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Abstract: Pakistan’s political instability has pushed its economic system to the brink of collapse. 

Considering this political turmoil, this study addresses the behavior of liquidity providers against 

microblogging-opinionated information. The behavioral perspective was quantified through multiple 

linear regressions, the Bayesian theorem, and the vector error correction technique. Before this political 

crisis, sentiment indicators were linked to the liquidity-conditional cost for the same trading session. 

In the political uncertainty environment, pessimistic opinions were the sole concern of the liquidity 

providers during the same trading session. The liquidity facilitator was observed to price the liquidity 

in light of pessimistic sentiments. The Bayesian theorem suggested a higher posterior probability for 

the occurrence of the liquidity-facilitating cost in response to the pessimistic sentiments. Nevertheless, 

the past time series changes for the sentiment indicators were irrelevant in determining changes in 

cost-based liquidity for the next trading session. 
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1. Introduction  

The governing coalition of a dozen parties in Pakistan are facing drastic stress including, but not 

limited to, triggering inflation and falling foreign exchange reserves. Meantime, the economic 
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activities are pressurized by a consistent depreciation in currency. The future economic perspective 

may seem like a wider concern to the stakeholders. The political change phenomenon is under 

discussion as the source of the economic chaos in Pakistan. 

Since the dismissal of the ruling party on April 10, 2022, the country has turned into a censorious 

polarization. This has triggered a relentless campaign against the handlers of the political-change 

operation in Pakistan. In addition, two provincial assemblies were dissolved to force a governing 

coalition for early general elections. However, the incumbent government was not willing to allow for 

early national polls and openly denied holding elections for the dissolved assemblies as per constitution.  

Pakistan’s constitution permits new polls within ninety days after the dissolution of the assembly. 

In this debate, the supreme court intervened for constitutional compliance and rescheduled provincial 

polls on May 14, 2023. Nevertheless, the governing coalition clearly denied acting as per the guidelines 

of the supreme court. The constitutional crisis may not be limited to political instability, but has the 

scope to trigger havoc on an extensive scale.  

In environments of economic chaos, the International Monetary Fund (IMF) can certainly 

facilitate the economy to avoid default and bolster the market confidence for other inflows. The 

political-obsessed environment in Pakistan may be a major concern in delaying the agreement of $1.1 

billion with the IMF. Meanwhile, the IMF seems unsure that the future governing setup may be 

compliant with its current agreement.  

Considering the widespread root of political instability within Pakistan’s economy, this study 

prices liquidity in response to the investor sentiments. Whether the behavioral perspective of liquidity 

providers to impose the conditional cost on counterparty has impacted due to the political uncertainty 

is certainly a matter for investigation. The behavioral element has been examined using microblogging 

data. The opinion analysis of the microblogging text is not only a cost-effective technique, but also 

provides useful real-time content by eliminating geographical limitations (Guijarro et al., 2021).  

Microblogging data is considerably applied to the behavioral domain (Oliveira et al., 2013). This 

behavioral phenomenon is not only linked to financial perspectives (Sprenger at al., 2014; Prokofieva, 

2015; Oliveira et al., 2017; Bartov et al., 2018; Broadstock and Zhang, 2019; Bank et al., 2019), but 

has created serious concerns across diversified subjects (Guijarro et al., 2019). The proliferation of 

microblogging-opinionated content is attributable to its authentic role on the investor’s emotions 

(Guijarro et al., 2021).   

Microblogging-opinionated content may eliminate the expected asymmetric information in the 

market more effectively (Mazboudi and Khalil, 2017). Incoming information from microblogging 

comments influences the market performance more than a traditional source of news (Yu et al., 2013). 

Microblogging-based investment interest contributes a potential role to generate reliable content 

(Sprenger at al., 2014). This content can predict price movements (Smailović et al., 2013), asset trends 

(Li et al., 2018), investors’ earnings (Bartov et al., 2018; Bank et al., 2019), and dimensions of market 

liquidity (Guijarro et al., 2021) ahead of time.          

The investor is undoubtedly concerned with the lucidity of their investment’s value (Cervelló-

Royo and Guijarro, 2020), and the market frictions (Roll, 1984; Huang and Stoll, 1997; Sarr and Lybek, 

2002; Acharya and Pedersen, 2005; Amihud and Mendelson, 2008; Corwin and Schultz, 2012; Amihud 

et al., 2015). Liquidity reflects the transparency of an asset’s value more broadly, as it is a source of 

various market frictions within uncertainty environments (Saleemi, 2022). The friction refers to a 

conditional cost that the liquidity provider demands against facilitating the liquidity (Saleemi, 2020).  
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In contrast to earlier research, this study uncovers the political perspective regarding the behavior 

of liquidity providers using microblogging-opinionated information. The current political dilemma in 

Pakistan needs to be addressed within behavioral finance literature, as its roots have expanded to the 

constitutional crisis and a full-blown economic collapse. Incoming news from microblogging 

comments gains considerable attention in broadly understanding the investors’ behavior. Therefore, 

the study aims to unfold the authoritative role of political uncertainty on liquidity by means of the 

microblogging-behavioral perspective. 

There is no earlier consideration on how the liquidity supplier responds to microblogging-

opinionated content during the political uncertainty era. Thereby, this paper is the first empirical 

attempt to fill this gap within behavioral finance literature and helps us to understand the 

microblogging-based behavior of liquidity suppliers throughout the political uncertainty environment. 

The rest of the manuscript is arranged as follows. The procedure to build the model is illustrated 

in Section 2. The empirical findings are depicted and discussed in Section 3. Finally, the main 

achievements of this research are highlighted in Section 4.   

2. Materials and methods 

The multivariate analysis is performed on data from the Karachi Stock Exchange 100 Index (KSE 

100), where the sentiment indicators are built using microblogging data. The collection of opinionated 

data is facilitated by the R statistical language and covers the period from January 01, 2018 – March 

31, 2023. The root of the political-obsessed environment is linked to a dramatic removal of the ruling 

government on April 10, 2022. In this debate, the dynamic of political instability in the area of research 

was investigated for the period from April 11, 2022 – March 31, 2023.    

A text mining (TM) library is applied to clean the unstructured text. This process converts the text 

into lower case to identify the valuable content. The extracted information is quantified in various 

opinions, such as pessimistic, optimistic, or neutral. Neutral data is not included in the analysis. The 

sentiment indicators are constructed, as per Equation (1) and (2):       

∑ 𝑃𝑆𝑡  =  𝑃𝑆1 + 𝑃𝑆2
𝑇
𝑡=1 + 𝑃𝑆3 + ⋯ + 𝑃𝑆𝑇                   (1) 

∑ 𝑂𝑆𝑡  =  𝑂𝑆1 + 𝑂𝑆2
𝑇
𝑡=1 + 𝑂𝑆3 + ⋯ + 𝑂𝑆𝑇                  (2) 

where 𝑇 demonstrates the number of pessimistic or optimistic sentiments on day 𝑡 and ∑ 𝑃𝑆𝑡
𝑇
𝑡=1  

(∑ 𝑂𝑆𝑡
𝑇
𝑡=1 ) narrates the total pessimistic sentiments (optimistic sentiments) of day 𝑡.  

The liquidity-associated cost is measured through the effective spread (ES) and the quoted spread 

(QS). This combination may reflect a more comprehensive insight into the topic. The ES method is 

empirically demonstrated, as per Equation (3):             

𝐸𝑆𝑡 =  
2|𝑐𝑝𝑡−[(ℎ𝑡+𝑙𝑡)(

1

2
)]|

(ℎ𝑡+𝑙𝑡)(
1

2
)

                                   (3) 

where ℎ𝑡 shows the highest quoted value of day 𝑡, 𝑙𝑡 refers to the lowest quoted value of day 𝑡, and 

𝑐𝑝𝑡 represents the closing value of the transaction on day 𝑡. Considering the executing price in buying 

and selling quotes, the ES model is a useful liquidity proxy (Guijarro et al., 2019). The QS model is 

constructed in Equation (4) 
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𝑄𝑆𝑡 =
𝑅𝑡

(𝑆𝐻𝐿𝑡)(0.5)
                                        (4) 

where 𝑅𝑡 denotes to the range of quoted prices on day 𝑡 and 𝑆𝐻𝐿𝑡 indicates the sum of quoted prices 

on day 𝑡. 

The variables are first modelled, as per Equation (5), where the multiple linear regression unfolds 

the response of liquidity-associated cost against the sentiment indicators:  

𝐿𝑃𝐶𝑡 =  𝛼 + 𝛾1 ∑ 𝑃𝑆𝑡
𝑇
𝑡=1 + 𝛾2 ∑ 𝑂𝑆𝑡

𝑇
𝑡=1 + 𝜖𝑡                     (5) 

where LPC𝑡  elucidates the quantification of liquidity-providing cost on day 𝑡  and ∑ 𝑃𝑆𝑡
𝑇
𝑡=1  

(∑ 𝑂𝑆𝑡
𝑇
𝑡=1 ) explicates the accumulation of pessimistic sentiments (optimistic sentiments) on same 

trading day.  

An additional experiment was performed on the dataset using the Bayesian Theorem. This 

approach uncovers the relatedness of dataset considering a conditional probability. Therefore, the study 

understands the posterior likelihood of liquidity-providing cost against the sentiment indicators. The 

Bayesian model is constructed, as per Equation (6):   

𝑝(𝐿𝑃𝐶|𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠) =
𝑝(𝐿𝑃𝐶⋂𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠)

𝑝(𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠)
                       (6) 

where 𝑝(𝐿𝑃𝐶|𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠)  illustrates the occurrence of liquidity-associated cost in response to 

pessimistic or optimistic sentiments, 𝑝(𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠)  suggests the likelihood of pessimistic or 

optimistic sentiments to being true, and 𝑝(𝐿𝑃𝐶⋂𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠)  indicates the probability of all 

parameters being true. The term 𝑝(𝐿𝑃𝐶⋂𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠) can be depicted, as per Equation (7):      

𝑝(𝐿𝑃𝐶⋂𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠) = 𝑝(𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠|𝐿𝑃𝐶) 𝑝(𝐿𝑃𝐶)                (7) 

where 𝑝(𝐿𝑃𝐶) suggests the likelihood of liquidity-pricing cost and conditioning the liquidity-pricing 

cost to being true and 𝑝(𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠|𝐿𝑃𝐶)  guides the probable occurrence of pessimistic or 

optimistic sentiments. The Bayesian approach for normal distribution is defined as:   

𝑝(𝐿𝑃𝐶|𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠) =
𝑝(𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠|𝐿𝑃𝐶) 𝑝(𝐿𝑃𝐶)

𝑝(𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠)
 .                 (8) 

Finally, the change in liquidity-pricing cost on trading day 𝑡  is examined as function of its 

corresponding past changes, as well as the previous changes of pessimistic or optimistic sentiments. 

In this context, the vector error correction model (VECM) is constructed, as per Equation (9): 

∆𝐿𝑃𝐶𝑡 =   𝛽0 + ∑ 𝜗𝑖
𝑛
𝑖=1 ∆𝐿𝑃𝐶𝑡−𝑖 + ∑ 𝛿𝑖∆𝑛

𝑖=1 𝑃𝑆𝑡−𝑖 + ∑ ∅𝑖∆𝑛
𝑖=1 𝑂𝑆𝑡−𝑖 + 𝜑𝐸𝐶𝑇𝑡−1 + 𝜖𝑡    (9) 

where ∆𝐿𝑃𝐶𝑡 (∆𝐿𝑃𝐶𝑡−𝑖) describes the change in liquidity-pricing cost of day 𝑡 (𝑡 − 𝑖), ∆𝑃𝑆𝑡−𝑖 

demonstrates the past changes of pessimistic sentiments on day 𝑡 − 𝑖, ∆𝑂𝑆𝑡−𝑖 explains the previous 

changes of optimistic sentiments on day 𝑡 − 𝑖, and 𝐸𝐶𝑇𝑡−1 exhibits the error correction term of day 

𝑡 − 1. The optimal lags are selected using the schwarz criterion technique, and given as per Equations 

(10)–(12):                              

∆𝐿𝑃𝐶𝑡−𝑖 = 𝜗1∆𝐿𝑃𝐶𝑡−1 + 𝜗2∆𝐿𝑃𝐶𝑡−2 ,                    (10) 
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∆𝑃𝑆𝑡−𝑖 = 𝛿1∆𝑃𝑆𝑡−1 + 𝛿2∆𝑃𝑆𝑡−2 ,                       (11) 

∆𝑂𝑆𝑡−𝑖 = ∅1∆𝑂𝑆𝑡−1 + ∅2∆𝑂𝑆𝑡−2.                      (12) 

3. Results and discussion  

Table 1 exhibits a descriptive summary on a daily basis, where the dataset is positively skewed 

with a fat-tailed distribution. The positive skewness suggests a right-skewed distribution of the dataset. 

The measurement of variables is graphically visualized in Figure 1. The graphical demonstration 

suggests that there is no constant pattern for the corresponding variable over time. This variability 

raises concerns over whether the time-varying sentiment indicators have an authoritative role to 

estimate the liquidity-pricing cost, particularly during the political instability era.  

Table 1. Descriptive summary. 

Variables Median Mean SD Skewness Kurtosis 

QS 0.0119 0.0139 0.0082 2.4955 13.271 

ES 0.0069 0.0086 0.0076 2.4272 13.926 

PS 0.0400 0.0565 0.0519 2.3504 14.053 

OS 0.1200 0.1311 0.0940 0.9952 5.0655 

Notes: Quoted Spread: QS; Effective Spread: ES; Pessimistic Sentiments: PS; Optimistic Sentiments: OS; Standard 

Deviation: SD; Significance level codes: *** < 0.001; ** < 0.01; * < 0.05.  

 

Figure 1. Time-varying graphical demonstration for variables. 

The variables are first understood using a multiple linear regression, as shown in Table 2. This 

experiment was performed on a daily basis. During the political stability period, the liquidity-pricing 

cost was noted to be influenced by the sentiment indicators. The pessimistic sentiments are positive 

and significantly linked to the liquidity-facilitating cost. This indicates a higher size of the trading cost 

in response to any negative opinions. The relative size of the liquidity-associated cost compensates the 

liquidity providers within pessimistic market environments. Meantime, the optimistic sentiments are 

negative, though they are significantly associated with the liquidity-pricing cost. This implies an 
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acknowledgment of the positive opinions by the liquidity providers, which helps to reduce the 

liquidity-providing cost. 

The findings are reported to be influenced within political instability environments. An 

insignificant linkage was found between liquidity and optimistic sentiments. This provides an 

understanding of the risk aversion behavior, where the liquidity facilitator avoids the positive opinions 

during the political instability era. However, the liquidity-pricing cost is positive and is significantly 

explained by the pessimistic sentiments. This association guides that the cost against accepting the 

financial position increases in response to the negative opinions. Therefore, the market maker reduces 

the risk element by pricing the liquidity during the political-obsessed era. 

Table 2. Regression model quantification. 

Variables  Estimate Std. Error p-value 

Political stability period 

QS     (i) 

 

Intercept 

Bearish 

Bullish 

 

0.0122 

0.0761 

−0.0137 

 

0.0004 

0.0059 

0.0029 

 

0.000 *** 

0.000 *** 

0.000 *** 

ES     (ii) 

 

Intercept 

Pessimistic 

Optimistic 

0.0071 

0.0539 

−0.0079 

0.0004 

0.0057 

0.0028 

0.000 *** 

0.000 *** 

0.005 ** 

Political instability period 

QS     (iii) 

 

Intercept 

Bearish 

Bullish 

 

0.0084 

0.0493 

−0.0019 

 

0.0009 

0.0090 

0.0065 

 

0.000 *** 

0.000 *** 

0.763 

ES     (iv) 

 

Intercept 

Pessimistic 

Optimistic 

0.0046 

0.0299 

0.0039 

0.0008 

0.0085 

0.0061 

0.000 *** 

0.000 *** 

0.522 

Notes: i) Adjusted R-squared:  0.1322; F-statistic: 81.62; p-value: 0.000; (ii) Adjusted R-squared: 0.077; F-statistic: 45.17; 

p-value: 0.000; (iii) Adjusted R-squared: 0.1995; F-statistic: 31.15; p-value: 0.000; (iv) Adjusted R-squared: 0.1243; F-

statistic: 18.17; p-value: 0.000. 

 

Figure 2. Probability of Direction for parameters in political stability environments. 
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On a daily basis, the dataset is further quantified through the Bayesian Theorem, as shown in 

Table 3. During the political stability period, the posterior probability suggests an occurrence of the 

liquidity-pricing cost against the sentiment indicators. The Bayesian Theorem reports a 100% positive 

relativeness between pessimistic opinions and liquidity-occurring cost. This measurement identifies a 

higher likelihood for the occurrence of the liquidity-facilitating cost against the pessimistic sentiments. 

Meantime, the posterior likelihood guides a 100% negative linkage between optimistic opinions and 

the quoted spread. Similarly, there is a 99.9% negative relativeness between the effective spread and 

positive opinions. In this sense, there is a higher probability of occurrence for liquidity-pricing cost in 

response to the optimistic sentiments. 

These quantifications are further supported by Figure 2, where the probability of direction for the 

parameters is visually presented on a daily basis. This graphical demonstration suggests an increased 

positive relatedness between liquidity proxies and pessimistic sentiments. Therefore, the posterior 

probability is higher for the occurrence of the liquidity-facilitating cost in response to pessimistic 

opinions. Similarly, an increased, but negative relation is observed between liquidity measures and 

optimistic sentiments. In this debate, the liquidity-providing cost is more probable to occur against any 

optimistic opinions. 

Table 3. Summary of Posterior Distribution. 

Variables Parameters Median PD % in ROPE ESS 

Political stability period 

QS 

 

Intercept 

PS 

OS 

 

0.01 

0.08 

-0.01 

 

100% 

100% 

100% 

 

0% 

0% 

0% 

 

2419 

1686 

1775 

 

ES 

 

Intercept 

PS 

OS 

 

0.0071 

0.05 

-0.0079 

 

100% 

100% 

99.9% 

 

0% 

0% 

0% 

 

3225 

2009 

2040 

Political instability period 

QS 

 

Intercept 

PS 

OS 

 

0.0083 

0.05 

-0.0021 

 

100% 

100% 

63% 

 

0% 

0% 

8.03% 

 

3059 

1689 

1686 

 

ES 

 

Intercept 

PS 

OS 

 

0.0046 

0.03 

0.0041 

 

100% 

100% 

75% 

 

0% 

0% 

6.61% 

 

2539 

1321 

1369 

Notes: Probability of Direction: PD; Region of Practical Equivalence: ROPE; Effective Sample Size: ESS.  



203 

Data Science in Finance and Economics  Volume 3, Issue 2, 196–207. 

 

Figure 3. Probability of Direction for parameters in political instability environment. 

The measurement of the Bayesian model is reported to be influenced by the political instability 

environments. The probability of direction guides a 100% positive relativeness between pessimistic 

sentiments and liquidity-occurring cost. Therefore, there is a higher probability for occurrence of 

liquidity-facilitating cost in response to the pessimistic opinions. However, the Bayesian Theorem 

notes a 63% posterior probability of occurrence for the quoted spread in response to any optimistic 

opinions. Conversely, the probability of direction identifies a 75% relativeness between the effective 

spread and optimistic opinions. In this case, there is a decreased likelihood of occurrence for liquidity-

pricing cost in response to the optimistic sentiments. 

These findings are endorsed by Figure 3, where the probability of direction for sentiment 

parameters is visually demonstrated on a daily basis. This graphical presentation suggests an increased 

positive linkage between liquidity proxies and pessimistic-opinionated content. Therefore, the 

liquidity-providing cost is more probable to occur in response to the pessimistic sentiments. However, 

a decreased negative relatedness is observed between liquidity measurements and optimistic-opinionated 

content. In this case, the liquidity-facilitating cost is less likely to occur against the optimistic sentiments. 

Table 4. Unit root test using Augmented Dickey-Fuller approach. 

Variables ADF Statistics p-value 1 PCV 5 PCV 10 PCV 

Political stability period 

QS 

 

−5.102 

 

0.000 

 

−2.58 

 

−1.95 

 

−1.62 

ES −7.916 0.000 −2.58 −1.95 −1.62 

PS −8.5425 0.000 −2.58 −1.95 −1.62 

OS −5.0907 0.000 −2.58 −1.95 −1.62 

Political instability period      

QS −3.129 0.000 −2.58 −1.95 −1.62 

ES −4.499 0.000 −2.58 −1.95 −1.62 

PS −3.4068 0.000 −2.58 −1.95 −1.62 

OS −2.373 0.000 −2.58 −1.95 −1.62 

Notes: Percent Critical Value: PCV.  
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Before examining the relationship dynamics using the VECM technique, the dataset is checked 

for stationarity in Table 4. The Augmented Dickey-Fuller (ADF) test guides that there is no unit root 

in the time series. Therefore, the dataset is featured with stationarity. The measurement of the VECM 

approach is quantified in Table 5, where the change in liquidity-associated cost is investigated as a 

function of its corresponding past changes, as well as the previous changes of pessimistic or 

optimistic opinions.  

Within the political stability environment, the term ∆𝐿𝑃𝐶𝑡  is not significantly explained by 

changes in the past time series of sentiment indicators. This implies that a change associated with the 

liquidity-occurring cost on day 𝑡 is not linked to changes in the previous time series of pessimistic 

and optimistic opinions. However, a change in the cost against providing the liquidity on day 𝑡 is 

significantly explained by its corresponding lags.      

Similar results are found during the political instability era. The term ∆𝐿𝑃𝐶𝑡 is not significantly 

associated with changes in the previous time series of sentiment indicators. In this case, a change in 

the liquidity-facilitating cost for the following trading session is not linked to the past series changes 

of pessimistic and optimistic sentiments. Meantime, a change associated with the quoted spread on the 

next trading session is significantly explained by its own lags. Conversely, a change in the effective 

spread on trading day 𝑡 is not significantly linked to its corresponding lags.   

Table 5. Measurement of the vector error correction model. 

∆𝐼𝐿𝐶𝑄𝑆,𝑡 Estimates ∆𝐼𝐿𝐶𝐸𝑆,𝑡 Estimates 

 

 

ECT 

Intercept 

∆𝐿𝑃𝐶𝑄𝑆,𝑡−1 

∆𝑃𝑆𝑡−1 

∆𝑂𝑆𝑡−1 

∆𝐿𝑃𝐶𝑄𝑆,𝑡−2 

∆𝑃𝑆𝑡−2 

∆𝑂𝑆𝑡−2 

Political stability period 

 

−0.0021(0.0090) 

−0.000053(0.0003) 

−0.6188(0.0317)*** 

0.0029(0.0075) 

0.0023(0.0039) 

−0.2929(0.0313)*** 

0.0007(0.0063) 

−0.0002(0.0039) 

 

 

ECT 

Intercept 

∆𝐿𝑃𝐶𝐸𝑆,𝑡−1 

∆𝑃𝑆𝑡−1 

∆𝑂𝑆𝑡−1 

∆𝐿𝑃𝐶𝐸𝑆,𝑡−2 

∆𝑃𝑆𝑡−2 

∆𝑂𝑆𝑡−2 

 

 

−0.0452(0.0158)** 

−0.0006(0.0003) 

−0.6798(0.0312)*** 

−0.0144(0.0078) 

0.0030(0.0041) 

−0.3334(0.0299)*** 

−0.0070(0.0065) 

−0.0019(0.0041) 

 

 

ECT 

Intercept 

∆𝐿𝑃𝐶𝑄𝑆,𝑡−1 

∆𝑃𝑆𝑡−1 

∆𝑂𝑆𝑡−1 

∆𝐿𝑃𝐶𝑄𝑆,𝑡−2 

∆𝑃𝑆𝑡−2 

∆𝑂𝑆𝑡−2 

Political instability environment 

 

−0.0328(0.0371) 

0.0009(0.0012) 

−0.5607(0.0724)*** 

−0.0101(0.0140) 

0.0068(0.0097) 

−0.2877(0.0693)*** 

−0.0044(0.0110) 

−0.0003(0.0076) 

 

 

ECT 

Intercept 

∆𝐿𝑃𝐶𝐸𝑆,𝑡−1 

∆𝑃𝑆𝑡−1 

∆𝑂𝑆𝑡−1 

∆𝐿𝑃𝐶𝐸𝑆,𝑡−2 

∆𝑃𝑆𝑡−2 

∆𝑂𝑆𝑡−2 

 

 

−0.7491(0.1115)*** 

0.0034(0.0006)*** 

−0.0793(0.0928) 

−0.0136(0.0085) 

−0.0015(0.0058) 

−0.0849(0.0694) 

−0.0017(0.0083) 

−0.0042(0.0058) 
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4. Conclusions 

The cost against facilitating liquidity is modelled as a behavioral phenomenon from a political 

perceptive. In this context, the KSE 100 Index was examined in environments of political stability , as 

well as during the political uncertainty period. Before the political instability took place in Pakistan, 

the liquidity-occurring cost was significantly explained by microblogging sentiment indicators. During 

the political instability era, optimistic sentiments were not considered by the facilitator of liquidity. 

However, the liquidity facilitator was reported to price the liquidity in political instability environments 

using microblogging pessimistic opinions.  

Based on a gaussian distribution, the Bayesian Theorem was utilized in the analysis. In political 

stability environments, a higher posterior probability was noted for the occurrence of liquidity-

facilitating cost against the microblogging sentiment indicators. In the political uncertainty 

environments, there was a decreased likelihood of occurrence for liquidity-facilitating cost against the 

optimistic sentiments. Meantime, a higher posterior probability was reported for the occurrence of 

liquidity-providing cost in response to the microblogging pessimistic sentiments.   

The VECM technique was applied to broadly uncover the relationship dynamics of the time series. 

The change in the liquidity-occurring cost for the following trading session was not significantly 

explained by the past time series changes of optimistic and pessimistic sentiments. These results were 

consistent during the political stability period, as well as the political uncertainty environments.        

In the asset behavioral studies, the findings may have significant implications in terms of pricing 

the liquidity from a political perceptive. This debate may raise important concerns regarding Pakistan’s 

economy, where the political crisis has turned into a full-blown financial uncertainty. Based on the 

investors’ behavioral perspective, the study of other economic dimensions may provide deeper insights 

into the political-obsessed environments.   
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