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Using the framework of econometric models, this paper investigates three 
research questions and finds positive answers. First, is the volatility of Small 
Cap 600 predictable? Second, does the volatility of Small Cap 600 exhibit the 
same empirical regularities reported in the literature about the behavior of 
other stock prices? Finally, can Small Cap 600 pass a test of market effi-
ciency? These research results will benefit the following entities: (1) economic 
agents investing in Small Cap 600, (2) business professors interested in Small 
Cap 600 for teaching and research, (3) policy makers who are watching the 
stock market volatilities because the volatilities of the stock markets dampen 
investors’ incentive to invest, among other consequences.  

Introduction 
 There are two constants in business–change and risk–that are manifest in finan-
cial asset volatility. Financial assets volatility is now predictable due to the 
groundbreaking work of Engle (1982) which gave birth to ARCH models capable of 
predicting the hitherto unpredictable heteroskedastic residuals from the mean equa-
tion (Engle, 1991). Consequently, a critical question emerges: Is empirical study of 
financial asset volatility important? If so, which entities will perceive it as important?  
 The study of financial assets volatility is important to academics, policy makers, 
and financial market participants for several reasons. First, prediction of financial 
assets volatility is critical to economic agents because it helps them make rational 
portfolio risk diversification, risk reduction, and management decisions. Volatility is 
critically important to economic agents because it represents a measure of risk expo-
sure in their investments. Second, a volatile stock market is an unstable stock market. 
                                                           
* We thank S&P management for the free release of data and the editor and referees for 
helpful comments. Financial support from Dr. Jenkins, president of Concordia College, Selma, 
Alabama, is acknowledged. 
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And an unstable stock market is a serious concern of policy makers because instabil-
ity of the stock market impacts the U.S. economy negatively (Greenspan, 1997). A 
recent proclamation states that when markets are perceived as highly volatile the 
perceived volatility “may act as a potential barrier to investing” (Poshakwale and 
Murinde, 2001, p. 445). Pindyck (1984) argues that the fall of stock prices in the 
U.S. in 1970s can be explained by increases in risk premium associated with a rise in 
stock volatility.  
 Third, the negative impact of stock market volatility has attracted the attention 
of many scholars. For example, Garner (1990) found that the stock market crash in 
1987 brought a reduction in the consumer spending in the U.S. Similarly, Maskus 
(1990) found that foreign exchange market volatility impacts trade. Fourth, from a 
theoretical perspective, volatility occupies a center stage in pricing of derivative 
securities. For example, key strands of the Black-Scholes formula indicate that the 
pricing of a U.S. call option is a function of volatility.  Therefore, in practical terms, 
option markets can be characterized as a market where economic agents trade vola-
tility. Finally, stock return forecasting is in a sense volatility forecasting, and this is a 
huge industry in the U.S. where econometric models of volatility forecasting are 
diverse. In this respect, some scholars (e.g., Yu, 2002) believe that empirical 
research in modeling volatility may in fact result in the reduction of confidence 
intervals in forecasting time-varying confidence intervals of stock return series. If 
this outcome is tenable, the science of forecast accuracy shall improve. In conclu-
sion, the preceding review clearly indicates that stock market volatility is a 
worthwhile topic of practical and academic interests.  
 Consequently, more theories are emerging about the importance of financial 
assets volatility, and this time from industry practitioners. In particular, investment 
and finance industry analysts postulate that economic agents perceive small capitali-
zation stock indices to be less volatile than large capitalization stock indices.1 For 
example, The InvestMentor (June 16, 1997) discusses this phenomenon and con-
cludes that it is an unresolved myth. Among all small capitalization stock indices, 
Small Cap (SC) 600 is particularly popular, according to industry observers. This 
small cap stock index is owned and managed by the Standard & Poor’s Corporation 
who believes that SC 600 is an important member of the universe of small caps. 
Because SC 600 is a subset of the entire population of small cap indices, those who 
invest in SC 600 are therefore captives to the same unresolved myth stated above. 
Therefore, we argue that the volatility of SC 600 beckons for empirical scrutiny. 
First, it is plausible that the absence of empirical research about the behavior of SC 
600 may have contributed to this unresolved myth in investors’ perceptions. Hence, 
there is a need for empirical research to inform investors about the underlying statis-
                                                           
1 Standard & Poor’s started collecting SC 600 stock index data in January 1995. In order to 
have a larger sample, non-trading (public holidays) are replaced by the average of trading day 
values to increase the sample size.  
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tical behavior of SC 600. Second, it is important to examine whether the statistical 
characterizations of SC 600 in terms of its volatility are different from observed 
regularities of stock prices in general. We also believe that such empirical investiga-
tion will be a necessary prelude to subsequent research into the perceptual myth of 
investors. To the best of our knowledge, no research has done this. We conclude that 
this research void is a gap in the current knowledge of volatility dynamics and pre-
diction. To this end, at least three research questions spring to mind: (1) Are the 
volatilities of SC 600 predictable? (2) Do the volatilities of SC 600 exhibit the same 
empirical regularities in the behavior of other stock prices? (3) Can SC 600 pass the 
strict form test of market efficiency? 
 The extant financial econometric literature classifies these empirical regularities 
into two broad, related categories: (1) asymmetric or leverage effect and, (2) lepto-
kurtosis or fat-tail distribution. While we do not present a detailed discussion of 
these, excellent reviews and discussion are available in the literature (Bera and Hig-
gins, 1993; Pagan, 1996; Bollerslev et al., 1994). First, the distribution of stock 
prices is highly asymmetric. Negative returns (bad news) are followed by larger 
increases in stock price volatility than positive returns (good news) of the same size. 
The landmark study by Black (1976) reports this phenomenon, which is now com-
monly dubbed the leverage effect. In a nutshell, the leverage hypothesis asserts that 
as stock prices fall, the debt-to-equity ratio of firms affected by the stock price fall 
will tend to rise. Consequently, rising debt-to-equity ratio will increase the volatility 
of returns to equity holders. Corroborating Black (1976), Christie (1982) and 
Schwert (1989) report the same phenomenon. Black indicates, however, that finan-
cial leverage effect alone cannot empirically explain the magnitude of the asymmetry 
he observed. In that spirit, some scholars reason that the leverage effect (asymmetry) 
may stem from the feedback from volatility to stock price as changes in volatility 
instigate changes in risk premiums (Campbell and Hentschel, 1992; Wu, 2001; 
French et al., 1987).  
 The second empirical regularity relates to leptokurtosis or fat-tailed distribution 
of stock prices. That is, the kurtosis of stock price distribution is greater than that of 
a Gaussian distribution. The seminal studies in this area are those done by Mandel-
brot (1963) and Fama (1965); both report fat-tails of stock price distributions. This 
phenomenon makes U.S. government policy makers uneasy (Greenspan, 1997, p. 
54.); it makes researchers uneasy (Bera and Higgins, 1993, p. 335); and it poses a 
challenge to econometricians and statisticians (McAleer and Oxley, 2002). Even 
though the leptokurtosis can be marginally reduced when stock returns series are 
normalized, the problem of how to reduce the kurtosis to the level of a normal distri-
bution framework still poses a challenge to researchers. 
 Finally, in general, financial asset returns may indicate zero autocorrelation even 
though their squared values typically indicate serial dependence, thereby suggesting 
the presence of nonlinear dependencies in the lagged values of the returns—so-called 
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volatility clustering. Volatility clustering (or temporal variations) is a significant 
factor in the failure of the empirical distributions of the return series to follow the 
Gaussian distribution (Fornari and Mele, 1996). Equivalently, the empirical distribu-
tion of financial asset returns exhibits non-Gaussian distribution characteristics such 
as leptokurtosis as well as negative and positive skewness. Even though these 
empirical regularities are reported in studies focusing on large stock indexes such as 
the S&P 500 (Schwert, 1989; Bollerslev et al., 1988), the extent the same empirical 
regularities are prevalent in SC 600 index is not known. Our paper attempts to 
answer the following testable hypotheses stated in the null 

 
1. Hypothesis 1: The volatility of SC 600 is not predictable. 
 
2. Hypothesis 2: SC 600 does not exhibit the same empirical regulari-

ties observed in the behavior of other stock prices. 
 
3. Hypothesis 3: SC 600 cannot pass the strict form test of market 

efficiency. 

Data and Preliminary Empirical Results 
 We gather data on daily closing prices of the Small Cap (SC) 600 stock price 
index from January 3, 1995 to August 19, 2002. (The sample size is dictated by data 
availability, and data are generously supplied by Standard & Poor’s Corporation). 
We follow other scholars (e.g., Engle and Patton, 2001; Park, 2002) to transform the 
return series into their log-differences computed as log(pt) – log(pt(-1)), t = 1, 2, 3, 
…, T, yielding 1989 trading days. This procedure affords two advantages. First, it 
eliminates the possible dependence of changes in stock price index on the price level 
of the index. Second, the change in the log of the stock price index yields continu-
ously compounded series. We graph the series for visual evaluation, and we observe 
extreme values, temporal clustering, and fat-tail (leptokurtosis), as shown in Figure 1 
to 3 below. The dynamism of volatility clustering is visually evident in Figures 2 and 
3. The descriptive statistics in Table 1 tell the same tale. The mean of the series is 
extremely small, close to zero (0.0004), and the unconditional standard deviation as 
measure of variation is quite small (0.01). This finding suggests the absence of non-
synchronous (thin) trading during the sample period. Ruling out non-synchronous 
trading, the observed small variation may be due to some form of market ineffi-
ciency.  
 The series is negatively skewed (-0.26) with excess kurtosis more than twice the 
kurtosis for a Gaussian distribution. In sum, the series is highly non-normal (asym-
metric) as confirmed by Jarque-Bera2 test for normality. In other words, the null of 
normality is strongly rejected, as the evidence in Table 1 suggests. Finally, the pre-
ceding empirical results corroborate numerous studies on stock price behavior.  
                                                           
2 The B-J test statistic is T[skewness2/6 + (kurtosis – 3)2/24]. 
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Figure 1—Graph of the Series 

 
Figure 2—Conditional Volatility 

 
 
 
 
 
 
 
 
 
 
 

 
Figure 3—The Trajectory of Volatility of Returns  
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Therefore, hypothesis 2 is rejected. Equivalently, as our hypotheses are stated in the 
null, a rejection of the null means that SC 600 exhibits the same observed regularities 
as other stock prices and stock price indexes. Finally, even though this preliminary 
empirical evidence gives justification for ARCH modeling for our data set, we 
nonetheless provide additional justification for ARCH modeling following the sug-
gestions by Engle and Ng (1991).  
 
Table 1—Descriptive Statistics 
Series RS 
Sample 1/04/1995 to 8/19/2002 
Observations 1989 
Mean 0.000403 
Median 0.000863 
Maximum 0.134584 
Minimum -0.088757 
Standard Deviation 0.012470 
Skewness 0.424272 
Kurtosis 13.41976 
Jarque-Bera 9057.531 
Probability 0.000000 

Additional Justification for ARCH Modeling  
 Both the empirical literature on ARCH modeling procedures (Bollerslev et al., 
1994) and recent reviews of ARCH models (Bera and Higgin, 1993; Bollerslev et al., 
1988) provide support indicating that ARCH modeling is appropriate for the present 
paper. For example, Bera and Higgins (1993, p. 318) declare that “leptokurtosis in 
the unconditional distribution is a characteristic of conditional heteroskedasticity 
data.” This declaration by Bera and Higgins points to the evidence shown in Figure 1 
and Table 1 above. Second, stock index returns are notoriously known for positive 
autocorrelation at high frequencies (Lo and MacKinlay, 1988; Cutler et al., 1991; 
Fama, 1965) which includes daily frequencies for the present paper. The data for the 
present paper satisfy this condition. Third, one of the empirical regularities discussed 
above about stock return distributions is autocorrelation in the raw series and their 
squares. Autocorrelation in the squares of the raw series is indicative of volatility 
clustering (temporal variation) in the heteroskedasitic second moment of the return 
series. It is common practice to take these features as evidence in support of the fact 
that an ARCH model will fit the data set of interest.  
 To address the preceding concerns related to autocorrelation, we test for 
autocorrelation in the raw returns and their squares. We reject the null of no 
autocorrelation in both the raw returns and their squares using Ljung-Box (L-B) 
Q-statistics. We compute Ljung-Box Q-statistics for 36 lags (we report 10 lags) for 
both raw returns and their squares to test for linear and nonlinear dependencies, 
respectively. We rejected the null of no linear dependencies in the returns and no 
nonlinear dependencies in their squares. The results are shown in Table 2 below. All 
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the lags are significant, and the squares are evidently larger. Again, linear dependen-
cies may be due to some form of market imperfections, as non-synchronous trading 
is ruled because of the unconditional standard deviation discussed above. Further-
more, nonlinear dependencies are usually attributed to the presence of autoregressive 
conditional heteroskedasticity (i.e., ARCH) suggesting that ARCH type modeling is 
necessary (Nelson, 1991). Finally, the clustering present in the squared returns sug-
gests that an ARCH type parameterization will approximate the structure of the 
heteroskedastic second moment, and that is exactly what ARCH models are designed 
to accomplish (Engle, 2002).  
 
Table 2—Sample Autocorrelation 
 1 2 3 4 5 6 7 8 9 10 
LG 0.086 -0.047 0.027 0.024 0.011 0.030 0.012 0.036 -0.004 -0.045 
 (14.9) (19.3) (20.7) (21.9) (22.1) (23.8) (24.2) (26.7) (26.8) (30.8) 
           
LG2 0.112 0.082 0.098 0.094 0.057 0.075 0.057 0.070 0.011 0.056 
 (29.5) (42.8) (61.9) (79.4) (85.8) (97.2) (104) (113) (140) (146) 
LG and LG2 are lags of the raw returns and their squares, respectively. All are significant at P = 0.000 
level or better. (.) are Ljung-Box Q-statistics values 

 
 Finally, some scholars propose that a statistical test should first confirm the 
presence of an ARCH effect in the series rather than impose an ARCH type model 
on the data (Engle and Ng, 1991; Breusch and Pagan, 1979). We shall call this 
approach ex-ante test for ARCH effect. To this end, we use a framework proposed 
by Breusch and Pagan (1979) and discussed in Wooldridge (2003). Specifically,  

 RSt = C + RSt-1 + Ut  (1) 

where RSt is the raw returns, C is a constant, RSt-1 is a one day lag of the raw returns 
and Ut is the error of the OLS framework. The results are in panel A in Table 3. 
Next, our purpose is collect Ut and fit the following regression 

 2
tû  = c + RSt-1 + tê   (2) 

where 2
tû  is the square of the residual from equation (1) and is regressed on a con-

stant and one lag of raw returns. The results are in panel B in Table 3. Finally, we fit 

 2
tû  = c + 2

1tû −  + tê  (3) 

where 2
tû , one period lag of ( 2

1tû − ) and C are as defined in equation (2) above. We 
report the results in panel C in Table 3. 
 Drawing insights from Wooldridge (2003) to interpret the outcome of Breusch 
and Pagan (B-P) tests in Table 3, the results are striking in key respects. First, the 
t-statistic (-4.7) on the lagged return in panel B suggests strong evidence of het-
eroskedasticity in the returns series. Second, the negative coefficient (-0.005) can be 
interpreted as follows. The volatility of SC 600 is higher when the previous return is  
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Table 3—Results of Ex-Ante of ARCH Effect Proposed by Breusch and Pagan (1979) 
Panel A: Model (1) 
Variable Coefficient T-Statistics P-Value 
C 0.0003 (0.0002) 1.33 0.18 
RSt-1 0.09 (0.022) 3.9 0.0001 
 
Panel B: Model (2) 
Variable Coefficient T-Statistics P-Value 
C 0.0001 (1.23E-05) 12.7 0.0000 
RSt-1 -0.005 (0.0009) -4.7 0.0000 
 
Panel C: Model (3) 
Variable Coefficient T-Statistics P-Value 
C 0.0001 (1.27E-05) 10.4 0.0000 

2
tû  0.15 (0.0222) 6.6 0.0000 

 
Panel D: Model (4) 
Variable Coefficient tρ̂ t P-Value R2 

2
tû    0.0047 (0.022) 0.21 0.83 0.0000 

(.) denotes standard errors, the coefficient in panel D is ρ̂ coefficient (autocorrelation coefficient) and t ρ̂  
is the autocorrelation coefficient t-statistic  

 
low, and vice versa (cf. Wooldridge, 2003, p. 415). Therefore, this finding corrobo-
rates a part of the reported regularities about the volatility of stock price returns 
discussed in previous sections of the present paper (cf. Wooldridge, 2003, p. 415). 
Third, this finding corroborates abundant studies in the finance literature indicating 
that the expected value of stock returns is not a function of past return values but a 
function of the variance of past returns. Equivalently, in making their investment 
decisions, rational economic agents would evaluate the variance of returns in their 
investment decisions and not the expected (mean) value of the returns. The variance 
of returns is far more a critical factor in investment decisions than are the expected 
(mean) returns. 
 Even though these results are interesting in their own right, our main purpose is 
the ex-ante test for an ARCH effect. To this end, we turn to panel C in Table 3. The 
t-statistic (t = 6.6) on one period lag of the error indicates an ARCH effect (cf. 
Wooldridge, 2003, p. 417). Finally, following Wooldridge (2003) we use the pre-
ceding framework to test the market efficiency of SC 600 stock index by regressing 

tû  on 1tû −  as stated in equation (3) above. The results are reported in panel D in 
Table 3. The efficient market hypothesis (EMH) interpretation of this result stems 
from the finding that the OLS residuals squared are autocorrelated, pointing to het-
eroskedasticity of the second moment. But the OLS residuals (not squared) are not 
autocorrelated. These results suggest that an investment strategy based on historic 
information in the returns series is worthless. In other words, this is the strict form of 
the EMH test (Fama, 1965) in the sense that information impounded in past stock 
prices is useless in predicting current and future prices for profit exploitations.  
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 Finally, a second way to test for an ARCH effect is to fit an ARCH type model 
on the data of interest and test whether there is any remaining ARCH effect in the 
model estimated. We shall call this approach the ex-post test for the presence of 
ARCH effect. This is the most common approach in the extant financial econometric 
literature where the Lagrange multiplier (LM) test statistic has become the work-
horse (e.g., Bollerslev et al., 1994). These results are reported under the ARCH 
models presented below.  
 Although we have shown evidence justifying ARCH models for the present 
paper, we cannot proceed without filtering the autocorrelation reported in Table 2. 
Autocorrelation renders stationary series non-stationary, as demonstrated by Bera 
and Higgins (1993, p. 234). Typically, a moving average of order one [i.e., MA (1)] 
has been found adequate to purge autocorrelations of this magnitude (cf. Alles and 
Murray, 2001). Hence, MA (1) is fit on the raw returns in the framework of model 
(4). That is, 

      Rt = St + δXt-1      (4) 

Next, let ε̂  be an estimate of the deviations of the raw returns from a MA (1) of 
expected (mean) return. This quantity is input into the ARCH models discussed 
below.  

ARCH Models 
 Because ARCH models are a family of models, we experiment and find that a 
generalized ARCH (i.e., GARCH) is the best parsimonious model characterizing the 
data-generating process of SC 600 for the following reasons. First, a GARCH model 
is an infinite order ARCH model (Bollerslev, 1986). Second, a GARCH model is an 
ARMA model (Engle, 2002) belonging to model (4) above. Finally, our experiment3 
suggested ARMA (0,1)-GARCH (1,1) model as a lower order of the higher order 
type shown in equations (5) to (7) below, (cf. Bollerslev, 1986). That is:  

 rt = µ + ∑
=

p

1i
airt-1 + ∑

=

q

1i
biεt-1 + εt (5) 

 εt = ztht ≈  N(0,1) (6) 

 ∑ ∑β+εα+ω=
= =

−−

p

1i

q

1i

2
1ti

2
1ti

2
t hh  (7) 

where βi, ai, bi, ω, ai, and µ are real constants. It typically is assumed that the mean 
process in equation (5) is linear and the disturbances are innovations following the 
Gaussian distribution. Alternative formulations of the conditional variance function 

                                                           
3 Absence of serial correlation in the standardized residuals squared obviates the need to 
specify a higher order ARCH model. For instance, GARCH (1,2) yields insignificant results 
with a drop in likelihood ratio value, and BIC confirms this. 
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in equation (5) exist. Under such alternative formulations, subset restrictions on the 
parameters of the general structure define special cases as well as ensure finite vari-
ance and stationarity (c.f., Bollerslev, 1986). In model (7), q is the number of lagged 
conditional variances, and p is the number of past sample variances (squared random 
component of return) (Engle, 1982; Bollerslev, 1986). The hallmark of this symmet-
ric GARCH model is that it incorporates heteroscedasticity into the estimation of 
volatility and does so parsimoniously. The model is well defined, however, if the 
coefficients of the infinite autoregressive structure are all non-negative and the roots 
of the moving average polynomial of the squared innovations lie outside the unit 
circle. The restriction of the parameter sum, Ψ = Σiαi + Σiβi  < 1, is necessary to: (1) 
quantify the degree of volatility persistence from a shock, (2) ensure the stability and 
covariance stationarity of the error process, and (3) ensure a necessary condition for 
the existence of a finite unconditional variance. And, the half-life4 of the shock per-
sistence is 1/2L = [-In(2)/In(Ψ)]. Finally, we estimate a lower order GARCH model 
in equations (8) through (10); the results are reported in Table 4. 
 
Table 4—ARCH (0,1)-GARCH (1,1) Results 

 rst = xt + θxt-1 + εt (8) 

 where εt|Ωt-1 ≈ N(0,h 2
t ) (9) 

 εt = ρt - ρεt-1 

 h 2
t  = a0 + αt-1 + βh 2

1t−  (10) 

Mean Equation  Variance Equation 
x t θ t. a0  t α t β t 

0.001 5.2 0.16 6.1 1.9E-06  2.7 0.16 6.5 0.836 39.2 
[0.000]  [0.026]  [6.9E-07]   [0.025]  [0.021]  
(0.000)  (0.023)  (3.24E-07)   (0.012)  (0.011)  

t is t-ratio; all are significant at p < 0.01. [.] and (.) are Bollerslev-Wooldridge robust standard error and 
covariances and non-robust standard errors, respectively 
 
 In the framework of the ARMA(0,1)-GARCH (1.1) model in equations (5) 
through (7), the mean of the stock index return is a linear function of its time-varying 
variance, (ht). Assuming that the error (εt) is serially correlated and follows a MA(1) 
process, the variance (ht or volatility) is conditioned on the information set Ω 
impounded in time t-1. Specifically, Ω impounds past conditional variance 
(volatility) and past squared error terms. Because in Table 4 all the variances are 
positive, and the constraint Ψ = Σiαi + Σiβi  < 1 is satisfied, the model has second 

                                                           
4 This is half of the discrete time it will take the conditional variance to return to the 
unconditional mean from where it deviated; this also is relevant to the mean-revision concept.  
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order stationarity (Bollerslev, 1986). The significance of α and β confirm the pres-
ence of ARCH and GARCH effects, respectively. There is high volatility persistence 
indicated by the following argument: Ψ = Σiαi + Σiβi  < 1 = 0.996. Also, mean-revi-
sion is indicated in that a less-than-unity inequality constraint is almost satisfied. 
These results are among the empirical regularities puzzling to financial econometri-
cians (Bera and Higgins, 1993, p.342).  
 This is evidence to reject hypothesis 2. Finally, the half-life of volatility persis-
tence is 1/2L = [-In(2)/In(Ψ)] = 69 days. We now turn to the caveats of the standard 
GARCH model discussed thus far. 
 The genesis of the caveats inherent in standard GARCH is the measurement of 
variance in finance as expected squared deviations from a typical location, the first 
moment. Consequently, a mathematically plausible way to approximate the trajec-
tory of time-varying variance on current conditional variance is to enlist a linear 
combination of a constant, past conditional variance, past lagged squared errors—
and that is symmetric GARCH model (Bollerslev, 1986). The squaring of past errors 
to circumvent negative variances imposes a symmetric structure with the serious 
implication that past negative and positive shocks affect current volatility equally. In 
other words, a symmetric GARCH model fails to capture the leverage effect. Second, 
a symmetric GARCH model is basically a quadratic specification in the sense 
implied by the squaring done. It follows that if the shock impact on current returns is 
more than a quadratic magnitude, the symmetric GARCH model fails. Finally, the 
extent to which these caveats are manifest in the return-generating mechanism for a 
particular data set reflects the extent to which inferences and conclusions based on 
symmetric GARCH models are flawed. In other words, GARCH models with asym-
metric capabilities are needed. In response to this need, Engle and Ng (1993) 
demonstrate that Glosten, Jagannathan, and Runkle (1993) TGARCH model is the 
best parsimonious asymmetric GARCH model available. Therefore, we first present 
a brief discussion of the Glosten, Jagannathan, and Runkle model. Then we employ 
it for the purposes of the present paper. 
 The appeal of asymmetric GARCH models stems from their ability to capture 
asymmetries in volatility. The Glosten, Jagannathan, and Runkle model may be 
explained as follows. Consider extending model (10) above by adding an indicator 
variable, D, such that Dt-1 < 0 if the first lag of the error from the mean equation is 
negative and zero otherwise. This yields a regime-switching model with zero as the 
threshold in  

 1t
2
t

q

1j

2
jtj

p

1i

2
1ti

2
t dhh −

−
−

=
− γε+∑β+∑ εα+ω=  (11) 

TGARCH has interesting properties: it permits positive (negative) shocks (ε 2
t ) to 

have a greater impact on subsequent volatility if γ > 0 (< 0). Notice that good news 
(increase in asset price) is captured by α alone while bad news while bad news 
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(decrease in asset price) is captured by the sum of α + γ. If γ > 0 the leverage effect 
exists, while bad news (decrease in asset price) is captured by the sum of α + γ. If γ ≠ 
0, the news impact is asymmetric. The vector (ε2,ε2) of shocks can follow an ARMA 
process as the GARCH model when the {ε} sequence follows an ARMA process. 
The results are detailed in Table 5. 
 
Table 5—The TGARCH Test Results 

 rst = xt + θxt-1 + εt 

 where εt|Ωt-1 ≈ N(0,h 2
t ) 

 εt = ρt - ρεt-1 

 1t
2
t

q

1j

2
jtj

p

1i

2
1ti

2
t dhh −

−
−

=
− γε+∑β+∑ εα+ω=  

 Coefficient Std. Error  T-Ratio 
Panel A: Mean Equation     
X 0.0006 [0.0002] (0.0006) 2.9 
θ 0.174 0.0275 (0.0220) 6.3 
     
Panel B: Variance Equation     
ω 2.06E-06 [7.17E-07] (2.77E-07) 2.8 
α 0.057 [0.030] (0.0130) 1.93 
γ 0.189 [0.044] (0.0208) 4.3 
β 0.845 [0.010] (0.0104) 80.88 
All t-ratios are significant at 1% level or better. [.] and (.) are Bollerslev and Wooldridge robust standard 
errors and covariance, and ordinary non-robust standard errors, respectively. All reported estimated values 
are those based on Bollerslev and Wooldridge estimations 
 
 The results of the Glosten, Jagannathan, and Runkle’s TGARCH model detailed 
in Table 5 are striking. First, the ARCH term (α) is significant but less than unity, 
suggesting that shocks to volatility are not explosive. Second, the coefficient for the 
non-linear dummy is significant and positive. This indicates that: (a) the leverage 
effect exists, and (b) the news impact is asymmetric, or equivalently, positive inno-
vations have a lower effect on volatility than their negative counterparts. Finally, the 
GARCH term (β) is significant with a strong effect. Importantly, again, to address 
the violation of normality assumption, we report two types of stand error: (a) the 
ordinary standard errors which are not consistent and efficient given the violation of 
Gaussian distribution assumption, and (b) the Bollerslev-Wooldridge robust standard 
error and covariance which are consistent and efficient when the normality assump-
tion is violated. One may ask whether these models correctly specified. We present a 
battery of diagnostic tests to assess model specifications.  
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A Battery of Diagnostic Tests for Model Specifications 
 If a model is correctly specified, the residuals must be white noise (i.e., the stan-
dardized residuals must have zero mean and unit variance). Recall that in Table 1 
above, we rejected the null hypothesis of no autocorrelation in the levels and squares 
of the raw series. This autocorrelation should not manifest in the standardized 
residuals and their squares if and only if the models are correctly specified. 
Specifically, let tε̂ and tĥ be the estimates of the error and conditional variance, 
respectively, we employ Ljung-Box Q statistics to access the adequacy of the model 
by examining the standardized (normalized) residuals ( 2/1

tt h/ε ), and standardized 
squared residuals ( 2/1

tt h/ε )2.  
 
Table 6—Diagnostic Tests for Specifications, Standard GARCH and TGARCH Models 
 Standard GARCH  TGARCH 
  AC PAC Q   AC PAC Q 
(εt/h

2/1
t ) L-B (10) -0.011 -0.011 3.5  L-B (10) -0.01 -0.011 4.1 

(εt/h
2/1

t )2 L-B (10) -0.028 -0.028 4.3  L-B (10) -0.029 -0.030 5.0 
Skewness -0.369      -0.280   
Kurtosis 5.804 (13.96)** 6.048 (14.00)**      
L-B (10) is Ljung-Box statistics for autocorrelation (AC) and partial autocorrelation (PAC) functions at 
order ten. All values are significant at p=0.000. (.)** is the value for non-standardized residuals for the 
sample kurtosis 
 
 The coefficients on the kurtosis for both models reported in Table 6 are about 
fifty percent greater than the kurtosis for Gaussian distribution, even though these 
tests statistics indicate model adequacy. Second, in the framework of Table 6 above, 
model misspecification concerns arise if the sample autocorrelation (AC) and partial 
autocorrelation (PAC) coefficients exceed twice their asymptotic standard errors 
(ASEs) computed as 2/(T)1/2 = 0.044. No value of AC and PAC in Table 6 is close to 
this value. Third, Hsiel (1989) asserts that if the conditional variance is correctly 
specified, the kurtosis in the standardized residual should be less than the kurtosis in 
the non-standardized residual. This proposition is satisfied as shown in Table 6 
because the kurtosis for the non-standardized residual is more than twice the values 
for their standardized counterparts. Fourth, we employ a specification test proposed 
by Pagan and Sabau (1987) in a proprietary unpublished paper reported by Kearn 
and Pagan (1993). We note that, among others, Alles and Murray (2001, p. 140) 
enlisted this test as “a diagnostic test.” Specifically, Kearn and Pagan propose 
squaring the residuals from the mean equation and regressing that on a constant and 
the conditional variance (h 2

t ) to conduct their tests as follows: 

 ε 2
t  = c + bh 2

t  + e (9) 

Conceptually, model (9) examines how much of the variations in unobserved actual 
volatility (proxied by ε 2

t ) can be explained by the conditional variance. Because, at 
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least theoretically, both the regressand and the regressor are the same in the frame-
work of ARCH models, the slope on equation (9) should ideally be equal to unity, 
with zero intercept. Then, the fit of the model can be assessed via R2. The results are 
detailed in Table 7. 
 
Table 7—Kearn and Pagan Diagnostic Test Results 
 Standard GARCH t-ratio  TGARCH t-ratio 
C 6.6E-05 (1.5E-05) 4.5  2.8E-05 (1.5E-05) 1.84 
b-coefficient  0.523 (0.051) 10.2  0.774 (0.06) 13.31 
R2 0.5   0.82  
(.) = the standard error. The significant level is p = 0.000 or better for both models 
 
 The Kearn-Pagan (K-P) test results in Table 7 indicate that the theoretical 
expectations are confirmed by the data. First, the intercepts (denoted as C) are 
insignificantly different from zero. Second, the slope coefficients are significantly 
positive and large. Third, all the coefficients are statistical significant at less than five 
percent level with standard errors insignificantly different from zero. Fourth, the 
explanatory powers of the model based on R2 are encouraging, and it is interesting to 
notice that the TGARCH has a larger R2 than the standard GARCH. This result 
should not be a surprise in that the theoretical expectation is that TGARCH should 
have better capability to capture asymmetries in the data than does the standard 
GARCH. In other words, the difference in the results reported for both models is an 
indirect confirmation of the relative asymptotic superior performance of Glosten et 
al. (1993) model in capturing asymmetries in volatility as reported by Engle and Ng 
(1993). Equivalently, the differences in the results offer indirect evidence reflecting 
the extent to which the standard GARCH model fails to map the asymmetries in the 
data. Finally, among others, Diebold (1986) proposes that if a GARCH model is cor-
rectly specified, there should be no ARCH effects remaining in the levels and 
squares of the standardized residuals for the mean and the variance equations, 
respectively. This test is a Lagrange multiplier test which is asymptotically the same 
as T* R2where T is the sample size and R2 is the familiar coefficient of determina-
tion. Equivalently, this test is a chi-square test with K degrees of freedom. The result 
for the standard GARCH model is (computed as T* R2) 0.109 (p = 0.74), and that for 
the TGARCH model it is (T* R2) 0.043 (p = 0.834). Therefore, these insignificant p-
values indicate that the null hypothesis that ARCH effects remain in the estimation is 
rejected. In conclusion, overall, our battery of diagnostic tests suggests that the mod-
els are correctly specified.5 

                                                           
5 They are by far better than those reported by Kearn and Pagan (1993, p. 171). 
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Conclusions  
 This paper discusses the importance of stock price volatility dynamics and 
prediction to three entities: academics, investors, and policy makers. Evidence based 
on citations from the extant financial econometrics literature indicates that volatility 
is an important concept to these entities. Even though volatility of large cap stock 
indices has been given much empirical attention, the volatility of small cap stock 
indices has received almost no attention. This paper identifies at least three empirical 
questions to be investigated using small cap (SC) 600 as the research setting.  
 These testable hypotheses are the main focus of the paper. Hypothesis 1 is a test 
of the proposition that the volatility of SC 600 is not predictable. This hypothesis is 
rejected based on evidence from standard GARCH and TGARCH models indicating 
that the volatility of small cap 600 can be predicted in the same way that the volatil-
ity of other stock prices are predicted. Hypothesis 2 is a test of the proposition that 
SC 600 does not exhibit the same empirical regularities observed in the behavior of 
other stock prices. The results of this paper show that SC 600 exhibits the same 
underlying statistical properties in terms of observed empirical regularities governing 
the empirical distributions of stock prices in general.  
 Finally, hypothesis 3 is a test of the proposition that SC 600 cannot pass the 
strict form test of market efficiency. This hypothesis is rejected, suggesting that SC 
600 passed this form of efficient market hypothesis (EMH) test. Our results may be 
seen as the beginning of further investigations in the behavior of other small capitali-
zation stock indices, especially with respect to the EMH test. In particular, our 
findings invite more research efforts toward a deeper empirical investigation of the 
unresolved myth in investors’ perceptions.  
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