior return firms. x

tg = innovation in variable x, where x is 

term, def, div, rf. The J-test is Hansen’s (1982) test of the model over-identifying restrictions. The Wald test examines the joint 

significance of factor loadings in the pricing kernel. The HJ-distance test is the Hansen-Jagannathan (1997) distance measure 

whose P-values are obtained from 10,000 simulations as in Jagannathan and Wang (1996). The b’s are the coefficient estimates of 

the pricing factors and the constant in the pricing kernel, while λ is the estimate of the corresponding risk premium. t-stat. = the 

GMM t-statistics. The numbers in brackets are the associated P-values. The sample period is from July 1963 to September 2014. 

 

Petkova ICAPM 

 cons rmrf termg  defg  divg  rfg    Wald J-test HJ-dist 

b 0.99 0.00 -2.48 0.67 -2.04 11.26   7.67 55.67 0.39 

t-stat. 30.94 -0.05 -1.33 0.77 -0.37 2.09   0.17 0.00 0.00 

λ  0.08 0.04 0.04 0.00 -0.04      

t-stat.  0.20 1.48 0.58 0.36 -1.99      

Alternative Model 

 cons rmrf termg  defg  divg  rfg  inf ind Wald J-test HJ-dist 

b 1.06 0.08 -0.14 -1.16 22.70 3.84 -0.26 -1.20 9.18 10.55 0.31 

t-stat. 1.60 1.14 -0.03 -0.73 1.55 0.42 -0.13 -2.24 0.23 0.87 0.78 

λ  -0.13 0.03 0.09 -0.01 -0.02 0.12 2.05    

t-stat.  -0.15 0.58 0.79 -0.83 -0.60 0.62 2.32    

    Fama-French Model 

 cons rmrf smb hml     Wald J-test HJ-dist 

b 0.94 0.07 -0.06 0.05     11.1 69.99 0.39 

t-stat. 36.63 2.62 -3.15 1.57     0.01 0.00 0.00 

λ  -0.87 0.39 -0.31        

t-stat.  -2.30 2.68 -1.37        

Standard Model 

 cons rmrf smb hml inf ind   Wald J-test HJ-dist 

b 1.00 0.01 -0.08 -0.02 0.00 -0.71   13.77 26.70 0.32 

t-stat. 2.44 0.15 -3.10 -0.35 0.00 -2.92   0.02 0.11 0.18 

λ  -0.68 0.31 0.13 0.07 1.34      

t-stat.  -1.01 1.62 0.39 0.52 2.77      

Carhart Model 

 cons rmrf smb hml umd    Wald J-test HJ-dist 

b 1.03 0.02 -0.04 -0.02 -0.04    20.08 61.58 0.36 

t-stat. 26.54 0.56 -2.60 -0.53 -2.69    0.00 0.00 0.00 

λ  -0.30 0.32 0.06 0.73       

t-stat.  -0.74 2.28 0.26 3.21       
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Table 4.6 displays the performance of models in explaining the SM25 portfolios. The 

Wald test, J-test and HJ-distance all reject the correctly specified Petkova ICAPM, implying that 

this model performs poorly in explaining the SM25 portfolios. Furthermore, the cycle of IP helps 

to price the model (= -1.20, t-statistic = -2.24) and is significantly priced (= 2.05, t-statistic = 

2.32). The performance of the Alternative Model is good41, as the model passes the J-test (= 

10.55, P-value = 0.87) and the HJ-distance (= 0.31, P-value = 0.78). The Standard Model 

performs significantly better than the Fama-French three-factor model and the Carhart four-

factor model in the lowest value of HJ-distance as well as my P-value approach (Wald statistic = 

13.77, P-value = 0.02; J-test statistic = 26.70, P-value = 0.11; and HJ-distance = 0.32, P-value = 

0.18). Moreover, the cycle of IP helps to price the SM25 portfolios (coefficient = -0.71, t-statistic 

= -2.92) and is also significantly priced (the factor premium = 1.34, t-statistic = 2.77). Hence, I 

conclude that the cycle of IP is another crucial factor, particularly in explaining the SM25 

portfolios significantly.42  

 

4.5.3 Robust Check One 

 

For a robustness check, I compare my Standard Model with another five-factor benchmark 

model, i.e., Fama and French’s (2015) five-factor model. According to the absolute value of R-

squared, HJ-distance and my P-value approach, I conclude that the Fama-French five-factor 

                                                 
41 The rejection by the Wald test has the following implication: although factors achieve good fitness, 

each factor drives out the explanatory power to a considerable degree; this is plausibly an over-fit 

problem. 

 
42 I do not discuss the performance of Liu and Zhang’s (2008) four-factor model (the Fama-French three-

factor model augmented with the growth rate of IP) when the SM25 portfolios are priced. The reason is 

that the growth rate of IP is insignificantly priced in the GMM with either an identity-weighting matrix or 

an optimal weighting matrix. 
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model does not outperform my Standard Model in explaining SBM25 portfolios or SM25 

portfolios. Furthermore, following Kan, Robotti and Shanken (2013), I relax the tight structure of 

SBM25 portfolios with five industrial portfolios as testing assets. Using the P-value approach, I 

find consistent results in that my macro factors-augmented model performs significantly better 

than the original model. Testing other types of portfolios is also a sound task. To this end, I 

conduct cross-section tests for my Standard Model for a different set of portfolios, including 25 

size and short-term reversal portfolios; 32 size, operating profitability and investment portfolios; 

25 size and accrual portfolios; and 25 size and net share issue portfolios. I simply compare the 

performance of my Standard model and the Fama-French three-factor model directly using the 

absolute value of R2. I find that my augmented Standard Model consistently outperforms the 

Fama-French three-factor model in these relevant portfolios, where inflation or the cycle of IP 

can significantly help to price these assets.  

 

4.5.4 Time Series Relation between the Momentum Factor and Other Macro Factors 

 

Next, I explore the relationship between the momentum effect and macro factors. Consider 

the following time-series regression: 

t umd t tind umda b e= + + , (4.4) 

t ind t tumd inda b e= + +                                                                         (4.5) 

where ind is the IP cycle and umd is the momentum premium. Panels A and B in Table 4.7 

display the time-series regression estimates. The results indicate that the cycle of IP positively 

and significantly co-varies with the momentum factor. This behavior implies that the cycle of IP 
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is closely related to the momentum factor.43 Panels C and D in Table 4.7 assess the performance 

of the Standard Model when augmented with the momentum factor in pricing SM25 portfolios. 

Panel C gives the GMM estimations with HJ-distance, while Panel D does the same with the 

identity weighting matrix. Both results indicate that the t-statistics of the momentum factor lose 

significance, but the cycle of IP remains significant, suggesting that the cycle of IP captures most 

information of umd in pricing momentum portfolios. Put differently, umd becomes superfluous 

when incorporated within to my Standard Model. 

  

                                                 
43 Regressing the growth rate of IP of Liu and Zhang (2008) on umd yields an insignificant coefficient, 

implying that the growth rate of IP is insignificantly related to the umd factor. 
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Table 4.7 

Results for the Relationship between Momentum and Cycle of Industrial Production  

 

Panel A and B reports the estimation results of time-series regression, while Panel C and Panel D reports the GMM 

estimations results using Hansen-Jagannathan (1997) distance and identity weighting matrix respectively. The tested 

assets are the SM25 portfolios. umd = momentum premium, the difference of returns between high prior return and 

low prior return firms. inf = inflation based on the consumer price index. ind = industrial production cycle. Ind = 

industrial production cycle. rmrf = market risk premium, the difference between the value-weighted market return 

and the one-month Treasury bill rate. smb = size premium, the difference of returns between small and big firms. 

hml = value premium, the difference of the returns between high book-to-market and low book-to-market firms. umd 

= momentum premium, the difference of returns between high prior return and low prior return firms. t-stat. = the 

GMM t-statistics. The R2 (in %) refers to R2 in Panel A. In panel A and B, the associated t-statistics are reported and 

corrected for autocorrelation and heteroskedasticity using the Newey-West (1987) estimator with three lags and five 

lags respectively. The J-test is Hansen’s (1982) test of the model over-identifying restrictions. The sample period is 

from July 1963 to September 2014. 

 

Panel A: Regression on contemporaneous industrial production cycle 

t ind t tind umda b e= + +  

 cons umd           R2   

coefficient -0.04 0.06    0.032   

t-stat.(lag3) -0.36 2.11       

t-stat.(lag5) -0.30 1.95       

Panel B: Regression on contemporaneous umd 

t ind t tumd inda b e= + +  

 cons umd           R2   

coefficient 0.69 0.53    0.032   

t-stat.(lag3) 4.25 2.29       

t-stat.(lag5) 4.33 2.23       

Panel C: GMM estimation with HJ distance 

 cons rmrf smb hml inf ind umd J-test 

b 1.01  0.01  -0.08  -0.01  -0.04  -0.73  0.00  25.54 
t-stat. 2.46  0.20  -2.99  -0.26  -0.04  -2.59  0.11  0.11 

Panel D: GMM estimation with Identity weighting matrix 

 cons rmrf smb hml inf ind umd J-test 

b 1.44  0.01  -0.09  0.00  -1.40  -1.00  0.03  17.00 
t-stat. 1.83  0.14  -2.46  -0.01  -0.59  -2.33  0.72  0.52 
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Tables 4.8 and 4.9 report the factor loadings and their associated t-statistics of the Carhart 

four-factor model and my proposed Standard Model, respectively, for the two-way sorted SM25 

portfolios. These data can also be regarded as comparing model performance in the first stage of 

a two-pass cross-sectional regression. The results show that Fama-French’s three-factors remain 

highly significant in the Carhart four-factor model and in the Standard Model. The loadings on 

the cycle of IP prove significant in a considerable proportion of the portfolios. Furthermore, the 

loading on the cycle of IP increases monotonically from lower to higher momentum quantiles 

within each momentum quantile. In addition, the portfolios within the lowest momentum have 

negative loadings on the cycle of IP, and the portfolios within the highest momentum have 

positive loadings. Specifically, the signs of the cycle of IP in the Standard Model nearly coincide 

with those of the momentum factor in the Carhart four-factor model. I therefore argue that the 

momentum risk may plausibly be a marginal proxy for the cycle of IP, as the loading pattern on 

the cycle of IP in Table 4.9 closely resembles that on the momentum loading in Table 4.8. 
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Table 4.7 

 
Time-Series Regression Results for the Carhart Four-Factor Model: 25 Size and Momentum Portfolios 

 

This table reports the loadings for the excess market returns, size factor, value factor, and momentum factor all computed in the context of the following time-

series regressions for the SM25 portfolios. 

,i t rmrf t smb t hml t umd t t
r rmrf smb hml umda b b b b e= + + + + +  

 

rmrf = market risk premium, the difference between the value-weighted market return and the one-month Treasury bill rate. smb = size premium, the difference 

of returns between small and big firms. hml = value premium, the difference of the returns between high book-to-market and low book-to-market firms. umd = 

momentum premium, the difference of returns between high prior return and low prior return firms. The associated t-statistics are reported and corrected for 

autocorrelation and heteroskedasticity using the Newey-West (1987) estimator with three lags. The sample period is from July 1963 to September 2014. 

 
βrmrf  t(βrmrf)  R2 

 Low 2 3 4 High   Low 2 3 4 High   Low 2 3 4 High 

Small 1.05  0.90  0.88  0.89  1.04   Small 34.79  41.51  42.63  40.76  39.84   Small 0.91  0.93  0.92  0.92  0.92  

2 1.17  0.98  0.95  0.97  1.13   2 48.98  54.37  47.59  52.81  51.21   2 0.95  0.93  0.92  0.94  0.95  

3 1.15  1.01  0.97  1.00  1.13   3 33.87  41.50  49.87  42.20  59.47   3 0.92  0.92  0.91  0.90  0.94  

4 1.18  1.07  1.01  1.03  1.12   4 34.28  50.47  39.93  44.80  43.10   4 0.90  0.91  0.89  0.89  0.91  

big 1.16  0.94  0.96  0.98  1.08   big 30.88  44.83  50.22  52.61  52.90   big 0.88  0.89  0.88  0.89  0.90  

βsmb  t(βsmb)        

 Low 2 3 4 High   Low 2 3 4 High        

Small 1.24  0.97  0.89  0.92  1.14   Small 22.04  18.53  14.48  17.98  21.55         

2 0.96  0.77  0.67  0.75  0.95   2 24.84  14.93  12.93  14.50  27.35         

3 0.61  0.46  0.46  0.43  0.71   3 10.79  8.03  9.79  6.63  21.73         

4 0.32  0.17  0.16  0.15  0.44   4 7.29  3.78  2.69  2.27  13.57         

big -0.12  -0.20  -0.21  -0.23  -0.04   big -3.19  -6.56  -6.54  -7.19  -1.01         

βhml  t(βhml)        

 Low 2 3 4 High   Low 2 3 4 High        

Small 0.17  0.43  0.45  0.38  0.17   Small 2.43  8.93  10.34  7.70  3.70         

2 0.07  0.32  0.37  0.35  0.06   2 1.88  6.45  7.54  9.10  2.13         

3 0.01  0.28  0.36  0.37  0.03   3 0.25  5.71  7.27  7.24  0.91         

4 0.04  0.24  0.31  0.27  0.03   4 0.92  4.60  5.35  5.12  0.84         

big -0.06  0.09  0.12  0.12  -0.05   big -1.10  2.13  3.42  3.11  -1.52         

βumd  t(βumd)        

 Low 2 3 4 High   Low 2 3 4 High        

Small -0.70  -0.26  -0.08  0.08  0.29   Small -10.57  -8.76  -2.49  2.29  8.00         

2 -0.72  -0.32  -0.06  0.08  0.36   2 -12.33  -9.02  -1.89  2.93  14.38         

3 -0.75  -0.32  -0.14  0.10  0.41   3 -22.81  -12.23  -4.64  2.68  15.36         

4 -0.80  -0.38  -0.14  0.09  0.45   4 -21.55  -10.63  -4.56  2.68  16.86         

big -0.75  -0.43  -0.10  0.17  0.48   big -20.86  -13.70  -2.84  6.01  14.20         
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Table 4.8 

Time-Series Regression Results for Alternative Model: 25 Size and Momentum Portfolios 

 

This table reports the loadings for the excess market returns, size factor, value factor, inflation and industrial production cycle computed in time-series regressions for 

the SM25 portfolios. 

,

inf ind

i t rmrf t smb t hml t inf t ind t tr rmrf smb hmla b b b b g b g e= + + + + + +  

 

rmrf = market risk premium, the difference between the value-weighted market return and the one-month Treasury bill rate. smb = size premium, the difference of 

returns between small and big firms. hml = value premium, the difference of the returns between high book-to-market and low book-to-market firms. indg = innovation 

in industrial production cycle. infg = innovation in inflation. The associated t-statistics are reported and corrected for autocorrelation and heteroskedasticity using the 

Newey-West (1987) estimator with three lags. The sample period is from July 1963 to September 2014. 
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Table 4.9 (Continued) 
 

βm  t(βm)  R2 

 Low 2 3 4 High   Low 2 3 4 High   Low 2 3 4 High 

Small 1.14  0.93  0.88  0.87  0.99   Small 21.68  31.11  37.71  36.61  32.18   Small 0.79  0.90  0.92  0.91  0.89  

2 1.28  1.02  0.96  0.96  1.09   2 22.71  33.88  44.14  45.50  40.41   2 0.81  0.88  0.92  0.94  0.90  

3 1.26  1.06  0.99  0.98  1.08   3 19.71  29.04  42.21  36.52  37.74   3 0.75  0.87  0.90  0.89  0.87  

4 1.30  1.13  1.02  1.01  1.05   4 18.54  33.98  35.08  37.77  29.25   4 0.70  0.83  0.88  0.88  0.82  

big 1.28  1.01  0.97  0.95  1.01   big 19.12  27.92  50.21  39.91  29.20   big 0.67  0.77  0.88  0.86  0.77  

βsmb  t(βsmb)        

 Low 2 3 4 High   Low 2 3 4 High        

Small 1.21  0.96  0.88  0.92  1.15   Small 10.79  12.83  13.08  19.62  22.07         

2 0.94  0.76  0.66  0.75  0.96   2 9.96  9.59  11.93  16.09  20.74         

3 0.59  0.45  0.46  0.43  0.72   3 4.82  5.30  7.80  7.51  14.73         

4 0.30  0.17  0.16  0.16  0.45   4 2.93  2.11  2.19  2.54  6.86         

big -0.14  -0.21  -0.21  -0.23  -0.03   big -1.62  -3.72  -5.71  -7.88  -0.55         

βhml  t(βhml)        

 Low 2 3 4 High   Low 2 3 4 High        

Small 0.38  0.51  0.48  0.35  0.08   Small 3.05  8.03  9.14  7.10  1.41         

2 0.29  0.42  0.39  0.33  -0.05   2 2.48  5.93  7.39  7.69  -0.93         

3 0.25  0.38  0.40  0.35  -0.10   3 2.07  5.80  7.23  6.35  -1.65         

4 0.29  0.36  0.36  0.25  -0.11   4 2.41  5.27  5.70  4.38  -1.55         

big 0.17  0.22  0.15  0.06  -0.20   big 1.48  3.47  3.88  1.40  -3.13         

βinf  t(βinf)        

 Low 2 3 4 High   Low 2 3 4 High        

Small 0.46  0.05  -0.08  -0.17  0.71   Small 1.02  0.17  -0.34  -0.80  2.19         

2 -0.31  -0.41  -0.30  -0.17  0.36   2 -0.69  -1.48  -1.58  -0.96  1.10         

3 -0.56  -0.46  -0.49  -0.34  0.61   3 -1.13  -1.59  -2.11  -1.50  1.81         

4 -0.04  -0.35  -0.53  -0.12  0.48   4 -0.08  -1.08  -2.46  -0.41  1.26         

big 0.12  -0.56  -0.23  -0.02  0.48   big 0.20  -1.76  -1.06  -0.08  1.20         

βind  t(βind)        

 Low 2 3 4 High   Low 2 3 4 High        

Small -0.62  -0.30  -0.17  -0.09  0.02   Small -2.62  -3.67  -3.32  -1.56  0.24         

2 -0.37  -0.17  -0.02  0.00  0.23   2 -1.42  -1.49  -0.30  0.04  2.58         

3 -0.35  -0.12  -0.07  0.06  0.28   3 -1.75  -1.07  -0.91  1.21  3.26         

4 -0.38  -0.15  -0.09  0.04  0.19   4 -2.10  -1.34  -1.13  0.61  1.93         

big -0.33  -0.18  -0.09  -0.01  0.13   big -1.86  -1.71  -1.19  -0.26  1.64         
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Figure 4.1 depicts the extent to which the loadings of the SM25 portfolios in the cycle 

of IP are similar to those in the momentum factor. I group five portfolios of the same size 

quintile together in the order of increasing momentum effect. The loadings on the cycle of IP 

and on the momentum factor follow a clear monotonically increasing pattern along the 

momentum dimension. This visual evidence also supports the notion that the momentum 

factor constitutes the underlying factor cycle of IP and may plausibly be a marginal proxy for 

the cycle of IP.  
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Figure 4.1 

 
Loadings of Standard Model and Carhart Four-Factor Model: 25 Size and Momentum Portfolios 

The top panel portrays the loading of the industrial cycle estimated from the following time-series regression in the Standard 

Model. 

 

,

ind inf

i t rmrf t smb t hml t ind t inf t tr rmrf smb hmla b b b b g b g e= + + + + + +  

 

rmrf = market excess return. smb = size premium, the difference of returns between small and big firms. hml = value 

premium, the difference of the returns between high book-to-market and low book-to-market firms. ind = industrial 

production cycle. inf = inflation based on the consumer price index. indg = innovation in industrial production cycle. infg = 

innovation in inflation. The bottom panel gives the loading of momentum factor estimated from the time-series regression in 

the Carhart four-factor model. 

 

,i t rmrf t smb t hml t umd t tr rmrf smb hml umda b b b b e= + + + + +  

 

smb = size premium, the difference of returns between small and big firms. hml = value premium, the difference of the 

returns between high book-to-market and low book-to-market firms. umd = momentum premium, the difference of returns 

between high prior return and low prior return firms. The 25 size and momentum portfolios are tested. The portfolio numbers 

on the horizontal axis are given in two digits, where the first digit index is the size quintile increasing from one to five and 

the second digit index is the momentum quintile increasing from one to five. The five portfolios of the same book-to-market 

quintile are grouped together in order of increasing sizes and the same size groups are connected through a line. The sample 

period is from July 1963 to September 2014. 
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4.5.5 Robust Check Two 

 

To confirm the new function of ex-post cycle of IP, I test 10 one-way sorted 

momentum portfolios for robustness. I constrain these unimportant factors such as size factor, 

value factor and inflation equivalent to zero. Put differently, when there are 10 momentum 

equations for a cross-sectional test, a robust and smooth estimation approach is to control the 

number of independent factors to a limited quantity, such as two or three.  

 

          Table 4.10 shows that the cycle of IP or the momentum factor helps to price the 10 

momentum portfolios significantly, as the coefficients of the cycle of IP in the model 

“mkt+ind” and the coefficients of momentum factor in the model “mkt+umd” are all 

significant in OLS and GLS. Moreover, the model “mkt+ind” has a higher value of OLS &R2 

and GLS R2 than the model “mkt+umd”,44 and the model “mkt+ind” also passes the OLS and 

GLS specification tests of p(R2 = 1) and Shanken’s F-test statistic, whereas the model 

mkt+umd” fails in that regard. These findings imply that the ex-post cycle of IP has a 

stronger explanatory power than the momentum factor in pricing momentum anomaly. In the 

model “mkt+ind+umd,” the momentum factor becomes superfluous with the IP cycle in the 

OLS or GLS estimations. Note that the model “mkt+ind+umd” has exactly the same OLS 

&R2 and GLS R2 as the model “mkt+ind”. This result robustly indicates that much of priced 

information in the momentum factor is the inclusive information of the IP cycle. 

 

                                                 
44 The model “mkt+ind” refers to the model with only market excess return and the cycle of IP, the 

model “mkt+umd” refers to the model with only market excess return and the momentum factor, and 

the model “mkt+ind+umd” refers to the model with only market excess return, the cycle of IP and the 

momentum factor. 
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Table 4.10 

10 Momentum Portfolios 

This table reports the estimates of prices of covariance risk from the Fama-Macbeth two-pass OLS and GLS regressions for 

one-way sorted 10 momentum portfolios respectively. rmrf = market excess return. ind= industrial production cycle. umd = 

momentum premium, the difference of returns between high prior return and low prior return firms. t-stat. (s) = the Shanken 

(1992) error-in-variable adjusted t-statistics. p(R2=1) and p(R2=0) are P-value of R2 in testing R2=1 and R2=0, respectively. 

p(F-test) is the P-value of F-test. The P-value of F-test is the P-value of a generalized version of Shanken (1985)’s CSRT, 

following Kan, Robotti and Shanken (2013). Following Kan, Robotti and Shanken (2013), I report OLS and GLS cross-

sectional R2 (in %) and corresponding P-value, and rse is the standard error of R2 under the assumption that 0< R2<1. &R2 is 

an alternative OLS R2, following Campbell and Vuolteenaho (2004). The sample period is from July 1963 to September 2014. 
 

Standard Model constraint the three factors of smb, hml and inf equal to zero.  

 rmrf ind   OLS      

coefficient 0.08 0.84   &R2 0.91 R2 0.97 p(R2=1) 0.67 

t-stat. (s) 3.58 2.98   p(F-test) 0.73 rse 0.03 p(R2=0) 0.00 

Carhart Model constraint the two factors of smb, hml equal to zero. 

 rmrf umd   OLS      

coefficient 0.03 0.04   &R2 0.75 R2 0.93 p(R2=1) 0.00 

t-stat. (s) 3.55 4.06   p(F-test) 0.00 rse 0.05 p(R2=0) 0.00 

Standard Model+umd constraint the three factors of smb, hml and inf equal to zero. 

 rmrf ind umd  OLS      

coefficient 0.09 0.97 -0.01  &R2 0.91 R2 0.97 p(R2=1) 0.58 

t-stat. (s) 3.20 2.40 -0.28  p(F-test) 0.76 rse 0.03 p(R2=0) 0.00 

Standard Model constraint the three factors of smb, hml and inf equal to zero. 

 rmrf ind   GLS      

coefficient 0.07 0.69     R2 0.64 p(R2=1) 0.41 

t-stat. (s) 4.15 3.67   p(F-test) 0.56 rse 0.27 p(R2=0) 0.00 

Carhart Model constraint the two factors of smb, hml equal to zero. 

 rmrf umd   GLS      

coefficient 0.03 0.04     R2 0.44 p(R2=1) 0.00 

t-stat. (s) 3.62 3.82   p(F-test) 0.00 rse 0.14 p(R2=0) 0.00 

Standard Model+umd constraint the three factors of smb, hml and inf equal to zero. 

 rmrf ind umd  GLS      

coefficient 0.07 0.62 0.01    R2 0.64 p(R2=1) 0.24 

t-stat. (s) 3.71 2.53 0.41  p(F-test) 0.39 rse 0.25 p(R2=0) 0.00 
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4.6 Concluding Remarks 

 

I develop a Standard Model and an Alternative Model, augmenting the Fama-French 

three-factor model and Petkova’s (2006) ICAPM, respectively, with inflation and the IP cycle. 

These two macro factors are motivated by Chen, Roll, and Ross’s (1986) five-factor APT 

model, but my research explores the significant new function of inflation and the cycle of IP. 

Following Cochrane (2005), I theoretically regard my Standard Model and Alternative Model 

as generalized linear multi-factor models, where any linear factor model is derived from a 

consumption-based model in the framework of the stochastic discount factor. Because 

inflation and the cycle of IP contain important information about the state of the economy or 

predict the future state of the market, Cochrane (2005) suggests that they can be valid 

competent factors in a generalized linear factor model. The original benchmark models 

(Petkova’s ICAPM and the Fama-French three-factor model) cannot capture adequate 

information in a cross-section of asset pricing based on the P-values approach of each 

specification test. I find that the function of inflation and the ex-post cycle of IP are 

appropriate macro factors to address the problem of inadequate explanatory power. In 

particular, my proposed Standard Model achieves the best performance among all my testing 

models while avoiding an over-fit bias. Furthermore, I believe the ex-post cycle of IP (full-

sample generated) captures the most pricing information for the momentum factor in 

explaining either one-way sorted or two-way sorted momentum anomalies.45  

 

                                                 
45 In particular, because the pattern of loading on the momentum appears similar to the pattern of loading on the 

cycle of IP, I am skeptical that the momentum premium is an effective marginal proxy for the ex-post cycle of 

IP. 
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Chapter 5     Augmenting the intertemporal CAPM with inflation: 

Further evidence from alternative models 

 

5.1 Introduction 

 

 

Fama and French (1992, 1993, 1996) develop a three-factor intertemporal capital asset 

pricing model (ICAPM) that regards the smb and hml factors as state variables in the Merton 

(1973) ICAPM framework.46 A number of papers explore the role of various economic variables 

related to the smb and hml factors in the ICAPM (see, e.g., Vassalou, 2003, Vassalou and Xing, 

2004, Hahn and Lee, 2006, and Petkova, 2006). For example, Hahn and Lee (2006) find 

evidence not only that the default and term spreads are good candidates for state variable proxies 

in the context of the Merton (1973) ICAPM but also that the innovation in the default spread and 

term spread may also proxy for smb and hml. In addition, Michel (2009) suggests that the real 

estate factor captures most of the information related to smb and hml. In other words, both the 

Hahn and Lee (2006) ICAPM and the Michel (2009) ICAPM perform as well as the Fama-

French three-factor model in pricing the cross-sectional variation of the Fama-French 25 size and 

book-to-market portfolios (SBM25). 

 

Recently, Shi et al. (2015) found that inflation 47  provides additional important 

information that both the Fama-French three-factor model and the Petkova (2006) ICAPM fail to 

explain. This macro factor is not arbitrarily chosen in the Arbitrage Pricing Theory (APT) model 

                                                 
46 As Cochrane (2005) notes, the Fama-French model may be viewed as an alternative form of the 

ICAPM. 

 
47 Shi et al. (2015) and the present study focus on inflation rather than on inflation risk, where inflation is 

the first difference of log CPI, while inflation risk is measured as the unanticipated change in the inflation 

rate. 
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of Ross (1976), as myriad APT models commonly include the inflation factor, beginning with 

Chen et al. (1986). In addition, there is well-documented evidence that the inflation factor is 

critical for pricing asset returns (Adams et al., 2004; Bottazzil and Corradi, 1991). Maio (2013) 

also illustrates that inflation as a conditional variable can help improve the performance of the 

Campbell and Vuolteenaho (2004) model in cross-sectional tests.  

 

There are at least three theoretical arguments for the importance of the role of the 

inflation factor. First, the Fisher effect argues that the ex-ante return on an asset can always be 

broken down into two components. The first is the real rate of return, and the other is the 

expected inflation rate, which suggests that inflation is always a determinant of asset returns, 

including stock returns. Second, Fama and Schwert (1977) also emphasize that inflation can 

predict aggregate stock returns. Third, Maio (2013) argues that the consumer price index (CPI) is 

a proxy for the “bad times” of financial wealth and nonfinancial wealth. Many studies 

consistently find a negative relationship between stock returns and inflation. For example, Fama 

(1981) documents a negative relationship between inflation and real activity, in which the real 

activity can be the primary driver of the stock price. As a result, the negative relationship 

between stock returns and inflation is also a proxy for the positive relationship between real 

activity and stock returns. 

 

Apart from the inflation rate, the asset pricing literature has also considered both 

unexpected inflation (see, e.g., Aretz et al., 2010; Chen et al., 1986) and innovation in expected 

inflation (see Chen et al., 1986). However, all three alternative factors are highly correlated with 

one another, which implies that they share a significant amount of similar information. My 
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unreported findings show that, empirically, the inflation rate is the best choice of the three to 

represent an augmented factor to capture the most valuable information. In other words, my 

proposed ICAPM models augmented with inflation all perform better overall than models 

augmented with unexpected inflation or innovation in expected inflation in terms of the value of 

R2 and HJ-distance and my P-value approach. 

 

My study extends Shi et al. (2015) and specifically investigates other ICAPM 

specifications. Thus, the following two alternative ICAPM specifications and another multi-

factor model are chosen as benchmark models in this study: Michel’s (2009) ICAPM, Hahn and 

Lee’s (2006) ICAPM and Hou et al.’s (2011) model. Notably, these ICAPM specifications are 

selected with the following restrictive requirement: the state variable in these ICAPM 

specifications must contain most of the information of the smb and hml factors in pricing the 

SBM25 portfolios.48 Michel (2009) shows that innovations in real estate portfolios meet this 

requirement, whereas Hahn and Lee (2006) illustrate that the smb and hml factors may proxy for 

innovations in the default and term spreads, respectively. Hou et al. (2011) find that their three-

factor model that enhances the CAPM with momentum and cash flow-to-price factors 

outperforms the Fama-French three-factor model and an alternative version of the Carhart (1997) 

four-factor model in explaining the time series of global stock returns.  

 

My methodology is based on the Fama and MacBeth (1973) two-pass Ordinary Least 

                                                 
48 Similar to the Fama-French three-factor model, my benchmark ICAPMs can capture a large share of 

this information. I thus expect that my ICAPMs augmented with inflation have a goodness-of-fit similar 

to that of the augmented models in Shi et al. (2015). The empirical results of my study are consistent with 

this expectation. 



 

123 

 

 

 

Squares (OLS) and Generalized Least Squares (GLS) cross-sectional regression and the Hansen 

(1982) Generalized Method of Moments (GMM). Following Kan, Robotti and Shanken (2013), I 

also report the P-value of the R2 statistic, the P-value of a generalized version of the Shanken 

(1985) F-test statistics and the standard error of R2 under the assumption that 0< R2 <1 in both 

OLS and GLS estimations. Both statistics mentioned above ease the independent and identically 

distributed (i.i.d.) normality assumption. The P-value of the R2 statistic aims to test R2=1 (that is, 

a correctly specified model) and R2=0 (that is, a misspecified model that explains none of the 

cross-sectional variation in the expected returns). In addition, I conduct a robustness check that 

adds five Fama-French industry portfolios to the SBM25 portfolios to ease the tight structure of 

the SBM25 portfolios, as recommended by Lewellen et al. (2010) and Kan, Robotti and Shanken 

(2013).  

 

 Using US monthly data over the period spanning from July 1963 to September 2014, I 

find significant evidence that the alternative ICAPMs augmented with inflation perform better 

than their original benchmark. Apart from having higher R2 statistics and lower pricing errors, 

the ICAPMs augmented with inflation also pass the P-value approach, whereas the original 

ICAPMs fail in this regard, highlighting the fact that inflation (the augmented factor) is an 

important factor that is commonly regarded in both APT and multi-factor models and that helps 

the original ICAPMs and HKK model improve their performance in pricing the SBM25 and the 

SBM25 plus five industry portfolios.  

 

My contributions to the literature are as follows. First, consistent with Shi et al. (2015), I 

find that the explanatory power of the benchmark ICAPMs is inadequate; for example, the data 
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do not support the null hypothesis that the model is correctly specified in my GLS or GMM 

estimations for the Hahn and Lee (2006) model, while the Michel (2009) model performs poorly 

in various model diagnostic tests. The HKK model performs inadequately as well. Second, my 

empirical evidence clearly suggests that the alternative inflation-augmented models perform 

significantly better than the original ICAPMs and the HKK model in explaining the cross-section 

of the SBM25 portfolios. I can alternatively regard my augmented multi-factor models as Ross 

(1976)’s multi-factor Arbitrage Pricing Theory (APT) models.49 In particular, Armitage (2005) 

also posits that the APT model is practically indistinguishable from an ad hoc multi-factor model. 

 

Asset pricing in the Australian market also has a long period of fruitful investigation. For 

examples, Faff and Chan (1998) test an ICAPM model with a gold bullion price factor as a 

hedging variable; Docherty et al. (2010) propose a tangibility factor; Li et al. (2011) document 

the usefulness of the consumption factor; and Chai et al. (2013) use a liquidity factor. All these 

related studies investigate certain new factors/models to explain the variation of Australian stock 

market returns in some regard. However, to the best of my knowledge, none of these studies 

clearly answers the question of whether the inflation factor helps the original models price the 

cross-sectional variation of equity market returns. The success of the US market study in this 

paper may shed some light on this point, i.e., that the inflation factor may enhance the 

explanatory power of the original models in the Australian market and in other international 

markets. 

 

                                                 
49 Fama and French (1996) posit that the Fama-French three-factor model also conforms to Ross (1976)’s 

APT. 
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5.2 The proposed benchmark models 

 

The first set of my proposed alternative models is the Michel (2009) ICAPM augmented 

with inflation, and the second set of alternative models is the Hahn and Lee (2006) ICAPM 

model augmented with inflation. The state variables in the Hahn and Lee (2006) ICAPM are the 

innovations in the term spread and the default spread, while the state variable in the Michel 

(2009) ICAPM is the innovation in real estate portfolios. Campbell (1996) argues that 

implementations of the ICAPM should not rely solely on choosing important macroeconomic 

variables. Instead, the factors in the model should be related to the innovations in state variables 

that forecast future investment opportunities. In light of Campbell (1996), Hahn and Lee (2006) 

and Michel (2009) both argue that the term spread, default spread and real estate portfolio are 

capable of forecasting future market returns and are therefore good candidates for state variables 

in the ICAPM framework.  

 

I choose the Michel (2009) ICAPM and the Hahn and Lee (2006) ICAPM formulations 

mainly because the state variables in these two ICAPMs capture most of the implications of the 

smb and hml factors in pricing the SBM25 portfolios. The following equations represent the 

beta-pricing form of my proposed ICAPMs augmented with inflation. 

 

The first proposed model is the Michel (2009) ICAPM augmented with inflation, 

                        
, ,i t rmrf t smb t inf t i tr rmrf realestate infb b b e= + + + , (5.1) 

where rmrf is the market risk premium, i.e., the difference between the value-weighted market 

return and the one-month Treasury bill rate; inf is inflation, i.e., the first difference of the 
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logarithmic value of CPI; and r is the excess return on the SBM25 portfolios. b in any notation 

refers to the parameter and 
,i te  refers to the pricing error. 

 

The second proposed ICAPM is the Hahn and Lee (2006) ICAPM augmented with 

inflation,  

           , ,term def

term def

i t rmrf t t t inf t i tr rmrf inf
g g

b b g b g b e= + + + +  (5.2) 

where x

tg is the innovation in variable x (and x is one of the state variables); term is the term 

spread, i.e., the difference between the yields of a ten-year and a one-year government bond; and 

def is the default spread, i.e., the difference between the yields of Moody’s Baa and Aaa 

corporate bond yields.    

 

             In addition to these ICAPMs, I propose the Hou et al. (2011) three-factor model (HKK 

model) augmented with inflation, 

           
, ,i t rmrf t umd cfp inf t i tr rmrf umd cfp infb b b b e= + + + +                                              (5.3) 

where umd is the momentum premium, i.e., the difference in returns between high prior return 

and low prior return firms, and cfp is cash flow-to-price, i.e., the highest CFP-quintile returns 

minus the lowest CFP-quintile returns. 

 

I augment only one essential factor with respect to the Michel (2009) ICAPM, the Hahn 

and Lee (2006) ICAPM and the HKK model; my empirical findings suggest that my augmented 

models have already adequately explained the cross-sectional variation of the Fama-French 
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portfolio returns, as all the diagnostic test statistics in my study do not reject the null hypothesis 

that the model is correctly specified and the R2 statistics are very high. 

 

 Another advantage of my proposed models is that they can alleviate the over-fitting 

problem in pricing the SBM25 portfolios. The over-fitting problem may lead to another problem 

in which the stochastic discount factor (SDF) can often be negative,50 violating asset pricing 

theory because the theory assumes the SDF to be strictly positive. To successfully explain the 

variation while minimizing the over-fitting problem, a good model with fewer factors is 

preferred. To alleviate this issue, I propose my augmented alternative models with as few factors 

as possible to avoid the over-fitting problem while continuing to have adequate power to explain 

the variation in the cross-section of SBM25 portfolios.  

 

5.3 Methodology and data 

 

My methodology is based on the Fama and MacBeth (1973) two-pass OLS and GLS 

cross-sectional regression and the Hansen (1982) GMM. In the first stage of the Fama-Macbeth 

regression, I obtain the estimated loadings of risk factors.51 In the second step, I perform cross-

sectional regressions and use the Shanken (1992) procedure to make asymptotically valid error-

in-variable adjustments of the resulting standard errors.  

 

                                                 
50 However, most empirical studies of asset pricing models ignore this problem. Shi et al. (2015) note that 

the Petkova (2006) ICAPM augmented with macro-factors suffers from this over-fitting problem. 

 
51 I estimate the full-sample betas, following Lettau and Ludvigson (2001b), Petkova (2006), Kan et al. 

(2013), among others. 
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Lewellen et al. (2010) argue that asset pricing tests are often misleading when they rely 

purely on the metrics of high cross-sectional R2 statistics and small pricing errors.52 Thus, these 

authors recommend the P-value approach, in which the null hypothesis is that the model is 

correctly specified. A correctly specified model always performs better than a misspecified 

model in the P-value approach for every statistic. Based on this approach, Kan, Robotti and 

Shanken (2013) develop the P-value test of the R2 statistic.53 In contrast to Lewellen et al. (2010), 

my study compares the original ICAPMs and ICAPMs with inflation based on the P-value 

approach for each test statistic54, in addition to the R2 statistics and pricing errors. Second, I also 

report the results of the Fama-Macbeth (1973) GLS and GMM (using the Hansen-Jagannathan 

(HJ) distance as a weighting matrix) to effectively alleviate this problem, as advocated by 

Lewellen et al. (2010). Note that the HJ approach/two-step optimal GMM is an alternative to 

GLS/Weighted Least Squares (WLS) cross-sectional regressions. In addition, I conduct a 

robustness check that adds five Fama-French industry portfolios to the SBM25 portfolios to relax 

the tight structure of the SBM25 portfolios, as recommended by Lewellen et al. (2010) and Kan, 

Robotti and Shanken (2013).  

 

I report the R2 statistics as per Kan, Robotti and Shanken (2013), Lewellen et al. (2010) and 

Kandel and Stambaugh (1995). Following Kan, Robotti and Shanken (2013), I also report the P-

                                                 
52  Lewellen et al. (2010) posit that since the size-BM portfolios are known to have a strong factor 

structure, any factor (spuriously) weakly correlated to SMB and HML may produce a high R2 statistic or 

low pricing errors. 

 
53 Kan et al. (2013) derive the asymptotic distribution of R2 statistics, which is a step beyond the Lewellen 

et al. (2010) limited simulation approach. 

 
54 The validity of the p-values of the statistics depends on whether they account for the small-sample 

properties of the statistics. The p-value of my diagonal test statistics in my framework can be 

approximated in a small sample. 
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value of the R2 statistic, the P-value of the generalized version of the Shanken (1985) F-test 

statistics and the standard error of R2 under the assumption that 0< R2 <1 in both the OLS and 

GLS estimations. Both statistics mentioned above relax the i.i.d. normality assumption. 

Following Kan, Robotti and Shanken (2013) and Davies et al. (2015), I report the results by 

setting the lags equal to zero, which is equivalent to a heteroskedasticity-robust adjustment. The 

P-value of the R2 statistic aims to test R2=1 (that is, a correctly specified model) and R2=0 (that is, 

a misspecified model that does not explain any of the cross-sectional variation in the expected 

returns). Another possible case is: 
20 1R< < . Indeed, Kan, Robotti and Shanken (2013) point 

out: when 
20 1R< < , it is also a misspecified model but that asset pricing model does provide 

some explanatory power. In addition, I follow Campbell and Vuolteenaho (2004) to report an 

alternative R2 statistic when the intercept is constrained to zero. This alternative R2 statistic 

provides additional valuable information 55  regarding the explanatory power of asset pricing 

models for the cross-sectional variation of portfolios returns. 

 

As a robustness check, I further obtain supplemental estimations using Hansen’s GMM 

methodology with both the Hansen and Jagannathan (1997) weighting matrix 56  and an 

asymptotically optimal weighting matrix57. In the SDF framework, Cochrane (2005) argues that 

the pricing error ( ) 1tg E mR   is simply a set of moment conditions, where R denotes the gross 

                                                 
55 Because the value of the Kan et al. (2013) R2 is always quite high for any model, it is hard to judge the 

difference. 

 
56 Following Hansen and Jagannathan (1997), I choose the inverse of the second moment of asset returns 

as a weighting matrix to compute the HJ-distance and its associated p-value. 

 
57 Following the previous literature, I also use the identity-weighting matrix in the first stage to obtain the 

optimal weighting matrix. 
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return of each portfolio and m is the pricing kernel. The GMM approach minimizes the weighted 

average value of moment conditions with any selected weighting matrix: 

( ) [ ( ) ( )]T

T T
J g b W g bq = , where W is a weighting matrix. I also compute Hansen’s J-statistic for 

the model over-identifying restrictions using an asymptotically optimal weighting matrix in 

which the first stage is either an HJ-based or an identity-weighting matrix. 

 

My P-value approach is based on the following test statistics of model diagnostics: the R2 

statistic (R2=1) and the generalized Shanken (1985) F-test statistics in the Fama-Macbeth 

regression, and the HJ-distance and Hansen’s J-statistic in the GMM. The null hypotheses of all 

these statistics are that the model is correctly specified. Thus, a high P-value indicates that the 

model is “acceptable”. Notably, Lewellen et al. (2010) propose the P-value approach in judging 

whether a model is correctly specified or not. I also obtain the other P-value of the R2 statistic 

(R2=0) in the Fama-Macbeth regression and the Wald test of the GMM. When the original model 

is compared with one that is augmented with a factor, the P-value approach can describe how 

much this factor improves the performance of the original model.58 Note that aside from R2, the 

HJ-distance, J-test and Shanken (1985) F-statistic can all measure the performance of the models. 

 

My sample consists of US monthly data over the period from July 1963 to September 

2014. Sourced from Kenneth French’s website59, I obtain the rate of return information of the 

Fama and French (1993) 25 size and book-to-market portfolios, as well as the premiums on 

                                                 
58 However, as Kan, Robotti and Shanken (2013) point out, in comparing two different sets of models, a 

model with a higher R2 statistic may have a lower p-value. In that case, R2 is a robust statistic which 

measures the performance of the model. 

 
59 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.  

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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market risk (rmrf) and the one-month Treasury bill rate. I use a one-month Treasury bill as a 

proxy for the risk-free asset. Data on the term spread, default spread, consumer price index, and 

industrial production index come from the FRED database of the Federal Reserve Bank of St. 

Louis. The term spread is computed as the difference between the yields of a ten-year and a one-

year government bond, whereas the default spread is computed as the difference between the 

yields of Moody’s Baa and Aaa corporate bonds. Inflation is calculated as the first difference of 

log CPI in each month.  

 

I follow the Michel (2009) approach in constructing the real estate portfolio.60 In particular, 

I use the composite REIT index as the proxy for the real estate portfolio and compute the return 

on the real estate portfolio as the difference between the returns on the composite REIT index 

and the one-month Treasury bill rate in my analysis. I then estimate the Michel (2009) ICAPM 

and my augmented Michel (2009) model using the innovations of real estate portfolios. The data 

of the real estate index are sourced from the National Association of Real Estate Investment 

Trusts (NAREIT) website (www.nareit.com). Note that the data regarding the return of the real 

estate index are only available beginning in January 1972.  

 

To obtain the innovations of state variables, I follow Hahn and Lee (2006) and Maio and 

Santa-Clara (2012) to process the data. In particular, the innovation of each state variable 

represents the first difference of an original variable, 
1

x

t t tx xg -= - , where x is the state 

                                                 
60 The proxy for the real estate portfolio is the difference between the return of the composite REIT index 

and the one-month Treasury bill rate. 

http://www.nareit.com/
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variables “term, def” in the Hahn and Lee (2006) ICAPM or the state variable “realestate” in the 

Michel (2009) ICAPM.  

 

Following Hou et al. (2011), I construct a cash flow-to-price (CFP) factor-mimicking 

portfolio. My cash flow-to-price mimicking portfolio returns are calculated as the highest CFP-

quintile returns minus the lowest CFP-quintile returns, where the monthly cash flow-to-price 

portfolio returns are from Kenneth French’s website. The momentum factor (umd) is also from 

Kenneth French’s website. 

 

Table 5.1.A summarizes the data statistics. Notably, the inflation rate has the highest 

autoregressive value (0.62), and other variables generally have first-order autoregressive 

coefficients of less than 0.40. 

 

Table 5.1.A 
Summary Statistics 

 
This table reports the mean, standard deviation, minimum value, maximum value and first-order autocorrelation of key variables 

for the sample. rmrf = market risk premium, the difference between the value-weighted market return and the one-month 

Treasury bill rate. inf = inflation based on the consumer price index. term = term spread, the difference between the yields of a 

ten-year and a one-year government bond. def = default spread, the difference between the yields of Moody’s Baa and Aaa 

corporate bonds. realestate = real estate portfolio, the difference between the return of the composite REITs index and the 1-

month Treasury bill rate. umd = momentum premium, the difference of returns between high prior return and low prior return 

firms. cfp = cash flow-to-price, the highest-CFP-quintile returns minus the lowest-CFP-quintile returns. xg = innovation in state 

variable x. rmrf, inf, term, def, umd, cfp are from July 1963 to September 2014 while realestate is from January 1972 to 

September 2014. 

 

 

 Observations Mean Standard 

deviation 

Minimum Maximum ρ(1) 

rmrf 615  0.50  4.47  -23.24  16.10   0.07 
defg  615  0.00  0.12    -0.63    0.94   0.29 
termg  615  0.00  0.28    -1.56    2.62   0.30 
realestateg  512 -0.01  6.99  -35.27  40.03  -0.40 

inf 615  0.33  0.32    -1.79    1.79   0.62 

umd 615  0.68 4.23 -34.70 18.39  0.06 

cfp 615  0.38 3.38 -18.47 14.97  0.03 
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Table 5.1.B shows that the correlations between inflation and other factors are low, which 

implies that inflation may contain information beyond those factors in my original model 

specifications. The ICAPM statistics summarized in Table 5.1.A and Table 5.1.B are consistent 

with Shi et al. (2015). 

 

Table 5.1.B 

Correlation Matrix 
 

This table reports the correlation matrix of variables in my proposed models. rmrf = market excess return. term = term spread, the 

difference between the yields of a ten-year and a one-year government bond. def = default spread, the difference between the 

yields of Moody’s Baa and Aaa corporate bonds. inf = inflation based on the consumer price index. umd = momentum premium, 

the difference of returns between high prior return and low prior return firms. cfp = cash flow-to-price, the highest-CFP-quintile 

returns minus the lowest-CFP-quintile returns. xg = innovation in state variable x, where x is term, def, realestate. * represents the 

correlation between the corresponding two factors is significant at the 5% level. Sample period is from July 1963 to September 

2014 for Panel A and C, and from January 1972 to September 2014 for Panel B, respectively. 

 

 

 

 

 

 

 

 

 

  

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Panel A: Hahn and Lee ICAPM with inflation 

 rmrf defg  termg  

defg  -0.05   
termg  0.12* 0.14*  

inf -0.12* -0.06 0.03 

Panel B: Michel ICAPM with inflation 

 rmrf realestateg  

realestateg  0.38*  

inf -0.11* -0.06 

Panel C: HKK model with inflation 

 rmrf umd cfp 

umd -0.12*   

cfp -0.23* -0.07  

inf -0.12* 0.08 0.07 
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5.4 Empirical results 

 

5.4.1 The preliminary evidence 

 

           Table 5.2 clearly illustrates that the risk premium of inflation is significant in two-pass 

OLS and GLS cross-sectional regressions, suggesting that inflation is a significant risk factor that 

helps price the SBM25 portfolios. Moreover, the R2 statistic of Kan, Robotti and Shanken (2013) 

in OLS and GLS is 0.88 and 0.37, respectively.  

 

 

                                                                Table 5.2 

 
The Significant Role of Inflation in 25 Size and Book-to-Market Portfolios  

 

This table reports the estimates of the single factor inflation from the Fama-Macbeth two-pass OLS and GLS regressions for the 

SBM25 portfolios. inf = inflation based on the consumer price index. Following Kan, Robotti and Shanken (2013), I report the 

OLS cross-sectional R2 (in %). The sample period is from July 1963 to September 2014. 

 

 

 

 

 

 

 

 

 

5.4.2 The Fama-Macbeth approach 

 

I display the results of the Fama-Macbeth two-pass OLS and GLS regressions in Tables 

5.3 and 5.4, respectively. I show the performance of my proposed ICAPMs augmented with 

inflation, in addition to the performance of the original specifications. In addition to the R2 

OLS estimation 

 inf   OLS  

coefficient -0.38  R2 0.88 

t-stat. (fm) -3.47    

t-stat. (s) -2.21    

GLS estimation 

 inf   GLS  

coefficient -0.34  R2 0.37 

t-stat. (fm) -6.84    

t-stat. (s) -4.73    
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statistic and pricing error, I use the P-value approach to compare the performance of the models. 

I restrict the zero-beta rate to be equal to the risk-free rate, and the intercepts in both OLS and 

GLS are thus constrained to be zero. As is typical for a regression analysis without a constant, I 

follow Kan, Robotti and Shanken (2013) to report a non-negative R2 value. This non-negative R2 

statistic is always quite high in the Fama-Macbeth two-pass OLS regression; for example, the 

CAPM model achieves a 0.86 R2 value in Kan, Robotti and Shanken (2013). In the Fama-

Macbeth two-pass OLS regression, augmenting the models with the inflation factor always 

slightly increases the value of the Kan, Robotti and Shanken (2013) R2 and decreases the value 

of the standard error of the R2. For one example in Table 5.3, the R2 and its standard error of the 

Michel (2009) ICAPM is 0.96 and 0.03, while the R2 and its standard error of the Michel (2009) 

ICAPM augmented with inflation is 0.97 and 0.02. Aside from the P-value approach, which can 

provide more robust evidence of the extent of the improvement provided by my inflation-

augmented models, the alternative R2 of Campbell and Vuolteenaho (2004) provides more 

valuable information. All the inflation-augmented models have an increase of approximately 17% 

or 20% in the R2 of Campbell and Vuolteenaho (2004), also confirming that the augmented 

models perform better. 
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                                                                                                 Table 5.3  

25 Size and Book-to-Market Portfolios: OLS Estimation Results 

 

This table reports the estimates of risk premium from the Fama-Macbeth two-pass OLS regressions for the SBM25 portfolios. 

rmrf = market excess return. term = term spread, the difference between the yields of a ten-year and a one-year government bond. 

def = default spread, the difference between the yields of Moody’s Baa and Aaa corporate bonds. realstate = real estate portfolio, 

the difference between the returns on the composite REITs index and one-month Treasury bill rate. inf = inflation based on the 

consumer price index. 
xg = innovation in variable x, where x is term, def, realestate. umd = momentum premium, the difference 

of returns between high prior return and low prior return firms. cfp = cash flow-to-price, the highest-CFP-quintile returns minus 

the lowest-CFP-quintile returns. t-stat. (fm) = the Fama-Macbeth t-statistics. t-stat. (s) = the Shanken (1992) error-in-variable 

adjusted t-statistics. p(R2=1) and p(R2=0) are P-value of R2 in testing R2=1 and R2=0, respectively. p(F-test) is the P-value of F-

test. The P-value of F-test is the P-value of a generalized version of Shanken (1985)’s CSRT, following Kan, Robotti and 

Shanken (2013). Following Kan, Robotti and Shanken (2013), I report OLS cross-sectional R2 (in %) and corresponding P-value, 

and rse is the standard error of R2 under the assumption that 0< R2<1.  &R2 is an alternative OLS R2, following Campbell and 

Vuolteenaho (2004). The sample period is from January 1972 to September 2014 for Michel (2009)’s ICAPM and its inflation-

augmented model, while the sample period is from July 1963 to September 2014 for other models. 
 

                         OLS estimation of model 

    Michel ICAPM 

 rmrf realestateg      OLS    

coefficient 0.39 4.34    R2 0.96  &R2 0.51 

t-stat. (fm) 1.84 4.81    p(R2=1) 0.07 p(F-test) 0.00 

t-stat. (s) 1.80 4.12    p(R2=0) 0.00 rse 0.03 

    Michel ICAPM+ inf 

 rmrf realestateg  inf    OLS    

coefficient 0.43 4.57 -0.27   R2 0.97 &R2 0.68 

t-stat. (fm) 2.07 4.99 -2.29   p(R2=1) 0.33 p(F-test) 0.25 

t-stat. (s) 1.98 3.56 -1.59   p(R2=0) 0.00 rse 0.02 

    Hahn and Lee ICAPM 

        rmrf        defg         termg     OLS    

coefficient 0.54  0.04  0.47    R2 0.97 &R2 0.63 

t-stat. (fm) 2.93  1.13  4.96    p(R2=1) 0.45 p(F-test) 0.36 

t-stat. (s) 2.72  0.58  2.53    p(R2=0) 0.00 rse 0.02 

    Hahn and Lee ICAPM + inf 

      rmrf         defg       termg  inf   OLS    

coefficient 0.53  0.00  0.44  -0.37   R2 0.98 &R2 0.80 

t-stat. (fm) 2.86  0.05  4.58  -5.40   p(R2=1) 0.96 p(F-test) 0.93 

t-stat. (s) 2.58  0.02  2.05  -2.43   p(R2=0) 0.00 rse 0.015 

    HKK model 

       rmrf         umd         cfp    OLS    

coefficient 0.51 1.89 1.00   R2 0.96 &R2 0.52 

t-stat. (fm) 2.68 1.52 4.68   p(R2=1) 0.03 p(F-test) 0.00 

t-stat. (s) 2.62 1.29 4.23   p(R2=0) 0.00 rse 0.024 

    HKK model + inf 

        rmrf       umd       cfp       inf   OLS    

coefficient 0.54 2.20 0.95 -0.33  R2 0.98 &R2 0.72 

t-stat. (fm) 2.83 1.86 4.32 -3.08  p(R2=1) 0.43 p(F-test) 0.58 

t-stat. (s) 2.59 1.14 3.03 -1.89  p(R2=0) 0.00 rse 0.021 
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Consider first the Fama-Macbeth OLS results for the SBM25 portfolios in Table 5.3. In 

the estimates of the Michel (2009) ICAPM augmented with inflation, the inflation factor is not 

significantly priced based on the Shanken (1992) error-in-variable adjusted t-statistic but is 

significantly priced based on the Fama-Macbeth t-statistic. Nonetheless, the P-value of the R2 

statistic (R2=1) and the Shanken F-statistic are significant, while they are insignificant in the 

Michel (2009) model, suggesting that my augmented model significantly outperforms the Michel 

(2009) model. On the other hand, comparing the original Hahn and Lee (2006) model with my 

Hahn and Lee (2006) inflation-augmented model in the OLS setup, the two perform almost 

equivalently and successfully in passing the P-value test of the R2 statistic (R2=1) and the 

Shanken F-statistic, although the augmented inflation factor is significantly priced based on the 

Shanken (1992) t-statistic. The GLS estimation results clearly illustrate the superiority of my 

augmented ICAPMs. In addition, the P-value of the R2 statistic (R2=1) and the Shanken F-

statistic reject the HKK model at the level of 0.05 significance. In the HKK augmented with 

inflation model, the augmented inflation is significantly priced based on the Shanken (1992) 

adjusted t-statistic of -1.89, and the model also successfully passes the P-value of the R2 statistic 

(R2=1) and Shanken F-statistic at the level of 0.10 significance. The negative sign of the risk 

premium of inflation is consistent with the findings from Chen et al. (1986). One explanation for 

the negative inflation premium is that most equities have negative sensitivities to inflation risk.  
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Table 5.4  

25 Size and Book-to-Market Portfolios: GLS Estimation Results 

 

This table reports the estimates of risk premium from the Fama-Macbeth two-pass GLS regressions for the SBM25 portfolios. 

rmrf = market excess return. term = term spread, the difference between the yields of a ten-year and a one-year government bond. 

def = default spread, the difference between the yields of Moody’s Baa and Aaa corporate bonds. realstate = real estate portfolio, 

the difference between the returns on the composite REITs index and one-month Treasury bill rate. inf = inflation based on the 

consumer price index. 
xg = innovation in variable x, where x is term, def, realestate. umd = momentum premium, the difference 

of returns between high prior return and low prior return firms. cfp = cash flow-to-price, the highest-CFP-quintile returns minus 

the lowest-CFP-quintile returns. t-stat. (fm) = the Fama-Macbeth t-statistics. t-stat. (s) = the Shanken (1992) error-in-variable 

adjusted t-statistics. p(R2=1) and p(R2=0) are P-value of R2 in testing R2=1 and R2=0, respectively. p(F-test) is the P-value of F-

test. The P-value of F-test is the P-value of a generalized version of Shanken (1985)’s CSRT, following Kan, Robotti and 

Shanken (2013). Following Kan, Robotti and Shanken (2013), I report GLS cross-sectional R2 (in %) and corresponding P-value, 

and rse is the standard error of R2 under the assumption that 0< R2<1. The sample period is from January 1972 to September 2014 

for Michel (2009)’s ICAPM and its inflation-augmented model, while the sample period is from July 1963 to September 2014 for 

other models. 

 

                               GLS estimation of models 

    Michel ICAPM 

 rmrf realestateg      GLS    

coefficient 0.53 2.75    R2 0.17   

t-stat. (fm) 2.63 4.07    p(R2=1) 0.00 p(F-test) 0.00 

t-stat. (s) 2.63 3.84    p(R2=0) 0.00 rse 0.08 

    Michel ICAPM+ inf 

 rmrf realestateg  inf    GLS    

coefficient 0.51 2.14 -0.38   R2 0.54   

t-stat. (fm) 2.54 3.14 -6.71   p(R2=1) 0.57 p(F-test) 0.28 

t-stat. (s) 2.52 2.16 -4.42   p(R2=0) 0.00 rse 0.18 

    Hahn and Lee ICAPM 

       rmrf      defg        termg     GLS    

coefficient 0.56 0.02 0.26   R2 0.26   

t-stat. (fm) 3.10 1.29 4.99   p(R2=1) 0.00 p(F-test) 0.00 

t-stat. (s) 3.09 0.95 3.65   p(R2=0) 0.01 rse 0.17 

    Hahn and Lee ICAPM + inf 

      rmrf     defg      termg      inf   GLS    

coefficient 0.54 0.02 0.26 -0.36  R2 0.59   

t-stat. (fm) 2.98 1.15 4.85 -6.27  p(R2=1) 0.83 p(F-test) 0.63 

t-stat. (s) 2.95 0.66 2.75 -3.55  p(R2=0) 0.00 rse 0.21 

    HKK model 

       rmrf      umd        cfp    GLS    

coefficient 0.54 2.13 0.54   R2 0.26   

t-stat. (fm) 3.03 3.90 3.17   p(R2=1) 0.00 p(F-test) 0.00 

t-stat. (s) 3.02 3.39 2.99   p(R2=0) 0.00 rse 0.14 

    HKK model + inf 

      rmrf       umd        cfp        inf   GLS    

coefficient 0.51 0.93 0.50 -0.36  R2 0.54   

t-stat. (fm) 2.87 1.61 2.92 -5.90  p(R2=1) 0.46 p(F-test) 0.46 

t-stat. (s) 2.85 1.05 2.36 -3.82  p(R2=0) 0.00 rse 0.20 
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I then perform the Fama-Macbeth GLS estimations on the SBM25 portfolios and present 

the results in Table 5.4. Following the P-value approach of the R2 statistic (R2=1) and the 

Shanken F-statistic, I find significantly better performance of the Michel (2009) ICAPM 

augmented with inflation, the Hahn and Lee (2006) ICAPM augmented with inflation, and the 

HKK model augmented with inflation. By contrast, the two original ICAPMs and the HKK 

model perform poorly, which demonstrates that my inflation-augmented ICAPMs and 

augmented HKK model are more robust than the original models in pricing the SBM25 

portfolios.  

 

            Moreover, the risk premium of the inflation factor is significantly priced in the GLS 

estimation of my three augmented models. The estimated coefficient is -0.38 with the Shanken 

(1992) t-statistic of -4.42 in the Michel (2009) ICAPM augmented with inflation, the estimated 

coefficient is -0.36 with the Shanken (1992) t-statistic of -3.55 in the Hahn and Lee (2006) 

ICAPM augmented with inflation, and the estimated coefficient is -0.36 with the Shanken (1992) 

t-statistic of -3.82 in the HKK augmented with inflation, implying that inflation is an important 

factor that further helps price the SBM 25 portfolios. In Tables 5.3 and 5.4, every model passes 

the P-value approach of the R2 statistic (R2=0), suggesting that each model has some power in 

explaining the cross-sectional variation in portfolio returns. I also report the standard error of R2 

and these overall findings are generally consistent with the findings of Kan, Robotti and Shanken 

(2013). 

                                         



 

140 

 

 

 

5.4.3 GMM estimations 

 

Because the SDF framework is an alternative method that differs from the Fama-Macbeth 

method, I conduct the GMM with both the Hansen-Jagannathan (1997) weighting matrix and an 

optimal weighting matrix as a supplementary test. I find consistent or similar evidence between 

the GMM estimations using these two different weighting matrixes. I prefer to report the results 

of the HJ approach because estimation by the HJ-distance involves a common weighting matrix 

across models, thus enabling us to consistently compare the performance of the models under 

consideration. 

 

Within the GMM approach, the null of the J-test61 is that the model is valid, indicating 

that the moment condition is correctly specified. The null hypothesis of the HJ-distance test is 

that the model is valid and the squared pricing errors are significantly different from zero. The 

high P-value of the J-test or the HJ-distance thus implies that the model has a good fit with the 

data. 

 

Table 5.5 reports the testing results of my ICAPMs augmented with inflation and 

competing models using GMM. The J-test and the HJ-distance test reject the Michel (2009) 

ICAPM, the Hahn and Lee (2006) ICAPM and the HKK model, although the Wald test statistics 

are all significant. These results imply that the Michel (2009) model, the Hahn and Lee (2006) 

model and the HKK model are not correctly specified in these estimations. By contrast, my 

models perform consistently better. My Michel (2009) ICAPM augmented with inflation passes 

                                                 
61 I report the J-test in my tables, in which the first stage uses the Hansen-Jagannathan (1997) weighting 

matrix. 
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the model diagnostics in terms of the Wald test statistic (11.98 with a P-value of 0.00), J-test 

statistic (28.70 with a P-value of 0.12), and HJ-distance (0.28 with a P-value of 0.49). My Hahn 

and Lee (2006) ICAPM augmented with inflation also passes these tests in terms of the Wald test 

statistic (11.07 with a P-value of 0.03), J-test statistic (24.39 with a P-value of 0.23), and HJ-

distance (0.26 with a P-value of 0.65). Furthermore, my HKK model augmented with inflation 

also passes these tests in terms of the Wald test statistic (11.48 with a P-value of 0.02), J-test 

statistic (26.55 with a P-value of 0.15), and HJ-distance (0.28 with a P-value of 0.28). 

 

The GMM estimation results of the Michel (2009) ICAPM augmented with inflation 

show that the coefficient of inflation is 2.69 with a t-statistic of 2.97, and the risk premium of 

inflation is -0.31 with a t-statistic of -2.94. As for the Hahn and Lee (2006) ICAPM augmented 

with inflation, the coefficient of inflation is 2.98 with a t-statistic of 2.79, and the risk premium 

of inflation is -0.28 with a t-statistic of -2.67, whereas for the HKK model augmented with 

inflation, the coefficient of inflation is 2.97 with a t-statistic of 2.93, and the risk premium of 

inflation is -0.29 with a t-statistic of -2.84. The above findings suggest that augmented inflation 

is a key macro factor that not only is significantly priced but also helps price the SBM25 

portfolios.  
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Table 5.5 

25 Size and Book-to-Market Portfolios: GMM Estimation Results 

This table reports the GMM estimation results for the SBM25 portfolios using Hansen-Jagannathan (1997) distance. The HJ-

distance uses the inverse of the second moments of the 25 SBM portfolio returns as the weighting matrix. rmrf = market risk 

premium, the difference between the value-weighted market return and the one-month Treasury bill rate. term = term spread, the 

difference between the yields of a ten-year and a one-year government bond. def = default spread, the difference between the 

yields of Moody’s Baa and Aaa corporate bonds. realstate = real estate portfolio, the difference between the returns on the 

composite REITs index and one-month Treasury bill rate. inf = inflation based on the consumer price index. 
x

tg = innovation in 

variable x, where x is term, def, realestate. umd = momentum premium, the difference of returns between high prior return and 

low prior return firms. cfp = cash flow-to-price, the highest-CFP-quintile returns minus the lowest-CFP-quintile returns. The J-test 

is Hansen’s (1982) test of the model over-identifying restrictions. The Wald test examines the joint significance of factor loadings 

in the pricing kernel. The HJ-distance test is the Hansen-Jagannathan (1997) distance measure whose P-values are obtained from 

10,000 simulations as in Jagannathan and Wang (1996). The b’s are the coefficient estimates of the pricing factors and the 

constant in the pricing kernel, while λ is the estimate of the corresponding risk premium. t-stat. = the GMM t-statistics. The 

numbers in brackets are the associated P-values. The sample period is from January 1972 to September 2014 for Michel (2009)’s 

ICAPM and its inflation-augmented model, while the sample period is from July 1963 to September 2014 for other models. 
 

 Michel ICAPM 

 cons rmrf realestateg    Wald J-test HJ-dist 

b 0.95 0.05 -0.03   11.62 55.20 0.35 

t-stat. 81.25 3.39 -2.05   [0.00] [0.00] [0.00] 

λ  -0.76 1.02      

t-stat.  -2.56 1.38      

 Michel ICAPM+ inf 

 cons rmrf realestateg  inf  Wald J-test HJ-dist 

b 0.04 0.05 -0.03 2.69  11.98 28.70 0.28 

t-stat. 0.12 2.25 -1.17 2.97  [0.00] [0.12] [0.49] 

λ  -0.31 1.17 -0.31     

t-stat.  -0.65 1.00 -2.94     

 Hahn and Lee ICAPM 

 cons rmrf defg  termg   Wald J-test HJ-dist 

b 0.96 0.04 0.81 -1.90  11.17 50.44 0.33 

t-stat. 44.24 2.68 0.65 -2.26  [0.01] [0.00] [0.00] 

λ  -0.64 -0.00 0.14     

t-stat.  -1.82 -0.08 2.08     

 Hahn and Lee ICAPM + inf 

 cons rmrf defg  termg  inf Wald J-test HJ-dist 

b -0.02 0.05 1.01 -2.63 2.98 11.07 24.39 0.26 

t-stat. -0.06 2.08 0.48 -2.26 2.79 [0.03] [0.23] [0.65] 

λ  -0.15 0.01 0.18 -0.28    

t-stat.  -0.28 0.19 2.06 -2.67    

 HKK model 

 cons rmrf umd cfp  Wald J-test HJ-dist 

b 1.02 0.01 -0.05 -0.03  9.96 65.29 0.34 

t-stat. 23.99 0.92 -1.45 -1.68  [0.02] [0.00] [0.00] 

λ  -0.62 1.00 0.41     

t-stat.  -1.88 1.55 2.18     

 HKK model + inf 

 cons rmrf umd cfp inf Wald J-test HJ-dist 

b 0.04 0.01 -0.04 -0.05 2.97 11.48 26.55 0.28 

t-stat. 0.11 0.72 -0.80 -1.73 2.93 [0.02] [0.15] [0.28] 
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λ  -0.16 0.48 0.43 -0.29    

t-stat.  -0.34 0.50 1.55 -2.84    
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My unreported tests show the following evidence regarding the overfitting problem. The 

Petkova (2006) ICAPM augmented with macro-factors in Shi et al. (2015) can pass other key test 

statistics of diagnoses but does not perform well in the Wald test of GMM (using an identity 

weighting matrix or HJ-distance), which indicates some degree of the overfitting problem. 

Conversely, the Michel (2009) ICAPM augmented with inflation and the HKK model augmented 

with inflation both pass the Wald test statistic successfully. Moreover, the Hahn and Lee (2006) 

ICAPM augmented with inflation can alleviate the over-fitting problem, in which the Wald 

statistics of GMM using the identity-weighting matrix or HJ-distance are better in terms of 

statistical significance. 

 

5.4.4 Robustness check 

 

         Finally, following Kan, Robotti and Shanken (2013), I conduct a robustness test by adding 

five Fama-French industry portfolios to the Fama-French 25 portfolios; the results are presented 

in Table 5.6. This approach can relax the tight structure of the SBM25 portfolios, as advocated 

by Lewellen et al. (2010). 
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Table 5.6 

25 Size and Book-to-Market Portfolios with Five Industry Portfolios: OLS, GLS and GMM Results 

This table summarizes the test statistics of model diagnostics from the Fama-Macbeth two-pass regressions and GMM for the SBM25 portfolios and five Fama-French 5 
portfolios. FF5 refers to Fama-French(2015a)’s five factor model. Panel A summarizes the OLS estimates, Panel B summarizes the statistics of GLS estimates and Panel C 
summarizes the GMM estimations. p(R2=1) and p(R2=0) are P-value of R2 in testing R2=1 and R2=0, respectively. p(F-test) is the P-value of F-test. Following Kan, Robotti 
and Shanken (2013), I report the OLS or GLS cross-sectional R2 (in %) and corresponding P-value. &R2 is an alternative OLS R2, following Campbell and Vuolteenaho (2004). 
The P-value of F-test is the P-value of a generalized version of Shanken (1985)’s CSRT, following Kan, Robotti and Shanken (2013). The J-test is Hansen (1982)’s test of the 
model over-identifying restrictions. The HJ-distance test is the Hansen-Jagannathan (1997) distance measure whose P-values are obtained from 10,000 simulations as in 
Jagannathan and Wang (1996). The sample period is from January 1972 to September 2014 for Michel (2009)’s ICAPM and its inflation-augmented model, while the sample 
period is from July 1963 to September 2014 for other models. 

 

                                                                                                                     Panel A OLS estimation of models   

  Michel ICAPM Michel ICAPM+ inf      Hahn and Lee ICAPM Hahn and Lee ICAPM+ inf   HKK HKK model + inf FF5 

OLS R2     0.94  0.96     0.96      0.97  0.94 0.97 0.97 

 &R2     0.23  0.46      0.47   0.67  0.28 0.57 0.58 

 p(R2=1)      0.02   0.15       0.22              0.82      0.00 0.30 0.00 

                         p(R2=0)     0.00  0.00  0.00   0.00  0.00 0.00 0.00 

                        p(F-test)    0.00  0.00  0.06   0.24  0.00 0.04 0.00 

 Panel B GLS estimation of models   

  Michel ICAPM Michel ICAPM+ inf Hahn and Lee ICAPM Hahn and Lee ICAPM+ inf   HKK HKK model + inf FF5 

GLS R2       0.10  0.33  0.19   0.36  0.23 0.45 0.30 

 p(R2=1)       0.00  0.02  0.00   0.08  0.00 0.14 0.00 

                              p(R2=0)       0.00  0.00  0.03   0.00  0.00 0.00 0.00 

p(F-test) 0.00  0.00  0.00   0.00  0.00 0.02 0.00 

 Panel C GMM estimation of models   

  Michel ICAPM Michel ICAPM+ inf Hahn and Lee ICAPM Hahn and Lee ICAPM+ inf   HKK HKK model + inf FF5 

GMM HJ-dist    0.40  0.36  0.37   0.34  0.37 0.34 0.34 

P-value of HJ-dist    0.00  0.03  0.00   0.05  0.00 0.03 0.00 

                  P-value of J-test    0.00  0.00  0.00   0.00  0.00 0.00 0.00 

 



 

146 

 

          The coefficient estimates of factors are similar and consistent with the previous findings. 

Specifically, the coefficient estimate of inflation remains significant. However, the overall 

performance of my ICAPMs augmented with inflation demonstrates somewhat weaker 

performance. For example, my models can no longer pass the P-value test of the J-test statistic 

and the Shanken F-statistic of GLS, as it is well-known that industry portfolios are much harder 

to predict.    

 

           I then compare the performance of the models, although all the models are misspecified 

for the 30 portfolios. First, I compare the performance of competing models by means of the 

value of the R2 statistic and HJ-distance. My augmented models have an overall robust and 

superior performance as described in the following. The R2 statistics in the Fama-Macbeth OLS 

regression in my augmented models are slightly higher than the original ICAPMs. The evidence 

is clearer in the Fama-Macbeth GLS regression because the Michel (2009) ICAPM augmented 

with inflation attains a R2 statistic of 0.33, while the Michel (2009) ICAPM has a low R2 statistic 

of 0.10. As with the Fama-Macbeth GLS estimation of another pair of competing models, the R2 

statistic of the Hahn and Lee (2006) ICAPM is only 0.19, while the R2 statistic of the Hahn and 

Lee (2006) ICAPM augmented with inflation is as high as 0.36. In addition, the R2 statistic of the 

HKK model is 0.23, while the HKK model augmented with inflation achieves a higher R2 

statistic of 0.45. In the GMM estimations, the inflation factor helps decrease the values of the 

HJ-distance of each model by approximately 3 percentage points. 

 

          Apart from examining the model fit in terms of the values of the R2 statistic and HJ-

distance, I evaluate the model performance via the P-value approach. My three inflation-
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augmented models show better performance in the P-values of the GLS R2 statistic (R2=1), and 

all marginally pass the HJ-distance test at the 0.01 level of significance, whereas the original 

ICAPMs and HKK model fail to marginally pass these P-value tests. In the Fama-Macbeth OLS 

regression, the P-value of the R2 statistic (R2=1) consistently supports the overall superiority of 

my augmented models. Moreover, all my augmented models have some significant explanatory 

power because they all pass the P-value tests of the OLS and GLS R2 statistics (R2=0). 

           

Finally, Fama and French (2015a, 2015b) add the factors of profitability and investment to 

the FF3 and find that this five-factor model (FF5) outperforms the FF3 in international equities. I 

therefore take FF5 rather than FF3 as my benchmark model. I compare the performance of my 

inflation-augmented multi-factor models with Fama and French’s (2015a) FF5 in Table 5.6. I 

directly compare the value of the R2 statistic and the value of HJ-distance as two key indicators 

to evaluate the models on the 30 structure-relaxed portfolios. I find that Hahn and Lee’s (2006) 

ICAPM model augmented with inflation outperforms the FF5 in both OLS and GLS. The HKK 

model augmented with inflation does a better job in terms of having a higher value of GLS R2 

and performs as well in terms of the statistics of the OLS R2 and HJ-distance. However, Michel’s 

(2009) ICAPM augmented with inflation appears to show weaker performance than the Fama–

French five-factor benchmark model. These findings suggest that the Fama–French five-factor 

benchmark model does not often outperform my proposed multi-factor models in pricing the 

cross-section of the SBM25 plus five industrial portfolios (a total of 30 portfolios), although it 

performs well in investment- or profitability-sorted portfolios. 

 

I also augment the FF5 model with inflation in Table 5.7. I find that inflation is also 
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significantly priced in the “FF5 + inf” model, in which the “FF5 + inf” model means that the FF5 

is augmented with inflation. The “FF5 + inf” model performs better than FF5 in the OLS R2 and 

GLS R2 and the corresponding P-value of R2 and Shanken’s F-statistic. Therefore, I conclude 

that inflation can significantly provide some additional information beyond the FF5 in pricing 

the cross section of SMB25. 
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Table 5.7 
  25 Size and Book-to-Market Portfolios: OLS and GLS Estimation results 

This table reports the estimates of risk premium from the Fama-Macbeth two-pass regressions for the SBM25 portfolios. rmrf = market excess return. rmw = 

profitability factor; and cma= investment factor; smb = size premium; hml = value premium. p(R2=1) and p(R2=0) are P-value of R2 in testing R2=1 and R2=0, 

respectively. t-stat. (krs) = Kan, Robotti and Shanken (2013) misspecification-robust t-ratio. t-stat. (s) = the Shanken (1992) error-in-variable adjusted t-statistics. 

p(F-test) is the P-value of F-test. The P-value of F-test is the P-value of a generalized version of Shanken (1985)’s CSRT, following Kan, Robotti and Shanken 

(2013). Following Kan, Robotti and Shanken (2013), I report cross-sectional R2 (in %) and corresponding P-value, and rse is the standard error of R2 under the 

assumption that 0< R2<1.  &R2 is an alternative OLS R2, following Campbell and Vuolteenaho (2004). The sample period is from January 1972 to September 

2014 for Michel’s (2009) ICAPM and its inflation-augmented model, while the sample period is from July 1963 to September 2014 for other models. 
 

                                          OLS estimation of model 

FF5 

 rmrf smb hml rmw cma     OLS    

coefficient 0.43  0.33  0.36  0.45  0.16     R2 0.98  &R2 0.76 

t-stat. (s) 2.38  2.62  3.06  2.56  0.76     p(R2=1) 0.00 p(F-test) 0.00 

t-stat. (krs) 2.37  2.62  2.95  1.95  0.54     p(R2=0) 0.00 rse 0.01 

FF5+ inf 

 rmrf smb hml rmw cma        inf    OLS    

coefficient 0.44  0.31  0.29  0.27  0.37  -0.40    R2 0.99 &R2 0.86 

t-stat. (s) 2.37  2.35  2.34  1.15  1.19  -3.74    p(R2=1) 0.58 p(F-test) 0.76 

t-stat. (krs) 2.38  2.28  2.20  0.84  0.86  -1.95    p(R2=0) 0.00 rse 0.01 

GLS estimation of model 

FF5 

 rmrf smb hml rmw cma     GLS   

coefficient 0.50  0.28  0.37  0.30  0.29     R2 0.34   

t-stat. (s) 2.77  2.20  3.17  2.02  1.58     p(R2=1) 0.00 p(F-test) 0.00 

t-stat. (krs) 2.75  2.21  3.06  1.35  0.99     p(R2=0) 0.00 rse 0.09 

FF5 + inf 

 rmrf smb hml rmw cma       inf    GLS    

coefficient 0.50  0.26  0.31  0.29  0.39  -0.39    R2 0.63   

t-stat. (s) 2.74  2.02  2.53  1.46  1.48  -3.97    p(R2=1) 0.64 p(F-test) 0.73 

t-stat. (krs) 2.76  2.00  2.38  1.07  1.07  -2.63    p(R2=0) 0.00 rse 0.18 
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I also follow one of Lewellen et al.’s (2010) suggestions to test a few of other portfolios. 

Turn to Table 5.8, I also find augmented inflation to the original model can successfully improve 

the performance of the original Michel’s ICAPM, Hahn and Lee’s ICAPM, and HKK model 

particularly for 25 size and operating profitability portfolios. I also use P-value approach for 

robustness. Overall, I can confirm superiority of my inflation-augmented models via P-value 

approach. Note that Fama and French (2015a) suggest testing 25 size and operating profitability 

portfolios and they document the importance of operating profitability anomaly, where the 

operating profitability anomaly cannot be explained by CAPM satisfactorily. Furthermore, I also 

find inflation can help the original model to price 25 size and net share issue portfolios using 

cross-sectional tests. 
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Table 5.8 

25 size and operating profitability portfolios: OLS, GLS and GMM Results 

This table summarizes the test statistics of model diagnostics from the Fama-Macbeth two-pass regressions and GMM for the 25 size and operating profitability portfolios. 
Panel A summarizes the OLS estimates, Panel B summarizes the statistics of GLS estimates and Panel C summarizes the GMM estimations. p(R2=1) and p(R2=0) are P-value 
of R2 in testing R2=1 and R2=0, respectively. p(F-test) is the P-value of F-test. Following Kan, Robotti and Shanken (2013), I report the OLS or GLS cross-sectional R2 (in %) 
and corresponding P-value. &R2 is an alternative OLS R2, following Campbell and Vuolteenaho (2004). The P-value of F-test is the P-value of a generalized version of 
Shanken (1985)’s CSRT, following Kan, Robotti and Shanken (2013). The J-test is Hansen (1982)’s test of the model over-identifying restrictions. The HJ-distance test is the 
Hansen-Jagannathan (1997) distance measure whose P-values are obtained from 10,000 simulations as in Jagannathan and Wang (1996). The sample period is from January 
1972 to September 2014 for Michel (2009)’s ICAPM and its inflation-augmented model, while the sample period is from July 1963 to September 2014 for other models. 

                                             Panel A OLS estimation of models  

  Michel ICAPM Michel ICAPM+ inf Hahn and Lee ICAPM Hahn and Lee ICAPM+ inf   HKK  HKK model + inf  

OLS R2 0.94 0.98 0.94 0.98 0.97 0.99  

 &R2 0.08 0.66 0.035 0.66 0.62 0.84  

 p(R2=1) 0.00 0.43 0.00 0.60 0.13 0.61  

                          p(R2=0) 0.00 0.00 0.00 0.00 0.00 0.00  

                         p(F-test) 0.02 0.30 0.00 0.83 0.06 0.44  

 Panel B GLS estimation of models  

  Michel ICAPM Michel ICAPM+ inf Hahn and Lee ICAPM Hahn and Lee ICAPM+ inf HKK HKK model + inf  

GLS R2 0.19 0.37 0.22 0.43 0.26 0.49  

 p(R2=1) 0.00 0.13 0.00 0.27 0.01 0.37  

 p(R2=0) 0.00 0.00 0.00 0.00 0.00 0.00  

                          p(F-test) 0.00 0.09 0.00 0.22 0.02 0.22  

 Panel C GMM estimation of models  

  Michel ICAPM Michel ICAPM+ inf Hahn and Lee ICAPM Hahn and Lee ICAPM+ inf HKK HKK model + inf  

GMM HJ-dist 0.28 0.26 0.27 0.24 0.27 0.23  

P-value of HJ-dist 0.00 0.12 0.00 0.20 0.00 0.31  

              P-value of J-test                 

P-value  of J-test 

            0.02       0.06 0.00 0.09 0.00 0.17  
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5.5 Concluding remarks 

 

I augment the inflation factor into two recent ICAPMs and the HKK model: the 

Michel (2009) ICAPM, the Hahn and Lee (2006) ICAPM and the HKK model. The two 

original ICAPM models and the HKK model fail to adequately explain the return variations 

across the SBM25 portfolios in terms of the P-values of the R2 statistic (R2=1) and other test 

statistics for the model diagnostics. I find that inflation is a key missing factor for the Michel 

(2009), the Hahn and Lee (2006) and the HKK models. Furthermore, my inflation-augmented 

models not only achieve a remarkable model fit but also alleviate the over-fitting problem.  
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Chapter 6   Is the performance of Fama-French’s three-factor benchmark 

model inadequate? Evidence from pooled portfolios and extended 

portfolios in cross-sectional GMM tests 

 

 

6.1 Introduction 

 

Fama and French (1992, 1993, 1996) develop a three-factor model consisting of the value-

weighted market portfolio and factors related to size (smb, small minus big) and value (hml, high 

minus low) factors. The Fama-French three-factor model is quite empirically successful in 

capturing cross-sectional variation of 25 size and book-to-market portfolios (SBM25). Fama and 

French (1996) argue that their model may be consistent with Merton’s (1973) intertemporal 

capital asset pricing model (ICAPM) or Ross’s (1976) Arbitrage Pricing Theory (APT).  

 

Previous studies show that the explanatory power of the Fama-French three-factor model 

is not adequate in pricing the cross section of SBM25. For example, the Fama-French three-

factor model cannot pass some specification tests, and the corresponding R2 appears to be a little 

low and insufficiently robust (e.g., Hahn and Lee 2006; and Petkova 2006). Ours and other 

studies (e.g., Hsu and Huang 2010; Du 2013) also find that Fama-French’s three-factor model 

performs inadequately in cross-sectional tests for certain types of portfolios; for example, the 

portfolios are formed on other anomalies or pooled with a large number of assets other than 

SBM25. In response to this critique, several studies develop different versions of augmented 

multi-factor models to improve their explanatory power on cross-sectional equity returns62 (e.g., 

                                                 
62 If the augmented pricing factors are all significant, a model with more factors generally achieves a 

better overall goodness-of-fit than a model with fewer factors. By the same logic, one may argue that the 

performance of Fama-French’s three-factor augmented model is expected to outperform Fama-French’s 
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Fama and French 2015a; Shi et al. 2015). One can regard these models as multi-factor models in 

the APT framework, as Armitage (2005) states that the APT model is practically 

indistinguishable from an ad hoc multi-factor model. It is interesting to note that the five-factor 

model proposed by Fama and French (2015a, 2016) also sheds light on the same problems of 

their three-factor model. The most important difference between this study and other related 

research (such as Fama-French (2015, 2016) and Hou, Xue and Zhang (2014)) is the adoption of 

research methodology. They examine the proposed models only using regression based approach. 

My Generalized Method of Moments (GMM) estimation of the stochastic discount factor is a big 

complement of the regression based approach. Cochrane (2005) explicitly state the GMM and 

regression based procedures and distribution theory are similar but not identical. Both 

methodologies are not nested within a general econometric model, so they are not directly 

comparable. Therefore, most current studies use both methods so as to circumvent any 

estimation problems associated with a specific methodology. My study provides the robust 

guarantee from the perspective of the stochastic discount factor beyond the view of regression 

based approach. In addition, I also provide more sorts of models and other pooled portfolios to 

enrich the story. 

 

As shown by Lewellen et al. (2010), it is easy for a multi-factor model to achieve a high R² 

in SBM25 as long as any augmented factor in that model is correlated with the Fama-French 

three factors. Lewellen et al. (2010) recommend that, for the robustness check, researchers add 

other portfolios (such as industrial, beta and other characteristics) to the SBM25 portfolios in 

order to relax the tight structure of the SBM25 portfolios. Alternatively, Lewellen et al. (2010) 

                                                                                                                                                             
three-factor model, while one can also expect a six-factor model (such as Frazzini et al.’s (2013) model) 

to certainly perform best among all of my competing models.  
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suggest testing other test assets sorted in different anomalies.  

 

In light of Lewellen et al.’s (2010) recommendation, I aim to evaluate the performance of 

several leading or well-regarded multi-factor models for a large set of testing assets/portfolios in 

the following two ways. First, instead of testing a small number of portfolios, as previous studies 

have done, I use a large number of portfolios other than SBM25 to evaluate the performance of 

some multi-factor models. In particular, I follow Du (2013) to construct 120 portfolios and 65 

alternative portfolios, and I follow Huang and Wang (2009) to construct 80 portfolios. All these 

constructed portfolios incorporate the SBM25 portfolios as base assets. Second, previous studies 

document that different anomalies cannot be explained by the Fama-French three factors in a 

very successful manner. Hence, I also explore the models’ performance in other interesting 

portfolios sorted on different anomalies. There are hundreds of economic variables in the world, 

which implies that one can sort portfolios in hundreds of different ways. I adopt the testing 

portfolios sorted according to most of the outstanding anomalies documented in the previous 

literature, e.g., Jegadeesh’s (1990) short-term reversal anomaly; Bondt and Thaler’s (1985) long-

term reversal anomaly; Fama and French’s (2015a) profitability anomaly and investment 

anomaly; and Fama and French’s (2016) net share issue anomaly and accruals anomaly. 

Specifically, I follow previous empirical asset pricing studies and investigate 25 size and short-

term reversal portfolios (Grauer and Janmaat 2010), 25 size and long-term reversal portfolios 

(Lioui and Maio 2014), 32 size, operating profitability and investment sorted portfolios (Fama 

and French 2015a), and 25 size and accruals portfolios and 25 size and net share issue portfolios 

(Cho 2013)63.  

                                                 
63 Fama and French (2008) find that the anomalous returns associated with net stock issues, accruals, and 

momentum are pervasive in all size groups in cross-sectional regressions. 
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My strategy has the following advantages over existing studies. It perfectly tests an asset 

pricing model for all portfolios sorted on a large (potentially unlimited) number of existing and 

potential factors and for combinations of these portfolios. In practice, this approach of testing all 

portfolios is prohibitively costly. The empirical evidence is based on a limited number of tests 

based on a limited set of portfolios, the results thus will always suffer to some degree from bias 

produced by finite testing of portfolios. No previous empirical study could avoid such bias. To 

partially alleviate this bias, I prefer to test eight popular assets rather than only a few of them, as 

done in previous studies. I note that these portfolios are popular because their anomalies are 

widely accepted as critical.64 In addition, Lewellen et al. (2010) acknowledge that no model is 

perfect and can explain all patterns in the data, and this truism makes it tempting to view a model 

as successful if it explains a few or some anomalies. In light of Lewellen et al.’s (2010) 

suggestion, my approach is robust to the bias of finite testing portfolios for sound reasons, 

where these finite testing portfolios are generally sorted on important anomalies. Therefore, my 

proposed multi-factor models perform better than the Fama-French benchmark model if they 

present better performance across a big portion of my (eight) testing portfolios. 

 

I re-examine whether Petkova’s (2006) ICAPM model and six augmented multi-factor 

models (i.e., Fama-French three-factor model augmented with other factors) outperform the 

Fama-French three-factor model for the above set of expanded assets/portfolios. I take the 

Fama-French three-factor model as the benchmark model and test Fama and French’s (1993) 

five-factor model, Fama and French’s (2015a) five-factor model, Petkova’s (2006) model, Pastor 

                                                 
64 Previous studies indicate the importance of these anomalies.  
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and Stambaugh’s (2003) model, Shi et al.’s (2015) model, Du’s (2013) model, and Frazzini et 

al.’s (2013) model. These models are chosen because they have been previously shown better 

performance than the Fama-French three-factor model.65  

 

I make two contributions to the literature. First, previous studies focus too heavily on the 

performance of a particular model in pricing the SBM25 portfolios or a small number of 

portfolios. Additionally, using a cross-sectional GMM testing approach, my study explores the 

same issue for a large number of expanded portfolios and portfolios sorted on various new 

anomalies other than size or value. The GMM approach is a vital confirmation beyond regression 

based method in asset pricing. Using US monthly data for the period from July 1963 to 

September 2014, I find that Petkova’s (2006) model does not outperform the Fama-French three-

factor model for a large number of expanding portfolios. Fama and French’s (1993) five-factor 

model outperforms the Fama-French model only for 32 size, operating profitability and 

investment portfolios and 25 size and accrual portfolios but fails to estimate my other testing 

portfolios. Other multi-factor standard asset pricing models, i.e., Fama and French’s (2015a) 

five-factor model, Pastor and Stambaugh’s (2003) model, Shi et al.’s (2015) model, Du’s (2013) 

model and Frazzini, Kabiller and Pedersen’s (2013) model often perform better than the Fama-

French three-factor model across a sound proportion of different portfolios. Among all the 

models, Frazzini, Kabiller and Pedersen’s (2013) model generally performs best in terms of R2, 

while the superiority of the other models varies across different portfolios. 

 

Second, I examine the consistency of the models’ performance across different portfolios. 

The consistency issue here refers to the idea that a correct model should present a reasonable 

                                                 
65 I show the details of these models’ specifications in Section 2. 
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goodness-of-fit for different assets rather than for only one set of portfolios. I find that only 

Frazzini et al.’s (2013) model consistently demonstrates performance superior to the Fama-

French three-factor model in all my testing portfolios. However, Fama-French’s (2015a) five-

factor model, Pastor and Stambaugh’s (2003) model, Shi et al.’s (2015) model, Du’s (2013) 

model and Frazzini et al.’s (2013) model often outperform the Fama-French three-factor model 

for a large proportion of all my testing portfolios. Following Lewellen et al.’s (2010) suggestion 

for the feature or profile of a good model in practice, I have good reason to believe that these 

mentioned models perform better than Fama-French’s three-factor model in pricing the cross-

section of equity returns.  

 

6.2 The standard models 

 

In addition to the Fama-French three-factor model, I investigate seven other models, six 

of which augment the Fama-French three factors with other factors; the remaining one is 

Petkova’s (2006) multi-factor model.  

 

My benchmark (and first standard) model is the Fama-French three-factor model, 

 
0t mkt t smb t hml tm b b mkt b smb b hml= + + +                                                                     (6.1) 

where m  is the pricing kernel; mkt is the market risk premium, the difference between the value-

weighted market return and the one-month Treasury bill rate; smb is the size premium, the 

difference of returns between small and big firms; and hml is the value premium, the difference 

of the returns between high book-to-market and low book-to-market firms. b in any notation 

refers to the factor loadings. 
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The second standard model is Fama and French’s (1993) five-factor model, 

 0 term def

term def

t mkt t smb t hml t t tm b b mkt b smb b hml b b
g g

g g= + + + + +                                   (6.2) 

where term is the term spread, the difference between the yields of a ten-year and a one-year 

government bond, and def is the default spread, the difference between the yields of a Moody’s 

Baa and Aaa corporate bonds yields. 
x

tg  is the innovation in variable x, where x is one of the 

state variables. This model setup coincides with the multi-factor model setup of Maio and Santa-

Clara (2012). Fama and French (1993) use this model to explain both equity and bond risk 

premiums. 

 

The third standard model is Fama and French’s (2015a) five-factor model,  

0t mkt t smb t hml t rmw t cma tm b b mkt b smb b hml b rmw b cma= + + + + +                                  (6.3) 

where rmw is the profitability factor, the difference between the returns on diversified portfolios 

of stocks with robust and weak profitability; and cma is the investment factor, the difference 

between the returns on diversified portfolios of the stocks of low- and high-investment firms. 

 

            The fourth standard model is Petkova’s (2006) model, 

             0 term def div rf

term def div rf

t mkt t t t t tm b b mkt b b b b
g g g g

g g g g= + + + + +                                       (6.4) 

where div is dividend yield, the sum of dividends over the last 12 months divided by the level of 

the S&P 500 index. rf is the risk free rate using the one-month T-bill yield as a proxy. 
xg  is the 

innovation in variable x, where x is term, def, div or rf.     
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             The fifth standard model is Pastor and Stambaugh’s (2003) model (hereafter called PS’s 

(2003) model),66 which incorporates a liquidity-related risk factor, 

            
0t mkt t smb t hml t umd t L tm b b mkt b smb b hml b umd bL= + + + + +                                         (6.5) 

where umd is the momentum premium, the difference of returns between high prior return and 

low prior return firms, and L is a liquidity factor. The role of umd is to explain the momentum 

anomaly, that is, past short-term winners tend to have higher average returns than past losers.  

 

            The sixth standard model is Shi et al.’s (2015) model67, 

            
0t mkt t smb t hml macro1 t macro2 tm b b mkt b smb b hml b inf b ind= + + + + +                                 (6.6) 

where inf is inflation, the first difference of log CPI in each month, and ind is the cycle of 

industrial production. Shi et al. (2015) find that the model shows significantly better performance 

than the original Fama-French three-factor model in pricing the 25 portfolios sorted by size and 

book-to-market and the 25 portfolios sorted by size and momentum. 

 

 The seventh standard model is Du’s (2013) model, 

0t mkt t smb t hml t umd t cf tm b b mkt b smb b hml b umd b cfp= + + + + +                                       (6.7) 

where cfp is the cash flow-to-price, the difference of the highest-CFP-quintile returns minus the 

lowest-CFP-quintile returns. I construct the cash flow-to-price factor mimicking the portfolio in 

the same spirit of Hou et al. (2011). 

 

            The eighth standard model is Frazzini, Kabiller, and Pedersen’s (FKP, 2013) model,  

                                                 
66 The model incorporates Pastor and Stambaugh’s (2003) liquidity-related risk factor (L). The setup of 

this model follows Lam and Tam (2011) and Keene and Peterson (2007). 

 
67 This model is exactly the Standard Model in Chapter 4 of this thesis.  
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0t mkt t smb t hml t umd t qmj t bab tm b b mkt b smb b hml b umd b qmj b bab= + + + + + +                    (6.8) 

where qmj is the quality (“quality minus junk”) factor of Asness, Frazzini, and Pedersen (2013), 

constructed as the return on the intersection of six value-weighted portfolios formed on size and 

quality (long the average of the “small quality” and “big quality” portfolios and short the average 

of the “small junk” and “big junk” portfolios), and bab is the “betting against beta” factor of 

Frazzini and Pedersen (2014) constructed as the return on a portfolio that holds low-beta assets, 

leveraged to a beta of one, and shorts high-beta assets, de-leveraged to a beta of one. 

 

Note that 0b  is a free parameter, and each b is the loading of each factor in the models. The 

risk premium in symbol “λ” (shown in my tables) associated with each factor can be derived 

accordingly. Following Cochrane (2005), each b that inquires this factor helps to price assets, 

while each λ inquires whether this factor is priced. Because my main objective is to check 

whether each augmented factor contributes to the explanatory power of the model, the correct 

hypothesis to test is 
0 : 0H b= . 

 

6.3 Methodology and data 

 

I employ a first-stage GMM procedure (Hansen 1982; Cochrane 2005) in which all the 

moment conditions receive the same weight. The advantage of first-stage GMM is that it enables 

us to assess whether the asset pricing model can explain the returns of a set of economically 

interesting portfolios. This procedure is equivalent to an ordinary least squares (OLS) cross-

sectional regression of average gross returns on factor covariances (betas). Cochrane (2005) 

indicates that the first-stage GMM is also robust and efficient enough to the model 
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misspecifications in many practical cases. My study focuses on how the models do a good job of 

pricing an interesting set of portfolios. I thus follow Hsu and Huang (2010), Maio (2013) and 

other studies using a first-stage GMM approach68.  

 

I follow Maio (2013) and Yogo (2006) to report the mean absolute pricing error (MAE) 

and another goodness-of-fit measure, R2, as both MAE and R2 represent quite robust measures of 

the models’ overall fit (see Maio and Santa-Clara, 2012). I also report the asymptotic test of 

overidentifying restrictions (that is equivalent to Hansen’s (1982) J-statistic) and follow 

Cochrane (2005) and Hsu and Huang (2010) to report the Newey and West (1987) J-difference 

test statistic. The null of the J-difference test statistic is that the augmented factors do not 

improve the performance of the model. The J-difference statistic can reliably answer the question 

of whether the augmented factors improve the performance of the model from a statistical 

perspective. My econometrics mostly coincide with Hsu and Huang (2010), as my study and 

Hsu and Huang (2010) both aim to examine whether the augmented factor further improves the 

performance of the original model. 

 

The MAE is calculated as follows: 

1

1 N

i

i

MAE
N

a
=

= å                                                                                                            (6.9) 

where ia  represents the pricing errors of N moments in GMM. 

 

My sample comprises US monthly data over the period from July 1963 to September 

                                                 
68 Fama-Macbeth’s (1973) two-pass OLS regression often achieves results similar or consistent with the 

first-stage GMM approach, as shown in previous studies (see Petkova, 2006; Maio, 2013).  
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2014. Sourced from Kenneth French’s website69, I obtain the SBM25, 25 size-momentum, 10 

earnings-to-price, 10 dividend yield, 10 short-term reversal, 10 long-term reversal, 30 industry 

portfolios, 25 size and short-term reversal portfolios, 25 size and long-term reversal portfolios, 

32 size, operating profitability and investment sorted portfolios, 25 size and accruals portfolios 

and 25 size and net share issue portfolios. The 120 portfolios are formed by size-BM, size-

momentum, earnings-to-price, dividend yield, short-term reversal, long-term reversal, and 

industry. The 65 portfolios are formed by size-BM, size-momentum, earnings-to-price, dividend 

yield, short-term reversal, and long-term reversal. The 80 portfolios are formed by SBM25, 25 

size-momentum portfolios and 30 industrial portfolios.  

 

In addition to these portfolios, other relevant monthly factor data, including the risk-free 

rate (RF), the excess market return (MKT), the momentum factor (WML), the size factor (SMB), 

and the book-to-market-equity factor (HML) are drawn from Kenneth French's website. I use the 

one-month Treasury bill as a proxy for the risk-free asset. Cash flow-to-price mimicking 

portfolio returns are calculated as the highest-CFP-quintile returns minus the lowest-CFP-

quintile returns, where the monthly cash flow-to-price portfolio returns are also from Kenneth 

French’s website. 

 

Data on term spread, default spread, the consumer price index (CPI), and the industrial 

production index come from the FRED database of the Federal Reserve Bank of St. Louis. Term 

spread is computed as the difference between the yields of a ten-year and a one-month 

government bond, while default spread is computed as the difference between the yields of 

Moody’s Baa and Aaa corporate bonds. Inflation is calculated as the first difference of log CPI in 

                                                 
69 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.  

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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each month. Using the Hodrick-Prescott filter with a smoothing parameter of 14400, I 

decompose the industrial production index into trend and cyclical components and use the 

residuals from the decomposition to predict common stock returns. The dividend yield of the 

CRSP value-weighted portfolio is computed as the log ratio of the sum of dividends over the 

previous 12 months divided by the level of the S&P 500 index70. The data on dividend yield 

come from Robert Shiller’s website.71  

 

The liquidity factor (L) refers to Pastor and Stambaugh’s (2003) liquidity factor obtained 

from Lubos Pastor’s website72. The quality (“quality minus junk”) factor of Asness et al. (2013) 

is constructed as the return on the intersection of six value-weighted portfolios formed on size 

and quality73 (long the average of the “small quality” and “big quality” portfolios and short the 

average of the “small junk” and “big junk” portfolios), and the “betting against beta” factor of 

Frazzini and Pedersen (2014) is constructed as the return on a portfolio that holds low-beta assets, 

leveraged to a beta of one, and shorts high-beta assets, de-leveraged to a beta of one. The quality 

factor and the “betting against beta” factor come from Frazzini’s website74. 

 

                                                 
70 Following Aretz, Bartram and Pope (2010), I use the dividend yield to estimates Petkova’s (2006) 

ICAPM model. 

 
71 http://www.econ.yale.edu/~shiller/data.htm. 

 
72 I use the non-traded liquidity factor (Pastor and Stambaugh, 2003, Eq. 8). 

 
73 The quality stock indicates that high-quality firms command the highest prices. These firms can finance 

their operations and invest. A quality-minus-junk (qmj) factor that goes long high-quality stocks and 

shorts low-quality stocks earns significant risk-adjusted returns. 

 
74 http://www.econ.yale.edu/~af227/data_library 

http://www.econ.yale.edu/~shiller/data.htm
http://www.econ.yale.edu/~af227/data_library
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To obtain the innovations of state variables, I follow Hahn and Lee (2006) and Maio and 

Santa-Clara (2012) to process the data. In particular, the innovation of each state variable 

represents the first difference of an original variable:
1

x

t t tx xg -= - , where x is Petkova’s (2006) 

ICAPM’s state variable set including “term, def, div, or rf”. My state variables in Petkova’s 

(2006) model follow Maio and Santa-Clara’s (2012) setup. 
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Table 6.1.A  

Summary Statistics 
 

This table reports the mean, standard deviation, minimum value, maximum value and first-order 

autocorrelation for the sample period from July 1963 to September 2014. rmrf = market risk premium; smb = 

size premium; hml = value premium; umd = momentum premium;  term = term spread; def = default spread; 

div = dividend yield; inf = inflation based on the consumer price index; rf = risk free rate; cfp = cash flow-to-

price; l= liquidity factor; Ind = industrial production cycle; rmw = profitability factor; qmj= is the quality 

(“quality minus junk”) factor; bab= is the “betting against beta” factor; and cma= investment factor.
xg = 

innovation in variable x, where x is term, def, div and rf. 
 

 Mean Standard 

deviation 

Minimum Maximum ρ(1) 

rmrf 0.502  4.466  -23.240  16.100  0.076 

smb 0.233  3.104  -16.410  22.020  0.055 

hml 0.370  2.862  -12.610  13.890  0.158 

umd 0.689  4.235  -34.700  18.390  0.063 
defg  0.000  0.118  -0.630  0.940  0.290 

termg  0.003  0.282  -1.560  2.620  0.303 

divg  -0.001  0.037  -0.134  0.223  0.269 

rfg  0.000  0.065  -0.450  0.350  -0.158 

inf 0.333  0.319  -1.786  1.794  0.621 

ind 0.000  1.442  -7.556  4.579  0.951 

rmw 0.249  2.141  -17.570  12.190  0.176 

cma 0.323  2.025  -6.810  9.510  0.127 

l 0.000  0.056  -0.384  0.287  -0.001 

cfp 0.390  3.386  -18.470  14.970  0.033 

qmj 0.003  0.024  -0.104  0.129  0.174 

bab 0.008  0.032  -0.152  0.129  0.144 
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                                                                                                                                Table 6.1.B 
                                                                                              Correlation Matrix 

This table reports the correlation matrix of variables in six Fama-French three-factor models augmented with other factors. rmrf = market risk premium; smb = 

size premium; hml = value premium; umd = momentum premium; inf = inflation based on the consumer price index; cfp = cash flow-to-price; l= liquidity 

factor; Ind = industrial production cycle; rmw = profitability factor; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting against beta” 

factor; and cma= investment factor. * represents the correlation between the corresponding two factors is significant at the 5% level. The sample period is 

from July 1963 to September 2014. 
 

 rmrf smb hml umd inf ind rmw cma l cfp qmj 

smb 0.31*           

hml -0.30* -0.23*          

umd -0.12* 0.00 -0.16*         

inf -0.12* -0.03 0.08 0.08        

ind -0.18* -0.12* 0.04 0.18* 0.21*       

rmw -0.21* -0.40* 0.08* 0.10* -0.11* 0.03      

cma -0.39* -0.18* 0.70* 0.00 0.06 0.05 -0.09*     

l 0.34* 0.16* -0.09* -0.04 -0.10* -0.09 * -0.01 -0.14*    

cfp -0.23* -0.04 0.76* -0.07 0.07 0.05 0.01 0.49* -0.05   

qmj -0.54* -0.54* 0.01 0.24* -0.06 0.14* 0.74* 0.09* -0.17* -0.09*  

bab -0.08* -0.08 0.39* 0.16* 0.01 -0.15* 0.24* 0.33* 0.14* 0.29* 0.19* 

 

 

 

Table 6.1.A presents the descriptive statistics of the variables. The cycle of industrial production is highly persistent, with a high 

autoregressive coefficient (=0.95), while the inflation rate follows with a lower autoregressive value (=0.62). The rest of the variables 

display first-order autoregressive coefficients (less than 0.40) lower than inflation and the cycle of industrial production. 
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Moreover, Table 6.1.B shows the correlations between the Fama-French three factors and 

other augmented factors. However, the cash flow-to-price and investment factor is highly 

(significantly) correlated with a value factor of approximately 0.76, and the quality factor is 

highly (significantly) correlated with a profitability factor of approximately 0.74 and correlated 

(significantly) with a market risk factor and size factor with a relatively high value of about -0.54; 

therefore, they may share some similar information. 

 

6.4 Empirical results 

 

6.4.1 Summary of empirical results 

 

I summarize the performance of each model in Table 6.2. I focus on the performance of 

Petkova’s (2006) ICAPM model and six standard models, which are the Fama-French three-

factor model augmented with other factors. I summarize the comparison of the performance of 

these models with the Fama-French three-factor model.  
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Table 6.2 

 
This table summarize of performance of augmented Fama-French model and Petkova model in different sets of portfolios. The 120 portfolios are formed by size–BM, 

size–momentum, earnings-to-price, dividend yield, short-term reversal, long-term reversal, and industry. The 65 portfolios are formed by size–BM, earnings-to-price, 

dividend yield, short-term reversal, long-term reversal. The 80 portfolios are formed by SBM25 portfolios, 25 size–momentum portfolios and 30 industrial portfolios. 

The 25 SSR portfolios refer to 25 size and short-term reversal portfolios. The 25 SLR portfolios refer to 25 size and long-term reversal portfolios. The 32 SOI 

portfolios are formed by size, operating profitability and investment. The 25 SA portfolios refer to the 25 size and accruals portfolios. The 25 SNS portfolios refer to 

the 25 size and net share issue portfolios. “No” means the augmented multi-factor model (except Petkova’s model) cannot meet one of following conditions while 

“Yes” means the augmented multi-factor model (except Petkova’s model) can meet all of the following conditions: the R2 of this multi-factor model is higher than the 

R2 of the Fama-French three-factor model; the MAE of this multi-factor model is lower than the MAE of the Fama-French three-factor model; the JT-difference test 

statistic significantly supports that these augmented factors (which are augmented to the Fama-French three factors) improve the performance of the model; and at 

least one of the augmented factors significantly help to price assets. I judge the superior performance of Petkova’s model via four “key” rules except the J-difference 

test.  The MAE presents the average absolute pricing error (in%). The R2 denotes the OLS cross-sectional R2. The J-difference test statistic follows Newey and West 

(1987). The methodology is the first-stage GMM. “Neglect” means that I ignore the performance of this model in this portfolio. The sample period is from July 1963 

to September 2014. 

 
   

Summarize the performance of models:     

  FF5 (1993) FF5 (2015) Petkova (2006) PS (2003) Shi et al. (2015) Du (2013)  FKP (2013) 
120 Portfolios  No Yes No Yes No Yes Yes 

65 Portfolios  No Yes No No Yes Yes Yes 

80 Portfolios  No Yes No Yes No Yes Yes 

25 SSR portfolios  No No Neglect Yes Yes No Yes 

25 SLR portfolios  No No Neglect Yes No Yes Yes 

32 SOI portfolios   Yes Yes Neglect Yes Yes Yes Yes 

25 SA portfolios         Yes Yes Neglect Yes Yes Yes Yes 

25 SNS portfolios  No Yes Neglect Yes Yes Yes Yes 
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In Table 6.2, “No” indicates that the augmented multi-factor model cannot meet one of 

following conditions, while “Yes” means that the augmented multi-factor model can meet the 

following four conditions simultaneously: the R2 of this multi-factor model is higher than the R2 

of the Fama-French three-factor model; the MAE of this multi-factor model is lower than the 

MAE of the Fama-French three-factor model; the JT-difference test statistic significantly 

supports that these augmented factors (which are augmented to the Fama-French three factors) 

improve the performance of the model;  and at least one of the augmented factors rather than the 

Fama-French three factors significantly helps to price assets.75 I describe these four conditions 

as my “key” rules for my judgment (hereafter, key rules). These key rules almost coincide with 

the econometrical methodologies in Hsu and Huang (2010), as both studies attempt to justify the 

importance of the extended factors. “Neglect” means that I do not consider or report the 

performance of Petkove’s (2006) model for this portfolio because the essential role of my study 

is to investigate whether the Fama-French three-factor models augmented with other factors 

often perform better than the original Fama-French three-factor model. I call these six models 

(the Fama-French three-factor model augmented with other factors) as “six multi-factor standard 

models” (hereafter, six multi-factor standard models). That the augmented models perform 

significantly better than the Fama-French three-factor model also implies that certain specific 

and important augmented variables can provide significant additional explanation that the 

performance of the Fama-French three-factor model is inadequate.  

 

Table 6.2 shows that Petkova’s (2006) ICAPM does not perform better than the Fama-

French three-factor model in the corresponding three expanded portfolios. I summarize the 

findings of all the models except Petkova’s (2006) ICAPM as follows. Only FKP’s (2013) model 

                                                 
75 I judge the superior performance of Petkova’s model via four “key” rules, except the J-difference test. 
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consistently performs better than the Fama-French three-factor model across all the different sets 

of portfolios. Pastor and Stambaugh’s (2003) model, Fama-French’s (2015a) five-factor model, 

Du’s (2013) model and Shi et al.’s (2015) model often show better performance than the Fama-

French three-factor model across different portfolios, but each of them fails to improve for a few 

particular portfolios. For example, the augmented factors of Fama-French’s (2015a) model do 

not help to price the 25 size and short-term reversal portfolios and 25 size and long-term reversal 

portfolios. Only one model performs better sometimes, i.e., Fama-French’s (1993) five-factor 

model outperforms the Fama-French three-factor model only for 32 portfolios formed by size, 

operating profitability and investment and 25 portfolios formed by size and accruals. 

 

6.4.2 Estimation of expanded portfolios 

 

Following the suggestion of Lewellen, Nagel, and Shanken (2010), one can relax the tight 

structure of SBM25 portfolios by adding other portfolios, such as industrial, beta and other 

characteristics. First, I follow Du’s (2013) setup to expand the SBM25 portfolios with 25 size-

momentum portfolios, 10 portfolios formed on earnings-to-price, 10 portfolios formed on 

dividend yield, 10 portfolios formed on short-term reversal, 10 portfolios formed on long-term 

reversal, and 30 industry portfolios. The total number of test assets thus increases from 25 to 120 

with this expansion. I report the corresponding results in Table 6.3. 

 

In Table 6.3, the R2 and MAE of the Fama-French three-factor model are 0.28 and 0.132, 

respectively. The MAE of Fama and French’s (1993) five-factor model almost does not change 

(MAE=0.131), implying that this augmented model does not help to reduce the pricing error. The 

J-difference test also accepts the null that Fama and French’s (1993) augmented factors do not 
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significantly improve the performance of the model. The R2 and MAE of Petkova’s (2006) model 

even become worse than the Fama-French three-factor model (R2=0.18, MAE=0.153). 

Furthermore, Shi et al.’s (2015) model fails to pass the J-difference test. Rather, other models all  

display better performance in terms of the rise of R2, the decline of MAE and the significance of 

the J-difference test. The profitability factor and investment factor of Fama and French’s (2015a) 

five-factor model, the momentum factor of PS’s (2003) model and Du’s (2013) model, and the 

momentum factor and the quality factor of FKP’s (2013) model help to price assets significantly 

(see the corresponding t-statistic of each factor loading in symbol “b”). Therefore, Fama and 

French’s (2015a) model, PS’s (2003) model, Du’s (2013) model, and FKP’s (2013) model 

present better performance than the Fama-French three-factor model. The P-value of JT tests 

reject all the models, but the rejection of JT tests is commonly observed in unconditional cross-

sectional tests, such as Vassalou (2003) and Hsu and Huang (2010). 
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Table 6.3 

120 Portfolios (OLS) 
This table reports the first-stage GMM estimates for the 120 portfolios. The 120 portfolios are formed by SBM25, size–momentum, earnings-to-price, dividend yield, 

short-term reversal, long-term reversal, and industry. rmrf = market risk premium; smb = size premium; hml = value premium; umd = momentum premium;  term = 

term spread; def = default spread; div = dividend yield; inf = inflation based on the consumer price index; rf = risk free rate; l= liquidity factor; ind = industrial 

production cycle; rmw = profitability factor; and cma= investment factor; cfp = cash flow-to-price; qmj= quality (“quality minus junk”) factor; bab= “betting against 

beta” factor.
xg = innovation in variable x, where x is term, def, div or rf, respectively. The column MAE presents the average absolute pricing error (in%). The column 

R2 denotes the OLS cross-sectional R2
. The column JT refers to Hansen’s (1982) J-statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test 

statistic, examining the existence of augmented factors beyond Fama-French three factors improves the explanation of stock returns. The sample period is from July 

1963 to September 2014. 

   

                                                    Model 1:  FF3   

 
cons 

rmrf smb hml    
R2 MAE JT 

 
b 

0.98  0.04  -0.04  -0.01     
0.28  0.132 232.47 

 
t-stat. 

62.46  2.32  -2.83  -0.58       
(0.00) 

 
λ 

 -0.66  0.22  0.15         
t-stat. 

 -2.24  1.75  1.21         
               Model 2: FF5 (1993)  

 
cons 

rmrf smb hml def 
term 

 
R2 MAE JT JT-diff 

b 
0.99  0.03  -0.05  -0.02  0.09  1.20   

0.32  0.131 208.81 1.73 

t-stat. 
42.37  1.52  -2.67  -1.18  0.06  1.74     

(0.00) (0.41) 

λ 
 -0.65  0.22  0.16  -0.01  -0.10       
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t-stat. 
 -1.95  1.63  1.20  -0.36  -1.84       

                                                                                      Model 3: FF5 (2015) 
 

 
cons 

rmrf smb hml rmw 
cma 

 
R2 MAE JT JT-diff 

b 
1.06  0.00  -0.05  0.08  -0.08  -0.19   

0.39 0.126 230.28 19.81 

t-stat. 
36.90  -0.23  -3.14  2.16  -2.55  -2.89     

(0.00) (0.00) 

λ 
 -0.22  0.30  0.09  0.11  0.37       

t-stat. 
 -0.76  2.23  0.72  0.89  2.90       

            Model 4: Petkova (2006)  

 
cons rmrf defg  

termg  
divg  

rfg   
R2 MAE JT 

 
b 

0.98  0.03  1.00  1.05  1.50  11.17   
0.18 0.153 216.95 

 
t-stat. 

31.96  0.90  0.55  1.21  0.25  2.59     
(0.00) 

 
λ 

 -0.15  -0.02  -0.01  0.00  -0.04       
t-stat. 

 -0.41  -0.77  -0.21  -0.53  -2.66       
                Model 5: PS (2003) 

 

 
cons 

rmrf smb hml umd 
l 

 
R2 MAE JT JT-diff 

b 
1.06  -0.01  -0.03  -0.06  -0.05  0.73   

0.61 0.102 215.26 22.75 
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t-stat. 
39.90  -0.75  -1.94  -3.17  -3.44  0.29     

(0.00) (0.00) 

λ 
 0.03  0.21  0.28  0.69  0.00       

t-stat. 
 0.09  1.56  2.31  2.98  -0.20       

                 Model 6: Shi et al. (2015)  

 
cons 

     rmrf      smb     hml inf 
ind 

 
R2 MAE JT JT-diff 

b 
0.77  0.00  -0.06  -0.04  0.72  -0.43   

0.48 0.117 208.59 4.07 

t-stat. 
2.96  0.10  -3.15  -1.60  0.91  -2.69     

(0.00) (0.13) 

λ 
 -0.33  0.26  0.23  -0.03  0.82       

t-stat. 
 -0.83  1.88  1.52  -0.41  2.63       

                  Model 7:  Du(2013)  

 
cons 

     rmrf      smb     hml   umd 
cfp 

 
R2 MAE JT JT-diff 

b 
1.06  -0.01  -0.04  -0.10  -0.05  0.05   

0.63 0.101 216.52 26.90 

t-stat. 
37.76  -0.62  -2.27  -2.50  -3.37  1.26     

(0.00) (0.00) 

λ 
 0.03  0.22  0.31  0.70  0.14       

t-stat. 
 0.11  1.56  2.41  2.88  0.73       

                     Model 8:  FKP(2013)  

 
cons 

     rmrf      smb     hml umd qmj 
bab R2 MAE JT JT-diff 
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b 1.09  -0.04  -0.06  -0.09  -0.05  -8.68  3.74  0.66 0.095 215.11 32.32 
t-stat. 

28.79  -1.68  -2.59  -2.84  -3.39  -1.75  1.02    
(0.00) (0.00) 

λ 
 0.07  0.25  0.28  0.71  0.00  0.00      

t-stat. 
 0.23  1.84  2.15  3.07  0.71  0.31      
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Then, I investigate an alternative check in Table 6.4 via expanding the SBM25 portfolios 

with 10 portfolios formed on earnings-to-price, 10 portfolios formed on dividend yield, 10 

portfolios formed on short-term reversal, and 10 portfolios formed on long-term reversal. Table 

6.4 shows that the R2 and MAE of the Fama-French three-factor model are 0.67 and 0.074, 

respectively. Then, the R2 and MAE of Petkova’s (2006) model are 0.67 and 0.078, respectively. 

This suggests that Petkova’s (2006) model does not perform better. Then, I turn to the six multi-

factor standard models. The MAE of Fama and French’s (1993) five-factor model remains the 

same at 0.074; the J-difference test of Fama and French’s (1993) five-factor model also appears 

insignificant, and the extended factors of PS’s (2003) model are insignificant. Therefore, Fama 

and French’s (1993) five-factor model and PS’s (2003) model do not outperform the Fama-

French three-factor model in evaluating the expanding 65 portfolios. The other models all 

display better performance than the Fama-French three-factor model according to the four key 

rules: MAE, R2, J-difference test and significant t-statistic of each “b” for corresponding 

augmented factors. 
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Table 6.4 

     65 Portfolios 
This table reports the first-stage GMM estimates for the 65 portfolios. The 65 portfolios are formed by SBM25, earnings-to-price, dividend yield, short-term reversal, 

long-term reversal. rmrf = market risk premium; smb = size premium; hml = value premium; umd = momentum premium;  term = term spread; def = default spread; 

div = dividend yield; inf = inflation based on the consumer price index; rf = risk free rate; l= liquidity factor; ind = industrial production cycle; rmw = profitability 

factor; and cma = investment factor; cfp = cash flow-to-price; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting against beta” factor.
xg = 

innovation in variable x, where x is term, def, div and rf, respectively. The column R2 denotes the OLS cross-sectional R2
. The column JT refers to Hansen’s (1982) J-

statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test statistic, examining the existence of augmented factors beyond Fama-French three 

factors improves the explanation of stock returns. The sample period is from July 1963 to September 2014. 

   

                                                          Model 1: FF3   

 
cons 

rmrf smb hml    
R2 MAE JT 

 
b 

1.03  -0.02  -0.02  -0.06     
0.67 0.074 107.35 

 
t-stat. 

55.23  -1.12  -1.48  -3.70       
(0.00) 

 
λ 

 0.25  0.18  0.38         
t-stat. 

 0.83  1.33  3.15         
                          Model 2: FF5 (1993)  

 
cons 

rmrf smb hml def 
term 

 
R2 MAE JT JT-diff 

b 
1.02  0.00  -0.02  -0.05  0.56  -1.21   

0.70 0.074 114.36 3.16 

t-stat. 
46.94  -0.23  -1.05  -2.53  0.44  -1.75     

(0.00) (0.20) 

λ 
 0.18  0.17  0.38  0.00  0.10       
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t-stat. 
 0.60  1.20  3.03  -0.17  1.81       

                                                                                           Model 3: FF5 (2015) 
 

 
cons 

rmrf smb hml rmw 
cma 

 
R2 MAE JT JT-diff 

b 
1.07  -0.03  -0.05  -0.04  -0.09  -0.03   

0.74 0.069 99.35 8.42 

t-stat. 
32.40  -1.46  -2.85  -1.40  -2.49  -0.57     

(0.00) (0.01) 

λ 
 0.37  0.31  0.37  0.26  0.13       

t-stat. 
 1.15  2.08  2.74  1.74  1.11       

                       Model 4: Petkova (2006)  

 
cons rmrf defg  

termg  
divg  

rfg   
R2 MAE JT 

 
b 

0.95  0.10  -1.79  -1.88  14.00  3.65   
0.67 0.078 94.05 

 
t-stat. 

28.10  2.11  -0.82  -1.57  1.49  0.82     
(0.00) 

 
λ 

 -0.16  0.03  0.18  -0.01  -0.03       
t-stat. 

 -0.41  0.92  2.21  -1.34  -1.89       
                         Model 5: PS (2003) 

 

 
cons 

rmrf smb hml umd 
l 

 
R2 MAE JT JT-diff 

b 
1.03  -0.01  -0.02  -0.07  -0.01  -3.46   

0.69 0.073 92.92 11.52 
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t-stat. 
28.34  -0.43  -1.11  -3.20  -0.46  -1.04     

(0.00) (0.00) 

λ 
 0.30  0.19  0.39  0.04  0.01       

t-stat. 
 0.93  1.30  2.93  0.08  1.20       

                         Model 6: Shi et al. (2015)  

 
cons 

     rmrf      smb     hml inf 
ind 

 
R2 MAE JT JT-diff 

b 
0.33  -0.01  -0.02  -0.07  2.10  0.04   

0.74 0.071 93.67 8.83 

t-stat. 
1.32  -0.61  -1.03  -2.99  2.74  0.26     

(0.00) (0.01) 

λ 
 0.50  0.20  0.31  -0.22  -0.29       

t-stat. 
 1.44  1.19  1.91  -2.72  -1.01       

                         Model 7: Du (2013)  

 
cons 

     rmrf      smb     hml umd 
cfp 

 
R2 MAE JT JT-diff 

b 
1.06  -0.03  -0.03  -0.14  -0.02  0.06   

0.72 0.069 94.70 10.97 

t-stat. 
30.03  -1.50  -2.04  -3.83  -0.93  2.18     

(0.00) (0.00) 

λ 
 0.36  0.18  0.44  0.18  0.15       

t-stat. 
 1.14  1.36  3.55  0.41  0.94       

                         Model 8:  FKP (2013)  

 
cons 

     rmrf      smb     hml umd qmj 
bab R2 MAE JT JT-diff 
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b 1.11  -0.07  -0.08  -0.11  0.01  -16.99  3.71  0.78 0.066 91.40 12.98 
t-stat. 

26.47  -2.80  -3.92  -3.55  0.39  -3.58  0.99    
(0.00) (0.00) 

λ 
 0.42  0.24  0.36  -0.23  0.00  0.00      

t-stat. 
 1.33  1.63  2.75  -0.55  1.28  0.29      
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I also follow Huang and Wang’s (2009) setup to construct 80 portfolios via expanding the 

SBM25 portfolios with the 25 size-momentum portfolios and 30 industry portfolios; the results 

are shown in Table 6.5. The R2 and MAE of the Fama-French three-factor model are 0.27 and 

0.152, respectively. Petkova’s (2006) model still performs worse than the Fama-French three-

factor model with respect to R2 (R2=0.20) and MAE (MAE=0.173), while Fama and French’s 

(1993) five-factor model and Shi et al.’s (2015) model perform poorly in the J-difference test. 

The failure of a key rule indicates that the augmented model does not perform better than the 

original Fama-French three-factor model. Moreover, other models all display better performance 

than the Fama-French three-factor model according to the four key rules (R2, MAE, J-difference 

test and t-statistics of augmented factors). 
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Table 6.5   

80 Portfolios  
This table reports the first-stage GMM estimates for the 80 portfolios. The 80 portfolios are formed by SBM25 portfolios, 25 size–momentum portfolios, 30 industrial 

portfolios. rmrf = market risk premium; smb = size premium; hml = value premium; umd = momentum premium;  term = term spread; def = default spread; div = 

dividend yield; inf = inflation based on the consumer price index; rf = risk free rate; l= liquidity factor; ind = industrial production cycle; rmw = profitability factor; 

and cma = investment factor; cfp = cash flow-to-price; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting against beta” factor.
xg = innovation in 

variable x, where x is term, def, div and rf, respectively. The column MAE presents the average absolute pricing error (in%). The column R2 denotes the OLS cross-

sectional R2
. The column JT refers to Hansen’s (1982) J-statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test statistic, examining the 

existence of augmented factors beyond Fama-French three factors improves the explanation of stock returns. The sample period is from July 1963 to September 2014. 

   

                                                       Model 1:  FF3   

 
cons 

rmrf smb hml    
R2 MAE JT 

 
b 

0.97  0.05  -0.04  0.00     
0.27 0.152 194.32 

 
t-stat. 

58.27  2.78  -2.82  -0.14       
(0.00) 

 
λ 

 -0.85  0.20  0.13         
t-stat. 

 -2.74  1.55  1.02         
                   Model 2:  FF5 (1993)  

 
cons 

rmrf smb hml def 
term 

 
R2 MAE JT JT-diff 

b 
0.98  0.04  -0.05  -0.02  0.59  1.70   

0.36 0.148 163.29 1.84 

t-stat. 
33.02  1.76  -2.43  -0.93  0.35  2.02     

(0.00) (0.40) 

λ 
 -0.88  0.19  0.15  -0.02  -0.14       
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t-stat. 
 -2.29  1.26  1.02  -0.70  -2.15       

                                                                                             Model 3:  FF5 (2015) 
 

 
cons 

rmrf smb hml rmw 
cma 

 
R2 MAE JT JT-diff 

b 
1.08  -0.02  -0.05  0.14  -0.09  -0.32   

0.43 0.140 184.60 12.89 

t-stat. 
26.60  -0.82  -2.69  2.33  -2.45  -2.57     

(0.00) (0.00) 

λ 
 -0.15  0.29  0.04  0.04  0.59       

t-stat. 
 -0.47  1.94  0.27  0.26  2.56       

                     Model 4:  Petkova (2006)  

 
cons rmrf defg  

termg  
divg  

rfg   
R2 MAE JT 

 
b 

0.97  0.02  1.52  1.61  0.54  10.04   
0.20 0.173 170.21 

 
t-stat. 

31.71  0.73  0.81  1.71  0.09  2.04     
(0.00) 

 
λ 

 -0.24  -0.03  -0.07  0.00  -0.03       
t-stat. 

 -0.66  -1.15  -1.20  -0.29  -1.77       
                   Model 5: PS (2003) 

 

 
cons 

rmrf smb hml umd 
l 

 
R2 MAE JT JT-diff 

b 
1.05  0.00  -0.03  -0.05  -0.05  0.27   

0.65 0.115 180.30 18.12 
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t-stat. 
40.09  -0.21  -1.79  -2.62  -3.38  0.10     

(0.00) (0.00) 

λ 
 -0.11  0.18  0.25  0.73  0.00       

t-stat. 
 -0.35  1.34  2.00  3.04  -0.10       

                          Model 6: Shi et al. (2015)  

 
cons 

     rmrf      smb     hml inf 
ind 

 
R2 MAE JT JT-diff 

b 
0.72  0.01  -0.06  -0.03  0.86  -0.45   

0.50 0.127 166.87 1.17 

t-stat. 
2.45  0.43  -2.96  -1.32  0.97  -2.64     

(0.00) (0.55) 

λ 
 -0.48  0.24  0.21  -0.04  0.86       

t-stat. 
 -1.08  1.67  1.39  -0.51  2.60       

                   Model 7: Du (2013)  

 
cons 

     rmrf      smb     hml umd 
cfp 

 
R2 MAE JT JT-diff 

b 
1.05  0.00  -0.04  -0.10  -0.05  0.05   

0.68 0.111 177.97 24.19 

t-stat. 
37.63  -0.20  -2.13  -2.18  -3.36  1.22     

(0.00) (0.00) 

λ 
 -0.08  0.19  0.26  0.74  0.05       

t-stat. 
 -0.26  1.37  2.06  2.97  0.23       

                      Model 8: FKP (2013)  

 
cons 

     rmrf      smb     hml umd qmj 
bab R2 MAE JT JT-diff 
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 b 1.07  -0.03  -0.06  -0.09  -0.05  -8.90  5.32  0.71 0.102 178.00 29.34 
t-stat. 

27.67  -1.17  -2.48  -2.69  -3.60  -1.72  1.33    
(0.00) (0.00) 

λ 
 -0.12  0.22  0.26  0.75  0.00  0.00      

t-stat. 
 -0.37  1.63  2.03  3.27  1.00  -0.19      
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Another popular choice of 55 portfolios combines the SBM25 and 30 industry portfolios, 

but the test results disappoint for all my multi-factor models except FKP’s (2013) model.76 The 

corresponding results of 55 portfolios are reported in Appendix Table F.1. Compared with the 

results in 120 portfolios, 65 portfolios and 80 portfolios, the estimations may be sensitive to the 

kind of expanding portfolios I incorporate. Testing on a large number of portfolios provides a 

robust check for models, and it is also a big complement to the previous tests on a small number 

of portfolios. 

 

6.4.3 Estimation of other portfolios 

 

I then turn to five popular and interesting portfolios formed with quite a small number of 

assets and sorted according to other different anomalies. I explore the performance of six 

standard multi-factor models in 25 size and short-term reversal portfolios (Grauer and Janmaat, 

2010), 25 size and long-term reversal portfolios (Lioui and Maio 2014), 32 size, operating 

profitability and investment portfolios (Fama and French 2015a), 25 size and accruals portfolios 

and 25 size and net share issue portfolios (Cho 2013). Because my main target is to explore 

whether the augmented factors provide additional help beyond the Fama-French three factors, I 

concentrate on these six multi-factor standard models but neglect or do not report Petkova’s 

(2006) model.  

 

Table 6.6 reports the estimations for the 25 size and short-term reversal portfolios. Fama-

French’s (1993) model, Fama-French’s (2015a) model and Du’s (2013) model do not display 

                                                 
76 For example, Balvers and Huang (2007), Michel (2009) and other studies all use the same setup. The 

poor testing results may be attributable to the fact that industry portfolios are typically difficult to predict, 

as the return variation of industry portfolios is too volatile for an asset pricing model to capture. 

Specifically, more than half of the combinations of 55 portfolios are industrial portfolios.  
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improved performance, as the augmented factors in these models – other than the Fama-French 

factors – do not significantly help to price assets. The significant value of liquidity risk premium 

is unusually negative in PS’s (2003) model, and this wrong sign leads us to suspect the 

acceptance of the liquidity factor as a valid factor. Hence, PS’s (2003) model appears somewhat 

problematic, although it has the highest R2 among all the models. Only Shi et al.’s (2015) model 

and FKP’s (2013) model both outperform the Fama-French three-factor model in terms of R2, 

MAE and J-difference test statistics, and the augmented factors, such as inflation, the industrial 

cycle and the quality factor, significantly help to price assets. 
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Table 6.6 
25 size and short-term reversal portfolios 

This table reports the first-stage GMM estimates for the 25 size and short-term reversal portfolios. rmrf = market risk premium; smb = size premium; hml = value 

premium; umd = momentum premium; inf = inflation based on the consumer price index; l= liquidity factor; ind = industrial production cycle; rmw = profitability 

factor; and cma = investment factor; cfp = cash flow-to-price; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting against beta” factor. The 

column MAE presents the average absolute pricing error (in%). The column R2 denotes the OLS cross-sectional R2
. The column JT refers to Hansen’s (1982) J-

statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test statistic, examining the existence of augmented factors beyond Fama-French three 

factors improves the explanation of stock returns. The sample period is from July 1963 to September 2014. 

   

                                                                   Model 1: FF3   

 
cons 

rmrf smb hml    
R2 MAE JT 

 
b 

1.18  -0.16  0.04  -0.25     
0.82 0.088 46.18 

 
t-stat. 

14.22  -2.43  1.14  -2.51       
(0.00) 

 
λ 

 2.09  -0.17  1.47         
t-stat. 

 2.33  -0.61  2.34         
                      Model 2:  FF5 (1993) 

 cons 
rmrf smb hml def 

term 
 

R2 MAE JT JT-diff 

b 
1.20  -0.18  0.03  -0.27  -0.95  1.16   

0.83 0.09 30.72 11.11 

t-stat. 
13.42  -2.25  0.67  -2.62  -0.27  0.84     

(0.04) (0.00) 

λ 
 2.23  -0.13  1.52  0.00  -0.05       

t-stat. 
 2.06  -0.46  2.47  0.08  -0.46       
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                                                                                                        Model 3:  FF5 (2015) 
 

 
cons 

rmrf smb hml rmw 
cma 

 
R2 MAE JT JT-diff 

b 
1.06  -0.07  -0.01  -0.29  -0.10  0.36   

0.86 0.072 49.18 2.81 

t-stat. 
14.26  -1.54  -0.26  -1.35  -0.89  1.13     

(0.00) (0.24) 

λ 
 1.43  0.08  0.70  0.58  -0.58       

t-stat. 
 2.25  0.33  1.02  1.35  -1.22       

                                         Model 5:  PS (2003) 
 

 
cons 

rmrf smb hml umd 
l 

 
R2 MAE JT JT-diff 

b 
1.20  -0.20  0.00  -0.25  0.00  16.21   

0.93 0.05 20.89 8.71 

t-stat. 
12.42  -3.05  -0.03  -2.93  -0.03  2.73     

(0.34) (0.01) 

λ 
 1.57  -0.10  1.49  -0.75  -0.04       

t-stat. 
 1.95  -0.39  2.84  -0.69  -2.27       

                                                Model 6: Shi et al. (2015)  

 
cons 

     rmrf      smb     hml inf 
ind 

 
R2 MAE JT JT-diff 

b 
2.06  -0.14  -0.01  -0.24  -2.69  -0.40   

0.87 0.076 27.37 5.10 

t-stat. 
3.57  -1.98  -0.36  -2.39  -1.70  -1.91     

(0.09) (0.08) 
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λ 
 1.03  -0.04  1.62  0.30  0.95       

t-stat. 
 1.12  -0.15  2.46  1.84  2.02       

                                           Model 7: Du (2013)  

 
cons 

     rmrf      smb     hml umd 
cfp 

 
R2 MAE JT JT-diff 

b 
1.14  -0.14  0.06  -0.12  0.03  -0.12   

0.82 0.089 44.07 2.48 

t-stat. 
14.05  -2.77  1.64  -0.70  0.54  -0.76     

(0.00) (0.28) 

λ 
 1.80  -0.23  1.45  -1.22  1.77       

t-stat. 
 2.32  -0.78  2.88  -1.20  2.12       

                                             Model 8: FKP (2013)  

 
cons 

     rmrf      smb     hml umd qmj 
bab R2 MAE JT JT-diff 

b 1.10  -0.14  -0.08  -0.22  0.08  -26.17  12.42  0.87 0.072 40.84 9.71 
t-stat. 

13.06  -2.81  -1.88  -1.83  0.99  -2.08  1.52    
(0.00) (0.02) 

λ 
 1.07  -0.08  0.89  -1.91  0.00  -0.01      

t-stat. 
 1.57  -0.33  1.37  -1.72  0.06  -1.00      
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Table 6.7 presents the estimation for the 25 size and long-term reversal portfolios. The 

Fama-French three-factor model achieves good performance, where R2 is 0.77 and MAE is 0.063. 

Pastor and Stambaugh’s (2003) model, Du’s (2013) model and FKP’s (2013) model all perform 

better than the Fama-French three-factor model in terms of R2, MAE and J-difference test 

statistics. However, other models fail to display superiority in terms of poor J-difference test 

statistics. Moreover, the momentum factors of Pastor and Stambaugh’s (2003) model, Du’s 

(2013) model and Frazzini et al.’s (2013) model play significant roles as helpful and valid 

augmented factors. I find that momentum is the key augmented factor that improves the 

performance of each model beyond the Fama-French factors in that stage. 
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Table 6.7 
25 size and long-term reversal portfolios 

This table reports the first-stage GMM estimates for the 25 size and long-term reversal portfolios. rmrf = market risk premium; smb = size premium; hml = value 

premium; umd = momentum premium; inf = inflation based on the consumer price index; l= liquidity factor; ind = industrial production cycle; rmw = profitability 

factor; and cma = investment factor; cfp = cash flow-to-price; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting against beta” factor. The 

column MAE presents the average absolute pricing error (in%). The column R2 denotes the OLS cross-sectional R2
. The column JT refers to Hansen’s (1982) J-

statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test statistic, examining the existence of augmented factors beyond Fama-French three 

factors improves the explanation of stock returns. The sample period is from July 1963 to September 2014. 

   

                                                                       Model 1:  FF3   

 
cons 

rmrf smb hml    
R2 MAE JT 

 
b 

1.04  -0.02  -0.02  -0.09     
0.77 0.063 36.95 

 
t-stat. 

37.58  -0.87  -1.06  -2.64       
(0.02) 

 
λ 

 0.19  0.11  0.58         
t-stat. 

 0.52  0.72  2.66         
                         Model 2:  FF5 (1993) 

 cons 
rmrf smb hml def 

term 
 

R2 MAE JT JT-diff 

b 1.05  -0.03  -0.02  -0.10  -0.43  0.45   0.78 0.06 34.44 0.22 
t-stat. 

32.64  -1.00  -1.13  -2.41  -0.26  0.40     
(0.02) (0.89) 

λ 
 0.23  0.11  0.61  0.00  -0.02       

t-stat. 
 0.61  0.70  2.58  0.12  -0.28       
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                                                                                                        Model 3:  FF5 (2015) 
 

 
cons 

rmrf smb hml rmw 
cma 

 
R2 MAE JT JT-diff 

b 
1.13  -0.04  -0.07  0.16  -0.16  -0.37   

0.83 0.058 26.21 2.91 

t-stat. 
15.51  -1.18  -2.64  1.64  -1.64  -2.26     

(0.12) (0.23) 

λ 
 0.13  0.40  0.06  0.24  0.62       

t-stat. 
 0.27  2.25  0.22  0.78  2.56       

                                     Model 5: PS (2003) 
 

 
cons 

rmrf smb hml umd 
l 

 
R2 MAE JT JT-diff 

b 
1.12  -0.02  -0.04  -0.11  -0.10  -5.92   

0.92 0.040 11.20 11.43 

t-stat. 
18.69  -0.41  -1.58  -2.29  -3.11  -1.11     

(0.91) (0.00) 

λ 
 0.36  0.42  0.47  1.48  0.02       

t-stat. 
 0.75  1.82  1.63  2.93  1.25       

                                            Model 6: Shi et al. (2015)  

 
cons 

     rmrf      smb     hml inf 
ind 

 
R2 MAE JT JT-diff 

b 
1.29  -0.04  -0.03  -0.10  -0.71  -0.22   

0.81 0.060 32.24 0.33 

t-stat. 
4.50  -1.33  -1.49  -2.53  -0.84  -1.70     

(0.00) (0.84) 
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 λ 
 0.19  0.14  0.66  0.09  0.48       

t-stat. 
 0.44  0.80  2.62  1.07  1.81       

                                        Model 7: Du (2013)  

 
cons 

     rmrf      smb     hml umd 
cfp 

 
R2 MAE JT JT-diff 

b 1.12  -0.03  -0.05  -0.10  -0.09  0.01   0.91 0.043 14.07 14.22 
t-stat. 

22.18  -1.24  -1.80  -1.28  -3.11  0.07     
(0.00) (0.00) 

λ 
 0.30  0.38  0.42  1.30  0.47       

t-stat. 
 0.77  1.84  1.66  2.79  0.87       

                                         Model 8: FKP (2013)  

 
cons 

     rmrf      smb     hml umd qmj 
bab R2 MAE JT JT-diff 

b 1.22  -0.07  -0.04  -0.10  -0.09  -1.27  -7.97  0.94 0.034 10.98 10.34 
t-stat. 

10.44  -1.24  -1.23  -1.49  -2.94  -0.13  -1.21    
(0.89) (0.02) 

λ 
 0.87  0.40  0.54  1.55  0.00  0.01      

t-stat. 
 1.38  1.59  1.82  2.86  -0.59  2.01      
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In Table 6.8, the estimation results for the 32 size, operating profitability and investment 

portfolios also provide further evidence on the superiority of the six multi-factor standard models, 

which all show better goodness-of-fit in terms of key rules (R2, MAE, J-difference test statistics 

and t-statistics of augmented factors). In addition to the common Fama-French factors, the term 

spread of Fama and French’s (1993) five-factor model, profitability factor and the investment 

factor of Fama and French’s (2015a) model, the momentum factor of Pastor and Stambaugh’s 

(2003) model, Du’s (2013) model and Frazzini et al.’s (2013) model, the inflation factor of Shi et 

al.’s (2015) model, the quality factor and the “betting against beta” factor of Frazzini et al.’s 

(2013) model all significantly help to price the assets.  
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Table 6.8 
32 size, operating profitability and investment portfolios 

This table reports the first-stage GMM estimates for the 32 portfolios formed by size, operating profitability and investment. rmrf = market risk premium; smb = size 

premium; hml = value premium; umd = momentum premium; inf = inflation based on the consumer price index; l= liquidity factor; ind = industrial production cycle; 

rmw = profitability factor; and cma = investment factor; cfp = cash flow-to-price; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting against beta” 

factor. The column MAE presents the average absolute pricing error (in%). The column R2 denotes the OLS cross-sectional R2
. The column JT refers to Hansen’s 

(1982) J-statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test statistic, examining the existence of augmented factors beyond Fama-

French three factors improves the explanation of stock returns. The sample period is from July 1963 to September 2014. 

   

                                                                     Model 1:   FF3   

 
cons 

rmrf smb hml    
R2 MAE JT 

 
b 

1.01  0.02  -0.04  -0.08     
0.57 0.127 94.81 

 
t-stat. 

44.77  1.18  -2.45  -3.31       
(0.00) 

 
λ 

 -0.62  0.13  0.64         
t-stat. 

 -1.83  0.95  4.10         
                         Model 2:  FF5 (1993) 

 cons 
rmrf smb hml def 

term 
 

R2 MAE JT JT-diff 

b 
1.04  -0.02  -0.03  -0.13  4.78  3.73   

0.74 0.104 36.71 8.40 

t-stat. 
16.01  -0.43  -1.04  -3.22  1.15  2.86     

(0.08) (0.02) 

λ 
 -0.42  0.04  0.80  -0.09  -0.31       

t-stat. 
 -0.54  0.19  3.14  -1.51  -3.12       
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                                                                                                     Model 3: FF5 (2015) 
 

 
cons 

rmrf smb hml rmw 
cma 

 
R2 MAE JT JT-diff 

b 
1.09  -0.03  -0.05  0.00  -0.12  -0.13   

0.76 0.104 66.65 27.03 

t-stat. 
32.04  -1.11  -3.11  0.09  -4.09  -2.49     

(0.00) (0.00) 

λ 
 0.09  0.25  0.39  0.31  0.33       

t-stat. 
 0.23  1.74  1.97  2.84  3.63       

                                  Model 5: PS (2003) 
 

 
cons 

rmrf smb hml umd 
l 

 
R2 MAE JT JT-diff 

b 
1.29  -0.09  0.01  -0.20  -0.25  -6.29   

0.79 0.101 27.68 13.64 

t-stat. 
11.90  -1.90  0.40  -3.39  -3.30  -0.94     

(0.37) (0.00) 

λ 
 1.03  0.06  0.76  3.73  0.02       

t-stat. 
 1.57  0.23  2.48  3.12  1.18       

                                     Model 6: Shi et al. (2015)  

 
cons 

     rmrf      smb     hml inf 
ind 

 
R2 MAE JT JT-diff 

b 
0.22  0.01  -0.03  -0.10  2.44  0.01   

0.65 0.124 70.57 10.63 

t-stat. 
0.71  0.31  -1.57  -2.97  2.58  0.03     

(0.00) (0.00) 
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 λ 
 0.04  0.17  0.58  -0.24  -0.23       

t-stat. 
 0.08  0.95  2.80  -2.62  -0.67       

                             Model 7: Du (2013)  

 
cons 

     rmrf      smb     hml umd 
cfp 

 
R2 MAE JT JT-diff 

b 1.29  -0.12  -0.02  -0.31  -0.23  0.12   0.79 0.101 25.74 18.18 
t-stat. 

12.51  -2.81  -0.62  -3.20  -3.33  1.38     
(0.47) (0.00) 

λ 
 1.04  0.07  0.75  3.46  0.27       

t-stat. 
 1.74  0.29  2.64  3.06  0.54       

                              Model 8: FKP (2013)  

 
cons 

     rmrf      smb     hml umd qmj 
bab R2 MAE JT JT-diff 

b 1.28  -0.17  -0.06  -0.30  -0.18  -19.21  14.99  0.88 0.079 29.10 19.33 
t-stat. 

13.93  -4.00  -1.82  -4.21  -3.24  -2.63  1.87    
(0.26) (0.00) 

λ 
 1.10  0.06  0.85  2.47  0.00  0.00      

t-stat. 
 2.06  0.28  3.25  2.68  0.66  -0.03      
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In Table 6.9, the estimation results for the 25 size and accruals portfolios support that all 

six multi-factor standard models exhibit better performance than the Fama-French three-factor 

judged by four key rules: a higher value of R2, a lower value of MAE, valid support of J-

difference test statistics and a significant value for the t-statistics of augmented factors. More 

specifically, the term spread of Fama and French’s (1993) five-factor model, the investment 

factor of Fama-French’s (2015a) model, the momentum factor of Pastor and Stambaugh’s (2003) 

model, Du’s (2013) model and Frazzini et al.’s (2013) model, the industrial production cycle 

factor of Shi et al.’s (2015) model and the “betting against beta” factor of Frazzini et al.’s (2013) 

model all significantly help to price the assets. However, the J-difference test statistic only 

marginally supports the successful improvement of Fama and French’s (1993) model (J-

difference statistic = 0.07) and Pastor and Stambaugh’s (2003) model (J-difference statistic = 

0.09) under the 0.10 level of significance. 
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Table 6.9 
25 size and accruals portfolios 

This table reports the first-stage GMM estimates for the 25 size and accruals portfolios. rmrf = market risk premium; smb = size premium; hml = value 

premium; umd = momentum premium; inf = inflation based on the consumer price index; l= liquidity factor; ind = industrial production cycle; rmw = 

profitability factor; and cma = investment factor; cfp = cash flow-to-price; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting against 

beta” factor. The column MAE presents the average absolute pricing error (in%). The column R2 denotes the OLS cross-sectional R2
. The column JT 

refers to Hansen’s (1982) J-statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test statistic, examining the existence of 

augmented factors beyond Fama-French three factors improves the explanation of stock returns. The sample period is from July 1963 to September 2014. 

   

                                                                      Model 1:   FF3   

 
cons 

rmrf smb hml    
R2 MAE JT 

 
b 

1.01  0.00  -0.03  -0.05     
0.51 0.087 54.05 

 
t-stat. 

37.17  0.12  -1.65  -1.41       
(0.00) 

 
λ 

 -0.14  0.15  0.40         
t-stat. 

 -0.40  1.08  1.51         
                   Model 2:  FF5 (1993) 

 cons 
rmrf smb hml def 

term 
 

R2 MAE JT JT-diff 

b 
0.98  0.03  -0.03  0.03  -3.19  -3.18   

0.65 0.073 30.75 5.16 

t-stat. 
17.69  0.79  -1.26  0.56  -1.38  -2.50     

(0.04) (0.07) 

λ 
 0.10  0.30  -0.06  0.06  0.26       

t-stat. 
 0.18  1.53  -0.17  1.79  2.60       
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                                                                                                       Model 3: FF5 (2015) 
 

 
cons 

rmrf smb hml rmw 
cma 

 
R2 MAE JT JT-diff 

b 
1.08  -0.06  0.01  0.08  0.03  -0.27   

0.68 0.071 40.72 8.94 

t-stat. 
17.78  -1.81  0.36  1.09  0.40  -2.06     

(0.00) (0.01) 

λ 
 0.63  0.12  0.19  -0.37  0.57       

t-stat. 
 1.48  0.81  0.66  -1.92  2.74       

                                  Model 5: PS (2003) 
 

 
cons 

rmrf smb hml umd 
l 

 
R2 MAE JT JT-diff 

b 
1.24  -0.06  -0.01  -0.14  -0.24  -5.41   

0.75 0.059 18.08 4.76 

t-stat. 
11.18  -0.82  -0.27  -1.35  -2.72  -0.67     

(0.51) (0.09) 

λ 
 0.57  0.19  0.41  3.85  0.02       

t-stat. 
 0.75  0.53  0.55  2.49  0.82       

                                   Model 6: Shi et al. (2015)  

 
cons 

     rmrf      smb     hml inf 
ind 

 
R2 MAE JT JT-diff 

b 
1.28  -0.03  -0.04  -0.06  -0.71  -0.50   

0.70 0.068 24.94 10.98 

t-stat. 
5.49  -1.04  -2.41  -1.59  -1.06  -2.95     

(0.16) (0.00) 
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λ 
 -0.12  0.15  0.44  0.12  1.07       

t-stat. 
 -0.27  0.94  1.69  1.79  3.25       

                            Model 7: Du (2013)  

 
cons 

     rmrf      smb     hml umd 
cfp 

 
R2 MAE JT JT-diff 

b 1.22  -0.07  0.00  -0.01  -0.19  -0.13   0.77 0.057 20.77 6.03 
t-stat. 

12.31  -1.32  0.14  -0.06  -2.91  -0.94     
(0.35) (0.049) 

λ 
 0.40  0.17  0.45  3.12  1.18       

t-stat. 
 0.63  0.59  0.80  2.90  1.75       

                             Model 8: FKP (2013)  

 
cons 

     rmrf      smb     hml umd qmj 
bab R2 MAE JT JT-diff 

b 1.11  -0.07  -0.02  -0.28  -0.19  0.35  18.55  0.84 0.049 18.12 10.39 
t-stat. 

11.32  -1.42  -0.41  -2.57  -3.09  0.04  2.34    
(0.44) (0.015) 

λ 
 0.31  0.07  0.92  2.24  0.00  -0.01      

t-stat. 
 0.58  0.30  1.92  2.23  -1.28  -1.09      
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Finally, Table 6.10 reports the estimation results for 25 size and net share issue portfolios. 

All six multi-factor standard models except Fama and French’s (1993) five-factor model achieve 

better goodness-of-fit following my four key rules, where the J-difference statistic rejects the 

significance of augmented factors in Fama and French’s (1993) five-factor model (J-difference 

statistic = 0.12). Furthermore, the profitability factor and the investment factor of Fama and 

French’s (2015a) model, the momentum factor and the liquidity factor of Pastor and 

Stambaugh’s (2003) model, inflation and the cycle of industrial production of Shi et al.’s (2015) 

model, the momentum factor of Du’s (2013) model, and the momentum factor, the quality factor 

and the “betting against beta” factor of Frazzini et al.’s (2013) model all significantly help to 

price assets. Finally, across different portfolios in this study, Frazzini et al.’s (2015) model 

consistently exhibits the best overall performance in terms of R2 and MAE. 77  

                                                 
77 The one special case is Pastor and Stambaugh’s (2003) model, which appears to achieve the best 

goodness-of-fit in R2 and MAE. However, the wrong sign of the risk premium of liquidity indicates that 

this model may be problematic for my concerns. 
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Table 6.10 
25 size and net share issue portfolios 

This table reports the first-stage GMM estimates for the 25 size and net share issue portfolios. rmrf = market risk premium; smb = size premium; hml = 

value premium; umd = momentum premium; inf = inflation based on the consumer price index; l= liquidity factor; ind = industrial production cycle; rmw 

= profitability factor; and cma = investment factor; cfp = cash flow-to-price; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting 

against beta” factor. The column MAE presents the average absolute pricing error (in%). The column R2 denotes the OLS cross-sectional R2
. The column 

JT refers to Hansen’s (1982) J-statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test statistic, examining the existence of 

augmented factors beyond Fama-French three factors improves the explanation of stock returns. The sample period is from July 1963 to September 2014. 

   

                                                                    Model 1:   FF3   

 
cons 

rmrf smb hml    
R2 MAE JT 

 
b 

1.00  0.04  -0.04  -0.08     
0.55 0.134 84.20 

 
t-stat. 

35.84  1.25  -2.23  -3.07       
(0.00) 

 
λ 

 -0.87  0.10  0.72         
t-stat. 

 -1.81  0.69  4.17         
                 Model 2:  FF5 (1993) 

 cons 
rmrf smb hml def 

term 
 

R2 MAE JT JT-diff 

b 
1.03  0.00  -0.07  -0.12  -4.02  3.86   

0.66 0.115 40.42 4.25 

t-stat. 
17.44  -0.02  -2.41  -2.89  -1.71  2.63     

(0.00) (0.12) 

λ 
 -0.85  0.11  0.69  0.04  -0.28       

t-stat. 
 -1.31  0.51  2.84  1.15  -2.48       
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                                                                                                     Model 3: FF5 (2015) 
 

 
cons 

rmrf smb hml rmw 
cma 

 
R2 MAE JT JT-diff 

b 
1.10  -0.03  -0.06  0.09  -0.17  -0.21   

0.68 0.107 68.86 14.46 

t-stat. 
25.64  -0.92  -2.79  1.71  -3.29  -2.59     

(0.00) (0.00) 

λ 
 0.13  0.23  0.05  0.46  0.29       

t-stat. 
 0.24  1.55  0.25  2.17  1.63       

                                  Model 5: PS (2003) 
 

 
cons 

rmrf smb hml umd 
l 

 
R2 MAE JT JT-diff 

b 
1.21  0.00  0.00  -0.14  -0.24  -16.34   

0.78 0.093 21.04 11.96 

t-stat. 
7.80  0.02  -0.05  -1.39  -2.76  -1.98     

(0.33) (0.00) 

λ 
 0.24  0.17  0.50  3.91  0.05       

t-stat. 
 0.17  0.50  0.99  3.02  2.06       

                                   Model 6: Shi et al. (2015)  

 
cons 

     rmrf      smb     hml inf 
ind 

 
R2 MAE JT JT-diff 

b 
0.15  0.02  -0.05  -0.09  2.60  -0.31   

0.73 0.102 49.65 14.38 

t-stat. 
0.58  0.56  -1.98  -2.53  3.24  -2.14     

(0.00) (0.00) 
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λ 
 -0.48  0.13  0.60  -0.23  0.42       

t-stat. 
 -0.70  0.72  2.72  -2.69  1.36       

                            Model 7: Du (2013)  

 
cons 

     rmrf      smb     hml umd 
cfp 

 
R2 MAE JT JT-diff 

b 1.28  -0.12  -0.03  -0.37  -0.22  0.21   0.78 0.091 29.48 12.93 
t-stat. 

10.31  -1.65  -0.64  -3.05  -3.19  1.58     
(0.06) (0.00) 

λ 
 1.41  0.18  0.53  3.13  -0.34       

t-stat. 
 1.34  0.59  1.27  3.10  -0.40       

                               Model 8: FKP (2013)  

 
cons 

     rmrf      smb     hml umd qmj 
bab R2 MAE JT JT-diff 

b 1.10  -0.07  -0.08  -0.26  -0.10  -16.28  19.71  0.84 0.077 30.18 34.56 
t-stat. 

14.15  -1.44  -2.50  -4.08  -2.22  -2.59  3.05    
(0.04) (0.00) 

λ 
 -0.17  0.08  0.80  1.17  0.00  -0.01      

t-stat. 
 -0.24  0.46  3.13  1.56  0.88  -1.54      
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6.5  Concluding remarks 

 

Three facts have recently been established in the asset pricing literature. First, previous 

studies show that the Fama-French three-factor model is not adequate in pricing the cross-

section of SBM25 portfolios and other portfolios, which leads to an interesting debate on 

whether the Fama-French three-factor model misses capturing a few crucial pricing factors. 

Second, previous studies focus mostly on SBM25 portfolios but appear to pay much less 

attention to a large number of expanding portfolios. The models may be sensitive to the 

number of portfolios. Third, Fama and French (2015a, 2016) propose another five-factor 

model in different portfolios sorted on several new anomalies, but they follow the regression 

based approach, while, to the best of my knowledge, the GMM estimation of stochastic 

discount factor which can remarkably enhance/confirm the robustness of evidences remains 

undiscovered for a number of well-established models. 

 

To respond to these facts, I take six standard models (the Fama-French three factors 

augmented with other factors) and evaluate their performance in comparison with that of the 

Fama-French three-factor model. I take the Fama-French three factors as base factors 

because they contain sufficient information beyond many other models. I examine and 

provide more valuable information on whether augmented factors are useful variables. I 

alternatively examine three sets of expanded portfolios (incorporating the SBM25 portfolios) 

formed in a relatively large number of assets and five sets of alternative popular portfolios 

sorted in different new anomalies.   

 

The results of my study are summarized as follows. Petkova’s (2006) model does not 

show satisfactory improvement over the Fama-French three-factor model in pricing my 

expanded portfolios. Fama and French’s (1993) five-factor model outperforms the Fama-
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French three-factor model only for 32 size, operating profitability and investment portfolios 

and 25 size and accruals portfolios. However, Fama and French’s (2015a) model, Pastor and 

Stambaugh’s (2003) model, Shi et al.’s (2015) model and Du’s (2013) model often perform 

better than the Fama-French three-factor model across a large proportion of different sets of 

portfolios. Frazzini et al.’s (2015) model always successfully outperforms the Fama-French 

three-factor model across all the different sets of portfolios. Overall, I find that Frazzini et 

al.’s (2015) model generally is essentially the best among all in terms of R2. Additionally, the 

estimation may be sensitive to the kind of expanding portfolios I incorporate. Hence, 

following Lewellen et al. (2010) statement on the candidate for a good model (I have 

mentioned it before), I believe that my strategy is a robust guarantee to finite testing 

portfolios, and I confirm a significant evidence that the performance of the Fama-French 

three-factor model is inadequate in explaining a cross-section of equity returns. 
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Chapter 7 Conclusion, Limitations and Implications 

 

7.1 Conclusion, Limitations and Implications  

 

Previous literature has explored a large number of sound asset pricing models/factors to 

explain the cross-sectional variation of different assets/portfolios. However, their 

performance appears inadequate to researchers. In addition to classical Fama-French three-

factors, I believe that previous researchers obviously neglect the potential important aspects 

of some (key) macro variables, for example, the novel role of inflation and the cycle of IP in 

my first and second essays. My third essay also notes the function of several other augmented 

pricing factors in explaining various portfolios.   

   

This thesis provides three studies of augmented multi-factor models under the 

theoretical context of a multi-factor pricing model. Armitage (2005) argues that the APT 

model is practically indistinguishable from an ad hoc multi-factor model. The first study 

develops a five-factor standard model that is the Fama-French three-factor model augmented 

with inflation and the cycle of IP. Previous studies clearly neglect the novel role of inflation 

and the cycle of IP. Rather, they often use unexpected inflation or the change in expected 

inflation or growth rate of IP. The second study extends the first study’s work: alternative 
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multi-factor models that augment inflation to another three base ICAPMs are further 

developed. Both augmented models in the first and second study perform significantly better 

than the original models in cross-sectional asset pricing tests. Furthermore, the third study 

investigates the performance of several well-known multi-factor asset pricing models across 

different types of portfolios for robustness, where various models are the Fama-French three-

factor model augmented with other pricing factors. In summary, all my essays particularly 

concentrate on the linear multi-factor model in cross-sectional asset pricing by using 

macroeconomic variables, and my evidence consistently indicates that the multi-factor 

models are broadly preferred over the original base model78.  

 

In my first study, I create a fresh multi-factor model that included two macro factors in 

addition to those in Petkova’s (2006) ICAPM and Fama-French three-factor model within a 

sound theoretical framework. These augmented two macro factors can contain more different 

and vital information regarding the state of the economy, and hence, they might capture more 

useful information for asset pricing. My analysis proves that the augmented macroeconomic 

factors actually improve the performance of the model significantly over the performance of 

the benchmark models. The test assets in my analysis are both SBM25 and SM25 portfolios 

                                                 
78 Admittedly, there are a few limitations to my studies; for example, finite sample bias may exist in 

the GMM estimations. 
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as well as other sets of portfolios.  The two macro factors are inflation and the cycle of IP, 

respectively, where inflation is a key augmented factor for SBM25 and the cycle of IP is 

another vital factor for SM25 portfolios. The most interesting point of my research 

contribution is that much of the priced information in the momentum factor is the inclusive 

information of the IP cycle. 

 

For my second study, I further extend the vital role of inflation in pricing the cross-

sectional variation of SBM25 and a few other testing assets by using different ICAPM-based 

models. Indeed, I use Michel’s (2009) ICAPM, Hahn and Lee’s (2006) ICAPM and the Hou 

et al. (2011) three-factor model as benchmark models. My analysis shows that the augmented 

factor (inflation) significantly helps the performance of the original model owing to various 

specification tests of the model diagnosis. The second study confirms that inflation is the 

crucial pricing factor in the cross-sectional tests of SBM25 and a few other testing portfolios.  

 

The third study is also constructive. Since the evidence suggests that Fama-French’s 

three-factor model inadequately explains the cross-sectional variation of equity returns, 

several researchers have developed augmented multi-factor models. Noticeably, the 

augmented multi-factor model can normally be assumed to be Fama-French’s three-factor 

model augmented with a few (other) pricing factors. The third essay examines the 
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performance of several well-regarded multi-factor models in explaining the cross-sectional 

variation of a few pooled portfolios79 and several different portfolios sorted according to 

important anomalies. Hence, this approach is a robust complement to the findings of previous 

literature using SBM25 too frequently. Note that previous related studies use regression-

based tests to conduct this task. Since regression-based tests and GMM are both important 

and different methods, many current studies use both methods to avoid any estimation 

problems associated with a particular method. Then, using GMM approach also provides 

important complementary robust evidence beyond regression-based tests. Furthermore, the 

noticeable types of augmented pricing factors and pooled portfolios enrich the whole story of 

the third essay. With the innovation of research methodology, the conclusion admits and 

confirms a preference for Fama-French’s model augmented with factors over the classical 

Fama-French three-factor model in a cross-sectional setup. 

 

There is a linkage throughout my three essays. My thesis tests the important function of 

macroeconomic factors in explaining the cross-sectional variation of equity returns. In 

particular, I explore the novel pricing role of inflation and the IP cycle in the first and second 

essay, while I analyze other economic pricing factors by using various test assets in the third 

study, such as pooled portfolios. The innovative augmented multi-factor model shows that 

                                                 
79  Testing a large number of portfolios is quite constructive, since cross-sectional tests may be 

sensitive to the use of an increased number of assets. 
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these augmented factors actually provide vital explanatory power for the original base models. 

Interestingly, much of the priced information in the momentum factor is the inclusive 

information of the IP cycle. This thesis provides a new strand of asset pricing model: one can 

augment these base models, such as the ICAPM base model, APT base model or the Fama-

French three-factor base model, with these macro factors. Cochrane (2005) provides 

theoretical support for these augmented multi-factor models. 

 

My study also sheds light on the portfolio manager and rational investor in several 

respects: 

 They can use my created standard five-factor model to fully explain their assets 

and portfolios;  

 They also can consider inflation a valid pricing factor to be an augmented one in 

their multi-factor asset pricing model; 

 They may notice the novel function of macro-economic variables in asset pricing;  

 They will prefer to use a multi-factor model with more valid pricing factors than 

the model with a few factors (such as the Fama-French three-factor model) when 

they plan to price different types of portfolios or pooled portfolios. 

 They should notice that the significance of pricing factors is usually sensitive to 

different sets of portfolios in their explanatory ability.  
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However, there are a few limitations in this thesis. In particular, the sample in my 

thesis is typically from July 1963 to September 2014, with about 615 observations in each 

variable. This number of observations suffers from some finite-sample bias in the estimation 

of GMM. Lettau and Ludvigson (2001b) argue that in cross-sectional asset pricing, GMM 

estimation of a finite sample with a limited number of observations may achieve a poorer 

estimation of a second moment weighting matrix than GMM estimation with a large sample. 

 

7.2 Future Direction 

 

Four possible directions for future research are presented below. First, future studies 

can address the global stock market by using similar tests. Second, researchers may be 

interested in the conditional multi-factor asset pricing model, where the conditional model 

allows the betas and risk premiums to vary across different time periods. Finally, researchers 

may create the adjustment term for finite sample error, particularly for GMM estimations. 

 

1. This thesis uses a United States sample, and I develop the knowledge in the area 

of cross-sectional asset pricing. Following my approach, future studies may turn 

to other popular stock markets internationally, such as those of Australia, Japan, 
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Germany, and the UK. Explorations on the international stock market might 

confirm my findings based on United States’ stock market. 

 

2. The multi-factor asset pricing models all assume a constant value of betas or risk 

premiums in this thesis. However, many studies indicate that several state 

variables can predict the excess returns of the aggregate stock market, implying 

that betas or risk premiums may be time varying. Hence, future studies may 

develop a robust version of a conditional multi-factor asset pricing model, where 

the conditional asset pricing model certainly allows a time-varying beta or risk 

premium. 

 

3. The GMM methodology (which I use in this doctoral thesis) may suffer from 

little bias in estimation errors as the sample is quite small. I strongly argue that 

my studies are robust to such bias, as the sample of my studies is broadly large 

enough with 615 observations. I look forward to future studies that can create a 

robust version of GMM, as such an enhanced GMM can absolutely correct the 

bias of GMM estimation in finite samples.  
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                                                     Appendix  

A. Transformation of the Model in Two Forms 

In this section, how the SDF or pricing kernel framework is transformed into the 

expected return and beta representation model is derived. 

First, the pricing kernel can be expressed in matrix denotation:   

'm F b                                                                                                                      (A.1)          

where b denotes the vector of coefficients and F denotes the vector of variable risk factors. 

Let (1, ) 'F f  and b denote the coefficient on the variable vector of coefficients on variable

f . In addition, define the riskless or zero beta rate: 

0 1 1

( ) ( ')
r

E m E f b
  .                                                                                                 (A.2) 

The following equations denote the process of mechanical transformation with respect 

to unconditional Euler equation moments at the beginning: 

1 ( ) ( ') ( ) ( ') cov( , ')E mr E rf b E r E f b r f b    ,                                                       

(A.3) 

1 cov( , ') 1 cov( , ')
( )

( ') ( ')

r f b r f b
E r

E f b E f b

 
   

          

1
0 01 cov( , ')cov( , ') cov( , ')

'cov( , ')
( ')

r f f f f f b
r r f f b

E f b



    

         0 'ir                                                                                                            (A.4) 
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where 1' cov( , ')cov( , ')i r f f f   and 0 cov( , ')r f f b   . 

Finally, I can obtain the expected return and multiple betas equation (A.4), which is 

transformed from the SDF equation (A.1). 

B. Hansen and Jagannathan Distance 

Assume that there are N  portfolios. Let R t  be the t th period vector of gross returns for 

these portfolios and Yt  be the 1k vector of common factors and one, where k  is the 

number of parameters for the vector Yt . Asset pricing models start with the Euler equation: 

(R m ( )) 1t t tE   , 

where m ( )t  denotes a SDF,   denotes an unknown vector of parameters to be estimated, 

and 1t  denotes 1N   vector of ones. 

 

Hansen and Jagannathan (1997) propose the HJ distance to measure the fitness of the 

model. The HJ distance is calculated as follows: 

' 1( ) ( ) ( )T T T THJ w G w   , 

where '(R R )t tG E  is the inverse of the second moments of gross returns and ( )Tw  is the 

1N  vector of pricing errors. If one correctly specified the model, then the N  moment 

conditions should all be equal to zero: ( ( )) 0T NE w   , where 0N  denotes vector of zeros. 

Hansen and Jagannathan note that this measure equals the maximum pricing error given an 

asset pricing model, with an estimated  .  



 

229 

 

 

Hansen and Jagannathan (1996) state that the asymptotic sampling distribution of the 

HJ distance is: 

2

1

( )
N k

d

T j j

j

T HJ v 




   as T  , 

where (j 1,2 , )jv N k L  is a random variable distributed as Chi square with one degree of 

freedom and (j 1,2 , )j N k  L  are N k  positive and nonzero eigenvalues of a matrix A  

defined as: 

1/2 1/2 1/2 1 1 1/2 1/2 1/2(G ) D( ) (G ) ( )NA G I DG D D G             
, 

where   is the variance matrix of ( )TT w  , 
1/2 and 

1/2G
are the upper-triangle matrices 

from the Cholesky decompositions of S and 
1G

, NI  is the N N identity matrix, and 

(R Y )t tD E . 

Furthermore, Jagannathan and Wang (1996) give the empirical estimation of the P-

value of the HJ distance. Draw N k random variables from 2 (1)  distributions M times. 

Calculate 
1

(i 1,2 M)
N k

j j ji

j

u v




  L in each draw. Then, the P-value of the HJ distance is 

calculated as: 

1 2

1

( T[ ( )] )
M

i T T

i

p M I u HJ 



  , 

where ( )I g is an index function that equals one if the expression in the parentheses is true and 

zero otherwise. In practice, M can be any large number. This study sets M equal to 10,000.  
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C. Kan, Robotti and Shanken’s (2013) Econometrical Methodology  

This part of the Appendix follows Chapter 3. For example, I assume that tf  is a K-

vector of factors and that tR  is an N-vector of returns on N  test assets. I further provide 

more important details as a supplement to Chapter 3.  

 

Let e  denote the vector of pricing error. For the specification test of a correct model, 

the null hypothesis of the specification test should always be 0Ne  . To test this null 

hypothesis, Kan, Robotti and Shanken (2013) develop an asymptotic distribution in the first 

step: 

( ,0
a

N VTe N e: ( ) ) ,                                                                                                        (C.1)                                                                                      

where [ ]
t t j

j

e EV q q





( ) = , 

with 
1 1

2 2
t t

t
W PP W yq 



  and 1

1 11 11 ( )t ty V f    ; and P  is the orthogonal matrix with its 

columns orthogonal to 
1

2W X . 

 

In addition, let 
1

2 ˆe P W e% , and the asymptotic variance of e% can be calculated as: 

( ) [ ]t t j

j

V e E q q






 % %% ,                                                                                                           (C.2) 

where 
1

2
t t

t
P W yq   and ( )V e% is nonsingular. 
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Assume that the model is correctly specified; then, after several mathematical and 

statistical transformations, Kan, Robotti and Shanken (2013) obtain the following critical 

formula: 

1

1

ˆ ˆ
N Ka

i i

i

Te e x
 



 : ,                                                                                                                 (C.3)  

where   is an N N  positive definite matrix, 
ix ’s are independent 2

1 random variables, 

and i ’s are the 1N K   eigenvalue of 
1 1

2 2( ) (e)P W W P V
 

  % . Kan, Robotti and Shanken 

(2013) regard this critical formula as any specification test of a model. 

 

The choice of   can be different. In particular, if one chooses V e( )  , (V e ( )  

denotes the pseudo-inverse of V e( ) ), and one can further achieve a Wald test statistic: 

1 2

1' '
a

W N KV VJ Te e e Te e e  

   % % %:( ) ( ) ,                                                                            (C.4) 

  

          Kan, Robotti and Shanken (2013) further propose an important test statistic for the case 

where the model is correctly specified. Derived from formula (C.3), they can show a 

specification test as follows, when 2 1R  : 

1
2

1 0

( 1)
Q

N Ka
i

i

i

T R x
 



 : ,                                                                                                           (C.5) 

where ix ’s are also independent 2

1  random variables and the i ’s are 1N K   

eigenvalues of (e)V %. 
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Kan, Robotti and Shanken (2013) also propose another test statistic when the model is 

misspecified. In particular, they note that when 
2 0R  , one can achieve: 

2

0

1

/ Q
Ka

i i

i

TR x


: ,                                                                                                                  (C.6) 

where ix ’s are also independent 2

1  random variables and i ’s are the eigenvalue of 

1

1[ 1 (1 1 ) 1 ]N N N NW W W W V        ( ),  

where 1V ( )is the asymptotic covariance matrix of 1  under a potential misspecified model. 

One can further follow Kan, Robotti and Shanken (2013) to construct that 1V ( ). 
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Table D. 1 

25 Size and Book-to-Market Portfolios 

This table reports the estimates of risk premium from the Fama-Macbeth two-pass regressions for the SBM25 portfolios 

(excluding the intercept). Panel A reports the OLS estimates and Panel B reports the summary statistics of GLS estimates. 

rmrf = market excess return. term = term spread, the difference between the yields of a ten-year and a one-month government 

bond. def = default spread, the difference between the yields of a Moody’s Baa and Aaa corporate bonds yields. div = 

dividend yield, the sum of dividends over the last 12 months divided by the level of the S&P 500 index. rf = risk free rate, the 

one-month T-bill yield. inf = inflation based on the consumer price index. ind= industrial production cycle. smb = size 

premium, the difference of returns between small and big firms. hml = value premium, the difference of the returns between 

high book-to-market and low book-to-market firms. xg = innovation in variable x, where x is term, def, div, rf. t-stat. (fm) = 

the Fama-Macbeth t-statistics. t-stat. (s) = the Shanken (1992) error-in-variable adjusted t-statistics. p(R2=1) and p(F-test) are 

P-value of R-squared and P-value of F-test, respectively. The P-value of F-test following Kan, Robotti and Shanken (2013) is 

the P-value of generalized version of Shanken’s (1985) cross-sectional regression test. I report R2 (in %) in the OLS or GLS 

cross-sectional regressions with corresponding P-value as in Kan, Robotti and Shanken (2013). The sample period is from 

July 1963 to September 2014. 

 

Panel A: OLS estimation of models 

Petkova ICAPM 

 rmrf defg  termg  divg  rfg     OLS  

coefficient 0.58 0.08 0.46 0.00 -0.12   R2 0.98 

t-stat. (fm) 3.14 2.85 4.13 0.28 -4.77   p(R2=1) 0.77 

t-stat. (s) 2.89 1.19 1.71 0.12 -1.97   p(F-test) 0.59 

Alternative Model 

 rmrf defg  termg  divg  rfg  inf ind  OLS  

coefficient 0.53 0.04 0.41 -0.01 -0.08 -0.36 -0.37 R2 0.99 

t-stat. (fm) 2.89 1.40 3.67 -0.91 -3.35 -4.99 -1.12 p(R2=1) 0.93 

t-stat. (s) 2.70 0.63 1.63 -0.41 -1.49 -2.24 -0.50 p(F-test) 0.91 

Fama-French Model  

 rmrf smb hml      OLS  

coefficient 0.48 0.20 0.44     R2 0.97 

t-stat. (fm) 2.64 1.56 3.72     p(R2=1) 0.00 

t-stat. (s) 2.63 1.56 3.71     p(F-test) 0.00 

Standard Model 

 rmrf smb hml inf ind    OLS  

coefficient 0.45 0.27 0.29 -0.47 -0.98   R2 0.99 

t-stat. (fm) 2.50 2.10 2.48 -6.25 -3.76   p(R2=1) 0.92 

t-stat. (s) 2.43 2.03 2.36 -3.42 -2.07   p(F-test) 0.92 
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Table D. 2 

25 Size and Momentum Portfolios 

This table reports the estimates of risk premium from the Fama-Macbeth two-pass regressions for the SM25 portfolios 

(excluding the intercept). Panel A reports the OLS estimates. rmrf = market excess return. term = term spread, the difference 

between the yields of a ten-year and a one-month government bond. def = default spread, the difference between the yields of 

a Moody’s Baa and Aaa corporate bonds yields. div = dividend yield, the sum of dividends over the last 12 months divided by 

the level of the S&P 500 index. rf = risk free rate, the one-month T-bill yield. inf = inflation based on the consumer price 

index. ind= industrial production cycle. smb = size premium, the difference of returns between small and big firms. hml = 

value premium, the difference of the returns between high book-to-market and low book-to-market firms. umd = momentum 

premium, the difference of returns between high prior return and low prior return firms. xg = innovation in variable x, where x 

is term, def, div, rf. t-stat. (fm) = the Fama-Macbeth t-statistics. t-stat. (jw) = the Jagannathan and Wang (1998) error-in-

variable adjusted t-statistics. p(R2=1) and p(F-test) are P-value of R-squared and P-value of F-test, respectively. The P-value 

of F-test following Kan, Robotti and Shanken (2013), is the P-value of generalized version of Shanken’s (1985) cross-

sectional regression test. I report R2 (in %) in the OLS or GLS cross-sectional regressions with corresponding P-value as in 

Kan, Robotti and Shanken (2013). The sample period is from July 1963 to September 2014. 

 

Panel A: Petkova ICAPM 

 rmrf defg  termg  divg  rfg     OLS  

coefficient 0.67 -0.04 -0.14 0.00 -0.09   R2 0.92 

t-stat. (fm) 3.64 -1.40 -1.66 -1.03 -4.46   p(R2=1) 0.04 

t-stat. (jw) 3.31 -0.72 -0.71 -0.50 -2.02   p(F-test) 0.55 

Alternative Model 

 rmrf defg  termg  divg  rfg  inf ind  OLS  

coefficient 0.71 0.01 0.23 -0.01 -0.08 0.06 2.47 R2 0.98 

t-stat. (fm) 3.84 0.29 3.55 -2.30 -4.13 0.70 6.16 p(R2=1) 0.90 

t-stat. (jw) 3.28 0.09 1.12 -0.83 -1.27 0.24 1.80 p(F-test) 0.99 

Fama-French Model 

 rmrf smb hml      OLS  

coefficient 0.56 0.42 -0.64     R2 0.78 

t-stat. (fm) 3.03 3.05 -2.67     p(R2=1) 0.00 

t-stat. (jw) 3.03 3.01 -2.73     p(F-test) 0.00 

Standard Model 

 rmrf smb hml inf ind    OLS  

coefficient 0.52 0.20 1.08 0.31 2.09   R2 0.97 

t-stat. (fm) 2.84 1.45 4.23 2.94 6.24   p(R2=1) 0.50 

t-stat. (jw) 2.55 1.07 1.60 1.01 2.06   p(F-test) 0.76 

Carhart Model 

 rmrf smb hml umd     OLS  

coefficient 0.58 0.17 0.53 0.79    R2 0.97 

t-stat. (fm) 3.15 1.28 2.75 4.56    p(R2=1) 0.00 

t-stat. (jw) 3.14 1.21 2.53 4.48    p(F-test) 0.00 

 

 

 

 

 

 

 

 



 

235 

 

Figure D. 1 

Pricing Errors in Testing: 25 Size and Book-to-Market Portfolios 

 

This figure presents the realized return of the equity portfolios against predicted return obtained from the Fama-

Macbeth two-pass OLS regression in estimating the Petkova ICAPM, Alternative Model, Fama-French’s three-factor 

model, Standard Model in order. All dots are labeled with two digits, where the first digit refers to the size (1-

smallest and 5-largest) and the second digit refers to the value (1-lowest and 5-highest). rmrf = market excess return. 

term = term spread, the difference between the yields of a ten-year and a one-month government bond. def = default 

spread, the difference between the yields of a Moody’s Baa and Aaa corporate bonds yields. div = dividend yield, the 

sum of dividends over the last 12 months divided by the level of the S&P 500 index. rf = risk free rate, the one-

month T-bill yield. inf = inflation based on the consumer price index. ind = industrial production cycle. smb = size 

premium, the difference of returns between small and big firms. hml = value premium, the difference of the returns 

between high book-to-market and low book-to-market firms. x

tg = innovation in state variable x. The sample period 

is from July 1963 to September 2014. 

 

                           Petkove’s (2006) model                                                       Alternative Model 

             
, ,term def div rf

term def div rf

i t rmrf t t t t t i tr rmrf
g g g g

a b b g b g b g b g e= + + + + + +  
, ,term def div rf

term def div rf

i t rmrf t t t t t inf t ind t i tr rmrf inf ind
g g g g

a b b g b g b g b g b b e= + + + + + + + +  

              

 

                             Fama-French’s three-factor model                                  Standard Model 

           , ,i t rmrf t smb t hml t i tr rmrf smb hmla b b b e= + + + +                          , ,i t rmrf t smb t hml t inf t ind t i tr rmrf smb hml inf inda b b b b b e= + + + + + +  
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Figure D. 2 

Pricing Errors in Testing: 25 Size and Momentum Portfolios 

 

This figure presents the realized return of the equity portfolios against predicted return obtained from the Fama-Macbeth two-pass 

OLS regression in estimating the Petkova ICAPM, Alternative Model, Fama-French’s three-factor model, Standard Model in order. 
All dots are labeled with two digits, where the first digit refers to the size (1-smallest and 5-largest) and the second digit refers to the 

momentum (1-lowest and 5-highest). rmrf = market excess return. term = term spread, the difference between the yields of a ten-

year and a one-month government bond. def = default spread, the difference between the yields of a Moody’s Baa and Aaa 

corporate bonds yields. div = dividend yield, the sum of dividends over the last 12 months divided by the level of the S&P 500 

index. rf = risk free rate, the one-month T-bill yield. ind = industrial production cycle. inf = inflation based on the consumer price 

index. smb = size premium, the difference of returns between small and big firms. hml = value premium, the difference of the 

returns between high book-to-market and low book-to-market firms. x

tg = innovation in state variable x, where x is term, def, div, rf. 

The sample period is from July 1963 to September 2014. 

                 

             Petkove’s (2006) model                                                              Alternative Model 

 
, ,term def div rf

term def div rf

i t rmrf t t t t t i tr rmrf
g g g g

a b b g b g b g b g e= + + + + + +               

, ,term def div rf

term def div rf

i t rmrf t t t t t inf ind t i tr rmrf inf ind
g g g g

a b b g b g b g b g b b e= + + + + + + + +    

            

                         

   Fama-French’s three-factor model                                         Standard Model 

 , ,i t rmrf t smb t hml t i tr rmrf smb hmla b b b e= + + + +  , ,i t rmrf t smb t hml t ind t inf t i tr rmrf smb hml ind infa b b b b b e= + + + + + +  
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Table F. 1        

Testing portfolios: 55 portfolios 

 

This table reports the first-stage GMM estimates for the 55 portfolios. The 55 portfolios are formed by SBM25 portfolios and 30 industrial portfolios.  rmrf = market risk 

premium; smb = size premium; hml = value premium; umd = momentum premium; inf = inflation based on the consumer price index; l= liquidity factor; ind = industrial 

production cycle; rmw = profitability factor; and cma = investment factor; cfp = cash flow-to-price; qmj= is the quality (“quality minus junk”) factor; bab= is the “betting 

against beta” factor. The column MAE presents the average absolute pricing error (in%). The column R2 denotes the OLS cross-sectional R2. The column JT refers to 

Hansen’s (1982) J-statistic. The column JT-diff refers to Newey and West’s (1987) J-difference test statistic, examining the existence of augmented factors beyond Fama-

French three factors improves the explanation of stock returns. The sample period is from July 1963 to September 2014. 

                                                                                       Model 1:   FF3   

 cons rmrf smb hml    R2 MAE JT  

b 0.99  0.02  -0.03  -0.03     0.33 0.119 110.76  

t-stat. 64.66  1.29  -2.14  -1.62       (0.00)  

λ  -0.40  0.16  0.24         

t-stat.  -1.38  1.27  2.00         

                        Model 2:  FF5 (1993) 

 cons rmrf smb hml def term  R2 MAE JT JT-diff 

b 1.00  0.02  -0.03  -0.02  -0.79  -0.73   0.36 0.116 107.86 2.99 

t-stat. 53.86  1.09  -1.81  -1.32  -0.53  -0.98     (0.00) (0.22) 

λ  -0.26  0.17  0.24  0.01  0.06       

t-stat.  -0.89  1.31  2.00  0.73  1.10       

                                                                                                                        Model 3: FF5 (2015)  

 cons rmrf smb hml rmw cma  R2 MAE JT JT-diff 

b 1.00  0.02  -0.04  -0.02  -0.04  0.00   0.38 0.117 108.43 4.13 

t-stat. 32.49  0.88  -2.40  -0.45  -1.11  0.03     (0.00) (0.13) 

λ  -0.38  0.22  0.22  0.12  0.10       

t-stat.  -1.23  1.69  1.74  0.80  0.54       

                           Model 4: Petkova (2006) 

 cons rmrf defg  termg  divg  rfg   R2 MAE JT  

b 0.97  0.07  -1.46  -1.43  10.92  0.25   0.33 0.117 102.64  

t-stat. 41.49  2.25  -0.78  -1.57  1.81  0.07     (0.00)  

λ  -0.08  0.02  0.12  -0.01  -0.01       
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t-stat.  -0.23  0.86  2.00  -1.52  -0.90       

                                  Model 5: PS (2003)  

 cons rmrf smb hml umd l  R2 MAE JT JT-diff 

b 1.03  0.00  -0.03  -0.04  -0.03  0.88   0.38 0.115 98.48 7.56 

t-stat. 23.64  -0.01  -1.78  -1.94  -0.93  0.31     (0.00) (0.02) 

λ  -0.20  0.16  0.26  0.51  0.00       

t-stat.  -0.56  1.21  2.15  0.89  -0.36       

                                   Model 6: Shi et al. (2015)  

 cons      rmrf      smb     hml inf ind  R2 MAE JT JT-diff 

b 0.81  0.01  -0.04  -0.03  0.57  -0.16   0.37 0.114 97.80 3.93 

t-stat. 3.59  0.72  -2.47  -1.89  0.84  -1.45     (0.00) (0.14) 

λ  -0.33  0.18  0.25  -0.04  0.28       

t-stat.  -1.08  1.39  1.98  -0.59  1.29       

                            Model 7: Du (2013)  

 cons      rmrf      smb     hml umd cfp  R2 MAE JT JT-diff 

b 1.05  0.00  -0.04  -0.11  -0.05  0.06   0.45 0.107 92.03 10.96 

t-stat. 25.39  -0.12  -2.02  -2.55  -1.58  1.40     (0.00) (0.00) 

λ  -0.13  0.17  0.28  0.80  0.06       

t-stat.  -0.35  1.21  2.18  1.43  0.26       

                               Model 8: FKP (2013)  

 cons      rmrf      smb     hml umd qmj bab R2 MAE JT JT-diff 

b 1.09  -0.04  -0.07  -0.13  -0.07  -11.68  9.00  0.59 0.094 87.42 18.14 

t-stat. 20.47  -1.47  -2.70  -3.89  -2.07  -2.33  2.17    (0.00) (0.00) 

λ  -0.17  0.18  0.31  1.09  0.00  0.00      

t-stat.  -0.44  1.34  2.23  1.78  1.35  -0.67      




