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Abstract 

 
This article estimates association coefficients between measures of market sentiment and risk in the U.S., German 

and Chinese markets. In terms of risk, four measures were considered: standard deviation, value at risk, expected 

shortfall and shortfall deviation risk. For market sentiment, data was collected using the Psych Signal technology, 

which is based on the behavior of investors on social networks. The results indicate significant statistical 

associations, with the direction of association having financial meaning. Moreover, the empirical findings are valid 

for all risk measurements. The results are in keeping with the Prospect Theory, since in moments when the 

sentiment indicates low liquidity (a negative value for the difference between Bullish and Bearish Intensities) 

investors try to reduce the negotiation volume, which has a positive impact on risk. On the other hand, under the 

inverted scenario, when sentiment indicates high liquidity, there is an increase in the negotiation volume and a 

consequent decrease in risk. This article is important because its observations of market sentiment as measured by 

social media data show a consistent relationship with measures of financial risk. 

 

Key words: risk management; measures of risk; market sentiment; behavioral finance. 
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Introduction 

 

 
Kahneman and Tversky (1979) put in check the Expected Utility Theory, which claims that agents 

are risk averse, take rational decisions and seek utility maximization, which gave rise to Prospect 

Theory, and subsequently the field of Behavioral Finance. This approach includes behavior when faced 

with decision making in situations of risk and observes that regret due to losses is greater than 

satisfaction due to gains. Therefore it is useful to explain situations where the traditional approach fails 

(see Al-Nowaihi, Bradley, & Dhami, 2008). Due to this contribution, many research topics have also 

gained space in the field of finance. One of these is market sentiment.  

A series of studies verify that this variable is crucial to decision making in financial markets, since 

it affects distinct characteristics ranging from future information to liquidity. We can cite here the works 

of Barberis, Shleifer and Vishny (1998), Baek, Bandopadhyaya and Du (2005), Brown and Cliff ( 2005), 

Baker and Wurgler (2006), Bradley, Gonas, Highfield and Roskelley (2009), Feldman (2010), Hassan 

and Mertens (2011), Kuo and Chen (2012), Fong and Toh (2014), and Liu (2015). Despite the existence 

of many ways to compute market sentiment, there is still no consensus. One approach is to consider the 

quantity of initial public offerings to create a proxy, as has been done by Walker and Lin (2007), and 

Baker and Wurgler (2007). Another approach is to consider the expectations of future variations in 

prices (returns), as discussed by Qiu and Welch (2006) and Sturm (2014). Another alternative is investor 

confidence, which has been used by Lemmon and Portniaguina (2006), and Schmeling (2009).  

Based on this content, we can observe that there is an intuitive relationship between market 

sentiment and risk in financial markets. Indeed, some studies offer arguments for the existence of such 

an association. We can mention here the works of Charoenrook (2005), Yazdipour (2011), Yazdipour 

and Neace (2013), Andersen and Nowak (2013), and Fong (2013), where the optimism and pessimism 

of investors seems to be directly reflected by the behavior of decision making related to risk. An 

optimistic investor accepts riskier situations than a pessimistic one. However, all these studies are 

mainly focused on subjective aspects of market risk, such as risk aversion. In contrast to this, the current 

tendency in market risk management is the development of objective approaches. One fundamental 

aspect of proper risk management is its measurement. (For a detailed analysis of ways to measure risk, 

see Righi & Ceretta, 2014). Overestimating risk can lead to a reduction in gains, while underestimating 

it can result in catastrophic outcomes. Thus, it is crucial to have the best understanding possible of what 

kind of information affects the measurement of market risk beyond the usual information regarding 

prices and returns. The first thing to look at would be some market variables related to liquidity, as in 

Dias (2013). Nonetheless, as we have noted, we must consider behavioral issues, especially market 

sentiment. Therefore, there is a gap to be filled regarding the relationship between measures of market 

sentiment and risk. 

Thus, we pose the following research question: What is the relationship between measures of 

market sentiment and risk? The main objective of this article is to estimate the association coefficients 

between measures of market sentiment and risk. We consider the measures for risk that are most often 

used in academic studies and industry. For market sentiment, we use a proxy based on investor activity 

on social networks. The details will be discussed in the next section. Thus, the present study contributes 

to the literature since, to the best of our knowledge, there is no such parallel. Studies about risk aversion 

in terms of decision making based on measures of risk, such as Ma and Wong (2010), Wächter and 

Mazzoni (2013), and Robert and Therond (2014), among others, are based on the paradigm of expected 

utility, which ignores behavioral aspects. The same can be said about studies of stochastic dominance 

and preferences, as is the case of Ben-Tal and Taboulle (2007), Ogryczak and Ruszczynski (2002), 

Bäuerle and Müller (2006), Goovaerts, Kaas and Laeven (2010), Denuit, Dhaene, Goovaerts, Kaas and 

Laeven (2006). This paper is the first to include the behavioral aspect of measuring risk.  
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Method 

 

 
As a proxy for market sentiment, we use the Psych Signal technology, which focuses on social 

networks by considering short message data to elaborate our indicator. This indicator directly reflects 

the emotions of individuals, bearing in mind that emotions are individual for psychology. The indicator 

has three main variables that seek to measure individuals’ sentiments about the market’s future. This 

indicator is consonant with the approach of Qiu and Welch (2006) and Sturm (2014), who measure 

market sentiment based on future investor expectations. More specifically, the first variable, called 

Bullish Intensity, analyzes market optimism according to a scale of 0 to 4, where 0 indicates the absence 

of this sentiment while 4 indicates the maximum presence of this sentiment. The second variable, called 

Bearish Intensity, suggests the presence of pessimism on the part of investors, and it is also measured 

on a scale of 0 to 4. Finally, the third variable, called Bull-Bear, measures the difference between the 

first two variables in order to give a measure of liquidity.  

From an empirical point of view, we have chosen to investigate the U.S. (NASDAQ), German 

(DAX) and Chinese (SSEC) markets. We have selected these market indices because, in addition to 

their representativeness and volume in terms of the global economy and their continents, they are the 

only relevant market indices with the sentiment data that we require. Moreover, they represent distinct 

economic scenarios, and thus enrich our obtained results. We have collected daily data from quotation 

and sentiment variables for these markets, considering all information periods that were available 

through the Psych Signal technology at the time this study was prepared. This paper utilizes data from 

December 1, 2010 to August 27, 2015. This is the largest possible sample currently available to analyze 

these three markets. 

Turning to the discussion of measures of risk, the risk of financial positions has been more 

scientifically addressed, ever since the notable work of Markowitz (1952). The use of variability 

measures, such as standard deviation, became common. Critical events began to be examined by using 

quantiles, such as Value at Risk (VaR). Duffie and Pan (1997) and Jorion (2007) have examined VaR 

in their studies. Despite the extensive practical use of VaR, the indiscriminate use of VaR began to be 

highly criticized because it is not a convex measure, as shown by Artzner, Delbaen, Eber and Heath 

(1999), which implies that the risk of a diversified position can be greater than the sum of individual 

risks. Thus, the expected value of losses that exceeds VaR, known as the Expected Shortfall (ES) 

proposed by Acerbi and Tasche (2002), Rockafellar and Uryasev (2002) and Pflug (2000), was defended 

as a potential risk measure. However, the variability concept, which is one of the pillars of the concept 

of risk, is ignored in this definition. Righi and Ceretta (2016) propose a new measure of risk called the 

Shortfall Deviation Risk (SDR), which can be defined as the ES, which is penalized by the dispersion 

of results that represent losses greater than ES. In addition to its concrete practical definition, SDR 

possesses solid theoretical properties that ensure that it can be used without violating axiomatic 

assumptions. 

Thus, in this study we use four measures of risk, and their formulations appear below (1). These 

definitions have been adapted from Righi and Ceretta (2016). Let X signify the daily log-returns for each 

analyzed market. Given a significance level of 0 ≤ 𝛼 ≤ 1, and an aversion risk coefficient of 0 ≤ 𝛽, 

we have: 

𝜎(𝑋) = (𝐸[(𝑋 − 𝐸ℙ[𝑋])2])
1

2. 

𝑉𝑎𝑅𝛼(𝑋) = − inf  {𝑥 ∶ 𝐹𝑋(𝑥) ≥ 𝛼} = −𝐹𝑋
−1(𝛼) = −𝑞𝛼(𝑋).    

𝐸𝑆𝛼(𝑋) = −𝐸[𝑋|𝑋 ≤ 𝑞𝛼(𝑋)] = −𝑒𝛼(𝑋).    

𝑆𝐷𝑅𝛼(𝑋) = 𝐸𝑆𝛼(𝑋) + (1 − 𝛼)𝛽 (𝐸 [|(𝑋 − 𝑒𝛼(𝑋))
−

|
2

])

1

2
.    

                                                  (1) 

The standard deviation is the square root of the variance. VaR is the negative quantile 𝑞𝛼 of 𝑋, 

which represents a loss that it is only exceeded with probability 𝛼. VaR does not consider information 

after the quantile of interest, only the point itself. ES overcomes this difficulty, by representing the 
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expectation of X, adjusted by the negative sign and conditioned to X, as being a higher loss than VaR; 

i.e., an extreme loss. SDR is ES penalized by the semi-deviation of results worse than the ES. The term 

(1 − 𝛼)𝛽 represents how much dispersion shall be included as the ES penalty, which may serve as a 

protection. The choice of values for 𝛽 enables the incorporation of subjective issues such as the agent’s 

degree of risk aversion. 

To estimate risk measurements, we use the empirical method known as historical simulation (HS), 

which creates no assumptions about the data. Pérignon and Smith (2010) indicate that 76% of 

institutions that disclose their risk estimation procedures use HS. Let 𝐹𝑋
𝐸 be the empirical distribution of 

𝑋; then estimators of the measures considered can be represented by the following formulations (2): 

�̂�𝛼 = [(𝑁)−1 ∑ (({𝑋}1
𝑁−(𝑁)−1 ∑ ({𝑋}1

𝑁)𝑁
𝑖=1 )

2
)𝑁

𝑖=1 ]

1

2
,  

𝑉𝑎�̂�𝛼 = −(𝐹𝑋
𝐸)−1(𝛼), 

𝐸�̂�𝛼 = −(𝑁𝛼)−1 ∑ ({𝑋}1
𝑁 ∗ 𝟏{𝑋}1

𝑁<−𝑉𝑎�̂�𝛼)𝑁
𝑖=1 , 

𝑆𝐷�̂�𝛼 = 𝐸�̂�𝛼 + (1 − 𝛼)𝛽 [(𝑁)−1 ∑ (|({𝑋}1
𝑁 − (−𝐸�̂�𝛼))

−
|

2
)𝑁

𝑖=1 ]

1

2

. 

(2) 

In (2) 𝑁  is the sample size, 𝛼  is the significance level, and 𝟏𝑞  is the indicator function that 

assumes the value 1 if q is true and assumes the value 0 if p is false. (𝑋)− = max(−𝑋, 0). We chose a 

parameter value of α = 0.05, β = 1, N = 250. These values represent, respectively, the significance level 

most often used in finance, a standardized risk aversion coefficient – the same used by Righi and Ceretta 

(2015), and around one year of daily data to compute the risk measurements for each day of the sample. 

These kinds of values appear in studies that perform estimations of risk such as Kuester, Mittnik and 

Paolella (2006), Alexander and Sheedy (2008), and Fan, Wong and Zeng (2012).  

Hence, we now have 957 daily estimates for each measure of risk and each sentiment indicator 

for all of the markets. In order to understand the relationship between these measures of risk and market 

sentiment, we calculate correlation coefficients. We use the parametric version of Pearson, as well as 

the non-parametric alternatives of Kendall and Spearman. The advantage of correlations is their 

simplicity and the absence of the supposition of functional forms for the relationship, as occurs in 

regression techniques, for example. Nonetheless, it is possible to obtain an initial mapping of this 

relationship, which will be used for more complex analysis later.  

 

 

Results  

 

 
We begin by presenting the results for the U.S. market. Figure 1 shows plots of the evolution of 

the series which we are analyzing. The series for sentiment has oscillations with negative peaks. The 

log-returns exhibit the typical financial behavior of volatility clusters and mean reversion patterns. All 

of the measures of risk demonstrate a similar pattern with differences only in terms of magnitude. The 

riskier period in the sample is at the beginning, probably due to the European Debt crisis.  
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Figure 1. Time Series of Daily Data from Bullish and Bearish Intensities, Their Differences, Log-

Returns and Risk Measurements for the U.S. Market 

Table 1 presents descriptive statistics for the series in Figure 1. The Bullish Intensity series has a 

mean of 1.57, on a scale of 0 to 4, indicating that there is no extreme optimism. The same can be said 

about the Bearish Intensity, with a mean of 1.15. Moreover, the deviations of the sentiment variables 

are huge in relation to the means, especially for the Difference series. Concerning log-returns and risk 

measurements, there is a similarity in their deviations. In terms of skewness, there is a predominance of 

negative values. Risk measurements with corrected signs present the same behavior. This is a common 

stylized fact in terms of financial data. Exceeding kurtosis for all variables is near zero, with the 

exception of returns (leptokurtic) and Bearish Intensity (plactokurtic).  

 

Table 1 

 

Descriptive Statistics of Daily Data from Bullish and Bearish Intensities, Their Differences, Log-

Returns and Risk Measurements for the U.S. Market 

 

 Mean Deviation Skewness Kurtosis 

Bullish 1.57 0.71 -0.81 3.17 

Bearish 1.15 0.96 0.07 1.65 

Difference 0.42 1.24 -0.14 2.31 

Returns 0.00 0.01 -0.28 4.57 

Σ 0.01 0.01 1.31 3.03 

VaR 0.02 0.01 1.22 2.98 

ES 0.02 0.01 1.46 3.43 

SDR 0.02 0.01 1.48 3.46 

Note. The Bullish Intensity series has a mean of 1.57, on a scale of 0 to 4, indicating that there is no extreme optimism. The 

same can be said about the Bearish Intensity, with a mean of 1.15. Moreover, the deviations of the sentiment variables are huge 

in relation to the means, especially for the Difference series. Concerning log-returns and risk measurements, there is a similarity 

in their deviations. In terms of skewness, there is a predominance of negative values. Risk measurements with corrected signs 

display the same behavior. This is a common stylized fact in terms of financial data. Exceeding kurtosis for all variables is near 

zero, with the exception of returns (leptokurtic) and Bearish Intensity (plactokurtic).  

Table 2 complements this by exhibiting correlations of market sentiment variables with the risk 

measures. Generally speaking, correlations have low absolute values. Nonetheless, Bullish Intensity and 
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Difference have negative relationships to risk and do exhibit statistical significance for all correlations, 

while the Bullish Intensity has a positive relationship and is significant only for the Spearman 

correlation. These results indicate that when risk increases, optimism decreases and pessimism 

increases. Also, Bullish Intensity dominates Bearish Intensity as reflected by the results for the 

Difference. It is valid to note that the results for the three types of measure associations are quite similar. 

This is a robust result for this paper, since our findings do not depend on this choice. 

 

Table 2 

 

Correlations of Daily Data from Bullish Intensity, Bearish Intensity and Their Differences with 

the Risk Measurements for the U.S. Market 

 

Pearson     

 Σ VaR ES SDR 

Bullish -0.14 -0.13 -0.13 -0.13 

Bearish 0.00 0.01 0.00 0.00 

Difference -0.08 -0.08 -0.08 -0.08 

Spearman     

 Σ VaR ES SDR 

Bullish -0.08 -0.04 -0.10 -0.10 

Bearish -0.04 0.06 0.06 0.06 

Difference -0.09 -0.08 -0.11 -0.12 

Kendall     

 Σ VaR ES SDR 

Bullish -0.05 -0.03 -0.07 -0.07 

Bearish 0.03 0.04 0.04 0.04 

Difference -0.06 -0.06 -0.08 -0.08 

Note. Generally speaking, correlations have low absolute values. Nonetheless, Bullish Intensity and Difference have negative 

relationships to risk and do exhibit statistical significance for all correlations, while the Bullish Intensity has a positive 

relationship and is only significant for the Spearman correlation. These results indicate that when risk increases, optimism 

decreases and pessimism increases. Also, the Bullish Intensity dominates Bearish Intensity as reflected by the results for the 

Difference.   

Bold values are statistically significant at a 5% level. 

We now turn our focus to the German market. Figure 2 shows plots of the studied series. One can 

note that market sentiment does not oscillate as much as those for the U.S. market, but also has negative 

peaks. Regarding the risk measurements, the pattern is very similar to the U.S. market, with a common 

trend and higher values at the beginning of the sample. Table 3 presents the descriptive statistics for the 

series. The means and deviations for the Bullish and Bearish Intensities are so similar that they 

effectively nullify each other. This is confirmed by the fact that the Difference variable has a mean that 

is very close to zero. In terms of the risk measurements, the descriptive pattern is identical to that for 

the U.S. market but with slightly larger magnitudes, reflecting a riskier profile. The same similarity 

occurs in terms of skewness, but the kurtosis shows some differences. The sentiment variables are 

leptokurtic.  
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Table 3 

 

Descriptive Statistics of Daily Data from Bullish and Bearish Intensities, Their Differences, Log-

Returns and Risk Measurements for the German Market 

 

 Mean Deviation Skewness Kurtosis 

Bullish 1.81 0.39 -0.31 4.64 

Bearish 1.80 0.35 -1.31 8.60 

Difference 0.02 0.49 0.31 5.56 

Returns 0.00 0.01 -0.02 4.64 

Σ 0.01 0.01 0.91 2.29 

VaR 0.02 0.01 0.99 2.64 

ES 0.03 0.01 1.13 2.65 

SDR 0.03 0.01 1.15 2.66 

Note. The means and deviations for the Bullish and Bearish Intensities are so similar that they effectively nullify each other. 

This is confirmed by the fact that the Difference variable has a mean that is very close to zero. In terms of risk measurements, 

the descriptive pattern is identical to that for the U.S. market but with slightly larger magnitudes, reflecting a riskier profile. 

The same similarity occurs in terms of skewness, but the kurtosis shows some differences. The sentiment variables are 

leptokurtic.  

 

 

Figure 2. Time Series of Daily Data from Bullish and Bearish Intensities, Their Differences, Log-

Returns and Risk Measurements for the German Market 

Table 4 shows the correlations for the studied relationship. In general, the correlations for the 

German market have higher values than those for the U.S. market, and are statistically significant. The 

Pearson and Spearman coefficients exhibit larger values than the Kendall coefficient. The signs and 

their behavior follow those for the U.S. market, with increases in risk leading to decreases in optimism 

and increases in pessimism. 
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Table 4 

 

Correlations of Daily Data from Bullish Intensity, Bearish Intensity and Their Differences with 

the Risk Measurements for the German Market 

 

Pearson     

 σ VaR ES SDR 

Bullish -0.25 -0.26 -0.23 -0.23 

Bearish -0.11 -0.13 -0.13 -0.13 

Difference -0.12 -0.12 -0.09 -0.09 

Spearman     

 σ VaR ES SDR 

Bullish -0.25 -0.25 -0.23 -0.23 

Bearish -0.06 -0.09 -0.07 -0.08 

Difference -0.17 -0.15 -0.14 -0.14 

Kendall     

 σ VaR ES SDR 

Bullish -0.17 -0.17 -0.15 -0.15 

Bearish -0.04 -0.06 -0.05 -0.06 

Difference -0.12 -0.10 -0.09 -0.09 

Note. In general, correlations for the German market have higher values than those for the U.S. market, and are statistically 

significant. Pearson and Spearman coefficients exhibit larger values than the Kendall coefficient. The signs and their 

interpretations follow those for the U.S. market, with increases in risk leading to a decrease in optimism and an increase in 

pessimism. 

Bold values are statistically significant at a 5% level. 

Finally, we describe the results for the Chinese market. Figure 3 presents the plots of the series. 

In general, there is great oscillation for the sentiment variables, but this time with positive peaks. 

Regarding the risk measurements, they have larger values, reflecting the fact that China is an emerging 

market. Moreover, risk is lower at the beginning of the sample, and rises towards the end of it. This 

patterns reflects the fact that this market has not been as affected by the European crisis as much as it 

has been affected by recent concerns regarding the Chinese economy.  
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Figure 3. Time Series of Daily Data from Bullish and Bearish Intensities, Their Differences, Log-

Returns and Risk Measurements for the Chinese Market 

Table 5 presents the results of the descriptive analysis. The sentiment variables have low values 

for their means, the lowest among the three studied markets, with high deviations and positive skewness. 

The descriptive statistics for log-returns and risk measurements follow the same pattern as the other 

markets. The main difference is in terms of kurotosis, which shows low values for the sentiment 

variables and high values for risk. This is a possible reflection of the fact that China is an emerging 

market.  

 

Table 5 

 

Descriptive Statistics of Daily Data from Bullish and Bearish Intensities, Their Differences, Log-

Returns and Risk Measurements for the U.S. Market 

 

 Mean Deviation Skewness Kurtosis 

Bullish 0.99 0.94 0.28 1.68 

Bearish 0.73 0.93 0.95 2.70 

Difference 0.27 1.33 -0.18 2.55 

Returns 0.00 0.02 -0.96 8.79 

Σ 0.01 0.01 2.44 9.60 

VaR 0.02 0.01 3.27 14.25 

ES 0.03 0.01 2.77 11.71 

SDR 0.03 0.01 2.44 10.15 

Note. The sentiment variables have low values for their means, the lowest among the three studied markets, with high deviations 

and positive skewness. Descriptive statistics for the log-returns and risk measurements follow the same pattern as the other 

markets. The main difference is in terms of kurotosis, which has low values for the sentiment variables and high values for 

risk. This is a possible reflection of the fact that China is an emerging market.  

Table 6 presents the correlations. One can note that the Pearson correlation has the highest values, 

followed by the Spearman and then Kendall correlations. Most of the relationships are statistically 

significant. Regarding sign and analysis, the results corroborate those found in the previous two markets. 

The specificity in this case is that pessimism has higher correlations to risk than optimism. 
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Table 6 

 

Correlations of Daily Data from Bullish Intensity, Bearish Intensity and Their Differences with 

the Risk measurements for the Chinese Market 

 

Pearson     

 Σ VaR ES SDR 

Bullish 0.10 0.05 0.08 0.08 

Bearsih 0.26 0.24 0.27 0.26 

Difference -0.11 -0.13 -0.13 0.13 

Spearman     

 Σ VaR ES SDR 

Bullish -0.01 -0.11 -0.05 -0.04 

Bearish 0.17 0.11 0.16 0.15 

Difference -0.13 -0.16 -0.15 -0.14 

Kendall     

 Σ VaR ES SDR 

Bullish -0.01 -0.08 -0.04 -0.03 

Bearish 0.12 0.08 0.11 0.11 

Difference -0.09 -0.11 -0.11 -0.10 

Note. One can note that the Pearson correlation has the highest values, followed by the Spearman and then Kendall correlations. 

Most of the relationships are statistically significant. Regarding sign and analysis, the results corroborate those found in the 

previous two markets. The specificity in this case is that pessimism has higher correlations to risk that optimism. 

Bold values are statistically significant at a 5% level. 

 

 

Concluding Remarks 

 

 
Our results indicate the existence of a significant relationship between measures of market 

sentiment and risk. Moreover, these results practically do not change for distinct measures of risk, which 

emphasizes that there is an association between risk and sentiment, no matter which measure is used.  

In terms of markets, the developed U.S. and German markets demonstrate a stronger relationship 

between optimism and risk, while the emerging Chinese market demonstrates a stronger relationship 

between pessimism and risk. These results corroborate, in terms of decision making, the findings of 

Charoenrook (2005), Yazdipour (2011), Yazdipour and Neace (2013), and Fong (2013). Nonetheless, 

our results conflict with those obtained by Andersen and Nowak (2013), who argue that the relationships 

should have signs that are the inverse of those that we have found. Moreover, our results are in keeping 

with the Prospect Theory, since in moments when sentiment indicates low liquidity (a negative value 

for the difference between Bullish and Bearish Intensities) investors try to reduce the negotiation 

volume, which positively affects risk. On the other hand, under the inverse scenario, when sentiment 

indicates high liquidity, there is an increase in the negotiation volume and a consequent decrease in risk. 

Our main finding is that we empirically confirm the intuitive idea that there is an association 

between market sentiment and risk. This implies that ignoring the behavioral aspect of risk management 

can lead to terrible results. Of course, this is just a first step. We suggest that future research should 

study this relationship further and consider risk aversion, control variables, partial correlations, temporal 

dependence, the identification of causality, the ascertaining of the functional forms of this dependence 

(regressions, copula regressions, etc.). Moreover, it would be very promising to compare standard 
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forecasting procedures for measuring risk with forecasts that are adjusted for sentiment, in order to 

verify if there are practical advantages to sentiment adjusted forecasting.  
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