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4. Empirical Results 

4.1 Methodology 

4.1.1 Unit Root Test 

The methodology used here is similar to that of Bessembinder and Seguin (1992), 

Galati (2000), Bjønnes et al. (2003), and Jorion (1996). To model expected volume, 

one must first assess whether the volume series is stationary. I use Augmented 

Dickey-Fuller (hereafter ADF) test to see whether the volume series is stationary or 

not. The three differencing AR models of ADF are expressed as the following forms: 

                    ∑
=

−− +Δ+=Δ
n

t
ttitt vvv

1
11 ελδ                    (4) 

                  ∑
=

−− +Δ++=Δ
n

t
ttitt vvv

1
11 ελδα                   (5) 

                 ∑
=

−− +Δ+++=Δ
n

t
ttitt vvtv

1
11 ελδβα                (6) 

where tv  is log volume series, α  is constant term (drift), and t  is time (trend 

term). Equation 4 is a pure random walk with the lag terms, Equation 5 possesses a 

drift, and Equation 6 includes a drift and a time trend. The null hypothesis is 

0:0 =δH  (volume series has a unit root or is non-stationary), and the alternative 

hypothesis is 0:1 ≠δH . 

I use the approach of Doldado et al. (1990) to choose the model to do ADF test. 

In using this approach, one starts with the least restrictive of plausible models and 

then introduces restrictions until the null hypothesis of a unit root is rejected. Thus, I 

use Equation 6 to run ADF test first. The lag length is defined by the Akaike 

information criterion (AIC) to ensure that the errors are white noise. The result of unit 

root test, ADF, is summarized in Table 6. It shows that the null of non-stationarity 
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cannot be rejected for any levels of the series. This result confirms that volume series 

is stationary. 

 

Table 5 

Augmented Dickey-Fuller Test t-statistic 

 Lags (k) τ(ρ) 

Volume 9 -5.6756 *** 

Note: ***Indicates statistical significance at 1% level 

 

 

4.1.2 ARMA model 

After the stationary test, I use the traditional methodology of Box-Jenkins to measure 

the expected volume. As the series of volume is stationary, I decompose log volumes 

into expected and an unexpected component by a fitted ARMA(p,q) series and its 

residuals, where the fitted value is interpreted as the expected component and the 

residual as the unexpected. The equation is as following: 
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 and unexpected volume at 

time t is the residual of the above equation, tε . 

To find the best-fitting ARMA(p,q) model, the criteria are that the estimate 

coefficients are all significant, a minimum AIC (Akaike Information Criteria) and BIC 

(Bayesian Information Criteria) value, and residual term has no series correlation. For 

these reasons, the optimal ARMA model of the trading volume is ARMA(2,1). I 

summarize the results in Table 7. Expected volume can be evaluated by the actual 
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trading volumes subtracted by the optimal residual terms, which are estimated from 

the ARMA(2,1) model, and the residual value can be seen as the unexpected volatility 

portion of volumes. 

 

Table 6 

AIC and BIC of ARMA(p,q) 

ARMA AIC BIC 

(1,0) 0.3343 0.3392 

(0,1) 5.3263 5.3312 

(1,1) 0.0571 0.0670 

(2,0) 0.1985 0.2083 

(2,1) -0.0036 0.0112 

(2,2) -0.0031 0.0166 

(3,0) 0.1388 0.1536 

Note: The estimate coefficients of ARMA(3,1), ARMA(3,2), and 
ARMA(3,3) are not significant. Therefore, I don’t list the result of 
these three models here. 

 

 

4.1.3 GARCH model 

Bollerslev (1986) is the first one who employed the GARCH model to explain the 

variance of stock returns and uses the GARCH (1,1) model to fit five kinds of stock 

market. The empirical result shows that the estimates of parameters were all strongly 

significant, which means GARCH (1,1) model could really capture the characteristics 

of the volatility of stock returns. Since the GARCH(1,1) model is widely used in the 

literature to capture the characteristics of volatility, I try to use this model to capture 



 20

the relation between volume and volatility. Although there are many forms of 

GARCH model (e.g. TGACH, FIGARCH), Bolerslev (1986), and Baille and 

Bolerslev (1989) find evidence that the GARCH(1,1) model is the most appropriate 

model for daily exchange rate data. Consequently, I construct three models primarily 

based on GARCH(1,1) model. The first model is a standard GARCH(1, 1) model and 

it can be expressed as: 

 

Model (1) 
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where tr  is daily return, the residual, tε , follows a conditional normal distribution 

with mean zero and variance ( th ), 1−Ω t  is the information set containing all 

information up to day t-1, 2
1−tε  is the lag of the squared residual from the mean 

equation (the ARCH term) and provides news about volatility clustering, and 1−th  is 

last period’s forecast variance (GARCH term). Equation 8 presents the mean equation 

and Equation 10 the variance equation. The sum of 1α  and 1β  measures the 

persistence of volatility. If 111 =+ βα , that menas any shock to volatility is 

permanent. 

Lamoureux and Lastrapes (1990) introduce volume into the GARCH model, 

viewing volume as a proxy for the information arrival rate. Their empirical result 

shows a significant positive correlation between volume and volatility, and they find 

that trading volume is a good proxy for informational arrivals in the US stock market.  
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Accordingly, I add log total volume into the variance equation (Equation 10). The 

second model is as following: 

 

Model (2) 
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where tv  is log total volume at time t. According to MDH, both volume and 

volatility would respond to the arrival of new information. The coefficient of volume, 

1γ , should be significant positive. 

In order to examine the contemporaneous relation between volume (both 

unexpected and expected components) and volatility, I use CARCH(1,1) model with 

unexpected and expected volume included the variance equation (Equation 10) only. 

The third model is as following: 

 

Model (3) 
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where tUV  is unexpected volume at time t, and tEV  is expected volume at time t. 
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4.2 Relation between Volume and Volatility 

The empirical findings are reported in Table 8. The first row of Table 8 presents the 

results of the first model. The sum of ARCH and GARCH coefficients ( 11 βα + ) is 

0.9861 and very close to one, indicating that volatility is quite persistent.  

The second row of Table 8 shows the results of Model (2). The coefficient of 

volume, 1γ , is significantly positive, implying a positive correlation between volume 

and volatility in the Taipei foreign exchange market. This result is consistent with 

Lamoureux and Lastrapes (1990). The positive relation is consistent with MDH which 

predicts a positive relation between volume and volatility. On the other hand, the sum 

of 1α  and 1β  decreases from 0.9861 to 0.5586 after adding volume into the 

GARCH model, implying that the persistence of volatility can be explained by 

volume. 

The results of Model (3) are in the third row of Table 8. It contains three major 

findings about the effects of expected and unexpected volume. First, the coefficient of 

tUV  is larger than tEV . That means unexpected volume has a much greater effect on 

volatility than expected volume. This result is consistent with Bessembinder and 

Seguin (1993) and Arago and Nieto (2005). Second, the coefficient of tUV  is 

positive and statistically significant, suggesting a positive contemporaneous relation 

between unexpected volume and volatility. They both respond to the arrival of new 

information, as MDH predicts. There is also statistical evidence of unexpected 

volume having influence on exchange rate volatility. Third, tEV  coefficient is 

negative, but not statistically significant, showing that there is no contemporaneous 

relation between expected volume and volatility. 
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Table 7 

Results of Model (1), (2), (3) 

 Standard 
GARCH 

GARCH 
extended 
with tv  

GARCH 
extended with 

tUV  & tEV  

μ  -0.0055 
(-0.8837) 

-0.0026 
(-0.4036) 

-0.0051 
(-0.6540) 

0α  0.0011 *** 
(4.6696) 

-0.1657 *** 
(-15.5940) 

0.0403 
(0.8985) 

1α  0.1190 *** 
(8.0852) 

0.2829 *** 
(5.4254) 

0.0811 ** 
(3.1715) 

1β  0.8671 *** 
(63.3068) 

0.2757 *** 
(4.5333) 

0.4814 *** 
(4.0277) 

11 βα +  0.9861 0.5586 0.5625 

1γ  --- 0.0283 *** 
(15.0947) 

--- 

2γ  --- --- 0.0617 *** 
(14.8195) 

3γ  --- --- -0.0023 
(-0.3280) 

Note: ***Indicates statistical significance at 1% level 
**Indicates statistical significance at 5% level 
*Indicates statistical significance at 10% level 

 
 
 
 
 
 
 
 
 
 
 


