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Stock Market Returns Predictability: 

Does Volatility Matter? 

 

Chao Sun 

 

The article examines whether the stock market is predictable, and provides evidence that 

several basic financial and economic factors have predictive power for the market excess 

return. The model built with such factors is good for in-sample predictability, but has poor 

performance for out-of-sample predictability. We find the variable of unexpected market 

volatility added in the model can greatly improve the out-of-sample predicting ability for 

excess return. Such improvement is significant, but the forecasting model might still needs 

some other explanatory variables to be included. 

 

Section I: Introduction 

 

The debate about whether the stock returns can be predicted has always been a hot 

arguable issue in the financial studies of asset pricing. Although some authors, such as 

Lo and MacKinnlay (1990), point out that the models for predicting the stock returns 

might be just data snooping, it is still widely believed that some financial and 

economic factors can explain much of the variation of the stock returns so as to have a 

great forecast power for stock return. Take, for example, the articles by Keim and 

Stambaugy (1986), Fama and French (1988), Campbell and Shiller (1988), Ferson and 

Harvey (1991, 1993), Whitelaw (1994), Pesaran and Timmermann (1995), Pointiff 

and Schall (1998) Bossaerts and Hillion (1999) and Martijn Cremers (2002). In these 

papers, the stock returns are suggested to be predictable by a linear model with some 

financial predictors such as earnings yield and some economic cycle components as 



well, including interest rate1, inflation rate, industrial production growth and etc. 

 

One argument about stock return predictability is that if the stock return could be 

predicted, then everybody would go for the predictable profit and therefore such good 

opportunity might soon vanish even before the investors build their models. However, 

there are still a lot of financial institutions and even some individuals following this 

method. Two explanations can help us to understand the popularity of predicting 

models. Some of the investors2 believe that the profitable chance can never be 

exploited, because some models might be overlooked or undiscovered yet by other 

investors due to lack of time, knowledge or resources. It costs a lot to cover the 

expenses associated with analyzing the data and finding the forecasting models, so the 

investors must have an incentive to spend so much. To some extent, the popularity of 

the stock return forecasting models itself proves that the stock returns can be 

predicted and can be used to generate higher investment profits for the person who 

discovers the model. Another explanation is that the power of predictors change over 

time, so the best prediction model would not always stay the same and the predictable 

profit opportunity would appear again. Pesaran and Timmermann (1995) indirectly 

provide some evidence for this thought, as they find out that prediction performance 

improves if the forecasting models are adjusted over time. 

 

The basic theory for the stock return forecasting is the capital asset pricing model 

(CAPM)3 which suggests that the excess stock returns is related the systematic risk of 

the market. The market risk is reflected in the variation of market returns which is 
                                                        
1  Breen, Glosten and Jagannathan present some persuasive results which suggest that the nominal interest rates 
are of great importance to forecast nominal return on stocks. (Economic Significance of Predictable Variations in 
Stock Index Returns, 1989) 
2  The investors in this paper refer to both the individuals and financial institutions those are holding positions in 
the stock market. 
3  The prominent capital asset pricing model (CAPM) introduced by Sharpe (1964) and Lintner (1965) is 
universally accepted within the financial and economic study. 

http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6W5X-4GJK8JC-1&_user=18704&_rdoc=1&_fmt=&_orig=search&_sort=d&view=c&_acct=C000002018&_version=1&_urlVersion=0&_userid=18704&md5=5062863cfb79ee102175cbe80c491406#bib55#bib55
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6W5X-4GJK8JC-1&_user=18704&_rdoc=1&_fmt=&_orig=search&_sort=d&view=c&_acct=C000002018&_version=1&_urlVersion=0&_userid=18704&md5=5062863cfb79ee102175cbe80c491406#bib49#bib49


believed to be fundamentally decided by the macroeconomic factors such as yield and 

term spread in the corporate bond and government bond markets. The explanatory 

power of these factors have been verified by some researchers4, so it leads to the 

conclusion that significant variation in excess returns over the economic cycle can be 

predicted by these macroeconomic factors.  

 

Besides, the time series theory gives us some insights into the serial correlation 

effect5 over time of the financial data, and it also provides some methods to account 

for it. Using lots of financial time series data, the stock return predicting model should 

also take the serial correlation problem into account. Prior empirical studies shows 

that several most recent lagged returns might have some mixed correlation and such 

sophisticated autocorrelation makes the variables of lagged excess returns crucial in 

the predicting model. Martijn Cremers (2002) summarizes that most of the models in 

previous research take the lagged returns into account6, and his model is not an 

exception. Referring to the number of lags included, there is no agreement reached, 

but a quite small number would be preferred to avoid data snooping problem. Another 

concern about it is that some of the time variation in stock return could probably 

explained by the other economic cycle components as what we have mentioned 

already, and therefore no need to include too many lagged returns.  

 

This article also adopts the traditional method of linear regression to figure out the 

predicting model for the whole US financial market, if it does exist. The composite 

equity indices are the only targets aimed at in this paper, because not only they are 
                                                        
4  For example, Chen, Roll and Ross (1986) includes credit spread in corporate bond market, term spread and yield 
spread in government bond market in their model. Ferson (1990) uses the following variables in his model: 
Treasury Bill yield, change in Treasury Bill yield and yield spread in government bond market. 
5  Serial correlation is the correlation of a variable with itself over successive time intervals. Such effect often 
occurs when the data are collected over time and the observations got close together are related with each other, 
which is always the case with financial data. (The Statistical Sleuth by Ramsey and Schafer, 2002) 
6  Papers from Ferson and Harvey (1991, 1993) could be good examples. 

http://www.investorwords.com/1143/correlation.html


good proxies of the entire financial market, but also they are more closely related to 

the macroeconomic changes. In fact, the market premium/excess return, with the β 

factor, is also the key factor to decide the other stock excess returns according to the 

theory of CAPM. In this way, if we can predict the market excess return, then we can 

predict other stock returns with the β estimated. In our model, we will try to take two 

lagged excess returns, some profitability variables for the index, several major 

economic variables and other influential predictors into account. Besides the potential 

variables, the interaction terms and polynomial forms are also checked, according to 

the recent finding by Abhyankar, Copeland and Wong (1997) that nonlinear dynamics 

exist between the financial and economic variables. However, not all of the variables 

are part of the final forecasting model, since different variable selection methods7 are 

tried and only the ones with favorable fitting results and good predictability are chose.  

 

Before reaching the predicting model, two issues probably impede us from drawing 

conclusions. One is the model overfitting problem (a.k.a. “data snooping”) discovered 

by Lo and MacKinlay (1990). The other is the poor out-of-sample performance that 

has long been talked about. Goyal and Welch (2006) conducted a comprehensive 

examination of the existing evidence, and show that stock returns are hardly 

predictable in the out-of-sample context. Almost all the theoretical interpretation of 

excess return predictability is inevitably based on the model obtained, so the two 

problems could be fatal to the predicting models, nevertheless it is worth trying. In 

fact, many methods have been used to solve the problems. For instance, Akaike’s 

information criterion8 might be the most well-known model selection criteria used to 

                                                        
7  The potential variable selection methods include Stepwise Regression, Lasso Method, All Subset Method, 
10-Fold Cross Validation, Zheng-Loh Method, and Forward Stagewise Regression. 
8  Akaike's Information Criterion is a criterion for selecting among nested econometric models. The AIC is a 
number associated with each model: AIC=ln (Sm^2) + 2m/T, where m is the number of parameters in the model, 
and Sm^2 is the estimated residual variance in an AR(m) example: Sm^2 = (sum of squared residuals for model 
m)/T. That is, the average squared residual for model m. 



guard against overfitting, and other formal model selection criteria9 would work as 

well. To improve the out-of-sample predictive accuracy, some efforts have been put 

into finding alternative forecasting strategies to linear specifications, such as what 

have done by Lewellen (2004), and Lettau and Nieuwerburgh (2006). Qi and Maddala 

(1999) also demonstrate the method of neural networks which can model flexible 

linear or non-linear relationship and get better predicting ability. However, there is no 

widely accepted method to get out of the trouble of poor out-of-sample predictability. 

 

In this paper, we try to add a volatility expectation factor in the model, and see 

whether this would help get better models with the predictive power. The thought was 

inspired by the fact that the expected market volatility can greatly influence the 

investor behavior so as to stabilize or magnify the effects of other variables’ change. 

In such a way, volatility expectation plays an important part in forecast the market 

excess return. Unexpected volatility10 should also be considered in the model, even if 

it contributes little to the forecasting part.11 Considering the possible values for the 

unexpected volatility into prediction, a range for predicted excess return is returned 

which can be quite useful. 

 

The other parts of the article are organized as follows: Section II discusses about 

explanatory variables included in the model and describes the data set we use; Section 

III introduces all the model selection criteria adopted and compares the raw results 

from them; Section IV gives out the model obtained without the volatility expectation 
                                                                                                                                                               
8  The criterion may be minimized over choices of m to form a tradeoff between the fit of the model (which 
lowers the sum of squared residuals) and the model's complexity, which is measured by m. Thus an AR(m) model 
versus an AR(m+1) can be compared by this criterion for a given batch of data. 

 An equivalent formulation is this one: AIC=T ln(RSS) + 2K where K is the number of regressors, T is the 
number of obserations, and RSS is the residual sum of squares; minimize over K to pick K. 
9  Bayesian model selection framework also works well for limiting data snooping. 
10 The unexpected volatility is calculated as expected volatility for the current period minus the realized volatility 
for the past period. 
11  In prediction, the unexpected factors will usually be set as zero. 



factors, and check the predictive power of it; Section V includes the expected and 

unexpected volatility and does the model selection again to see how the predicting 

ability could be improved; Section VI provides a summary of the main findings and 

tries to make a conclusion. 

 

Section II: Variables and Data Set 

 

In order to predict the U.S. stock market excess return, a proxy variable for this 

response variable has to be decided before moving onto the discussion about the 

explanatory variables. The indices Standard & Poor 50012(S&P 500) and Russell 

100013 are both good choices as the benchmark of the entire stock market. Basically, 

S&P 500 is the main part of our analysis, and Russell 1000 is employed as a model 

“double check”. For the explanatory variables, quite a number of financial and 

economic variables have shown some predictive power for the market excess return, 

and they provide the starting point for the empirical interpretation that follows. 

Therefore we include all the potential predictors, and generally, the variables could be 

categorized into seven groups - technical, profitability, liquidity, volatility, interest 

rate, inflation rate and real output variables.14

 

The technical variables mainly refer to the market excess returns including lagged 

excess returns. As the autocorrelation of the stock return is widely believe to persist in 

financial data, such time serial correlation effect must be accounted for in the model. 

                                                        
12  S&P 500 Index is a market-value-weighted equity index consisting of 500 stocks chosen based on their market 
size, liquidity and industry grouping and some other factors. Stocks included in the index are selected by the S&P 
Index Committee, a team of financial analysts and economists at Standard & Poor's.  
13  Russell 1000 Index is a market-capitalization-weighted equity index maintained by the Russell Investment 
Group. More specifically, this index encompasses the 1,000 largest U.S.-traded stocks, in which the underlying 
companies are all incorporated in the U.S.. 
14  The first four groups are index-related financial variables, and the other three groups are macroeconomic- 
oriented indicators. 



Considering the number of lags included, most of the researchers believe that two lag 

returns should be enough, because much of the time-variation of excess returns is 

explained by other variables rather than itself. In our model, two also test the first two 

lag excess returns, although the test result from autocorrelation function shows that 

only one lag autocorrelation is significant (Figure One). Besides, January dummy 

variable is also a necessary technical variable, as the “January effect”15 is believed to 

possibly affect the stock market in some way. 

 

Figure One: Autocorrelation for Excess Return16
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The profitability variables for chose composite indices include earnings yield and 

dividend yield. Obviously, earnings yield represents the growth opportunity which 

would guide the market’s expectation of the future excess return. Ang and Bekaert 

(2006) test the predictive power of dividend yield for forecasting future excess returns 

especially at short horizon. 

 

The liquidity of the market is measured by the variable index traded volume over 

price level. A more liquid market is believed to be the reflection of faith in the market, 

and might promise a better future return of the market. Actually, the volume over 

                                                        
15  “The ‘January effect’ has been used to refer to the phenomenon in which small-cap securities often have had 
higher rates of return in past Januarys [1979-2005]”. (from official website of Chicago Board Options Exchange) 
16  The results from autocorrelation function for Russell 1000 is almost the same as S&P 500. 



price variable is a poor proxy for the liquidity, as the correlation between them is not 

linear or even not monotonic. However, some attempts still will be taken out, aiming 

at figuring out the complicated correlation between the future excess return and the 

liquidity variable. 

 

The last group of variables related to the indices is volatility expectation variable 

which are used for extensive predicting model. The natural choice of such variables 

would be the volatility index17 tracking the market index, because they directly 

measure the volatility expectation. The unexpected volatility is also added in the 

extensive model, and it is calculated as the difference between the actual volatility and 

the expected volatility over the same time period.18  

 

The first group of macroeconomic variables are the interest rate related factors, 

including the interest rates of both the corporate bond market and the government 

bond market: credit spread between the yields of investment grade (Moody’s AAA19) 

and below Investment grade (Moody’s BAA20) bonds, yield on a short-term Treasury 

bill21 (3-month Government Bond), term spread22 between the short-term Treasury 

bill yield and the long-term government bond(10-year Government Bond) yield, and 

yield spread between the Federal Funds rate23 and the short-term Treasury bill.  

                                                        
17  For example, the Volatility Index tracking S&P 500 shows the market's expectation of 30-day volatility. It is 
constructed using the implied volatilities of a wide range of S&P 500 index options. This volatility is meant to be 
forward looking and a widely used measure of market risk and is often referred to as the “investor fear gauge”. 
18  The actual volatility is calculated as the standard deviation of historical returns, while the expected volatility is 
got in the option markets using option pricing model. 
19  It is short for Moody’s AAA Corporate Bond, which is an investment bond that acts as an index of the 
performance of all stocks given an AAA rating by Moody's Investment Firm. 
20  Moody’s BAA is defined similarly as Moody’s AAA, and it is like an index of the performance of all stocks 
given an BAA rating by Moody's Investment Firm. 
21  The short-term Treasury Bill is also known as risk free rate in CAPM and other financial models. 
22  Fama and French (1989) employ the spread between long-term and short-term securities, and it has significant 
predictive power for returns. Here, the difference between long-term and short-term government bonds is a good 
measure of such kind of term spread. 
23  The Federal Funds rate is the interest rate at which private depository institutions (mostly banks) lend balances 
(Federal Funds) at the Federal Reserve to other depository institutions. Bernanke (1990) argues that the spread 

http://en.wikipedia.org/wiki/Corporate_credit_rating
http://www.moodys.com/
http://en.wikipedia.org/wiki/Corporate_credit_rating
http://www.moodys.com/
http://en.wikipedia.org/wiki/Interest_rate
http://en.wikipedia.org/wiki/Depository_institutions
http://en.wikipedia.org/wiki/Federal_funds
http://en.wikipedia.org/wiki/Federal_Reserve


Inflation rate is also possible regressor due to their demonstrated predictive power. 

The inflation rate has always been an important indicator for the economy and 

financial market, as it directly affects the real returns. Besides, the change of inflation 

rate serves a variable representing the shock to inflation rate that is also known as 

unexpected inflation in this model. 

 

The real production output for the U.S. economy is measured by industrial production 

index (a.k.a IPI24) which is chosen as a real output variable. The real output is shown 

to be interacted with stock market by Chiarella, Semmler, Mittnik and Zhu (2002). 

Despite little evidence for predicting ability of real output variable, yet it is tested in 

our market excess return prediction model in the form of monthly growth. 

 

All the data for these variables are got from Bloomberg and Global Insight. 

Bloomberg provides the reliable financial information including all the publicly 

traded stocks’ historical data, so all the index-related data are picked from it. Global 

Insight provides the most comprehensive economic, financial, and political coverage 

of countries, regions, and industries available from any source, and therefore the 

macroeconomic data are from it. All the data are monthly and cover the period from 

January 1980 to December 200725, which adds up to 392 observations in total.  

 

To make the variables easy to interpret and consistent with each other, they are all 

adjusted to percentage except the volume over price variable and January dummy. For 

                                                                                                                                                               
between Federal Funds rate and short-term Treasury Bill is a proxy for the stance of monetary policy and it is 
negatively correlated with the future output and income return. 
24 The IPI is expressed as a percentage of real output with base year currently at 2002. Production indexes are 
computed mainly as fisher indexes with the weights based on annual estimates of value added. 
25 Actually, in order to calculate some lagged returns and change variables, we lose some observations when run 
the regression model. 

http://en.wikipedia.org/wiki/Fisher_index


the volume over price, we use it in the unit of million.26 A summary of all the 

variables in our model selection is listed in the table below with descriptive 

information and basic statistics included. (Table One) 

 

Table One: Variable Summary 

Variable Description Mean StDev

ex.r Excess Return 0.7357 4.2141 

r.lag1 One-Month Period Lagged Excess Return 0.7179 4.2487 

r.lag2 Two-Month Period Lagged Excess Return 0.7118 4.2493 

jan   January Dummy Variable 0.0813 0.2737 

div_yd Dividend Yield 0.2402 0.1239 

ern_yd (ern)  Earnings Yield 4.8989 1.3945 

vol/px Volume Traded over Price Level 17.6775 8.9554 

vix Expected Volatility(VIX27) 26.9508 27.3844 

vol Historical Volatility for Last Month 14.6234 7.2679 

unvix Unexpected Volatility (Change in VIX) 0.1135 26.8767 

unvol Change in Historical Volatility28 -0.0235 6.0387  

Tbill 90-Day Treasury Bill 0.1633 0.0461 

int   Interest Rate29 8.8887 3.3238 

term_sp (term) Term Spread 1.9282 1.4984 

cred_sp Credit Spread 1.0700 0.4410 

yd_sp (yield) Yield Spread 1.1609 1.6788 

Inf Inflation Rate 4.5182 0.4810 

inf_chg Change in Inflation Rate 0.0028 0.2633 

ipi_gr Industrial Production Index Growth 0.2102 0.6320 

                                                        
26  The units of variables do not matter in linear regression, but changing the units can make the coefficients more 
readable and easier to understand. 
27  VIX is the short for Volatility Index. 
28  Change in Historical volatility is an alternative to unexpected volatility. 
29  The interest rate variable acts as an alternative variable to short-term Treasury bill rate. 



Section III: Model Selection Criteria 

 

Several formal model selection criteria have been considered in the statistics paper in 

order to make the best out of all candidate models with different combination of 

potential variables. Four criteria are tried in our analysis - Akaike’s information 

criterion (AIC), Bayesian information criterion (BIC), least absolute shrinkage and 

selection operator (a.k.a. LASSO) criterion, and posterior information criterion. Each 

criterion has its own advantages and shortcomings, but we will not discuss about too 

much about them. However, common results from the criteria, which could provide 

consistent interpretation for the selected variables, are what we try to find out. If some 

variables are selected by all the criteria, they might have great predictive power for 

excess returns. For the variables not selected by all criteria, investigation should be 

put into them to have a closer look, since their predictive power might be confounded 

with the others. No matter what kind of model selection criterion we adopt, the every 

effort should be made to limit data snooping, and the theories behind the model are 

always the most important thing we should stick to in the process of selecting model.  

 

First of all, a general study can be taken with the full model. The regression result 

looks awful (Table Two), but we can find some useful information here. Even in such 

a mess, the earnings yield, term spread and yield spread stands out with significance 

on the coefficients. Even though we cannot say that the statistically significant factors 

surely have the explaining power for market excess returns, some attention should be 

paid to those variables. For the other variables, there is no clue to tell which are 

favorable, but disregarding them would be imprudent. With the help of model 

selection criteria, we can figure out whether they should be included in the model or 

not. 



 

 

Table Two: Full Model Regression Results 

                    Estimate   Std. Error   t value   Pr(>|t|)     

(Intercept)         1.45024    7.20471    0.201   0.840726     

r,lag1            -0.08994    0.07247    -1.241   0.216369     

r.lag2            -0.13728    0.07577    -1.812   0.071869 .   

jan               0.61921    0.99699     0.621   0.535427     

div_yd           -3.68524    5.11098    -0.721    0.471928     

ern_yd            1.29856    0.35780    3.629    0.000381 *** 

vol/px            -0.03480    0.06476    -0.537    0.591739    

ipi_gr             0.55746    0.56967     0.979   0.329268    

tbill              20.18721   55.08581     0.366   0.714497    

int               -0.60074    1.18750     -0.506   0.613627    

term_sp           3.66825    1.38591     2.647   0.008932 **  

inf               -1.56880    0.89999     -1.743   0.083221 .   

inf_chg           -0.04812    1.06793     -0.045   0.964116    

cred_sp           1.41892    2.38506      0.595   0.552733    

yd_sp            -3.83630    1.28829      -2.978   0.003352 ** 

 

Stepwise AIC/BIC30 is the first method we try, but the results are not much different 

from what we get in the full model. Because of the criticisms on stepwise method, we 

do not pay much attention to it. Instead, we switch to the all subset method which 

compares all the candidate models at the same time. For all subset AIC and BIC 

                                                        
30  The final model for stepwise method is not always the same. In fact, it changes as we indicate a “forward” or 
“backward” direction. 



methods, we both reach several “drawing attention” models31, which are listed in the 

following tables. (Tables Three and Four)  

 

Table Tree: All-Subset AIC32

con  r.lag1 r.lag2  jan  div_yd  ern_yd  vol/px ip_gr  tbill  int  term_sp  inf  inf_chg  cred_sp  yd_sp   AIC  

1)   0    0    0     0      0      1     1      0     0    0     1      1      0       0      1     943.1 

2)   0    1    0     0      0      1     1      0     0    0     1      1      0       0      1     943.7 

3)   0    0    1     0      0      1     1      0     0    0     1      1      0       0      1     942.8 

4)  0    1    1     0      0      1     1      0     0    0     1      1      0       0      1     943.1 

5)   0    0    0     0      0      1     1      1     0    0     1      1      0       0      1     943.7 

6)   0    0    1     0      0      1     1      1     0    0     1      1      0       0      1     943.0 

7)   0    1    1     0      0      1     1      1     0    0     1      1      0       0      1     943.7 

Table Tree: All-Subset BIC33

con  r.lag1 r.lag2  jan  div_yd  ern_yd  vol/px ip_gr  tbill  int  term_sp  inf  inf_chg  cred_sp  yd_sp   BIC 

1)   0    0    0     0      0      1     1      0     0    0      0     1      0       0      0    -482.48 

2)   0    0    0     0      0      0     1      0     0    0      1     0      0       0      1    -482.60 

3)   0    0    0     0      0      1     1      0     0    0      1     1      0       0      1    -481.04 

4)   0    0    1     0      0      1     1      0     0    0      1     1      0       0      1    -482.80 

5)   0    0    0     0      0      1     1      0     0    0      0     0      0       0      0    -482.32

 

Comparing the two tables, we find overwhelming evidence for the predictive power34 

of earnings yield, volume over price, term spread, yield spread and inflation. The only 

disputable variable is the lagged excess returns: the AIC method is kind of supportive 

                                                        
31  The 0-1 number under the variables represents whether they are out or in the model. 
32  The “best” model for AIC is the shadowed one with the smallest AIC value. 
33  The “best” model for BIC is the shadowed one with the largest BIC value. 
34  In this section, the predictive power refers to the in-sample predictability, unless it is stated as out-of-sample 
predictability. For the out-of-sample predictability is checked in the next section. 



to include at least one of the lagged excess returns, while the BIC method suggests 

just the opposite. If we look into the AIC best model, something interesting could be 

found that only the two-period lagged excess return is included, which makes little 

sense to us, since the autocorrelation function (in Figure One) shows that one-period 

lagged excess return should have more influence than the two-period lagged one. 

Besides, the effect of lagged returns in AIC selected models does not persist, and the 

results are not quite consistent with each other. In our point of view, the time-variation 

of the excess return is well-explained by the other five variables and there is little time 

serial correlation effect left, so it is inappropriate to include the lagged excess returns 

in our model. In summary, the “best” model from all-subset BIC is preferred. 

 

The results from lasso criterion support the results obtained from all-subset BIC. The 

figure below (Figure Two) gives us an intuition for the influential variables for 

predicting the market excess return. With the prominent variables - earnings yield, 

term spread, yield spread and volume over price in LASSO selection criterion, we can 

ensure that they should be included in the model again. However, for the inflation rate, 

more evidence of its forecasting ability needs to be found. 

Figure Two: LASSO Model Selection35
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35  The numbers are indicating the variables, and the influential variables are: 5- earnings yield; 6- volume over 
price; 10- term spread; 14- yield spread.



The last method we try to choose the model is Bayesian model averaging procedure36 

(BMA). It is the only one out of the four methods that takes the posterior information 

into account. Similar to all-subset AIC/BIC method, BMA can also compares all the 

candidate models at the same time. From the results (Figure Three and Table Four) in 

the following part, we could find out the posterior probabilities of inclusion for some 

variables are quite large, which makes themselves clearly stand out. The earnings 

yield is almost included in all the models37. For inflation rate, term spread and yield 

spread, about 40% models choose, which is also high percentage indicating inclusion. 

Here, the support for inflation rate impact on excess return which has been lost in 

LASSO criterion is sought here. In the models built by Ferson and Harvey (1993) and 

Pesaran and Timmermann (1994), inflation rate is also employed works well. 

Therefore, we decide to consider the inflation variable in our predicting model.  

 

Figure Three: All Selected Models by BMA 
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36  Bayesian Model Averaging is a technique designed to help account for the uncertainty inherent in the model 
selection process, something which traditional statistical analysis often neglects. By averaging over many different 
competing models, BMA incorporates model uncertainty into conclusions about parameters and prediction. 
37  In this BMA procedure, 46 models are selected in total. 



 

Table Four: Best Five Models from BMA 

           p!=0       EV         SD          model 1    model 2     model 3     model 4    model 5 

Intercept     100   -1.4948024   4.54649     3.4166    -6.0893    -2.3283    -1.1270   -6.3758 

r. lag1        4.2   -0 .002206  0.01864      .           .           .           .           . 

r. lag2        6.3  -0.0048645   0.02647       .           .           .           .           . 

jan          3.4    0.021128   0.22601       .           .           .           .           . 

div_yd       3.6   -0.116728   1.13552       .           .           .           .           . 

ern_yd      93.9    0.8678841    0.38095     0.9267     1.0079     0.6725     1.1909     0.9656 

vol .px       4 .5   -0 .000333   0 .01029      .           .           .           .           . 

ip_gr        11.3   0.0994274   0.34683       .          .          .          .         1.0530 

tb i l l          4.0  0.0162678   2 .8568       .           .           .           .           . 

int           3 .6   0 .002901  0.05756       .           .           .           .           . 

term_sp      42.2   1.3383220   1.75732      .         3.2756      .         2.9965     3.6263 

inf           39.4  -0.6020492    0.86491    -1.5513      .          .         -1.2644          . 

in f_chg      4 .6   -0.046517   0 .31691      .           .           .           .           . 

cred_sp      4 .2   0 .008235   0 .4377      .           .           .           .           . 

yd_sp       42.3  -1.3094495    1.7177      .        -3.2197      .        -2.9291    -3.6052 

nVar                                                   2          3          1            4          4 

BIC                                          -728.9691  -728.8057  -728.4717  -727.3078  -727.1379 

post prob                                      0.139      0.128      0.108      0.060      0.056 

(cumulative posterior probability =  0.4908 ) 

 

Something interesting we find in BMA procedure is that the variable vol/px is left out 

from most selected models, which is not consistent the results from the other criteria. 

This difference is probably due to the poor out-of-sample predictive power of vol/px, 



despite the high correlation between vol/px and excess return. If look into the best five 

models (in Table Four) with highest posterior probabilities, only the last one of them 

includes vol/px. Since some research has implied that posterior probabilities are more 

generally supportive of stock return predictability than prior probabilities, we may 

conclude that vol/px has little predictive power for excess return from the results in 

Table Four (on the previous page). Some might explain that the reason for different 

results from different criteria is the spurious high correlation between vol/px and ex.r 

that should actually be attributed to the causal relation between ex.r and some other 

hidden variables. Another explanation is that the correlation between vol/px and ex.r is 

not linear or even not monotonic. Anyway, the out-of-sample predicting performance 

of vol/px would be definitely poor, so it contributes little to the predicted excess return. 

In such way, vol/px does not make a difference in our forecasting model,38 and 

therefore is excluded from the basket of the candidate factors. 

 

To sum up, after combining all the model selection criteria, the variables we finally 

pick up for our model are earnings yield, term spread, inflation rate and yield spread. 

The following section will discuss our final model concerning some important issues, 

such as goodness-of-fit, predictability and interpretation. 

 

Section IV: Results Analysis 

 

With the four chosen variables, a reduced model is fitted and the results are much 

better compared with the full model. An ANOVA test also suggests that the reduced 

model is good enough to estimate the excess return mean, while the other unfavorable 

                                                        
38  In fact, we try to fit both the model with vol/px and the model without vol/px. The coefficients on the other 
variables are almost the same in two models, and the coefficient on vol/px is really small and not statistically 
significant. Such results can also support our decision of excluding the variable of volume over price. 



variables together could not contribute to the model significantly. (The p-value is 0.77, 

far above the benchmark value 0.05 to reject the null hypothesis.) The reduced model 

we have is: 

ex.r = 0.58 ern_yd+0.90 term_sp -0.85 inf -0.89 yd_sp+0.92
          (0.23)            (0.87)                (0.63)      (0.85)

× × × ×
 

 

Most of the coefficients are significant at the level of 0.10. Although this model might 

not be conclusive, it truly provides us a general idea of the stock return forecast model 

and gives out an intuitive interpretation of the predictive power of the selected 

variables. The signs of the estimated coefficients also provide us some important 

information about the variables, which might help us to tell the direction of market 

excess return changes. 

 

To check goodness-of-fit of this model, several tests are carried out and the results (in 

Figure Three on next page) are showing that the model is well fitted. The residual 

plots, especially the standardized residual plot39, have no particular pattern, indicating 

the character of white noise. The normal Q-Q plot40 is also in support of the normality 

of residuals, but the shape of two ends suggests the distribution for residuals are 

actually long-tailed. The leverage plot finds the two leverage points – No.91 and 

No.221, which explain the long-tailed shape. If we investigate the two observations, 

we will find they are two extreme cases: No.91 flags the stock market crash in the Oct 

of 198741, and No.221 represents the financial crisis aroused by hedge funds starting 

from Sep of 1998. Even though the extremely influential cases can be identified in our 

data, nothing needs to be done with them as the fit model will not change much.  

                                                        
39  Standardized residual plot is the plot on the lower left quarter, and the regular residual plot is on the upper left. 
40  Q-Q normal plot is on the upper right quarter. 
41  The stock market crash of 1987, also known as black Monday, was the largest one day stock market crash in 
history. The Dow lost 22.6% of its value or $500 billion dollars on October 19th, 1987. 



Figure Three: Residuals Studies 
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Now we make sure that the model is good for fitness, but whether it is good for 

predictability, especially the out-of-sample predictability, is another important concern 

about the model. As the in-sample predictability is self-checked by the model 

selection criteria42, we only need to investigate the out-of-sample predicting power. 

Here, the10-Fold Cross Validation needs to introduced to check the out-of-sample 

predicting ability. This method randomly divides the data into ten groups, and then fit 

the model using nine tenths and compute prediction error on the remaining one tenth. 

The process will be repeated ten times to get each one tenth calculated for the 

predication error. Averaging the ten prediction errors, a statistic - mean square error 

(MSE43) is obtained, which can be used for comparing different model at the same 

time. From the table on the next page (Table Five), we could see several good results 
 

42  The model selection criteria applied in the last section just select the model with best in-sample predictability. 
43  MSE of an estimator is one of many ways to quantify the amount by which an estimator differs from the true 
value being estimated. As a loss function, MSE is called squared error loss. MSE measures the average of the 
square of the "error." The error is the amount by which the estimator differs from the quantity to be estimated. 

http://en.wikipedia.org/wiki/Estimator
http://en.wikipedia.org/wiki/Estimator
http://en.wikipedia.org/wiki/Loss_function
http://en.wikipedia.org/wiki/Expected_value


from cross validation method, with relatively small values for MSE. The best model is 

our reduced model, including the variables we selected in the last section – ern_yd, 

term_sp, inf and yd_sp. 

 

Table Five: 10-Fold Cross Validation 

r.lag1 r.lag2 jan div_yd ern_yd vol/px ip_gr tbill int term_sp Inf inf_chg cred_sp yd_sp mse 

0 0 0 0 1 0 0 0 0 1 1 0 0 1 14.01 

0 0 0 0 1 0 1 0 0 1 0 0 0 1 14.24 

0 0 0 0 1 0 1 0 0 1 1 0 0 1 14.24 

0 0 0 1 1 0 1 1 0 1 1 0 0 1 14.11 

0 1 1 0 1 0 1 0 1 1 1 0 0 1 14.10 

0 1 1 0 1 0 1 0 1 1 1 1 0 1 14.18 

1 0 0 1 1 0 1 0 0 1 0 0 0 1 14.21 

 

However, we find that even this best model we have is not good enough for 

out-of-sample prediction. The square root of MSE value is almost as large as the 

standard deviation of the excess return. That is to say, the prediction made from this 

model is not much better than just picking the mean value of excess return. Such 

conclusion is disappointing, and we have to find some way to improve the predictive 

performance, if there is a way to do so.  

 

One way we tried is to include the interaction in hope for discovering nonlinear 

correlation between the variables, but it does not work out very well.44 Then another 

thought occurs to us that some other influential factors for the stock market could be 

added into our model, since some of the variation in excess return might not explained 

                                                        
44  The interaction terms do not significantly contribute to the model. (Use ANOVA test.) 



by our model due to the omission of some crucial factors. The volatility expectation, 

which has rarely been used in research up to now, is our choice, because it reflects 

how speculative the stock market is and would affect the rational behavior of 

investors as well. In the following section will discuss our new model with the 

volatility expectation variables and focus on whether improvement in out-of-sample 

predicting ability is found. 

 

Section V: Model Improvement 

 

As we already mentioned in Section II, there is an index measuring the volatility 

expectation of the stock market – Volatility Index which can be added in our model 

directly. However, the only problem here is that some of the observations are lost here, 

since the volatility index data is only available from year 1990. If this variable is used, 

we have to truncate all the data to make all the variables go with each other. Another 

way to get access to the expected volatility is to estimate it through historical data. 

The theory of rational investor behavior makes us believe that people will adjust their 

expectation for volatility according to the actual market volatility. It is not hard to 

understand that when the stock returns are relatively volatile for the whole market, 

more speculation and trading in the financial markets might happen, leading to a 

higher expectation for volatility. Concerning about the time horizon, one month is 

long enough to make people react to the market, so the monthly volatility data could 

be a good estimator for the volatility expectation for the next month. 

 

Besides the expected volatility variable, the change in expected volatility that could 

be interpreted as the shock to volatility expectation might also affect the excess return 

in the next period. Intuitively, the unexpected volatility in the stock market could 



greatly influence the behavior of investors, which part can not be explained by 

rational decision behavior. What happened in the financial crash could be a perfect 

example for this: some unexpected downside trend in the volatile market aroused 

severe drops in the stock market, ending with an even higher volatility of the market. 

Such unexpected volatility variable acts the role of amplifier in the excess return 

predicting model, and it probably not only has the main effect on excess return but 

also interacts with the other crucial variables already in the model. Thus, the 

interaction terms of volatility variable and other variables will also be considered in 

the candidate models. 

 

To test whether the expected or unexpected volatility indeed has the predicting power 

for excess return as we analyzed, the volatility-related variables should be added into 

the reduced model with interaction terms, and several sets of new models needs to be 

constructed and compared with each other. Since the data horizon is not the same as 

that used in the sections before45, we also need to refit the reduced model to set up a 

new base model to compare with. For the selection criterion, we only use the 10-Fold 

Cross Validation method in this section, as it is the only criterion takes the 

out-of-sample predictability into model selection procedure. In addition, the statistic 

MSE obtained from cross validation can be used to compare all the models, as long as 

the models are fitted, using observations46 over the same time period. The meaningful 

interpretation for the statistic MSE can also help us to understand the model fitness 

and the predicting ability of the model.  

 

Studying the results from different models (in Table Six on the next page), in which 

the base model and the four best selection results for each model are listed, we could 
                                                        
45  There is loss of observations due to the unavailability of the volatility index value. 
46  No missing value should be in the data set. 



compare all the improved models at the same time. Notice that all the interaction 

terms are considered in the candidate model set. The best model of all is the reduced 

model with the variable of unexpected volatility added in but no interaction terms 

included.  

 

Table Six: Reduced Model + Volatility Factor 

Reduced Model + vix47: 

ern  term  inf  yield  vix   ern* term* inf* yield*48  MSE 

Reduced Model + unvix49: 

ern  term  inf  yield  unvix ern* term* inf* yield*  MSE  

1    1    1    1    0    0    0    0    0   15.018 

1    1    1    1    1    0    0    0    0   14.810    

1    1    1    1    1    0    0    8    0   15.053    

1    1    1    1    1    0    0    8    9   14.959 

1    1    1    1    1    0    7    0    0   14.999 

1    1    1    1    0    0    0    0    0   15.018 

1    1    1    1    1    0    0    0    0   14.744 

1    1    1    1    1    6    0    0    9   14.601 

1    1    1    1    1    6    0    8    0   14.656 

1    1    1    1    1    0    7    8    0   14.759 

Reduced Model + vol50: 

 ern  term  inf  yield  vol   ern* term* inf* yield*  MSE  

Reduced Model + unvol51: 

 ern  term  inf  yield  unvol ern* term* inf* yield*  MSE  

1    1    1    1    0    0    0    0    0   15.018 

1    1    1    1    1    0    0    0    0   14.805 

1    1    1    1    1    0    0    0    9   15.116 

1    1    1    1    1    0    0    8    0   15.145 

1    1    1    1    1    0    7    0    0   15.093 

1    1    1    1    0    0    0    0    0   15.018 

1    1    1    1    1    0    0    0    0   13.863 

1    1    1    1    1    0    0    8    0   14.190 

1    1    1    1    1    6    0    0    0   14.165 

1    1    1    1    1    6    7    0    9   14.426 

 

The results consistently support that the volatility variables matters for predicting 

                                                        
47  vix refers to the volatility index which measures the volatility expectation of the market. 
48  The star on shoulder of the variable indicates that the variable is timed with the newly added volatility 
variable. 
49  unvix refers to the change in volatility index which measures the shock to the volatility expectation (a.k.a. 
unexpected volatility). 
50  vol refers to the alternative volatility expectation variable estimated by the historical market volatility data. 
51  unvol refers to the change in volatility expectation variable which is an alternative to unexpected volatility. 



excess return, because the best model selected in each set includes the volatility 

variable. Apparently, the unexpected volatility does a better job, and when both of 

them included in the model, the unexpected volatility is also preferred by selection 

criteria. In such a way, we provide some evidence for our argument that the 

unexpected volatility can impact the stock market greatly so as to influence the 

market excess return. Besides, the cross validation also tells that the models with 

unexpected volatility variable have better predictability (both the in-sample and the 

out-of-sample predictability, which are reflected in the goodness-of-fit measurement 

and MSE statistic respectively). 

 

It is obvious that the model is better fitted and has better predictive performance, 

since the MSE is dropped nearly 2 points, which is considered to be significant 

improvement. However, this better model might yet not be applicable in practice: the 

root of mean square error is about 3/4 of the standard deviation of the excess return, 

which means the prediction does not work quite well either, especially when the 

model is used for prediction52. There is no standard to measure whether the mean 

square error is acceptable, but reducing MSE would always be our purpose.  

 

Section VI: Conclusion 

 

The theory that stock excess return is predictable uncovered in the empirical financial 

study has a huge effect on financial research in the past three decades. The predictive 

power of some financial and economic factors has found supportive evidence in the 

academic research results. The theoretical progress is also applied to the empirical 

work, and therefore many models has been built to predict such excess return, and 

                                                        
52  The prediction error would be much larger when we have more variables. 



these models are widely used by all kinds of investors. In this article, we investigate 

the claims of the predictability of stock excess return by fitting the equilibrium model 

with all the potential variables.  

 

Several model selection criteria are employed to decide the model, the positive result 

is that the models selected by different criteria are quite consistent with each other. 

The variables with prominent predicting power stand out clearly, and the model 

including them is well fitted. However, there is also bad news with the fitted model 

that its out-of-sample predictability performs badly, as what has been argued in some 

previous literature. Even the best model selected by cross validation53 which takes 

into consideration the out-of-sample predictability issue does not give out a better 

forecasting model for market excess return than the constant model (mean of the 

historical market excess return). 

 

In order to improve the model, especially to have a better out-of-sample predictability, 

some volatility-related is considered to be included in our model. In hope to find some 

expectation effect or shock effect of volatility on the stock market, we refit the model 

by adding in the new variables with the interaction terms to the obtained model. 

Comparing all the candidate models at the same time, the model with unexpected 

volatility variable is the one with the best out-of-sample predictability. The new model 

obviously has better performance for prediction, but yet it is far from satisfaction as 

the mean square error for prediction is still quite large. 

 

Although not good enough, the new model clearly tells us that the unexpected 

volatility which has rarely been used in previous research has predictive power on 

                                                        
53  The model we selected is just the best model selected from cross validation. 



stock market excess return. This could leads to some further research about this factor 

or even some other influential variables on investors’ rational behavior. From this 

aspect, the stock market might be also affected by some factors out of the economic or 

financial scope. However, the correlation can be really complicated and therefore the 

nonlinear model might apply. Anyway, we believe that the volatility expectation, 

actually the change in volatility expectation does make a difference in predicting the 

market stock excess returns. 

 

Before reaching the final conclusion, the limitations on our models should be 

discussed. First of all, we presume the requirements for linear regression are met, such 

as normality54, linearity55, parameter stability56. Secondly, the data snooping may 

persistently exist, even if we try the best to limit the overfitting possibility by 

employing Akaike’s information criterion and Bayesian framework to select the 

model. The last but not the least is that our idea of volatility expectation variable is 

raw, and the variable might not be appropriately estimated with the historical data, 

since the expectation may not always be adjusted according to what just happened. A 

lot of outside information which cannot be measured directly might have impact on 

the expected volatility, and we have to ignore that. In addition to what we have 

discussed, the correlation between expected/unexpected volatility and market excess 

return is probably nonlinear, as the rational behavior impact can be complicated.  

 

However, we believe that the results from our simple model will not be dominated by 

these bias or other limitations. For the prerequisites for linear regression, an 

afterwards test is taken out: the variable distributions are following the similar shape, 

                                                        
54  Normality refers to the normal distribution of the observation for variables. 
55  Linearity refers to the linear relationship between the explanatory variables and the response variable. 
56  Parameter stability refers to the fact that the model parameters do not change over time. 



and the large sample size makes the normal distribution requirement not necessary; 

from the pair scatter plot57 of the chosen variables, the linear relationship between 

them is clear shown; the parameter stability is not tested in the article, but if the 

variables have the consistent effect, then they should not change too much. For the 

data snooping problem, we have tried best to model against it with model selection 

criteria, and as long as the theoretical support is found, there is no need to worry about 

this problem. For the volatility variables, we already show that the main effect exists, 

and the non-linear part can be left for extensive research.  

 

With the model we obtain, the interpretation is quite straight forward. To summarize, 

some financial and economic factors are found to have predicting power on market 

excess return in this article, and such predictive power can also be found for market 

unexpected volatility variable. With the unexpected volatility, our model can be 

improved to have better in sample and out-of-sample predictability, but yet it needs 

further extension. In any case, our model provides some interpretation of the 

investors’ rational behavior effect on the stock market through the unexpected 

volatility variable which has not been discussed in the previous literature and may be 

investigated more in the future research. 

 

 

 

 

 

 

 

 

                                                        
57  Pair scatter plot is a basket of scatter plots with every two variables plotted against each other. 
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