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Abstract: Market liquidity has an immediate impact on the execution of transactions in financial
markets. Informed counterparty risk is often priced into market liquidity. This study investigates
whether microblogging data, as a non-financial information tool, is priced along with market liquidity
dimensions. The analysis is based on the Australian Securities Exchange (ASX), and from the results,
we conclude that microblogging content in pessimistic periods has a higher impact on liquidity
and its dimensions. On a daily basis, pessimistic investor sentiments lead to higher trading costs,
illiquidity, a larger price dispersion and a lower trading volume.

Keywords: microblogging data; data mining; investor sentiments; asset pricing; market liquidity;
liquidity dimensions

1. Introduction

This work investigates whether microblogging data, as a source of information, can
explain liquidity dimensions.

In the behavioral finance literature, emotion-driven market participants with stochastic
predictions are gaining a considerable amount of interest. Recent research often quan-
tified surveys, message boards (e.g., ragingbull.com, accessed on 19 August 2021) or
financial news to construct sentiment indicators for modeling stock market behavior. Re-
searchers are also exploring microblogging data for use in both modeling and predicting
stock market behavior (Zhang et al. 2011). Moreover, microblogging sentiment indicators
may be more economically meaningful than traditional sources of financial information
(Oliveira et al. 2017).

The participation of companies in microblogging platforms can contribute to the
development of valuable knowledge among investors (Prokofieva 2015), and increase the
opportunity for significant returns (Bank et al. 2019). Market liquidity is often reported
to be priced into asset returns (Saleemi 2020). An abundance of studies can be found that
examine microblogging data for financial market prediction. However, there is still room
to explore the impact of microblogging content on various liquidity dimensions.

The novelty of our work lies in the methodological contribution compared to related
works. This study links the different dimensions of market liquidity with sentiment analysis
using content from the popular social media platform Twitter.

In contrast to previous studies, investor sentiment tools are applied to uncover their
role in the liquidity dimensions of microblogging content. This research fills a gap in
the behavioral finance literature, and helps us to understand the impact on informed
counterparty liquidity in a broader sense.
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Liquidity, or its risk, is an active area of research as it imposes immediate consequences
on the financial transaction (Guijarro et al. 2019). Market liquidity can be explained by
its dimensions, which include transaction execution cost, trading quantity, immediacy
of transaction execution and asset price dispersion (Le and Gregoriou 2020). Trading
is considered illiquid (Gorton and Metrick 2010), and it is assumed that asymmetric
information risk should be priced into liquidity (Saleemi 2020). Microblogging platforms
allow market participants to exchange financial information on a real-time basis. To our
knowledge, this is the first paper to study whether microblogging content, as an indicator
of investor sentiments, is priced in the various dimensions of liquidity.

As microblogging content is gaining considerable attention in the behavioral finance
literature, the aim of this research is therefore to explore whether liquidity dimensions can
be significantly explained by microblogging sentiment indicators. As there is no previous
literature on how investor sentiments may affect the different dimensions of liquidity, we
do not hypothesize what the sign of the relationship between the two variables should be.
Our paper aims to be the first empirical approach to the study of this problem. The results
may have potential implications for both researchers and traders in terms of quantifying
microblogging content-based sentiments with regards to market liquidity dimensions.

The rest of the paper is structured as follows. The literature is reviewed in Section 2.
The procedure used to build the model and the data set is explained in Section 3. Section 4
discusses the findings of the research. Finally, Section 5 highlights the main results of
the research.

2. Literature Review

The proliferation of behavior finance literature is attributable to the authoritative
role of various sources of information on investor sentiments. Among the diversified
structure of social networks, it may be of great interest to identify the most valued opinion
providers. Microblogging platforms, in particular Twitter, allow participants to exchange
potential content about financial markets on a real-time basis (Oliveira et al. 2017). Investor
sentiment can be linked to systematic risk (Lee et al. 2002).

Investor sentiment determines asset price levels and therefore needs to be taken
into account in the asset pricing model (Brown and Cliff 2005). Aggregate opinion has a
significant impact on financial assets, the valuations of which are extremely subjective and
difficult to arbitrage (Baker and Wurgler 2006). Moreover, financial assets without media
coverage earn higher returns (Fang and Peress 2009), while monetary policy decisions in
bear market periods have a greater impact on financial assets (Kurov 2010).

Incoming news significantly influences stock returns, volatility and trading volumes
(Groß-Klußmann and Hautsch 2011). Microblogging content has some predictive power
on returns, market-adjusted returns and future directional stock price movements (Oh and
Sheng 2011). Twitter is a potential indicator of how the financial market will behave the
next day (Zhang et al. 2011), while investor sentiments extracted from Twitter comments
can predict asset price movements a few days in advance (Smailović et al. 2013).

Microblogging content can have greater effects on stock market performance than
conventional media (Yu et al. 2013). Media investment interest plays a crucial role in
reducing the information asymmetry, which in turn can stabilize the market, protect
investors and improve corporate governance (Wei et al. 2014). In that sense, microblogging
data can be a reliable source of stock-related news (Sprenger et al. 2014).

According to Walker (2016), the media can drive market behavior. In addition,
companies’ activity on Twitter can reduce the expected negative reactions in the mar-
ket (Mazboudi and Khalil 2017). According to Li et al. (2018), users’ attention to Twitter
can better reflect stock trends. Aggregate opinion on Twitter is relevant for predicting a
company’s forthcoming quarterly earnings (Bartov et al. 2018), although Twitter content is
less effective in determining market liquidity and trading cost (Guijarro et al. 2019).

Market liquidity and its related issues comprise one of the dominant strands of the
asset pricing literature. With respect to the concept of information effects, the informed
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trader drives market liquidity (Glosten and Milgrom 1985). Immediacy, tightness, depth,
breadth and resilience are the five key characteristics of a liquid market, according to Sarr
and Lybek (2002). Market liquidity can be determined by trading cost, trading quantity,
trading speed and price dispersion (Le and Gregoriou 2020). It follows then that informed
trading risk must be priced in the liquidity (Saleemi 2020).

Liquidity is considered as a time-varying risk factor (Hasbrouck and Seppi 2001), as
well as a crucial attribute of capital assets (Amihud and Mendelson 1991). The financial
asset whose return is more sensitive to liquidity shocks has a higher expected return (Le
and Gregoriou 2020). More recently, it has been found that returns are very sensitive to
liquidity shocks in environments of high uncertainty, such as the current COVID-19 crisis
(Saleemi 2021).

Market frictions are the costs associated with the execution of a transaction, which
directly affect liquidity. Their impact has been shown to be time-varying (DeGennaro and
Robotti 2007). Transaction costs can be divided into two major elements: the explicit cost
and the implicit cost. The explicit cost is identifiable before the transaction takes place.
However, the implicit cost is less observable and represents a large fraction of the total cost
of the transaction. The bid–ask spread is a key point for the quantification of transaction
costs, as it captures almost all the costs associated with the execution of the transaction
(Sarr and Lybek 2002).

Since the late 1960s, the bid–ask spread has been extensively investigated in the asset
pricing literature (Gregoriou 2013). Market-makers enable continuous trading by matching
buy and sell orders. Liquidity providers facilitate the immediacy of trade execution by
accepting the risk of holding inventory. Investors tend to reduce their risk exposure to
future price uncertainty. In this context, liquidity providers impose a cost on the seller, i.e.,
a higher spread. The higher the volatility of asset prices, the higher the spread will be set
by liquidity providers (Ho and Stoll 1981).

Another stream in the field links asymmetric information to the size of the spread.
Information-sensitive stocks are illiquid. In the case of informed trading, there is a potential
risk of loss for the uninformed party. Therefore, liquidity providers tend to increase the
spread as compensation for this potential loss (Easley and O’Hara 2004). Another compo-
nent of the spread is the order processing cost (Roll 1984). In case the order processing cost
is higher, liquidity suppliers will buy an asset at the lowest bid price with the expectation
of reselling it at the highest ask price.

Another interesting result is that the bid–ask spread is closely related to trading
volume. The higher the cost of trading, the lower the amount of trading (Easley and
O’Hara 1992). A small spread translates into a larger amount of trading, as the number of
active trading participants causes the spread to become narrower. There are also causal
effects on the spread of the amount of trading. A small trading volume reduces the size
of the spread, which in turn adds liquidity to the market and improves price accuracy
(Sarkissian 2016). According to Le and Gregoriou (2020), there is a strong relationship
between higher trading volume and higher spread due to asymmetric information effects.

3. Materials and Methods

Our paper investigates whether informed trading based on microblogging content in-
fluences liquidity dimensions. To do so, we extracted investor sentiments from the popular
social network Twitter, collecting different measures of each liquidity dimension in order
to investigate the relationship between microblogging content and liquidity dimensions.
Studies of asset pricing introduce several measures that capture one or more dimensions of
market liquidity. This paper focuses on a small number of proxies for each dimension of
liquidity, namely the bid–ask spread and liquidity based on the volume of price impact.

Depending on the frequency of the data, liquidity indicators are modeled in two ways:
high-frequency data and low-frequency data. High-frequency measures estimate liquidity
and its dimensions from intraday financial transactions. In contrast, the construction
of low-frequency proxies is based on the daily characteristics of a security, such as the
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opening, high, low and closing prices (OHLC prices), as well as the volume traded. Unlike
high-frequency data, low-frequency data are computationally less intensive and widely
accessible to the markets. In this research, the analysis is based on low-frequency data from
the Australian Securities Exchange (ASX), and was run over the period 3 January 2020 to
2 June 2021.

Among the measures of liquidity, the literature devotes much attention to the bid–ask
spread. The spread captures the immediacy and cost of transactions. A large spread reflects
a liquidity provider’s unwillingness to accept an inventory position without imposing a
higher cost on the seller. Most recently, Saleemi (2020) proposed a model of the cost-based
market liquidity (CBML) measure, i.e., the bid–ask spread. The CBML model estimates
the possible presence of an informed trader in the financial market. Based on the general
foundations of the asset pricing literature, CBML is developed from Equation (1):

CBMLt =
√
[(St−1)− (vs

t)]
2 (1)

where St−1 is the ratio between the price range and the closing price on day t − 1. This
value is estimated by Equation (2):

St−1 =
hight−1 − lowt−1

closet−1
(2)

where hight−1 indicates the highest price on day t − 1; lowt−1 refers to the lowest price of
day t − 1; and closet−1 is the closing price on day t − 1. In the next trading session, the
CBML method estimates the effects of asymmetric information on asset prices. vs

t computes
the ratio between the range price of an informed trader and the closing price on day t, as
per Equation (3):

vs
t =

vask
t − vbid

t
closet

(3)

Assuming risk neutrality in the next trading session, the asset is valued at:

ηt = (hight + lowt)/2 (4)

where ηt is the mean of high and low prices on day t. If we consider the same probability of
an informed trader, the estimated ask value for which the seller would redeem his position
is assumed to be conditional on a trade such as:

vask
t = asktπ + ηtπ (5)

where the estimated bid value for which the buyer would accept the inventory position is
assumed conditional on a trade such as:

vbid
t = bidtπ + ηtπ (6)

The liquidity model based on the impact of price on volume mainly estimates the
level of liquidity by the dispersion of the asset price and its trading quantity. The Martin
Liquidity Index (MLI) estimates the link between price changes and trading volume. The
MLI model assumes that price dispersion influences trading volume and, as a result,
impacts market liquidity. The higher the MLI value, the greater the price dispersion relative
to the quantity traded. Hence, higher price dispersion leads to lower market liquidity. The
analytical expression of the MLI for period t is given in Equation (7):

MLIt = ∑T
t=1

(closet − closet−1)
2

ln(volt)
(7)

where volt is the quantity traded of the asset on day t. The model explains the price
impact in terms of the effect that a traded unit has on the price. The illiquid asset requires
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less trading to move prices compared to the liquid asset. Note that our research only
aims to estimate the influence of investor sentiments on stock market liquidity, therefore
it is not necessary to deflate the price series. Such a deflation would make sense in a
hypothetical case where one would want to analyze the profitability of an investment, as
in the case where an analysis of investor sentiments could be used to derive a stock market
investment strategy.

The R programming language was used to collect tweets from the ASX during the
period from 3 January 2020 to 2 June 2021, using the libraries “ROAuth”, “twitteR” and
“rtweet”. The study emphasizes pre-processing the unstructured text of the tweets. This
process was carried out using the “NLP” and “tm” libraries, which allowed the original
data to be cleaned and structured appropriately for further processing. Sentiment analysis
tools were applied to convert intraday tweets into structured and valuable content. Tweets
were structured by removing punctuation symbols, stop words and trailing spaces. In
addition, the text was converted into lower case for the analysis of the microblogging
financial conversation. For ethical reasons, market participants have been anonymized.
For each tweet, the financial information was quantified in either a bullish (positive) or
bearish (negative) score. Neutral opinions were not taken into account in the analysis. As
the number of tweets posted on a single day is very large, the sentiment values for day t
were aggregated for the analysis. This process was carried out through the “syuzhet” and
“lubridate” libraries.

The basic sentiment indicators, i.e., the negative ratio (NR) and positive ratio (PR),
were used as attributes according to Equations (8) and (9):

NRt =
Beart

Bullt
(8)

PRt =
Bullt
Beart

(9)

where Beart is the aggregated bearish value on day t; and Bullt indicates the accumulated
bullish value on day t.

First, we considered investor sentiment indicators as explanatory variables and liquid-
ity dimensions as response variables, with both variables expressed in daily values. Next,
the multiple linear regression model in Equation (10) was used to estimate the impact of
investor sentiments on liquidity dimensions:

LDt = α + β1NRt + β2PRt + εt (10)

where LDt refers to each measure of the liquidity dimension on day t; NRt reflects the ag-
gregated pessimistic sentiments on day t; PRt indicates the aggregate optimistic sentiments
on day t; and εt is the error term.

The following experiment is based on a multivariate forecasting algorithm, the vector
autoregression (VAR) model. In this case, variables are modeled as a linear combination
of their own lags and the past values of other variables. The Schwarz criterion (SC), also
known as Bayesian information criterion, is applied to select the optimal lags. To estimate
the impact of lags, the VAR model is structured through Equations (11)–(13):

Lt = αL + β11Lt−1 + β12Lt−2 + γ11Nt−1 + γ12Nt−2 +∅11Pt−1 +∅12Pt−2 + εL,t (11)

Nt = αN + β21Lt−1 + β22Lt−2 + γ21Nt−1 + γ22Nt−2 +∅21Pt−1 +∅22Pt−2 + εN,t (12)

Pt = αP + β31Lt−1 + β32Lt−2 + γ31Nt−1 + γ32Nt−2 +∅31Pt−1 +∅32Pt−2 + εP,t (13)

where Lt denotes each liquidity dimension on day t; Lt−1 (Lt−2) refers to the lag value of
each liquidity dimension on day t− 1 (t− 2); Nt−1 (Nt−2) reflects the pessimistic sentiments
on day t − 1 (t − 2); Pt−1 (Pt−2) refers to the optimistic sentiments on day t − 1 (t − 2); εL,t
is the white noise variable; Nt refers to the negative sentiments on day t; εN,t is the white
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noise variable; Pt refers to the positive sentiments on day t; and εP,t is another white
noise variable.

In the following, we represent this model in a matrix notation: Lt
Nt
Pt

 =

 αL
αN
αP

+

 β11 β12
β21 β22
β31 β32

 [ Lt−1
Lt−2

]
+

 γ11 γ12
γ21 γ22
γ31 γ32

 [ Nt−1
Nt−2

]
+

 ∅11 ∅12
∅21 ∅22
∅31 ∅32

 [ Pt−1
Pt−2

]
+

 εL,t
εN,t
εP,t

 (14)

Equation (14) is further elaborated as:

LSt =

 Lt
Nt
Pt

, A =

 αL
αN
αP

, β =

 β11 β12
β21 β22
β31 β32

, Lt =

[
Lt−1
Lt−2

]
,

γ =

 γ11 γ12
γ21 γ22
γ31 γ32

, Nt =

[
Nt−1
Nt−2

]
, ∅ =

 ∅11 ∅12
∅21 ∅22
∅31 ∅32

,

Pt =

[
Pt−1
Pt−2

]
, εt =

 εL,t
εN,t
εP,t


(15)

Finally, we can rewrite the VAR model as Equation (16):

LSt = A + βLt + γNt +∅Pt + εt (16)

4. Results and Discussion

The descriptive statistics of the data sample are shown in Table 1. It is noted that the
variables are positively skewed with fat-tailed numerical distribution. Positive skewness
of the data sample indicates a right-skewed distribution, with values to the right of mean.
The fat-tailed numerical distribution, or higher kurtosis, indicates extreme values in the
corresponding data set. The measures applied are based on distinct theoretical assump-
tions, which may influence the measurement of liquidity. The measures of the liquidity
dimensions are plotted in Figure 1, where it is found that they are not constant, but vary
over time.

Table 1. Descriptive statistics (daily basis).

Variables Min Median Mean Max SD S K

CBML 0.0000522 0.008503 0.0110089 0.0869665 0.01043 3.3169 19.4480
MLI 0.000007 0.026949 0.120687 4.408370 0.35033 7.7186 80.1896
NR 0.1961 0.4984 0.5219 1.6038 0.16152 2.0675 11.3873
PR 0.6235 2.0065 2.0712 5.1 0.57910 1.1954 7.2555

Note: Cost-based market liquidity: CBML; Martin Liquidity Index: MLI; negative ratio: NR; positive ratio: PR;
standard deviation: SD; skewness: S; kurtosis: K.

The microblogging sentiment indicators are depicted in Figure 2. It is also noted that
investor sentiment indicators are not constant and change over time. It is worthwhile
examining whether the Twitter feeds can influence the market liquidity dimensions. In
this context, the sentiment analysis tools were applied to extract valuable content from
unstructured Twitter feeds and the multivariate methods were applied to disentangle the
various aspects involved. In our work, we aimed to analyze the impact of microblogging
content on liquidity dimensions using multiple linear regression analysis.
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Figure 2. Time-varying investor sentiment indicators.

Table 2 presents the estimated regression values, where the investor sentiment in-
dicators are the independent variables and each measure of the corresponding liquidity
dimension acts as the dependent variable. On a daily basis, it is observed that the NR
sentiment indicator is positive and significantly associated with the CBML measure. This
implies that an increase in pessimistic investor sentiments leads to a higher spread. The
higher spread illustrates the liquidity provider’s unwillingness to accept the financial
position without imposing a higher cost on the seller. A higher cost in pessimistic periods
affects the speed of the transactions and therefore reduces liquidity for the ASX. Since
the size of the spread is crucial in determining liquidity and its associated cost, a larger
spread indicates illiquidity and a higher cost of trading in the Australian market during
pessimistic periods. In contrast, the size of spread is not significantly explained by the
optimistic sentiment measure, positive ratio. Therefore, optimistic sentiments based on
microblogging content do not play a significant role in reducing the spread size in the
Australian market.
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Table 2. Regression analysis results.

Variables Estimate p-Value

CBML (a)
Intercept −0.006133 0.4174

NR 0.021341 0.0028 **
PR 0.002899 0.1434

MLI (b)
Intercept −0.46598 0.062395

NR 0.81774 0.000533 ***
PR 0.07718 0.237351

Note: (a) adjusted R-squared: 0.03674; F-statistic: 7.235; p-value: 0.0008427; (b) adjusted R-squared: 0.06915;
F-statistic: 13.15; p-value: 0.000; significance codes: ‘***’ < 0.001; ‘**’ < 0.01.

The following experiment was conducted to analyze whether financial microblogging
content can explain the dispersion of asset price and trading quantity. We found that
pessimistic sentiments are positively and significantly associated with price impact volume-
based liquidity. This indicates that a pessimistic bias in investor sentiments leads to a
higher MLI value. The higher MLI value illustrates the greater price dispersion of the ASX
relative to its trading volume. Therefore, investors would need a smaller amount of trades
in the ASX to move its prices in the pessimistic periods. A higher MLI value, or higher
price dispersion, illustrates the lack of liquidity in the ASX market. However, the optimistic
mood of investors is not significantly associated with price impact volume-based liquidity.

Table 3 presents the VAR coefficients for the past time series of spreads and investor
sentiments. Market liquidity and its associated cost are not significantly explained by the
lagged coefficients of investor sentiments. Cost-based market liquidity is reported to be
significantly correlated with its own past time series. Meanwhile, pessimistic investor
sentiments are not significantly explained by the lagged coefficients of cost-based market liq-
uidity and optimistic sentiments. Investors’ optimistic sentiments are not significantly cor-
related with the past time series of cost-based market liquidity and pessimistic sentiments.

Table 3. Estimation of VAR coefficients and significance test values, CBML model.

Variables Estimate p-Value

CBML (a) β11,CBML −0.8168 0.000 ***
γ11,N −0.01081 0.0843
∅11,P −0.002544 0.1453

β12,CBML −0.3748 0.000 ***
γ12,N 0.006916 0.2730
∅12,P 0.0009216 0.5985

αCBML −0.00001418 0.9797
N (b) β21,CBML −0.095473 0.90380

γ21,N −0.677182 0.000 ***
∅21,P −0.030498 0.25019

β22,CBML −0.530606 0.49794
γ22,N −0.279544 0.00375 **
∅22,P −0.019775 0.45731

αN −0.001133 0.89382
P (c) β31,CBML −1.855197 0.5173

γ31,N 0.149640 0.6639
∅31,P −0.463831 0.000 ***

β32,CBML 0.810466 0.7752
γ32,N −0.054357 0.8757
∅32,P −0.195826 0.0429 *

αP 0.003898 0.8992
Note: (a) adjusted R-squared: 0.4645; F-statistic: 47.84; p-value: 0.000; ARCH test: 0.000; JB test: 0.000; (b) adjusted
R-squared: 0.2608; F-statistic: 20.05; p-value: 0.000; ARCH test: 0.000; JB test: 0.000; (c) Adjusted R-squared:
0.1971; F-statistic: 14.25; p-value: 0.000; ARCH test: 0.000; JB test: 0.000; significance codes: ‘***’ < 0.001; ‘**’ < 0.01;
‘*’ < 0.05.
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Moreover, the results find that investors’ sentiments are significantly associated with
their own past time series. The Jarque–Bera (JB) test, the autoregressive conditional het-
eroscedastic (ARCH) test and the forecast error variance decomposition (FEVD) test are
estimated. The JB test indicates that the residuals are not normally distributed. The ARCH
test shows that the variables suffer from the ARCH effects. Figure 3 reveals that cost-based
market liquidity and pessimistic investor sentiments are strongly influenced by their own
variance shocks. Investors’ optimistic sentiments are influenced by their own exogenous
shocks and negative sentiments variance shocks.
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Based on the VAR model estimation results, the dispersion of the asset price and its
trading quantity are not significantly explained by the lagged coefficients of the investor
optimistic sentiments (Table 4). However, it is observed that price impact volume-based
liquidity is significantly associated with its own past time series and the lagt−1 of pes-
simistic investor sentiments. Likewise, pessimistic investor sentiments are not significantly
explained by the past time series of price impact volume-based liquidity and optimistic
investor sentiments. Optimistic investor sentiments are not significantly associated with
the lagged coefficients of price impact volume-based liquidity and pessimistic investor
sentiments. Moreover, investors’ sentiments are significantly explained by their own past
time series. The JB test shows that the residuals are not normally distributed. The ARCH
test reports that the variables suffer from the ARCH effects. Figure 4 illustrates that price
impact volume-based liquidity and pessimistic investor sentiments are strongly influenced
by their own exogenous shocks. Finally, investors’ optimistic sentiments are influenced by
their own variance shocks and exogenous negative sentiment shocks.
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Table 4. Estimation of VAR coefficients and significance test values, MLI model.

Variables Estimate p-Value

MLI (a) β11,MLI −0.3323240 0.000 ***
γ11,N 0.4591262 0.0268 *
∅11,P 0.0901849 0.1156

β12,MLI −0.2531608 0.000 ***
γ12,N 0.0268085 0.8976
∅12,P 0.0373390 0.5145
αMLI −0.0001461 0.9936

N (b) β21,MLI −0.013135 0.60219
γ21,N −0.668877 0.000 ***
∅21,P −0.029397 0.26646

β22,MLI 0.016084 0.51670
γ22,N −0.276186 0.00437 **
∅22,P −0.020703 0.43411

αN −0.001120 0.89491
P (c) β31,MLI 0.065824 0.4712

γ31,N 0.099416 0.7738
∅31,P −0.474563 0.000 ***

β32,MLI −0.079112 0.3790
γ32,N −0.047393 0.8920
∅32,P −0.189236 0.0491 *

αP 0.003904 0.8989
Note: (a) adjusted R-squared: 0.141; F-statistic: 9.862; p-value: 0.000; ARCH test: 0.000; JB test: 0.000; (b) adjusted
R-squared: 0.2616; F-statistic: 20.13; p-value: 0.000; ARCH test: 0.000; JB test: 0.000; (c) adjusted R-squared: 0.1987;
F-statistic: 14.39; p-value: 0.000; ARCH test: 0.000; JB test: 0.000; significance codes: ‘***’ < 0.001; ‘**’ < 0.01;
‘*’ < 0.05.
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5. Conclusions

This research analyzed whether investor sentiments based on microblogging content
influences the dimensions of market liquidity. Using time series and multivariate statistical
models, the influence of investor sentiments on the liquidity of the Australian Securities
Exchange was studied. To estimate investor sentiments, posts on the popular social network
platform Twitter were analyzed and different liquidity measures were applied to estimate
the relationship between microblogging content and liquidity dimensions. We found that
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investor sentiments in pessimistic periods were significantly associated with higher trading
cost, illiquidity, higher price dispersion and lower trading volume. However, cost-based
market liquidity and price impact volume-based liquidity were not significantly explained
by optimistic investor sentiments.

From the multivariate model approach, market liquidity and its associated cost were
not significantly associated with the past time series of pessimistic and optimistic investor
sentiments. In contrast, price impact volume-based liquidity was found to be positive
and was significantly explained by lagged pessimistic investor sentiments. Likewise, a
significant relationship was found between market liquidity dimensions and their own past
time series. Finally, market liquidity dimensions were discovered to be strongly influenced
by their own variance shocks.

This research has important implications in terms of revealing the relationship between
microblogging content and the various dimensions of liquidity that previous studies have
ignored. This quantification of investor sentiments based on microblogging content may be
useful for liquidity risk management and portfolio construction. Although the study fills a
gap in the behavioral finance literature, the geographical dataset that was employed is a
limiting element of the study. As this study covers the Australian market, the results may
not be generalizable to other markets. The analysis therefore encourages other researchers
to uncover the impact of microblogging content on liquidity dimensions at both the industry
and the company level. This would undoubtedly provide insight into the authoritative role
of microblogging content on liquidity dimensions more broadly.
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