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Investor emotional biases and trading volume’s 
asymmetric response: A non-linear ARDL approach 
tested in S&P500 stock market
Abderrazak Dhaoui1 and Sami Bacha1*

Abstract: This paper investigates the dynamic linkages between trading volume 
and investors sentiments for the S&P500 stock exchange. Two sentiment indica-
tors are considered, the overconfidence and the net optimism-pessimism indicator. 
Non-linear dynamic approach, namely the asymmetric autoregressive distributed 
lag (NARDL) model is used to capture the long-term and short-term non-linear con-
nections between the investor sentiment and the stock market liquidity. Empirical 
findings suggested an asymmetric long-term market liquidity reaction to investor 
sentiment. In the short-term, the stock market liquidity react rapidly and asymmet-
rically to changes in overconfidence sentiment, while the optimism and pessimism 
sentiment has insignificant short-term impact on trading volume.

Subjects: Psychological Science; Econometrics; Economic Forecasting; Finance; Investment 
& Securities

Keywords: trading volume; stock return; overconfidence; optimism-pessimism; NARDL; 
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1. Introduction
The change of return over the time (days, weeks, months or any other unit of time) provides informa-
tion about the influences of the investors’ expectation and therefore their beliefs. They feel 
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optimistic when they realized prior gains and pessimistic when they realized prior losses. Based on 
their feeling, they anticipate the future return evolution and they respond according to their expec-
tations. They react aggressively or diminish their trading depending on whether they anticipate an 
increase or a decrease in future returns. So trading volume constitutes accordingly a good indicator 
describing the reaction of the stock market to the change in investor sentiments.

Investors regulate their expectation according to the appearance of new information and this 
process influences significantly their trading volume. Since information are embedded in the prices 
and returns and all new information can be detected considering the change on returns, it will be 
interesting to investigate the relationship between the two components of the stock markets (i) re-
turns and (ii) trading volume. The first allows supervising investors over (under) confidence (see 
Baker & Stein, 2004), while the second supervises the stock market liquidity (see Chordia, Roll, & 
Subrahmanyam, 2001; Kamara & Koski, 2001; Lee, Fok, & Liu, 2001). Otherwise investor over and 
under-confidence and stock market liquidity appear to be empirically moving together.

Several recent studies in the last decade have attached more attention to the dynamic causality 
between trading volume and stock return (Chen, Hong, & Stein, 2001; Chordia & Swaminathan, 
2000). Previously the linear and non-linear causality between these variables has been studied by 
several researchers (Campbell, McCloy, Oppler, & Sager, 1993; Gallant, Rossi, & Tauchen, 1992; 
Hiemstra & Jones 1994).

In this paper, we try to examine whether the stock market liquidity reacts asymmetrically to inves-
tor’s over and under-confidence sentiment. We study also the asymmetric impact of optimism and 
pessimism sentiment on stock market liquidity. We will verify whether there’s an asymmetric rela-
tionship between investor sentiment and stock market liquidity when investors are more or less over 
(under) confident and when they are upper-optimistic or upper-pessimistic. This research is moti-
vated by the fact that investors’ beliefs drive their investment decisions and their forecast about the 
future evolution of stock market.

Thus we keep a commonly known proxy of overconfidence namely the lagged stock return and we 
propose a new specification of the optimism-pessimism sentiment based on the results of the AAII 
survey on investor forecast of the bullish and bearish trends of the S&P500 market. We use the dy-
namic Non-linear Autoregressive Distributed Lag (NARDL) to examine the dynamic asymmetric rela-
tion between the stock market liquidity and the investor sentiment indicators. This method seems 
suitable to oversee the asymmetry in long and short-term response of the dependent variable to 
positive and negative regressor changes.

Using weekly stock market data S&P500 over the period from July 17, 1987 to October 29, 2015, 
empirical findings confirm the asymmetric response of the stock market liquidity to both overconfi-
dence and optimism-pessimism indicators in the long-term. At short term, a rapid asymmetric reac-
tion to over (under) confidence is noticed. However, the variation of the optimism-pessimism 
indicator has insignificant predictive power.

This paper is organized as follow. Section 2 presents theoretical and empirical literature on the 
relation between the investor sentiment indicators and the stock market liquidity. Section 3 de-
scribes the data and the methodology. Section 4 presents the results on dynamic relation between 
the stock market liquidity and the investor sentiment.

2. Literature review
Previous studies in finance have attached greater importance to the efficient market hypothesis. 
During the last two decades, new research topic has attracted the attention of academics as well as 
practitioners. Investors do not act rationally, their human psychology drives their investment deci-
sions (Akerlof & Shiller, 2009; Dhaoui, 2013, 2015; Dhaoui & Khraief, 2014). This finding of investor 
irrationality is not recent. In 1936 Keynes said that “most, probably, of our decisions to do something 
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positive, the full consequences of which will be drawn out over many days to come, can only be 
taken as the results of animal spirits, a spontaneous urge to action rather than inaction, and not at 
the outcome of a weighted average of quantitative benefits multiplied by quantitative probabilities” 
(Keynes, 1936, p. 168).

Eighty years later, Akerlof and Shiller (2009) have analyzed the issue of rationality of financial 
market and recommended to get more attention to psychological influences on investor decisions 
process. They argued that “It is necessary to incorporate animal spirits into macroeconomic theory 
in order to know how the economy really works. In fact the macroeconomics of the past thirty years 
has gone in the wrong direction. In their attempts to clean up macroeconomics and make it more 
scientific, the standard macroeconomists have imposed research structure and discipline by focus-
ing on how the economy would behave if people had only economic motives and if they were also 
fully rational” (Akerlof & Shiller, 2009, p. 168).

Among various psychological factors, the overconfidence, optimism and pessimism are the senti-
ment that most captured the attention of researches (Akerlof & Shiller, 2009; Barberis, Shleifer, & 
Vishny, 1998; Daniel, Hirshleifer, & Subrahmanyam, 2001; De Bondt & Thaler, 1985; Dhaoui, 2013; 
Haruvy, Stahl, & Wilson, 1999; Otten, 1989; Weinstein, 1980). Several studies measured the overcon-
fidence based on the type of impact of the lagged stock price on the trading volume (Boynton, 
Oppenheimer, & Reid, 2009; Dhaoui, Bourouis, & Boyacioglu, 2013; Kcherem & Bouri, 2009; Ulussever, 
Yumusak, & Kar, 2011). According to these authors, there may be a probable relationship between 
the investor’s over (under) confidence and the stock market reaction.

Other authors have examined relationship between the trading volume and stock price (Brailsford, 
1996; Brock & LeBaron, 1996; Crouch, 1970; Epps, 1975, 1977; Godfrey, Granger, & Morgenstern, 
1964; Granger & Morgenstern, 1963; Hiemstra & Jones, 1994; Karpoff, 1987; Lee & Rui, 2002; Mestel, 
Gurgul, & Majdosz, 2003). Although the results are sometimes nuanced, a positive relationship re-
mains mainly reported. The stock price appears, especially, to have a significant positive impact on 
trading volume.

Mestel et al. (2003) used the Australian stock market data to examine empirically the relationship 
between stock returns, return volatility and trading volume. Their empirical findings reported only 
weak support for contemporaneous as well as dynamic relationship between stock returns and trad-
ing volume. However, they support a strong contemporaneous relationship between return volatility 
and trading volume. These results indicate that the knowledge of one of the two variables (i.e. stock 
returns and trading volume) cannot improve their forecasts. However, by applying Granger’s test for 
causality, they find that return volatility contains information about upcoming trading volume.

Based on daily data market of five countries (Indonesia, Malaysia, Philippines, Singapore and 
Thailand), Pisedtasalasai and Gunasekarage (2007) studied the causal and dynamic relationship 
between the stock returns and the trading volume. They used a Vector Autoregression Model to ex-
amine the causal relation and in the same time to trace the dynamic relationship between the two 
variables. Introducing dummy variable to capture the Monday effect and the Asian Financial crisis in 
1997, they found a statistically significant causality running from stock returns to trading volume for 
the case of Indonesia, Malaysia, Singapore and Thailand. The causality running from trading volume 
to the stock returns was statistically significant only for Singapore.

Later Pathirawasam (2011) examined the relationship between trading volume and stock returns 
using 266 stocks traded at the Colombo Stock Exchange over the period 2000–2008. The empirical 
finding indicate that (i) stock returns are positively related to the contemporary change in trading 
volume and (ii) past trading volume change is negatively related to stock returns. He argues that 
investor misspecification about upcoming earnings or illiquidity of low volume stocks constitutes the 
main reason for the negative relationship between trading and stock returns.
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Furthermore, Chen (2012) tried to analyze empirically whether the linkages between stock returns 
and trading volume were depending on stock markets fluctuation. Investigating the state of bull and 
bear stock markets using the S&P500 price index data over the period spanning February 1973 to 
October 2008, he showed a strong evidence of asymmetry on contemporaneous relationship be-
tween returns and trading volume. Results for the dynamic relationship indicate that stock returns 
are capable to predict trading volume in both bull and bear markets. Contrariwise, trading volume 
affects weakly the stock returns.

While using different Arch an Garch Models to analyze the mean relationship in Indian stock 
Market over the period spanning January 2005 to January 2010, Tripathy (2010) found that bad 
news generate significant impact on the volatility of stock price.

Other recent studies have given more attention to the investor’s psychological state and their 
impact on the stock market liquidity. Optimism and pessimism appear theoretically to have signifi-
cant impact on investor trading strategies. Moreover, they appear especially to have non-symmetric 
impacts. Indeed theoretical predictions suppose that trading volume are asymmetrically responsive 
to optimistic and pessimistic analysis and earnings forecasts (Beyer & Guttman, 2011; Hayes, 1998; 
Jackson, 2005). According to these predictions we suppose that both optimistic and pessimistic in-
vestors react differently based on their expectations. The more the investor is optimistic the more he 
increases his trading volume when he anticipates a price increase. He hopes that this rise will gener-
ate a new augmentation, which allows him to realize future gains. When prices fall he trades nor-
mally since he is less sensitive to negative results. Simultaneously, the more pessimistic investors 
anticipate that any price drop will be followed by new decreases and accordingly, to avoid high 
losses, they reduce their trading. However, since they are less sensitive to positive results they trade 
normally when they anticipate a future price increase.

Overall, major studies cited above examine the relationship between trading volume and stock 
market returns. The trading volume is previously used as a proxy for the stock market liquidity 
(Grossman & Miller, 1988), while the (historical) stock market returns are used as a measurement of 
the investor over and under confidence (Boynton et al., 2009; Ulussever et al., 2011). Especially, the 
positive reaction to the trading volume increase in the lagged stock market returns is understood as 
a positive effect of the overconfidence and a negative response is understood as results of an under 
-confidence impact. We note also, that earlier studies focusing on the linkages between stock re-
turns and behavioral indicators used various econometric approaches. Among others, ARCH and 
GARCH approaches, Johansen cointegration techniques, VAR models are largely used. These tech-
niques suppose linear linkages between independent and dependent variables and supervise the 
specific characteristics in the relations such as long and short run causality (cointegration approach), 
volatility (ARCH and GARCH), Error correction (VECM). However, financial series, such as stock price 
and trading volume, are characterized by their specific instability and their high sensitivity to in-
creases and decreases in the underlying assets character. Particularly, the stock market liquidity 
appears to be highly sensitive to investor sentiment and respond asymmetrically to positive and 
negative changes in the investor sentiment state and judgments. This incites to develop a dynamic 
empirical approach examining this asymmetrical impact on the stock market liquidity.

Investor sentiment includes in addition to the overconfidence, various other components such as 
the optimism and the pessimism components, the spontaneous reaction. We retain for this study 
the over (under) confidence indicators and we propose a new specification to the optimism-pessi-
mism sentiment based on the results of the AAII survey of the S&P500 investors sentiments.

3. Methodology and model structure of the asymmetric ARDL cointegration

3.1. Data description
The data used in this study to estimate our proxy are the S&P 500 weekly data from 4 July 1987 to 
29 October 2015. Stock price and trading volume data are available in the S&P500 webpages, while 
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investor sentiments data are available in American Association of Individual Investors webpages 
(AAII). The trading volume is usually used as a proxy for the stock market liquidity. It is considered 
as the natural logarithm of the volume of transaction. Among other, Grossman and Miller (1988) 
measured the liquidity stock market by estimating its trading volume.

Besides, investor sentiment is calculated as the difference between bullish and bearish forecast of 
the S&P500 index following this formulation: Sent = Bullish − Bearis. This indicator allows supervising 
for the optimism and pessimism states of the investors. An increase in this indicator may be under-
stood as an indicator of investor’s optimism perception/expectation of the market future evolution. 
While a diminution is attributed to measure the investor pessimistic expectation for the future reac-
tion of the stock market. The lagged stock price is included in the model to supervise for the over and 
under-confidence of investor impact on the stock market liquidity. According to the empirical finding 
of Kcherem and Bouri (2009), Boynton et al. (2009), Ulussever et al. (2011) and later Dhaoui et al. 
(2013), a positive impact of lagged stock price on the trading volume (respectively, negative impact) 
is considered as an indicator of positive (negative) impact of investor’s overconfidence (under-confi-
dence) on their trading behavior.

3.2. Estimate specification
Existing literature on the trading volume-stock price is dominated by linear models that assume in 
general symmetric relationships. Several researches focused also on the relationship asymmetry, 
whereas others on the nature of the equilibrium over the time such as the cointegration models that 
allow supervising for the long-term and short-term relationship. The asymmetric linkages are in 
general examined based on EGARCH models and regime-switching models. Although the impor-
tance of the results previously found based on the various models, supervising for the two effects 
together is not easy to ensure. In this paper we contribute to the empirical literature by performing 
a model allowing to supervise simultaneously for the short-term and long-term relation and for the 
possible asymmetry in the relationship. We will use the non-linear ARDL model to achieve this goal.

The Non-linear ARDL model recently developed by Shin, Yu, and Greenwood-Nimmo 2014 uses 
positive and negative partial sum decompositions allowing to detect the asymmetric effects in the 
long and the short-term. Compared to the classical cointegration models, NARDL models present 
some other advantages. Firstly, they perform better for determining cointegration relations in small 
samples (Romilly, Song, & Liu, 2001). Secondly, they can be applied irrespective of whether the re-
gressors are stationary at level or at the first difference (i.e. I(0) or I(1)). They cannot be applied 
however if the regressors are I(2).

The general form of the asymmetric ARDL model can be as follows:

where tv is the trading volume used as the dependent variable, sp is the stock price taken in natural 
logarithm used as a first independent variable, sent is a proxy for investor sentiment used as a sec-
ond independent variable, and � = (�
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At the same way, sent+t  and sent−t  represent, respectively, the partial sums of positive and nega-
tive changes in investor sentiment. They are estimated as follows:

and

Equation (1) shows the long-term relation between trading volume from one hand and the S&P500 
stock price and the investor sentiment from the other hand. The long-term relation between the trad-
ing volume and the positive changes in stock price is α1, which is expected to be positive. Meanwhile, 
α2 capture the long-term relation between trading volume and negative changes in stock price. Since 
they are expected to move in the same direction with α2, α2 is expected to be positive. In the same way, 
α3 and α4 capture the long-term relation between trading volume and positive and negative changes 
in investor sentiment, respectively. Since trading volume is expected to increase following optimistic 
expectations and to decrease following pessimistic expectation of stock market evolution (i.e. moving 
in the same direction), both α3 and α4 are expected to be positive. It is also expected that overconfident 
investors and those who are more optimistic may react more aggressively and increase their trading 
volume compared to their competitor who are more pessimistic or under-confident. Therefore, it is 
expected that the stock price (and investor sentiment) will generate a higher long-term changes in the 
trading volume as compared to the trading volume impact of the stock price (and investor sentiment) 
reduction in the same magnitude. That is, therefore α1, > α2 (and respectively α3 > α4).

The Equation (1) can be integrated in an ARDL setting as follows:
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using classical unit root test. Secondly (step 2), once the results confirm that all variable are inte-
grated in an order less than two, consists to estimate equation 6 using the standard OLS method. 
We apply the general to specific procedure commonly applied previously in Katrakilidis and 
Trachanas (2012) and Ibrahim (2015) to define the final specification of our non-linear model. This 
technique consists to start by running the basic model considering the optimal lags and to delete, 
after each estimation, the insignificant lags till keeping only significant results for all independent 
variables. The third step consists of testing for the presence of cointegration based on the bound 
testing approach such as developed by Pesaran, Shin, and Smith (2001) and extended recently by 
Shin, et al. (2014). We test specifically for the null hypothesis that β0 = β1 = β2 = β3 = β4 = 0 using the 
Wald F-test. Once the existence of a cointegration relation is confirmed we examine in a next step 
the asymmetry in long and short-term relation between the stock market liquidity and each of the 
regressors (i.e. sp and sent). The last step consists to drive the asymmetric cumulative dynamic mul-
tiplier impacts of 1% increase and 1% decrease in each independent variable on the dependent vari-
able. The asymmetric cumulative multiplier of 1% increase and 1% decrease in stock price can be 
calculated respectively, as follows:

and

The asymmetric cumulative multiplier of 1% increase and 1% decrease in the investor sentiment 
indicator is respectively, as follows:

and
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F-statistics indicates that the trading volume, stock price and investor sentiment co-move in the 
long term. In fact the statistics 10.3728 exceeds the critical upper bound at the 5% significance 
level. Based on this result, we are able to assess the trading volume dynamics and its relation to 
positive and negative changes in stock price and investor sentiment.

Before analyzing the long term and short term impacts of positive and negative changes in trading 
volume and investor sentiment on the stock price we first judge the adequacy of the dynamic speci-
fication based on various diagnostic statistics such as the normality, the LM serial correlation, the 
Heterisedasticity test, and the Reset test. The results for these tests are presented in Table 3. The 
estimates model appears to surpass all diagnostic tests suggesting the absence of autocorrelation 
at a 5% significance level and ARCH effect and parameter stability. The Cusum and Cusum of squares 
graphs (Figure 1) confirm also the stability of the regression. The null hypothesis of error normality is 
however rejected and our model cannot surpass this test. Based on these results we can cautiously 
discuss our results since the dynamic of the stock market liquidity (tv), seems to be adequately 
specified.

The outcome of the analysis of null hypothesis of symmetry in long-term and the short-term is 
shown in Table 4. As regard the long-term relationship, the null hypothesis of symmetry in long-term 
against the alternative of asymmetry are tested using the Wald statistic such as: HLR,sp: α1 = α2 (i.e. 
�
1
∕�

0
= �

2
∕�

0
) and HLR,sent: α3 = α4 (i.e. �

3
∕�

0
= �

4
∕�

0
), respectively. The results (Table 4, column 2s 

and 3: long-term asymmetry) suggest the rejection of null hypothesis for both the stock price and 
the investor sentiment indicator. As for the asymmetry in short-term, we analyze the null hypothesis 
of symmetry against the alternative of asymmetry based on the dynamic multipliers graphs (Figure 2). 
To test for the null hypothesis the procedure consists to use the Wald statistics with null: HSR.sp: 
n
∑

i=1

�
+

i
=

n
∑

i=1

�
−

i , and HSR.sent: 
n
∑

i=1

�
+

i
=

n
∑

i=1

�
−

i , respectively. The results (Table 4, columns 4 and 5: short-

term asymmetry) suggest also the rejection of the null hypothesis of symmetry in the short-run.

Table 1. Unit root tests results

Notes: ADF denotes Augmented Dickey-Fuller unit root tests, PP refers to Phillips-Perron unit root tests, KPSS denotes 
Kwiatkowski–Phillips–Schmidt–Shin tests. The lag length in all the tests has been selected according to Akaike 
Information Criteria (AIC).

*Rejection of the null hypothesis at 10% level of significance.
**Rejection of the null hypothesis at 1% level of significance.

ADF PP KPSS
In level

Price −0.4159 −0.9103 3.8342**

Sent −7.6479** −20.6407** 0.3776*

TV 0.1302 −1.1316 4.5920**

In difference

Price −14.1230** −42.0100** 0.1053

Sent −12.1763** −126.1170** 0.0372

TV −13.2606** −116.3118** 0.1403

Table 2. Bounds test for non-linear cointegration
F-statistics 95% lower bound 95% upper bound Conclusion
10.3728 2.86 4.01 Cointegration
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Empirical results indicate an asymmetric long-term predictive power of positive and negative 
changes in stock price and sentiment index. As regards the stock price, the impact of both positive 
and negatives changes appears to be positive on the trading volume. We show especially that the 

Figure 1. Cusum and Cusum of 
squares at the 5% significance 
level.
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Table 3. Dynamic non-linear estimation of the SP equation
  Coefficient t-statistics
Constant −1.4945*** −6.1997

TV(−1) 0.0818*** 6.3022

Price_P(−1) 0.02044 1.1024

Price_N(−1) 0.0769 *** 4.1734

Sent_P(−1) −0.0251 −1.2014

Sent_N(−1) 0.0363* 1.7865

DTV(−1) 0.3795*** 14.1857

DTV(−2) 0.2400*** 8.7212

DTV(−3) 0.2404*** 8.8466

DTV(−4) 0.1692*** 6.6895

DPrice_N 0.7287** 3.0257

DPrice_P(−1) 1.5689*** 5.1387

DPrice_N(−1) 2.4617*** 9.2099

DPrice_N(−3) 0.7635** 3.0270

Long-run coefficient

Coefficient p-value (F-stat)

Price_P 0.2496** 0.0281

Price_N 0.9391*** 0.0001

Sent_P 0.3074* 0.0526

Sent_N 0.4442* 0.0914

Diagnostic tests

R-2 0.2538

R-2_AJ 0.2468

DW 2.0433

J-B 272.2091***

SC(12) 0.6762

HET 0.1007

FF 0.9271

*Rejection of the null hypothesis at 10% significance level.
**Rejection of the null hypothesis at 5% significance level.
***Rejection of the null hypothesis at 1% significance level.
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long-term response of the trading volume to negative changes in stock price is obviously gradual 
than that of positive changes. In fact, the over-confident investors overestimate the likelihood of 
favorable price developments and assume that any reduction in prices following an increase is ac-
centuated and reacts by increasing their purchasing demand resulting from a significant increase in 
transaction volumes. As for the under-confident investors the course decline is more likely that a 
favorable development, they react to any reduction by decreasing their offer (or their demand) in the 
hope of avoiding intensive losses, which is manifested by an increase in transaction volumes. 
Moreover, the pessimistic and optimistic investors increase their transaction volume. They first in-
crease their transaction in the hope that stock prices are still improving. They buy now (increase their 
demand) and sell in future date (increase their offer) with the hope to realize a possible gain. While 
the pessimistic investor exhibit higher reservations and act aggressively by selling now before the 
price decreases again in the hope to avoid intensive losses. This reaction is explained by the fact they 
are highly sensitive to unexpected negative results.

The analysis of the dynamic effects between the involved variables can be further enriched by 
studying the dynamic multipliers. Figure 2 plots the dynamic effects of positive and negative chang-
es in stock prices and investor sentiments. We observe that trading volume respond rapidly and 
positively to both increases and decreases in stock prices. We show especially that the response to 
positive changes in stock prices is obviously gradual than to negative changes. The impact became 
highly smooth after about 4–5 months period corresponding to its equilibrium state. As regards the 
positive and negative changes in investor sentiment, we show a symmetric slow response of trading 
volume without achieving an equilibrium state over the whole analysis period.

Table 4. Asymmetry tests

Notes: This table reports the results of the long- and short-term symmetry tests for the effect of stock price and 
investor sentiment indicator on trading volume. WLR denotes the Wald statistic for the long-run symmetry, which tests 
the null hypothesis of θ+ = θ− for each explanatory variable in Equation (6). WSR corresponds to the Wald statistic for the 
short-run asymmetry, which tests the null hypothesis that �+

i
= �

−
i  for each explanatory variable in Equation (8). The 

numbers in brackets are the associated p-values.

Long term asymmetry Short-term asymmetry
WLR p-value WSR p-value

Stock price −0.6895 0.0009 −0.05646 0.0008

Investor sentiment indicator 0.1367 0.0000 0.0111 0.0000

Figure 2. Asymmetric 
cumulative dynamic multiplier 
impact of lagged returns and 
sentiment on trading volume.

Notes: Black line shows 
the positive impact of the 
independent variable on the 
dependent variable while the 
Black dotted line shows the 
negative impact. The Red line 
shows the asymmetry in short 
term. And finally, the dotted 
Red lines show the upper 
and the lower bounds of the 
asymmetry.
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The overall impression is that overconfident investors react aggressively and increase their trading 
expecting realizing great profit. In the same way, the under-confident investors overestimate the 
probability that bad results will occurs and react by increasing their trading volume expecting reduc-
ing their losses. As regards the optimistic and pessimistic investors, the reaction is quite slowly. In 
fact, the optimistic sentiment can take place after experiencing as long period with good news (posi-
tive results). The response in term of trading strategy changes can be slow speed.

5. Conclusion
The present paper investigates the dynamics relationship between trading volume from one hand 
and the stock price and the investor optimism-pessimism expectation from the other hand using 
monthly S&P stock market data. One of the contributions of our analysis to existing literature on 
trading volume—stock price relationship consists in using non-linear cointegration approach termed 
as Asymmetric Autoregressive Distributed Lag (NARDL). This approach allows examining the possi-
ble asymmetry in the short run as well as the long run. The study has employed daily data for the 
period from 17 July 1987 to 29 October 2015.

Our analysis has provided high accurate results. The presence of asymmetric long-term effect 
from the stock price and the investor sentiment towards the trading volume has been confirmed. In 
the short-term, the trading volume is significantly impacted by the lagged stock price only. The im-
pact is highly rapid; a new equilibrium state is reached after about three to four months.

Overall our findings serve as confirmation that the stock market liquidity is nonlinear related to 
the fundamental financial variable such as the stock prices and to the investor sentiment, in particu-
lar the optimism-pessimism states. The response is highly sensitive to whether the changes in these 
variables are positive or negative. Especially, the speed of response and the time spent to reach new 
equilibrium state is highly short for the stock price. The optimism-pessimism expectation has no 
short-term significant impact. In the long-term, significant impact is confirmed. This helps, substan-
tially, investors to adjust their investment strategies to these changes. Investors may make efficient 
decisions policy since they will be able to smoothen the negative impact of unexpected events or of 
bad expectation of the future reaction of the stock market.
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