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Abstract 
 

The determinants of fear gauge from March 2005 to September 2019 are empirically 

examined with attention to the single equity volatility index (VIX). This study 

utilized Poisson and Negative Binomial Regressions to investigate the link between 

perceived risk count and its variables at certain levels of quantiles. The Negative 

Binomial model was chosen based on the highest log-likelihood value and the 

lowest the Akaike information criterion (AIC) value to analyze the market 

psychology condition of investors. The result of the return on equity (ROE), cash 

conversion cycle (CCC), and dividend payout ratio (DPR) are negatively significant 

in both medium and higher quantile of perceived risk count. The debt ratio and free 

cash flow (FCF) positively affect the perceived risk count. The impacts of variables 

on higher quantile have a greater influence on perceived risk count, followed by 

medium quantile. 
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1. Introduction  

The role played by the volatility index (VIX), so-called fear gauge or fear index, 

was launched by The Chicago Board of Exchange (CBOE) in 1993. It was 

increasingly capturing the attention of hedgers and speculators for their trading 

demand regarding optimism or anxiety. (Gang and Li, 2014) In 2011, the Global 

Markets of CBOE had launched five single-equity VIX on Amazon, Apple, 

Goldman Sachs, Google, and IBM. CBOE started VIX futures and options on 

March 26, 2004, and February 24, 2006. The VIX index can be used to examine 

investor sentiment measured by the implied volatility of S&P 500 index options. 

(Bordonado, et al., 2017; Griffin and Shams, 2018) To explore overall uncertainty 

in the financial market, Robe and Wallen (2016) found that the better measurement 

for market sentiment for fear or risk was the equity VIX. 

Market sentiment related to market psychology affects noise traders' behavior 

neglecting fundamental valuation and helps clarify the unexplained movement in 

market changes. According to Karagozoglu and Fabozzi (2017), regarding the 

investing strategies accompanied by investor sentiment captured from financial and 

social media databases, the performance of the VIX-Exchange-trade products 

(ETPs) was superior to a benchmark. For many potential investors and academic 

scholars, market sentiment measured by VIX was arbitrage opportunities persisting 

through time. Consistent with this, as sources of information attract attention, the 

information or opinions disclosed about earnings announcements were expected to 

outperform the consensus earnings.    

Based on the timeframe, the behavior of the VIX can be classified by four types:  

1. Short term: trends of intraday data. 

2. Medium-term: mean-reverting of daily and weekly data.  

3. Long term: staying in the range of monthly data.  

4. Unusual term: big spikes for market crashes.  

Specifically, the VIX plays the role of contrarian indicator, regarded as mean-

reverting. It provides a buying signal when VIX excesses at a certain high level with 

investor stress up and then reverse downwards. On the other hand, a selling signal 

indicates that VIX drops below a certain low level, reflecting investor stress and 

then turns upwards.  

Lee, et al. (2005) used the weighted price index of the Taiwan Stock Exchange 

(TAIEX) to create the volatility index (VXT) in order to seek a good contrarian 

indicator. The findings supported that the VXT behavior followed mean-reverting 

patterns. To hedge more efficiently for VIX futures, Kendrick (2012) suggested that 

the predictive importance of mean-reversion for VIX futures enabled investors to 

estimate their size positions and hedge remunerations.  

Gang and Li (2014) revealed that the risk-returns behavior was connected with 

sentiment shifts and their changing scales. Fu, et al. (2016) found the relationship 

between changes in volatility risk and portfolio returns associated with the 

asymmetric effect. More recently, Ghulam (2019) investigated the multi-directional 

risk interactions assessed by VIX and VIX-like measures between emerging stock 
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markets. The empirical results showed that there existed persistent and expedited 

risk transmission. Huang (2014) applied Grey Relational Analysis (GRA) and 

selected critical elements like the U.S. dollar index, trading index, Commodity 

Research Bureau (CRB) index. Using these elements as input factors through 

Artificial Neural Network (ANN) methods, the empirical study showed that 

Recurrent Neural Network (RNN) could perform with superior ability to predict 

individual equity VIX.  

To the best of our knowledge, studies in the VIX as metrics of risk, mean reversion, 

or change of sentiment are mainly focused on the importance of stock market returns. 

However, they did not test the influence of critical financial ratios from the firm-

level perspective. The study is motivated by this gap and explores the extent to 

which financial variables influence the perceived risk of investors proxied by count 

data of the individual equity VIX with a new approach to enhance insolvency 

research.   

The phenomenon of market psychology for noise traders' behavior is a highly 

debated stock market issue. Consistent with the evidence of previous studies, which 

stated the lack of any link between the fear gauge and financial ratios at firm-level 

status. This study uses Poisson and Negative Binomial Regressions and aims to 

explore the relationship between perceived risk count and its determinants the 

certain levels to gain insight into the investors' market psychology condition.    

The contribution of this study to the extant literature is that this work tests how the 

sentiment changes respond to the financial ratios at a firm level. This work 

incorporates perceived risk count and these financial ratios to understand the 

different influences at the different levels. This article uses the panel data from 

CBOE individual equity VIX and financial variables. 

The rest of this study is structured as follows. Section two is a literature review, 

while Section three describes data and methodological approach. Section four 

presents the empirical results. Section five concludes the conclusion and limitations 

of this paper.     

 

2. Literature Review 

Many studies have long been fascinated by bankruptcy prediction through financial 

ratios. (Beaver, 1966; Altman, 1968; Ohlson; 1980; and Lennox; 1999) According 

to Altman's z-score method, the proposed ratios included in "working capital/total 

assets, retained earnings/total assets, earnings before interest and taxes/total assets, 

market value equity/book value of total liabilities, and sales/total assets" as a 

significant role for measuring credit risk. They found that financial ratios, such as 

the size, financial structure, performance, and current liquidity, are especially useful 

in evaluating insolvency predictive.  

Ni, et al. (2014) followed a set of financial ratios established by Altman (1968) and 

Ohlson (1980) and found that the determinants such as liquidity and profit loss have 

a significant influence in predicting Chinese business failure. José and José (2015) 

applied z-score ratios and used discriminant analysis techniques for obtaining more 
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accurate business default forecasting. Layla, et al. (2016) reported that a 

parsimonious Logit model dealt with the profitability ratio, the leverage ratio, and 

the cash flow ratios that can correctly predict corporate insolvency. Daniel (2016) 

incorporated the debt factor of Romanian companies and suggested that the debt 

ratio played an essential role in evaluating the risk levels two years in advance of 

bankruptcy.  

The economists have been continually active in the causes of bank failure. Cooper 

et al. (1994) and Heffernan (2003) showed that human capital measures like 

personality, fraud, management deficiencies, or losing customer contact played an 

influencing role. The empirical literature on the testing probability of failing for U.S. 

banks has already been reviewed by Abrams and Huang (1987). They found that 

increased nonperforming loans have higher risk exposures, causing bank failure. It 

was also CAMEL (Capital Adequacy, Assets, Management Capability, Earnings, 

and Liquidity) examined by Henebry (1997) who revealed the significant effect of 

nonperforming loans on total loans on bank failure. Carlos, et al. (2014) revealed 

that banks' monitoring systems could be used to assess the bank's risk. Monitoring 

systems included "CAMELS (Capital Adequacy, Assets, Management Capability, 

Earnings, Liquidity and Sensitivity to Interest Rate Risk)" and "PEARLS 

(Protection, Effective Financial Structure, Asset Quality, Rates of Return and Costs, 

Liquidity and Signs of Growth)."  

Chen and Chen (2011) used the CAMEL criteria to investigate off-site surveillance 

on bank rating changes connected with credit risk management procedures. The 

research results revealed that banks with higher capital to loan ratio and liquid asset 

ratio could upgrade the probability of long-term creditworthiness. An empirical 

study of risk analysis by Deni and Adnan (2012) revealed that the return on assets 

(ROA) was one of the leading causes of the probability of credit default. Glogova 

and Warnung (2006) used the Value-at-Risk (VaR) to assess credit risk. They 

measured the bank's economic capital and correlations among systematic risk 

factors for evaluating off-site banking analysis.   

A growing empirical literature investigates whether VIX has impacted market or 

firm-level returns. Chen (2003) specified that changes in the implied volatility are 

of interest to investors as a means of measuring future market risk. The investigation, 

enhanced by Ang, et al. (2006), verified sensitivity changes as the perceived risk 

can be reflected in firms' returns. Dennis, et al. (2006) examined the relationship 

between implied volatilities for the S&P 100 equity index and the top 50 U.S firms 

and stock returns. They indicated that the negatively dynamic relation between 

stock returns and index volatility innovations existed. However, systematic market-

wide factors were superior to aggregated firm-level effects in the asymmetric 

volatility phenomenon. Whaley (2009) concluded a strong negative concurrent 

relationship between VIX and stock market returns in the U.S and Europe. 
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3. Data  

The quarterly data has been considered from the CBOE, which consists of five 

single equity VIXs. We have taken a perceived risk as the dependent variable. It 

classifies into three certain levels, such as lower (Q1), median (Q2), and higher (Q3) 

perceived risks based on the quantile. The association of independent and dependent 

variables (i.e., perceived risk count) is shown in Table 1.  

This study collects quarterly data for all independent variables obtained from 

Macrotrends Net from March 2005 to September 2019. The CBOE data of five 

single equity VIXs, including Amazon, Apple, Goldman Sachs, Google, and IBM 

from Investing.com, is used for the following analysis. The independent variables 

used to estimate the impacts of the perceived risk count of the investor as measured 

by individual equity VIX are described in Table 1. 

 

3.1 Financial Health 

3.1.1 Z Score 

The z score Model can help measure a company's financial health to predict 

financial distress status accurately. It may identify capability for operation and helps 

to lower the sentiment of the investor when evaluating insolvency. Foo (2015), Foo, 

et al. (2016), and Foo, et al. (2018) analyzed and compared the relationship between 

the financial health (z score) and corporate performance (the return on equity, ROE) 

for the manufacturing sector in China, Hong Kong, India, and Singapore. They 

found a positive association between ROE and z score, enhancing stakeholders' 

confidence in investment in these markets. Thus, the likelihood of perceived risk 

count is expected to decrease with increased financial health. 

 

3.1.2 Tobin's Q 

Raja and Kumar (2006) used the discriminate model to predict the probability of 

financial distress. They found that Tobin's Q value, which is higher than one firm 

have financially healthy, lowing the likelihood of insolvency. Kazemian, et al. 

(2017) indicated that firms with higher Tobin's are likely to have a better 

performance slowing down the possibility of financial distress. Thus, Tobin's Q 

improves financial health, probably reducing the perceived risk count.      
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Table 1: The List of dependent and independent variables 

Variable Notation Formula Sign 

Perceived Risk Count RISK Single equity VIX  

Financial Health 

Z score 

ZS 

Altman’s (1968) Z score= 

(1.2×A)+(1.4×B)+(3.3×C)+(0.6×D) +(1.0×E) 

A=Working Capital/ Total Assets 

B=Retained Earnings/ Total Assets 

C=Earnings Before Interest & Tax/ Total Assets 

D=Market Value of Equity/ Total Liabilities 

E=Sales/ Total Assets 

- 

Tobin’s Q TQ Total Market Value /Total Asset Value - 

Technology Competition 

R&D Expenditure RD R&D expenditure +/- 

Leverage Finance 

Debt Ratio DR Total Debt/Total Asset + 

Financial Liquidity 

Cash Conversion Cycle * CCC 

CCC= DIO+DSO−DPO= 

DIO = Days of inventory outstanding 

= (Average Inventory/ Cost of Goods Sold)*365. 

DSO = Days sales outstanding 

= Average Account Receivable/ Revenue per day 

DPO = Days payables outstanding 

= Average Account Payable/ Cost of Goods Sold 

per day 

- 

Profitability 

Return on Equity ROE Net Income/ Equity - 

Return on Asset ROA Net Income/ Total Asset - 

Dividend Policy 

Dividend Payout Ratio DPR Dividend Paid/ Net Income - 

Company Value 

Price to Book Value PBV Market Stock Price/ Book Value + 

Cash management 

Free Cash Flow FCF 

FCF = Cash Flow from Operating Activities 

+ Interest Expense -Tax Shield 

Capital Expenditure 

+ 

Management Efficiency 

Total Asset Turnover Ratio TAT Total Sales/ Total Asset - 
Note: * The formula refers to Investopedia. 

(www.investopedia.com/terms/c/cashconversioncycle.asp). 
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3.2 Technology Competition  

3.2.1 R&D 

Considering a linkage of Altman z score work, Toshiyuki and Mika (2009) revealed 

a positive relationship between R&D expenditure and the financial performance for 

the Japanese machinery industry due to its matured technology and low risk with 

less competition. However, a negative impact of R&D expenditure on the financial 

performance for the electric equipment industry because of the short life cycle 

product and aggressive global competition, causing a high risk for investment. 

Eisdorfer and Hsu (2011) indicated that firms underperformed in technology 

competition are more likely to file for bankruptcy due to severe technology 

competition dealing with operational risk and lowering profits and stock prices. 

Therefore, R&D expenditure may positively or negatively affect financial 

performance depending on industrial attributes, likely influencing perceived risk 

count leading to mixed results. 

 

3.3 Leverage Finance 

3.3.1 Debt Ratio 

Daniel (2016) suggested that the debt ratio can provide a more reliable means for 

assessing leverage finance, and the results showed a positive relationship between 

leverage finance and the default risk. Fazzari, et al. (1988) revealed that firms faced 

with higher leverage have the likelihood of experiencing financial distress due to 

technical insolvency for repaying problems. The overuse of leverage due to an 

increased debt ratio will probably increase perceived risk count. 

 

3.4 Financial Liquidity 

3.4.1 Cash Conversion Cycle 

Liquidity risk measured by the Cash Conversion Cycle (CCC) can reveal the status 

of the health of a firm reflecting on cash management policies. (Faris and Nassem, 

2013) CCC formula considers the time spans required for a company to get cash 

flows from the production and sales process, such as inventory, account receivables, 

and bill payment. Iman, et al. (2014) indicated that the company's stakeholders 

experienced the financial distress risk under a negative CCC if firms were 

inefficiently dealing with surplus cash with an increase in credit. This paper 

investigates whether any significant relationship exists between CCC and the 

probability of the perceived risk count. The longer a firm's CCC, the likelihood of 

the worse situation of sentiment risk for stakeholders.   

 

3.5 Profitability 

3.5.1 Return on Equity and Return on Asset   

Lina, et al. (2005) exerted a significantly negative relationship between various 

financial performances, such as return on equity (ROE) and return on asset (ROA), 

and insolvency risk index of Taiwanese banks. Likewise, Ikpesu and Eboiyehi 
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(2018) have concluded that asset tangibility and profitability added explanatory 

power for influencing financial distress negatively. This study hypothesizes that the 

higher the financial performance of probability, the lower the perceived risk count 

for investors.   

 

3.6 Dividend Policy 

3.6.1 Dividend Payout Ratio 

In the light of signaling theory, Kale, et al. (1990) and Kapoor (2006) reported that 

dividend yields signal steady cash flows and a firm's future perspective. Jaara, et al. 

(2018) found that the negative relationship between dividend payout ratio and the 

default risk which relating to financial gearing to the operation (i.e., debt to equity 

ratio) and the risk measure (i.e., volatility measure of the ROA). Therefore, the 

hypothesis of dividend policy is likely to have a negative relationship with the 

perceived risk count. 

 

3.7 Company Value 

3.7.1 Price to book value 

Price to book value (PBV) can be measured as an indicator of the company value in 

evaluating an overvalued or undervalued stock level for the stakeholders. (Marangu 

and Jagongo, 2014) The empirical results revealed a negative but statistically 

insignificant relationship between the distress risk and the book-to-market equity 

ratio because of market inefficiency. (Idrees and Qayyum, 2018) Therefore, there is 

still a need to enhance the empirical study to accurately measure the impact of PBV 

on sentiment shifts. This paper analyzes the role of company value in evaluating a 

positive relationship between PBV and perceived risk count. The stakeholders will 

probably avoid the high overvalued stock under the consideration of high risk. 

 

3.8 Cash Management 

3.8.1 Free Cash Flow  

Jensen (1986) found that managers' opportunistic behavior such as over-

investments and misusing capitals will likely optimize compensation if low-growth 

firms have greater FCF rushes risky activities. Thiruvadi, et al. (2016) confirmed 

that such activities in manipulating cash flow are likely related to increased internal 

auditing for controlling risk. In contrast, Finishtya (2019) supported the view that 

firms with good operating cash flow can probably avoid financial distress. 

Therefore, the relationship between free cash flow and perceived risk count remains 

ambiguous.  

 

3.9 Management Efficiency 

3.9.1 Total Asset Turnover Ratio 

The empirical results of Khanna and Poulsen (1995) pointed out that incompetence 

and inefficient managerial decisions are the main reasons for financial difficulty, 
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while managerial incentives fulfilling stockholder interests enhanced stock market 

reaction. Likewise, Evans, et al. (2014) reported that skilled CEOs familiar with 

businesses eager to perform excellently earn bonuses when satisfied stakeholders' 

needs. Ting (2011) indicated that the probability of a firm's default risk could be 

reduced by replacing top management. Santosuosso (2014) found a positive 

relationship between the total asset turnover ratio as proxies of management 

efficiency and profitability. The results provided a strong signal for the investor to 

evaluate firms' performance and react to financial distress by quickly divesting 

assets. Therefore, management efficiency would probably negatively influence the 

perceived risk count. 

 

4. Methodology 

This article used negative binomial distribution to check the significant effect of the 

variable. The normal distribution is not suitable for the data due to the violation of 

ordinary least square regression for error terms. This paper compared it with poison 

distribution to show the novelty of our method. To elaborate more, we discuss both 

Poison and Negative Binomial Regression and their maximum likelihood 

estimation procedure for parameters.     

This paper uses the panel data to examine estimated counts by analyzing traffic 

accidents (Quddus, 2008; Wan, et al. 2011), auto insurance claims (David and 

Jemna, 2015), and loan defaults (Karlis and Rahmouni, 2007).    

This empirical study uses the quarterly count number of each single equity VIX as 

the perceived risk count at the quartile. These count data have discontinuities and 

non-negative characteristics. Under the normal distribution assumption of the error 

term, the regression is not suitable. (Chen and Chen, 2002) Therefore, Poisson 

Regression and Negative Binomial Regression are more suitable for the occurrence 

pattern. The two models are as follows: 

 

4.1 Poisson Regression  

Assume that is the number for the quartile of VIX in the selected time range, and 

the independent observations of which are. The regression formula of the Poisson 

distribution probability function   can be expressed as: (Greene, 1998; Chen and 

Chen, 2002). 
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where  is the mean and variance of Poisson distribution, and iy represent a 

dependent variable. The maximum likelihood of coefficients are as follows: 
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( )i ig x = ,                                                      (3) 

 

where are coefficients. 

 

4.2 Negative Binomial Regression 

Due to the omission of variables, data incompleteness, and non-homogeneous, there 

is an overdispersion for the dependent variable. It leads to the contrary to the 

assumption of Poisson Regression for "the mean is equal to the variation" 

phenomenon. Therefore, this paper adopts Negative Binomial Regression for the 

analysis connected with different assumptions; that is, the variance is different from 

the mean. The conditional expression for the adjusted probability function model 

can have the formula: 

 

iii x  +=ln .                                               (4) 

 

Assume that the expected value of the residual follows a gamma distribution, with a 

mean of 1.0 and a variation of δ2. Then, substituting the adjusted conditional 

expression (2) into the probability model can be expressed as: 
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4.3 Overdispersion Examination 

In order to select a suitable model, the sample dispersion test proposed by (Cameron 

and Trivedi, 1990) was used. If the sample dispersion is too large and significant, 

H0 is rejected, and it is not suitable to use the Poisson Regression. A Negative 

Binomial Regression must be adopted. (Greene, 1998) The test assumptions are: 

 

H0：Var[yi] = E[yi] ……………………… (Poisson Regression), 

H1：Var[yi] = E[yi] + αg(μi) …………….. (Negative Binomial Regression), 

 

where α stands for parameter value and g(μi) =μi are the sample mean. 

 

5. Results and Discussions 

The log-likelihood value and the Akaike Information Criterion (AIC) can be used to 

determine the best-fitting model (Cleves et al., 2008; Chen and Chen, 2011). As 

shown in Table 2, the results of the best fitting model are obtained for two different 

tests. The Negative Binomial model was chosen based on the highest log-likelihood 

value and the lowest AIC value. 

The results provide evidence of overdispersion in the Poisson model in all three 

quantiles. If we look at the coefficients, the t-ratio is 7.423 and 5.979 in Q3 (i.e., 

g=mui and g=mui2). Both the values are higher than the criteria value 2.32. 

Furthermore, similar results indicate that both t-ratio are greater than the criteria 

value on Q1 and Q2. We confirm that results do not support the Poisson model, and 

we will choose the Negative Binomial model for perceived risk evaluation in our 

study. 

 
Table 2: Overdispersion test 

 Q1 Q2 Q3 

g(𝑢𝑖)  6.987*** 9.494*** 7.423*** 

g(𝑢𝑖
2)  6.481*** 7.689*** 5.979*** 

Log-likelihood -469.906 -555.871 -659.672 

AIC 3.038 4.123 5.421 
Note: *, **, and *** denote 10%, 5% and 1% levels of significant for t ratio. 

 

The empirical result of the Poisson model in Table 3 shows a statistically significant 

and positive relationship between perceived risk count and the variables like ZS, TQ, 

and TAT in all quantiles. The results revealed that the likelihood of the increases in 

financial health (ZS), Tobin's Q (TQ), and total asset turnover ratio (TAT) added 

explanatory power for influencing financial distress positively. This positive 

relationship with perceived risk count adds to the evidence presented by Nguyen 

and Nghiem (2015) and Giordana and Schumacher (2017). This study hypothesizes 

that the higher the probability of financial performance, the lower the perceived risk 

count for investors. However, these results are inconsistent with the hypothesis. The 
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coefficient of ROA is a positive and significant effect on the Z score. It tends to 

imply that the capital-to-asset ratio is mainly responsible for the dynamics of the Z 

score. The decline in cost efficiency raises the risk of insolvency. 

Silva and Majluf (2008) found that family-owned firms positively affect a firm's 

performance. This positive relationship enhances a firm's performance when using 

Tobin's Q. In addition, for the variable (TQ), the coefficient for external connections 

to a company is positive and significant, as Tobin's Q determines. It is beneficial to 

have extensive family involvement to decrease the risk and maintain a firm's 

performance, revealing the fewer risk of bankruptcy. Further, managers strive to 

decrease the likelihood of bankruptcy to improve business stability and protect their 

investment in firm-specific human capital. As a result, they may take steps to 

decrease company risk. On the other hand, Membroek (2002) and Nocco and Stulz 

(2006) confirmed that firms with a risk portfolio were better to make an appropriate 

strategy in the capital market for enhancing corporate's value.  

The results for TAT provide evidence of a significant positive relationship with 

stock return presented by Patin et al. (2020). The results revealed that total asset 

turnover ratios significantly affect stock returns reflecting less risk. The significant 

results for DR and FCF for Q2 and Q3 are consistent with the hypothesis of this 

study. This finding adds to the evidence presented by Finishtya (2019). Free cash 

flow helps to improve the financial health of a firm and a higher probability of 

financial performance. These results show less risk between the FCF and perceived 

risk count. Beasley, et al. (2005) and Golshan and Rasid (2012) revealed that firms 

with increasing ROA had a higher risk awareness due to different regulatory 

requirements.  

The statistically significant results negatively correlate with perceived risk count in 

the Poison model representing RD, CCC, ROE, DPR, and PBV in most results for 

Q2 and Q3. Even though earlier studies have confirmed that investing in research 

and development (R&D) improves a company's performance, Ahmed and Jinan 

(2011) and Antonelli (1989) found that there was a negative relationship between 

research and development (RD) expenditures and profitability when firms make 

innovative efforts. Their performance falls below a certain level. The findings 

indicated that the link between performance and R&D expenditure is not linear but 

is regulated by a firm's life cycle, which should be considered when determining 

policy based on market-risk-based performance. Based on the results of R&D 

expenditures may have both positive and negative impacts on perceived risk count 

for all five-single equity VIX. These results indicate that the equity VIX Amazon 

Apple, Google, Goldman Sachs, and IBM dominated the related field facing 

technology competition with less risk. 

The return on equity (ROE) and Cash conversion cycle (CCC) are also negatively 

significant in both Q2 and Q3. It added to control for negatively influencing 

financial distress, consistent with this study's hypothesis. The significant results for 

DPR and PBV also provide evidence of a negative relationship with perceived risk 

count. These financial ratios are strong factors and give good news for investing in 

the equity VIX index. 
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Table 3: Estimation of Poisson Distribution 

 Q1 Q2 Q3 

Variables Coefficient Prob. Coefficient Prob. Coefficient Prob. 

C 
3.204 

(0.000) 

*** 
1.636 

(0.000) 

*** 
-1.654 

(0.000) 

*** 

ZS 
0.098 

(0.030) 

** 
0.357 

(0.000) 

*** 
0.617 

(0.000) 

*** 

TQ 
49.000 

(0.004) 

*** 
116.105 

(0.000) 

*** 
274.697 

(0.000) 

*** 

RD 
-0.183 (0.104) -0.690 

(0.000) 

*** 
-0.739 

(0.002) 

*** 

DR  
-0.183 (0.108) 1.774 

(0.000) 

*** 
4.755 

(0.000) 

*** 

CCC 
-0.000 (0.120) -0.000 

(0.000) 

*** 
-0.000 

(0.028) 

*** 

ROE  
-0.154 (0.335) -0.976 

(0.000) 

*** 
-2.418 

(0.000) 

*** 

ROA 
- - 6.081 

(0.000) 

*** 
14.403 

(0.000) 

*** 

DPR  
-0.003 (0.220) -0.009 

(0.000) 

*** 
-0.454 (0.232) 

PBV 
-0.040 

(0.000) 

*** 
- - -0.168 

(0.000) 

*** 

FCF     
0.000 (0.235) 0.0029 

(0.002) 

*** 
0.023 

(0.000) 

*** 

TAT 
0.883 

(0.000) 

*** 
1.181 

(0.000) 

*** 
1.603 

(0.000) 

*** 
Note: *, **, and *** denote 10%, 5% and 1% levels of significant for p value. 

  

Table 4 shows the results of the negative binomial distribution. The test results for 

the ZS were positively significant in all quantiles. The results suggested that the 

prospect of the increases in financial health (ZS) added clarifying support for 

influencing financial distress positively. These results conflict with the proposed 

hypothesis. Giordana and Schumacher (2017) confirmed a positive relationship 

between Z score and firm performance, but less cost efficiency enhances the risk of 

insolvency. 
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Table 4: Estimations Negative Binomial Regression distribution 

Negative Binomial 

 Q1 Q2 Q3 

Variables Coefficient Prob. Coefficient Prob. Coefficient Prob. 

C 
3.196 

(0.000) 

*** 
2.785 

(0.000) 

*** 
-2.214 0.158 

ZS 
3.848 

(0.000) 

*** 
0.293 

(0.037) 

** 
0.746 

(0.026) 

** 

TQ 
- - - - 341.194 

(0.012) 

** 

DR 
- -   5.734 

(0.001) 

*** 

CCC 
- - -0.000 

(0.028) 

** 
- - 

ROE  
- - - - -2.889 

(0.016) 

** 

ROA 
- - - - 16.102 

(0.002) 

*** 

DPR  
- - -0.039 

(0.025) 

** 
- - 

PBV 
- - - - -0.188 

(0.007) 

*** 

FCF  
-0.027 

(0.002) 

*** 
- - 0.012 

(0.020) 

** 

TAT 
- - 2.462 

(0.000) 

*** 
- - 

Note: *, **, and *** denote 10%, 5% and 01% levels of significant for p value. 

 

The mixed results for FCF in Negative Binomial Distribution for Q1 present less 

impact on perceived risk count, while the significant positive result in Q3 is likely 

to affect. This negative impact leads to the evidence presented by Finishtya (2019) 

and revealing that companies with good operating cash flow are less risky. The 

significant positive result for FCF was consistent with the hypothesis and proved 

that highly free cash flow and operating activities positively affect perceived risk 

count on equity VIX. The significant positive value in Q3 for TQ is inconsistent 

with the study. Silva and Majluf (2008) indicated that an increase in the profitability 

of equity VIX experienced less likelihood of perceived risk and insolvency. 

Membroek (2002) pointed out that an adequate risk policy influenced firms to lower 

debt costs by optimizing the risk-return trade-off inflecting firm value.  

The significant result for the DR factor in Q3 is consistent with the hypothesis. The 

results confirm the probability of an increasingly positive relationship between debt 

ratio and perceived risk count. The results give evidence to the finding presented by 

Ma, et al. (2020) that increased debt damages the firm's performance. High leverage 
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and more debt ratio would almost certainly increase the perceived risk count on 

equity VIX.  

The CCC, ROE, and DPR results are negatively significant in Negative Binomial 

Distribution in Q2 and Q3, respectively. These results are consistent with the 

hypothesis of this study. The finding for the PBV ratio also has a negative 

relationship with perceived risk count that is consistent with Siregar and Jahja 

(2020). Moreover, Philipp and Nadine (2017) showed that the likelihood of 

profitability as measured by ROA increased with the implementation of risk 

management due to funding for the required financial resource.   

 

6. Conclusion 

This study examined how financial ratios influence changes in sentiments at the 

firm level. The article employed CBOE individual equity VIX. Based on the 

financial ratios such as Financial Health, Technology Competition, Leverage 

Finance, Liquidity, Profitability, Dividend Policy, Company Value, Proprietary 

Asset, Cash Flow Management, and Management Efficiency. We evaluate whether 

financial variables influence perceived risks to count to investing in VIX individual 

equities. 

The study utilized Poisson and Negative Binomial Regressions to investigate the 

link between perceived risk count and the variables at certain levels of quantiles to 

get insight into the market psychology condition of investors. The Negative 

Binomial model was chosen based on the highest log-likelihood value and the 

lowest AIC value.  

Most of the findings agreed with the hypothesis of this study. The variables like 

CCC, ROE, and DPR showed negatively significant in Negative Binomial 

Distribution in Q2 and Q3 quantiles. These variables are further helpful to control 

for affecting financial stress negatively. The significant positive result for FCF 

proved that highly free cash flow and operating activities positively affect perceived 

risk count. By comparing different quantile levels, the most influential variables 

associated with higher perceived risk based on Q3 quantile, followed by medium 

Q2 and lower Q1, have two variables that are significantly influenced. Based on an 

adequate risk policy, firms have been encouraged to reduce debt related to the 

optimization trade-off for risk-reward that influenced enterprises' value. The 

probability of profitability measured by the ROA increased with the implementation 

of risk management because of the funding of the required financial resources.  

This paper gives information to investors in VIX equities, and significant variables 

were influential factors and gave good news for investing in such investment. 

Appropriate control of relevant variables at different risk levels implies ensuring the 

extent to which it can effectively influence risk perception.     

 

 

 

 



92                                       Chen, Hussain and Yeh  

Reference 
[1] Abrams, B. A. and Huang, C. J. (1987). "Predicting bank failures: The role of 

structure in affecting recent failures experiences in the USA, Applied 

Economics, vol.19, 1987, pp.1291-1320. 

[2] Ahmed, K., and Jinan, M. (2011). The association between research and 

development  expenditure and firm performance: Testing a life cycle 

hypothesis, International Journal of Accounting, Auditing and Performance 

Evaluation, vol.7, no. 4, 2011, pp.267-286. 

[3] Altman, E. (1968)."Financial ratios, discriminant analysis and the prediction 

for corporate bankruptcy", Journal of Finance, vol.23, no.4, 1968, pp.589-609. 

[4] Ang, A., Hodrick, R. J., Xing, Y., and Zhang, X. (2006). "The cross-section of 

volatility and expected returns", Journal of Finance, vol.61, 2006, pp.259-99. 

[5] Antonelli, C. (1989). "A failure-inducement model of research and 

development expenditure: Italian evidence from the early 1980s", Journal of 

Economic Behavior and Organization, vol.12, no.2, 1989, pp.159-180. 

[6] Beasley, M., Clune, R., and Hermanson, D. R. (2005). "Enterprise risk 

management: An  empirical analysis of factor associated with the extent of 

implementation", Journal of Acconting and Public Policy, vol.24, 2005, 

pp.521-531. 

[7] Beaver, W. H. (1966). "Financial ratios as predictors of bankruptcy", Journal 

of Accounting Research, vol. Supplement, 1966, pp.71-102. 

[8] Bordonado, Christoffer, Moln´ar, Peter, and Samdal Sven R. (2017). "VIX 

exchange traded products: Price discovery, hedging, and trading strategy", The 

Journal of Futures Markets, vol.37, no.2, 2017, pp.164-183. 

[9] Cameron, A. C., and Trivedi, P. K. (1990). "Regression-based tests for 

overdispersion in the Poisson model", Journal of Econometrics, vol.46, no.3, 

1990, pp.347-364. 

[10] Carlos, Serrano-Cinca, Yolanda, Fuertes-Callén, Begoña, Gutiérrez-Nieto and 

Beatriz, Cuellar-Fernández. (2014). "Path modelling to bankruptcy causes and 

symptoms of the banking crisis", Applied Economics, vol.46, no.31, 2014, 

pp.3798-3811. 

[11] Chen, J. (2003). "Intertemporal CAPM and the cross-section of stock returns", 

Working Paper, University of Southern California, 2003. 

[12] Chen, J. H., and Chen, C. S. (2011). "The study of contagious paces of financial 

crises", Quality and Quantity, vol.46, no.6, 2011, pp.1825-1846. 

[13] Chen, Jo-Hui and Chen, Yen-Min (2002). "The study of the relationship 

between stock and the announcement of monitoring indicators in Taiwan", 

Asia-Pacific Economic and Management Review, vol.5, no.2, 2002, pp.45-65. 

[14] Cleves, M., Gould, W., Gould, W. W., Gutierrez, R., and Marchenko, Y. 

(2008). "An introduction to survival analysis using Stata", Stata press, 2008. 

[15] Cooper, A. C., Gimeno-Gascon, F. J., and Woo, C. Y. (1994). "Initial human 

and financial capital as predictors of new venture performance", Journal of 

Business Venturing, vol.9, 1994, pp.371–395. 



The Effects of Financial Ratios on the Perceived Risk Count for Single Equity VIX 93  

[16] Daniel, Brindescu-Olariu. (2016). "Bankruptcy prediction based on the debt 

ratio", Theoretical and Applied Economics, vol.23, no.2, 2016, pp.145-156. 

[17] David, M. and Jemna, D. V. (2015). "Modeling the frequency of auto insurance 

claims by means of poisson and negative binomial models", Analele stiintifice 

ale Universitatii “Al. I. Cuza” din Iasi. Stiinte economice/Scientific Annals of 

the" Al. I. Cuza", 2015. 

[18] Deni, Memic and Adnan, Rovcanin. (2012). "On the main financial predictors 

of credit default: Evidence from the federation of Bosnia and Herzegovina", 

Our Economy, vol.58, no.1-2, 2012, pp.3-15. 

[19] Dennis, Patrick, Mayhew, Stewart, and Stivers, Chris. (2006). "Stock returns, 

implied volatility innovations, and the asymmetric volatility phenomenon", 

Journal of Financial and Quantitative Analysis, vol.41, no.2, 2006, pp.381-406.  

[20] Eisdorfer, Assaf and Hsu, Po-Hsuan. (2011). "Innovate to Survive: The Effect 

of Technology Competition on Corporate Bankruptcy", Financial 

Management, vol.40, no.4, 2011, pp.1087-1117. 

[21] Evans, John Harry III, Luo, Shuqing, and Nagarajan, Nandu J. (2014). "CEO 

turnover, financial  distress, and contractual innovations", The Accounting 

Review, vol.89, no. 3, 2014, pp.959-990. 

[22] Faris, Nasif Al-Shubiri and Nassem, Mohammad Aburumman. (2013). "The 

relationship between cash conversion cycle and financial characteristics of 

industrial sectors: An empirical study". Investment Management and Financial 

Innovations, vol.10, no.4, 2013, pp.95-102. 

[23] Fazzari, Steven, R. Hubbard, Glenn, and Petersen, Bruce C. (1988). "Financing 

constraints and corporate investment", Brookings Papers on Economic 

Activity, vol.1, 1988, pp.141-206.  

[24] Finishtya, F. C. (2019). "The role of cash flow of operational, profitability, and 

financial  leverage in predicting financial distress on manufacturing company 

in Indonesia", Journal Applied Management, vol. 17, no.1, 2019, pp.110-117. 

[25] Foo, See Liang. (2015). "Financial health and corporate performance of listed 

manufacturing companies in Hong Kong & Singapore: A comparative study 

of the two Asian tigers", Asian Journal of Business and Management, vol.3, 

no.2, 2015, pp.148-154. 

[26] Foo, See Liang and Pathak, Shaakalya. (2016). "Financial health & corporate 

performance – A comparison of manufacturing companies in China and India", 

Journal of Asian Development, vol.2, no.1, 2016, pp.18-29. 

[27] Foo, See Liang and Pathak, Shaakalya. (2018). "Financial health & corporate 

performance: A comparison of manufacturing companies in China", Journal of 

Asian Development, vol.4, no.2, 2018, pp.123-132. 

[28] Fu, Xi, Sandri, Matteo, and Shackleton, Mark B. (2016). "Asymmetric effects 

of volatility risk on stock returns: Evidence from VIX and VIX futures", The 

Journal of Futures Markets, vol.36, no.11, 2016, pp.1029–1056. 

[29] Gang, Jianhua and Li, Xiang. (2014). "Risk perception and equity return: 

Evidence from the SPX and VIX", Bulletin of Economic Research, vol.66, 

no.1, 2014, pp.20-44. 



94                                       Chen, Hussain and Yeh  

[30] Ghulam, Sarwar. (2019). "Transmission of risk between U.S. and emerging 

equity markets", Emerging Markets Finance and Trade, vol. 55, 2019, 

pp.1171-1183.  

[31] Giordana, G. A, and Schumacher, I. (2017). "An empirical study on the impact 

of Basel III standards on banks’ default risk: The case of Luxembourg", 

Journal of Risk and Financial Management, vol.10, no.2, 2017, pp.1-21. 

[32] Glogova, Evgenia and Warnung, Richard. (2006). "Modeling dependent credit 

risks for application to off-site banking supervision, Financial Stability Report, 

vol.12, 2006, pp.79-91. 

[33] Golshan, N. and Rasid, S. (2012). "Determinants of enterprise risk 

management adoption: An empirical analysis of Malaysian public listed firms", 

International Journal of Social and Human Sciences, vol.6, 2012, pp.119-126. 

[34] Greene, William H. (1998). "LIMDEP", Econometric Software, Inc, 1998. 

[35] Griffin, John M. and Shams, Amin. (2018). "Manipulation in the VIX?", The 

Review of Financial Studies, vol.31, no.4, 2018, pp.1377-1417. 

[36] Heffernan, S. (2003). "The causes of bank failures", in Handbook of 

International Banking, Mullineux, A. and Murinate, V. (Eds), Edward Elgar 

Publishing Limited, London, 2003, pp.366–403. 

[37] Henebry, K. L. (1997). "A test of the temporal stability of proportiona hazard 

models for predicting bank failure", Journal of Financial and Strategic 

Decisions, vol.10, no.3, 1997, pp.1-11. 

[38] Huang, Yu-Fang. (2014). "The co-movement effects, multiple structure breaks 

and forecast:  Essays on the relative of volatility index (VIX)", PhD 

dissertation, Chung Yuan Christian University, 2014.    

[39] Idrees, Sahar and Qayyum, Abdul. (2018). "The impact of financial distress 

risk on equity returns: A case study of non-financial firms of Pakistan Stock 

Exchange", Pakistan Institute of Development Economics (PIDE), Working 

Paper, 2018. 

[40] Ikpesu, Fredrick and Eboiyehi, Osazemenv. (2018). "Capital structure and 

corporate financial  distress of manufacturing firms in Nigeria", Journal of 

Accounting and Taxation, vol.10, no.7, 2018, pp.78-84. 

[41] Iman, Joneidi Jafari1, Maryam, Salahinezhad, and Arezu, Jalili. (2014). 

"Effects of working capital management on firm's bankruptcy probability", 

International SAMANM Journal of Finance and Accounting, vol.2, no.1, 2014, 

pp.55-70.  

[42] Jaara, Bassam, Alashhab, Hikmat, and Jaara, Osama Omar. (2018). "The 

determinants of dividend Policy for Non-financial Companies in Jordan", 

International Journal of Economics and Financial Issues, vol.8, no.2, 2018, 

pp.198-209. 

[43] Jensen, M. C. (1986). "Agency costs of free cash flow, corporate finance, and 

takeovers", The American Economic Review, vol.76, 1986, pp.323-329. 

[44] José, David Cabedoa and José, Miguel Tiradob. (2015). "Rough sets and 

discriminant analysis techniques for business default forecasting", Fuzzy 

Economic Review, vol.XX, no.1, 2015, pp.3-37. 



The Effects of Financial Ratios on the Perceived Risk Count for Single Equity VIX 95  

[45] Kale, A., Jayant, R., Thomas, H., Noe, M. (1990). "Dividends, uncertainty and 

underwriting costs  under asymmetric information", The Journal of Financial 

Research, vol.13, 1990, pp.265-277. 

[46] Kapoor, S. (2006). "Impact of dividend policy on shareholders' value: A study 

of Indian firms", Synopsis of the Thesis to be Submitted in Fulfillment of the 

Requirements for the Degree of Doctor of Philosophy in Management, 2006. 

[47] Karagozoglu, Ahmet K. and Fabozzi, Frank J. (2017). "Volatility Wisdom of 

Social Media  Crowds", The Journal of Portfolio Management, Vo.43, No.2, 

2017, pp.136-151. 

[48] Karlis, D. and Rahmouni, M. (2007). "Analysis of defaulters' behaviour using 

the Poisson-mixture approach", IMA Journal of Management Mathematics, 

vol. 18, no.3, 2007, pp.297-311. 

[49] Kazemian, S., Shauri, N., Sanusi, Z., Kamaluddin, A., and Shuhidan, S. (2017). 

"Monitoring mechanisms and financial distress of public listed companies in 

Malaysia", Journal of International Studies, vol.10, no.1, 2017, pp.92-109. 

[50] Kendrick, Wakeman (2012). "Hedging with VIX futures making sense of the 

futures curve", Badon Hill White Paper Series, 2012, pp.1-8. 

[51] Khanna, Naveen and Poulsen, Annette B. (1995). "Managers of financially 

distressed firms: Villains or Scapegoats?" The Journal of Finance, vol.L, no.3, 

1995, pp.919-940. 

[52] Layla, Khoja, Maxwell, Chipulu, and Ranadeva, Jayasekera. (2016). 

"Analysing corporate insolvency in the Gulf Cooperation Council using 

logistic regression and multidimensional scaling", Review of Quantitative 

Finance and Accounting, vol.46, 2016, pp.483–518. 

[53] Lee, Tsun-Siou, Lu, Chia-Yu, and Chiang, Mu-Wei. (2005). "The Information 

Content of the Volatility Index Implied by TAIEX Index Options", Review of 

Securities and Futures Markets, vol.17, no.4, 2005, pp.1-42.  

[54] Lennox, C. (1999). "Identifying failing companies: A revaluation of the logit, 

probit and DA approaches", Journal of Economics and Business, vol.51, 1999, 

pp.347-364. 

[55] Lina, Shu Ling, Penmb, Jack H.W., Gong, Shang-Chi, and Chang, Ching-Shan. 

(2005). "Risk-based capital adequacy in assessing on insolvency-risk and 

financial performances in Taiwan's banking industry". Research in 

International Business and Finance, vol.19, 2005, pp.111-153. 

[56] Ma, W., Renwick, A., and Zhou, X. (2020). "The relationship between farm 

debt and dairy productivity and profitability in New Zealand", Journal of Dairy 

Science, vol.103, no.9, 2020, pp.8251-8256. 

[57] Marangu, Kenneth and Jagongo, Ambrose. (2014). "Price to book value ratio 

and financial  statement variables", Global Journal of Commerce and 

Management Perspective, vol.3 no.6, 2014, pp.50-56.  

[58] Meubroek, L. K. (2002). "Integrated risk management for the firm: A senior 

manager’s guide", Journal of Applied Corporate Finance, vol.14, no.4, 2002, 

pp.56-70. 



96                                       Chen, Hussain and Yeh  

[59] Ni, Jinlan, Kwak, Wikil, Cheng, Xiaoyan, and Gong, Guan. (2014). "The 

determinants of bankruptcy for Chinese firms", Review of Pacific Basin 

Financial Markets and Policies, vol.17, no.2, 2014, pp.1-22. 

[60] Nocco, B. W. and Stulz, R. M. (2006). “Enterpirse risk management: Theory 

and practice”, Journal of Applied Corporate Finance, vol.18, no.4, 2006, pp.8-

20. 

[61] Nguyen, T. P. T, and Nghiem, S. H. (2015). "The interrelationships among 

default risk, capital ratio and efficiency: Evidence from Indian banks", 

Managerial Finance. vol.41, no.5, 2015, pp.507-525.   

[62] Ohlson, J. A. (1980). "Financial ratios and the probabilistic prediction of 

bankruptcy", Journal of Accounting Research, vol.18, no.1, 1980, pp.109-131. 

[63] Philipp, L. and Nadin, G. (2017). "Determinants and value of enterprise risk 

management  empirical evidence from Germany", The European Journal of 

Finance, vol.24, no.2, 2017, p.1-27.  

[64] Patin, J. C. (2020). Rahman, M., and Mustafa, M., "Impact of total asset 

turnover ratios on equity returns: dynamic panel data analyses", Journal of 

Accounting, Business and Management, vol.27, no.1, 2020, pp.19-29. 

[65] Quddus, Mohammed A. (2008). "Time series count data models: An empirical 

application to traffic accidents", Accident Analysis and Prevention, vol.40, 

no.5, 2008, pp.1732-1741. 

[66] Raja, J. and Kumar, Suresh A. (2006). "Efficient market hypotheses, firm 

performance and  financial distress- An empirical analysis on manufacturing 

sector", Journal of Business Management Studies, vol.2, no.1, 2006, pp.20-27.  

[67] Robe, Michel A. and Wallen, Jonathan. (2016). "Fundamentals, derivatives 

market information and oil price volatility", The Journal of Futures Markets, 

vol.36, no.4, 2016, pp.317-344.  

[68] Santosuosso, P. (2014). "Do efficiency ratios help investors to explore firm 

performances? Evidence from Italian listed firms", International Business 

Research, vol.7, no.12, 2014, pp.111-119. 

[69] Silva, F., and Majluf, N. (2008). "Does family ownership shape performance  

outcomes?", Journal of Business Research, vol.61, no.6, 2008, pp.609-614. 

[70] Siregar, R. I. and Jahja, J. (2020). "The impact of corporate governance 

perception index (CGPI) on price to book value with corporate social 

responsibility (CSR) as moderating variable (Bank Listed on Indonesia Stock 

Exchange in (2016-2018)", In: ICBAE 2020, 5 - 6 2020, Purwokerto, 

Indonesia. 

[71] Thiruvadi, Sheela, Huang, Hua-Wei, Wheatley, Clark M., and Thiruvadi, 

Shiyaamsundar. (2016). "Free cash flow and debt monitoring hypotheses: 

Evidence from material internal control weakness disclosure", Journal of 

Forensic and Investigative Accounting, vol.8, no.1, 2016, pp.49-67. 

[72] Ting, Wei. (2011). "Top management turnover and firm default risk: Evidence 

from the Chinese securities market", China Journal of Accounting Research, 

vol.4, 2011, pp.81-89. 



The Effects of Financial Ratios on the Perceived Risk Count for Single Equity VIX 97  

[73] Toshiyuki, Sueyoshi and Mika, Goto. (2009). "Can R&D expenditure avoid 

corporate bankruptcy? Comparison between Japanese machinery and electrical 

equipment industries using DEA–Discriminant analysis". European Journal of 

Operational Research, vol.196, 2009, pp.289-311. 

[74] Wan, Fairos Wan Yaacob, Mohamad, Alias Lazim, and Yap, Bee Wah. (2011). 

"Applying fixed effects panel count model to examine road accident 

occurrence", Journal of Applied Sciences, vol.11, no.7, 2011, pp.1185-1191. 

[75] Whaley, R. E. (2009). "Understanding the VIX", Journal of Portfolio 

Management, vol.35, 2009, pp.98–105. 

 


