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Abstract 

The advocates of classical finance rebuffed investors’ sentiment, but some behavioral 
finance researchers highlight the effects of sentiments on investments and asset pricing. 
Primarily this research measured the investors’ sentiments relationship with Bitcoin returns 
by using the market data proxy approach. We construct a sentiment index that compressed 
five renowned sentiment proxies based on the principal component analysis. Regression 
analysis is used to check the relationship between investor sentiment and Bitcoin returns. 
The results demonstrate that the coefficient of sentiment index behaves positively significant 
at the level of 5%. This study also concludes that the constructed sentiment index fits the 
market data proxy approach and improves Bitcoin prediction through an empirical test for its 
reasonability. 
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1. Introduction 

Investor sentiment leads towards investment risks and future cash flows, which cannot be 
justified by technical analysis. It raises curiosity and a newfangled area of debate for the 
researchers (Baker & Wurgler, 2007). The Classical Finance Theory (CFT) contends upon 
the rational investors’ competition to optimize their portfolio’s statistical properties with 
diversification to impact the prices. It ignores investors' sentiments (Baker & Wurgler 2006; 
Ding et al., 2018) and the irrational investor's offset demands while explaining the asset 
pricing models. Irrational investors trade against rational arbitrageurs to close the 
fundamental price setting process. According to Milgrom & Stokey (1982), such a type of 
trade underestimates asset prices sufficiency, and the irrational arbitrageurs disappear from 
the market.  

Naik & Padhi (2016) opposed the opinion of CFT and explained that “noisy traders” are away 
from the necessary and in-depth information. Hence, they invest according to the noise 
signals, which are the root causes of deviation in assets' intuitive value and price movements. 
Therefore, sentiments toward noise cause fluctuation in market prices (Verma & Verma, 
2007; Shahzad, Bouri, Roubaud, et al., 2020). Rational and irrational investors are both 
essential for a market like the two wheels of a vehicle. If all the investors are rational, 
perceiving the market fluctuations accurately, the individual assets trading level will be verve 
down (Milgrom & Stokey, 1982, Black, 1986; Salamat et al., 2020).  

Kyle & Wang (1997) and Wang et al. (2007) elucidated the evolutionary process related 
dynamically to wealth accumulation growth. The irrational investor with under-confidence 
has fewer chances of survival. In contrast, optimism or little overconfidence makes the 
investor more dominant in investment in a relatively riskier environment. Baker and Wurgler 
(2006) mentioned investors' psychology in the financial market. They stated that if the 
sentiments are low in the beginning-of-period, the subsequent returns would be high for 
small, highly volatile non-dividend paying, non-profitable and distress stocks and vice versa 
when sentiments are high.  

Bitcoin is the topmost currency of cryptocurrency, starting from the meagre price of $27 in 
2009. In 2020, it has become the most capitalized contributor currency with a price of more 
than $10000 per Bitcoin. The risk of scams, economic bubbles, fraud, and cryptocurrency 
loss is ten times higher than in the stock market, creating a connection between investors’ 
sentiments and Bitcoin volatility (Bouri et al., 2019, 2020a). The Bitcoin cryptocurrency is 
un-centralized, with no specific rules of entrance or exit. The technology-based investment 
and no particular reason for existence are strongly related to investors' pessimist and 
optimist behavior (Shahzad et al., 2019; Geng et al., 2021). If investors can gain faster by 
cryptocurrency, they can lose everything in the blink of an eye, as Mt. Gox lost Bitcoin worth 
$72 million in 2016. Vasek & Moore (2015) also elucidated 192 scam categories and 13000 
victims in their research. Cryptocurrencies investment is more relevant to investor sentiment 
index than return index because of its uncertain and unpredictable characteristics. Investors' 
optimist behavior upsurges them to invest money in the riskiest cryptocurrency and vice 
versa (Bouri, Roubaud, & Shahzad, 2020). The short history of indexing has been oblivious 
due to the impact of investor sentiments on Bitcoin investment. Economic bubbles of 
cryptocurrency have a significant impact on investor sentiments. 



Gauging the Effect of Investor Sentiment on Cryptocurrency Market 

Romanian Journal of Economic Forecasting – XXIV (4) 2021 
89 

1.1.1. Research Objectives 

This study aimed:  

 To study the sentiment index with a market data proxy approach regarding Bitcoin 
returns in the cryptocurrency market. 

 To develop a sentiment index by using Principal Component Analysis. 
 To check the relationship between the created sentiment index and Bitcoin returns. 
 To check the created sentiment index by using market data proxies to either explain 

the Bitcoin market's behavior or not. 

2. Study Background  

Investors Sentiment and the Stock Market 

Liu & An (2018) indicated that the investor sentiment asymmetrically has a significant 
effect on the CSI-300. Wang (2001) and Yang & Copeland (2014) examined the 
investor's sentiments that affect investors' future expectations. It is observed how 
investor sentiments, investors' irrational attitudes, and the market's high volatility are 
directly interlinked by using the multiple and individual market data proxies for the 
investors’ sentiment. The market volatility and returns are influenced by investor 
sentiments' implications (Baker & Stein, 2004; Baker & Wurgler, 2006; Zhu, 2012; Chen 
et al., 2010; Yang & Hasuike, 2017). As mentioned above, a bulk of studies are focused 
on investors’ sentiments and volatility of the stock market. Purposely, this research is 
to open new horizons of studying the effects of investor sentiments on the volatility of 
Bitcoin returns.  

Investors Sentiment and Cryptocurrency with Bitcoin at the Forefront 

Bitcoin is a cryptocurrency based on encrypted “blockchain” database technology (Li et al., 
2021), which showed exposure in 2009. In 2011-2012, cryptocurrencies were unsettled. But 
the low conventional asset correlations induces portfolio investors' tremendous attention 
toward cryptocurrencies as a fashion (Bouri et al., 2017; Ji et al., 2018). Cryptocurrencies 
are not evaluated because practitioners' opinion is quite different due to the fraudulence and 
the future of currency (Bouri, Shahzad, & Roubaud, 2020a). Investor’s sentiments are 
influenced by price fluctuation, social rumors, and other investors' actions. These 
determinants are quickly chased in this internet technological era via observation of 
significant cryptocurrency holders' trading action, known as “whales.” The cryptocurrency 
market is highly dependent on socially constructed opinions.  Menkhoff et al. (2006) and 
Kristoufek (2015) explored that Bitcoin is more dependent on an idiosyncratic set of features 
as energy prices (Liu & An, 2018), the computer programming and cybercrime activities 
(Yelowitz & Wilson, 2015), the anonymity of users (Ober et al., 2013), and attractiveness as 
compared to the financial and economic market (Kristoufek, 2015; Shahzad, Bouri, 
Roubaud, et al., 2020).  

Bitcoin is a riskier investment as compared to stock due to its decentralization, which 
considers investor sentiments a better explanation to price changes in hazardous 
investment. Bitcoin and investor sentiments are significantly related to each other regarding 
the explanation of Bitcoin return and volatility’s fluctuation (Eom et al., 2019). As Eom et al., 
2019 study shows, the past volatility does not help measure the future fluctuation by using 
the autoregressive model.   
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Sentiment Index and Bitcoin 

The measurement of investors’ sentiment through accurate proxy indicators, which may 
explain sentiments more precisely, has become the vast area of investigation in behavioral 
finance. The observable and quantifiable proxies objectively and comprehensively reflect 
investors' opinions and guarantee investors’ sentiment results on the market. Usually, three 
types of investors’ sentiment proxies are observed in previous literature as single objective 
and single subjective sentiment indicators, which are the fundamental determinants of 
composite index creation. Single indicators indexing is used in divergent studies to measure 
the effect of investors’ sentiment regarding stock market volatility. Simultaneously, 
comprehensive sentiment indexes indicate mainstream sentiment index construction (He et 
al., 2017). Previous literature enlightened the relationship between stock market volatility 
and investors’ sentiment (Stambaugh et al., 2012; Ben-Rephael et al., 2012; Chen et al., 
2010; Ning, 2009). The relationship of investors’ sentiment and specific industries' returns 
was measured (Huang et al., 2014) using Principal Component Analysis (PCA). The nature 
of stock market volatility and Bitcoin cryptocurrency volatility is entirely different (Bouri, 
Shahzad, & Roubaud, 2020b; Shahzad, Bouri, Kayani, et al., 2020). This study urges new 
debate among the researchers to check the relationship between investor’s sentiment and 
Bitcoin return. The Market data proxy approach in which five investor sentiment proxies, i.e., 
money flow index, Bitcoin index turnover, relative strength index, crypto index, and S & P 
global index, is used in the study because it quantifies the actual financial market beliefs of 
investors. By using Principal Component Analysis (PCA), the sentiment index is developed 
and then regressed with Bitcoin returns, unexplored in the existing literature. 

3. Data and Research Methodology 

This study comprises 208 values of the weekly Bitcoin data, taken from 1st January 2015 to 
31st December 2018 during a highly volatile period for Bitcoin, which covers the complete 
trade cycle (See Figures 1 and 2).  
 

Figure 1. Bitcoin Prices (2013-2018) 
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Figure 2. Bitcoin Price Return (2013-2018) 

 

 

 

 

 

 

 

 

 

 

 

 

 

The weekly (Wednesday) data has been adopted in this study to avoid the white noise effect 
in the results and prevent the first and last day of the week and non-synchronized trade 
effect (Ng, 2000; Chiang and Doong, 2001; Bhar and Nikolova, 2009). Bitcoin research data 
has been extracted from the Coin Market Cap and World Coin Index, Cryptocurrency index-
30 from CCI-30, and S&P index from Bloomberg Market. 

Investors' sentiments represent the market participants' expectations based on market 
behavior, like bearish investors expecting a return below average and a bullish investor 
expecting an above-average return (Brown & Cliff, 2004). A bulk of the existing literature 
supports the market data proxy approach for measuring the stock market’s investor 
sentiments because the market data proxy approach quantifies investors' actual behavior 
(pessimist or optimist). Baker & Wurgler (2007) developed a sentiment index by using six 
common proxies (trading volume based on turnover, dividend premium, the closed-end fund 
discount, the number and first-day returns on IPOs, and the equality share issue) for stock 
market investor sentiments. The study of Baker & Wurgler (2007) explored that the 
sentiment and speculative stock have an indirect proportionate relationship. The sentiment 
shows a diminishing trend, and speculative stocks have shown a rise in future returns, 
inconsistent with the classical asset pricing theories and vice versa. The researchers have 
used divergent proxies for investor sentiments as per the requirement of study purpose or 
availability of data. This research has adopted the methodology of Roy & Chan (2012) and 
Zia Ur Rehman et al. (2017) with modification in variables pattern according to the 
cryptocurrency market.  

The Investor Sentiments Index Model 

The below model is designed to measure the sentiment index: 
 

 

 

In equation -1 the standardized linear variables combination,  is a principal 

component which is representative of sentiment index  is the representative of money 

flow index,  indicates Bitcoin index turnover,  is the relative strength index, 
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 is the variation of cryptocurrency index, and is global index variations (Roy & 

Chan, 2012; Zia Ur Rehman et al., 2017).  

Variables of the model are explained hereunder: 

The Money Flow Index 

The money flow index comprises weekly turnover information and ratio, calculation of weekly 
prices, and weekly money flow is necessary to measure the money flow index. Weekly prices 
and money flow is calculated by equations 2a and 2b. 

            

 
 

If the weekly prices are lower as compared to the last week, it is said to be negative money 
flow, and vice versa; the money flow index is determined by using the following equation-3 
(Roy & Chan, 2012; Zia Ur Rehman et al., 2017).  

 

The Bitcoin Turnover Ratio 

A turnover ratio measures the Bitcoin index's trading activities, so the respective Bitcoin 
turnover ratio is included in the principal model. In the viewpoints of Ying (1966) and Zia Ur 
Rehman et al. (2017), the price rises by more considerable turnover (bullish market period) 
and price fall is associated with small turnover (bearish market period).  

 

In the above equation-4  is the average volume for a week and  the 

average value for a month.  is calculated by adding one succeeding value and 

dropping one preceding value (Roy and Chan, 2012; Zia Ur Rehman et al., 2017).  

The Relative Strength Index of Bitcoin Returns 

The Bitcoin index's buying and selling activities are measured in the relative strength index's 
primary model. The following equation calculates the weekly RSI: 

 

where:  

In equation-5  is representative of current price and  shows the preceding price. 

 value higher than 80 indicates an overbought market, and  value less than 20 

indicates an oversold market (Chen et al., 2010). 



Gauging the Effect of Investor Sentiment on Cryptocurrency Market 

Romanian Journal of Economic Forecasting – XXIV (4) 2021 
93 

The Variation in Cryptocurrency Index (CI-30) 

The Cryptocurrency index-30 variation measures Bitcoin investors' mood swing in the 
sentiments model (Liu and An, 2018). The variation of cryptocurrency index is calculated by 
the following equation-6: 

 
 

The difference between the current price ( ) and preceding price ( ) of 

cryptocurrency index is the cryptocurrency index variation. 

1.1.2. The Variation S&P Global BMI Index 

The S&P Global BMI index publicly traded corporation of American is used as a proxy which 
deals with seven different currencies, and 11000 companies which are registered in it and 
fully float since initiation in 1989. The given equation-7 calculates the variation of S&P:  

 

S&P shows the variation of the S&P global index concerning time, the time variation 

indicated by  (current price) and   (previous price) as a subscript of S&P in 

equation-7. 

1.1.3. Relationship of Sentiment Index and Bitcoin Returns 

The sentiment index is regressed on the volatility of Bitcoin returns by following the 
methodology of Zia Ur Rehman et al. (2017). The following equation is used to measure the 

Bitcoin returns . 

   

In the above equation-8  is Bitcoin returns which are calculated by dividing  

(current value) by  (one period before value), taking log and multiplication by 100. The 

below equation is used to check the relationship between Bitcoin returns and investor 
sentiments; 

 

where:  represents the Bitcoin return (dependent variable) and is the 

sentiment index (independent variable). The  represents a constant,  the natural log, 

and  is the coefficient of SMI. 

1.1.4. Principal Component Analysis 

Principal Component Analysis (PCA) is used to an orthogonal transformation for observation 
conversion of a possibly correlated set of variables into a linearly uncorrelated set of 
variables values. The Principal Component Analysis purposely uses to reduce data 
dimensionality and identify new evocative principal variables (Chen et al., 2014; Huang et 
al., 2014; Yang & Hasuike, 2017). The investor sentiment's composite measure is developed 
by applying the principal component analysis to the variables mentioned above. The 
covariance matrix of eigenvalue and eigenvectors is obtained by standardization of 
variables. The first eigenvector related to the largest eigenvalue will construct the sentiment 
index as a linear combination of variables (Pearson, 1901; Huang et al., 2014).  
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4. Results and discussions 

Descriptive statistics of selected proxy variables for the sentiment index of Bitcoin prices are 
displayed in Table 1. The mean value of MFI (55.04204) and RSI (54.45488) is falling within 
the range of 10-90, which indicates a slight stability of Bitcoin price fluctuations. The falling 
region of MFI, RSI, and ΔCI’s maximum and minimum values (above 70 and below 30) 
shows a trend of the unproductive market and oversold and overbought securities (Chen et 
al., 2014; Zia Ur Rehman et al., 2017). The MFI and RSI of the Bitcoin prices indicate that 
the market somewhat behaves as the Bitcoin prices fluctuate. The mean value of S&P 
(0.051466) and BTURN (0.918744) is positive, while ΔCI (-1.63653) and RETURN (-0.0026) 
shown negative value as well as they do not lie within the range of 10-90, with 0.398406, 
0.873441, 0.489416, and 0.000371 median values, respectively. The fluctuation range of 
S&P is from 4.736842 to -6.31068, BTURN from 2.077883 to 0.439755, ΔCI from 1029.155 
to -1854.3, and RETURN from 0.181724 to -0.23757.   

Table 1 

Descriptive statistics of the variables 

 MFI RSI ∆SP BTURN ∆CI RETURN 

 Mean 55.04204 54.45488 0.051466 0.918744 -1.63653 -0.0026 

 Median 55.84664 55.27319 0.398406 0.873441 0.489416 0.000371 

 Maximum 71.02404 93.17294 4.736842 2.077883 1029.155 0.181724 

 Minimum 26.19813 12.86825 -6.31068 0.439755 -1854.3 -0.23757 

 Std. Dev. 7.529947 17.62137 1.693177 0.253047 278.6251 0.043063 

 Skewness -0.66919 0.010474 -0.784261 1.078874 -2.12455 -0.78339 

 Kurtosis 4.037203 2.338828 4.354166 5.081251 20.08983 9.261673 

 Jarque-Bera 24.84769 3.792426 37.21488 77.89155 2687.683 361.0824 

 Probability 0.000004 0.150136 0 0 0 0 

Observations 208 208 208 208 208 208 
 

The skewness values are positive and negative, as MFI, SP, CI, and RETURN are negative 
and RSI and BTURN are positive. The significance of Jarque-Bera at the 1% level rejects 
the null hypothesis of the normal distribution of values except for RSI. The Jarque-Bera value 
of RSI is insignificant and shows the normal distribution of values. This analysis consists of 
208 values extracted from weekly observations for 4 years. The visual presentation of 
descriptive statistics for the money flow index, Bitcoin prices turnover, relative strength 
index, change in cryptocurrency index, and change in S & P global index is displayed in 
Figure 3. 
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Figure 3. 

Descriptive statistics of variables 
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Principal Component Analysis of sentiment index variables  

The Principal Component Analysis (PCA) of a specific set of variables is presented in Tables 
2 and 3. PCA results have explained the first component of the primary model, which 
illustrates 38.68% of the total variance of the sample because it covers a significant part of 
the variables’ common variation. The eigenvalue 1.934014 is also an enormous value and 
gets the support of the Kaiser Criterion factor retention method (Braeken & Van Assen, 
2017), which is a relatively short but reliable scale of selection. The Principal Component 
Analysis (PCA) is used to generate an index of all study variables. (Finter et al., 2012; Chong 
et al., 2014) and graphically presented (see Figure 4) as follows. 

 
 

Figure 4. The sentiment index 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2 

PCA of the variables 

The Eigenvalues 

Eigen values 
(sum=5, 
Average=1) 

Number Value Difference Proportion Cumulative 
value 

Cumulative 
proportion 

1 1.934014 0.83425 0.3868 1.934014 0.3868 

2 1.099764 0.196433 0.22 3.033779 0.6068 

3 0.903332 0.303262 0.1807 3.937111 0.7874 

4 0.60007 0.13725 0.12 4.53718 0.9074 

5 0.46282 --- 0.0926 5 1 

Table 3 

The Eigenvector loadings 

Variable PC 1 PC 2 PC 3 PC 4 PC 5 

      

MFI 0.549994 -0.17871 0.12026 0.690505 0.417504 

RSI 0.601331 -0.08974 -0.00149 -0.02207 -0.79364 

SP 0.149568 0.631431 0.751175 -0.11294 0.043659 

BTURN 0.554295 -0.00293 -0.23374 -0.66717 0.43931 

CI 0.079334 0.749196 -0.60551 0.254641 -0.03056 

1

2
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4
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I II III IV I II III IV I II III IV I II III IV
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In Table 4, a correlation matrix is presented to check the multicollinearity among 
independent variables. The results indicated that no linear relationship was found by the 
multiple regression models among the independent variables. According to the 
multicollinearity rules, if the regressor value is higher than 0.80, then the data series 
encountered the severe problem of multicollinearity (Buyuksalvarci, 2010; Shafana, 2014; 
Ng, 2000). Our correlation matrix tended to be within the range of 0.494611 to -0.02903, 
which shows that the data series is free of multicollinearity by Pearson correlation analysis. 

Table 4 

Ordinary correlations 

 MFI RSI SP BTURN CI 

MFI 1     

RSI 0.494611 1    

SP 0.078239 0.096076 1   

BTURN 0.373228 0.492713 0.053787 1  

CI -0.02903 0.026985 0.114464 0.102327 1 

 

In Table 5, the results of regression show the coefficient (β), which is 0.015327 as a value 
of sentiment index, with a 0.0457 probability value. The sentiment index is significantly 
related to Bitcoin returns at a 5% level as per regression results (Baker & Wurgler, 2006; 
Chen et al., 2014). The coefficient significance value of SMI shows that investor sentiments 
strongly affect Bitcoin Prices volatility. 

Table 5 

The relationship between Bitcoin returns and sentiment index 

  α (constant) β 

SMI (sentiment index) -0.06577 0.015327** 

Prob. (0.0385) (0.0457) 

T-statistic [-2.08347] [2.010287] 

5. Discussion and conclusion  

The results of research showed the impact of investor sentiments on Bitcoin cryptocurrency 
returns. Bitcoin was chosen for analysis due to two solid reasons. First, Bitcoin represents 
2/3 of total cryptocurrencies, and Bitcoin was the first cryptocurrency with the maximum data 
available as compared to other cryptocurrencies. No doubt the current price and return 
fluctuation of Bitcoin is comparatively high as against other cryptocurrencies. It has also 
started from a very low price, which affects the investor sentiments for other currencies. The 
market data proxy approach has been used to generate a sentiment index with five variables, 
i.e., MFI, BTURN, RSI, CI, and S&P. The sentiment index was regressed with Bitcoin 
returns, and the results positively support the relationship between them. This relationship 
indicates that a sentiment index concerning market data proxy played a relevant role in the 
cryptocurrency market. The future research possibilities will open up by this research in 
behavioral finance and digital finance. 

Conclusion 

This study has been conducted to grasp the behavioral finance concept of investors’ 
sentiment and its impact on cryptocurrencies. We considered the Bitcoin currency and 
constructed an index by using the Principal Component Analysis (PCA) for market data 
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proxies for sentiments, i.e., Money Flow Index (MFI), Bitcoin Index Turnover (BTURN), 

Relative Strength Index (RSI), Variation in Cryptocurrency Index ( and changes in 

Global Index ( . The selected variables showed no correlation with each other since 

the lag-1 of the eigenvalues is higher. We selected the first Principal Component (PC-1) to 
construct the sentiment index based on the eigenvalue. This index was then regressed upon 
the returns of the Bitcoin currency. Results showed that the Investor's sentiments 
significantly influenced Bitcoin returns; thus, the constructed investor sentiments index came 
out as a good indicator of Bitcoin currency's return pattern. This research would contribute 
substantially to future research work, examining the effect of investor’s sentiments on Bitcoin 
volatility and investment predictability with the consistent property, which is influenced by 
the sentiments and spreading rumors. This study is essential for the researchers, investors, 
and economists to check Bitcoin returns' fluctuation due to the investor’s psychology or 
sentiments. It will open up a new debate on Bitcoin's un-explored side that optimist investors 
take the risk of investing their money in highly volatile and risky technology-based 
investments. The pessimist investors may shun the investment in cryptocurrency due to 
previous mishaps or scam cases. 

Limitation and future study direction 

In this research, only Bitcoin was chosen for investor sentiment analysis due to limited data 
availability and resources. Cryptocurrency is expanding day by day, and new currencies are 
added to the existing collection. Researchers can conduct research with considerable data 
period and top 30 cryptocurrencies as well as different digital currencies. Other measuring 
methods or proxies like Potential Sentiment Proxies and Orthogonalising Sentiment Index 
with different control or behavioral variables might be used in future research. 
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