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Traditional financial theory predicts that noise trader sentiment plays no role for the cross-

sectional pattern in stock returns and in the cross-section of option prices. However, empirical 

research is challenging that view and finds evidence that investor sentiment can be predicted to 

affect the cross-section of stock returns. In the options literature, research suggests that market 

sentiment correlates contemporaneously with implied volatilities and the risk-neutral skewness, 
but the causality is unclear. In recent years, there has been plenty of evidence supporting the 

notion that mutual fund investors can be classified as noise traders and equity fund flows capture 

noise trader sentiment. In this paper, using daily aggregated US equity fund flows as a measure of 

noise trader sentiment, we empirically investigate if the cross-section of index option prices is 

conditional on our beginning-of-period proxy of noise trading. Overall, our results strongly 

suggest that noise from the stock market is transmitted into the index option market. We find that 

when noise traders are bearish (bullish) on a particular day, resulting in flows out of (in) US equity 

funds, implied volatilities of S&P500 index options tend to significantly increase (decrease) on the 

following day. Furthermore, our findings suggest that the observed increase (decrease) of risk-

neutral skewness of index options is caused by bearish (bullish) noise traders active in the equity 

market. In line with intuition and other evidence, the effects are more pronounced for out-of-the-

money options and short-term options. 
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Noise Trading and the 

Cross-Section of Index Option Prices 

 

 

Abstract 

Traditional financial theory predicts that noise trader sentiment plays no role for the cross-

sectional pattern in stock returns and in the cross-section of option prices. However, empirical 

research is challenging that view and finds evidence that investor sentiment can be predicted to 

affect the cross-section of stock returns. In the options literature, research suggests that market 

sentiment correlates contemporaneously with implied volatilities and the risk-neutral skewness, 
but the causality is unclear. In recent years, there has been plenty of evidence supporting the 

notion that mutual fund investors can be classified as noise traders and equity fund flows capture 

noise trader sentiment. In this paper, using daily aggregated US equity fund flows as a measure of 

noise trader sentiment, we empirically investigate if the cross-section of index option prices is 

conditional on our beginning-of-period proxy of noise trading. Overall, our results strongly 

suggest that noise from the stock market is transmitted into the index option market. We find that 

when noise traders are bearish (bullish) on a particular day, resulting in flows out of (in) US equity 

funds, implied volatilities of S&P500 index options tend to significantly increase (decrease) on the 

following day. Furthermore, our findings suggest that the observed increase (decrease) of risk-

neutral skewness of index options is caused by bearish (bullish) noise traders active in the equity 

market. In line with intuition and other evidence, the effects are more pronounced for out-of-the-

money options and short-term options. 
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1. Motivation 

 

While there is a large literature that looks at the impact of investor sentiment on stock prices, 

only a few studies investigate how option prices are affected by behavioral biases. Various 

researchers find evidence that arbitrage in options markets is limited and document obvious 

misreactions of market participants to information in the options market (see Stein (1989), 

Poteshman (2001), Poteshman and Serbin (2003), Mahani and Poteshman (2004), Lakonishok et 

al. (2006), Garleanu et al. (2007), Han (2008) and Christoffersen et al. (2010)). Stein (1989) was 

the first to document that long term options tend to react more to changes in implied volatility 

than short term options. Poteshman (2001) investigates how investors in the options market react 

to information in volatility changes. He finds short-horizon underreaction and long-horizon 

overreaction to daily changes in market volatility. Poteshman and Serbin (2003) examine the 

early exercise of calls and find that customers of discount brokers irrationally exercise far too 

early. Lakonishok et al. (2006) investigate options markets activity and show that during the 

internet bubble, investors increased purchases of calls, but not of puts and even when securities 

were available, option traders did not seem to have the courage to bet against the bubble. 

Looking at the price discovery across different markets, Berndt and Ostrovnaya (2008) find that 

equity option markets are more likely to trade on ‘unsubstantiated rumors’ compared to e.g. 

credit derivatives markets. Bollen and Whaley (2004) examine the relation between net buying 

pressure and the shape of the implied volatility function for index and individual stock options. 

Their results suggest that changes in implied volatility are directly related to net buying pressure 

from public order flow. Han (2008) argues that investor sentiment is an important determinant of 

option prices and that the observed mispricing is sentiment-driven. In line with this intuition, he 
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finds that the index option smile is steeper (flatter) when the market is bearish (bullish). The 

author finds evidence that the effects appear to be more pronounced when arbitrage in index 

options is more limited. In other words, in times of higher uncertainty of market participants 

about market volatility, mistakes in attempts to forecast volatility can cause options to be 

mispriced. Along these lines of thinking, Frijns et al. (2010, 2011) propose an alternative, more 

economically motivated model to model volatility and price options. Heterogeneous agents form 

different beliefs about the future level of market volatility and trade accordingly. The agents 

trade on long-term mean reversion in volatility as well as on exogenous shocks from the 

underlying market, but they also consider sentimentalists that incorporate market sentiment into 

their beliefs. They find that sentimentalists play an important role in options markets. 

 

The motivation for most of this type of empirical research is rooted in the theoretical work of De 

Long et al. (1990). The authors suggest that noise trader sentiment has an impact on the volatility 

of market prices. De Long et al. (1990) introduce a formal model where a positive or negative 

price pressure effect can exist because smart money might not be willing to trade against noise 

traders as the latter introduce a specific risk by their trading. They decompose the overall price 

pressure into two parts, Price Pressure and Hold More effect. According to their model, the Price 

Pressure effect is always negative, i.e. it increases prices and, thus, decreases returns. The Hold 

More effect describes the situation when noise traders become bullish such that they demand 

more of the risky asset and thus increase their expected returns if they hold more of the risky 

asset than sophisticated investors; therefore, the overall price pressure could be positive if the 

latter effect is dominating the former one. On the other hand, if noise traders become bearish, the 

Hold More effect will be negative too, resulting in a negative overall price pressure effect. The 
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mechanism which prevents smart money from betting against noise traders is the Create Space 

effect: If noise investors increase volatility, price uncertainty may prevent smart investors from 

trading against them. At some point, risk averse sophisticated investors may even sell the risky 

asset; hence, noise traders would only trade among themselves and thus increase their returns. 

On the other hand, the Friedman effect (also known as buy high - sell low effect) just describes 

the situation where noise trading is exploited by smart investors, i.e. if volatility does not prevent 

smart investors from betting against noise traders. In such a case, higher volatility will translate 

into bigger losses for the noise traders, because if they herd, their feedback trading creates even 

bigger losses, which will be apparent through a negative effect on returns. As before, both effects 

might be active at the same time, but one might dominate the other and hence determine the total 

effect. Unlike the decomposed Price Pressure effect, the Create Space and Friedman effect 

influence prices not directly but through an increase in volatility of assets' returns (see also e.g. 

Barberis et al. (1998)). Lee et al. (2002) test the implications of the model empirically and 

conclude that the data are supporting the theoretical predictions. Edwards and Zhang (1998) 

investigate fund investors’ return chasing behavior and Price Pressure effects. The authors find 

strong evidence for the former and some evidence for the latter
1
. They interpret this finding as 

support for the noise trader hypothesis and conclude that a “downward price spiral in stock 

prices” induced by negative fund net sales could threat market stability and therefore affects 

market volatility. 

 

The use of fund flows as a proxy for noise trader sentiment is motivated by previous findings. 

Data published by the Investment Company Institute shows that mutual funds are mainly retail 

funds and that typically retail investors (households) invest in them (ICI, 2011). Goetzmann et al. 

                                                 
1
 See also e.g. Ippolito (1992), Sirri and Tufano (1993) and Chevalier (1997). 
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(2000) use principal component analysis of daily U.S. mutual fund flows, classified according to 

eight major asset classes. Their first principal component has loadings which show a negative 

relationship between stock and bond fund flows. The authors show that this can be interpreted as 

investor sentiment (see also Brown et al. (2005)). Baker and Wurgler (2006, 2007) use Principal 

Component Analysis for major equity and bond classes. They show that the second principal 

component of flow changes has opposite loadings on speculative and safe funds flows. The 

authors show that this “speculative demand” is correlated to their sentiment index while the 

“overall demand” is not. Ben-Rephael et al. (2010) investigate a proxy for monthly shifts between 

bond funds and equity funds. They find that this measure is negatively correlated with changes in the 

VIX and is positively contemporaneously correlated with aggregate stock market excess returns. 

Chiu and Kini (2011) examine the relation between various phases of the equity issuance process and 

monthly net fund flows into equity mutual funds. Their results are also consistent with the view that 

equity fund flows can serve as an instrument for noise trader sentiment. 

 

In this paper, using US equity fund flows as a proxy for noise trader sentiment, we empirically 

investigate if any noise trader activity affects the cross-section of S&P 500 index option prices 

over the period January 2000 through December 2004. Mutual fund flows are available on a 

daily basis and therefore provide us with an implicit indication of aggregated daily trading 

activity based on noise trader sentiment. We make use of these flows to test for its impact on a 

fast moving market like the options market. Other commonly used implicit or explicit measures 

of sentiment are typically only available at lower frequencies. Relying on those low frequency 

measures, previous findings suggest that market sentiment correlates contemporaneously with 

implied volatilities and the risk-neutral skewness, where the causality is unclear. However, 

volatility is obviously priced in the option market and therefore, any effect of noise trading on 
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volatility should immediately affect the cross-section of option prices, but could also be 

transmitted from the stock market to the options market. Daily data allow us to investigate if the 

cross-section of index option prices is conditional on our beginning-of-period proxy of noise 

trading in the stock market and test for information as well as noise transmission effects. The 

remainder of the paper is organized as follows. In Section 2, we discuss the data. In Section 3, 

we present the empirical analysis and results. Section 4 concludes. 

 

2. Data 

 

Fund Flows 

We use mutual fund flows of domestic US equity funds as a proxy for investor sentiment (see 

Ben-Rephael et al. (2010) and Chiu and Kini (2011)). Daily aggregate mutual fund flows are 

provided by TrimTabs for the period January 1998 to December 2004. The data set is based on 

information from 1625 funds that report net asset values and total net assets to TrimTabs on a 

daily basis. We apply a series of rigorous checks and filters to remove any kind of error in the 

data (see Chalmers et al. (2001), Greene and Hodges (2002) and for a detailed discussion see 

Beaumont et al. (2008)). From these numbers daily money flows in and out of mutual funds are 

calculated for each mutual fund. Finally, we only retain all flows of domestic equity funds (706 

funds) according to Wiesenberg and Morningstar information. Based on these flows, we 

construct equally and value-weighted average flows per day. Additionally, we create two more 

series by normalizing each individual flow by the size of the fund.  As a result, we obtain four 

time series with average daily flows
2
. Results suggest that all series are stationary, but show 

some non-normality and 3 out of 4 series are autocorrelated for up to 3 lags. Interestingly, if we 

                                                 
2
 Summary statistics of the flow data are reported in Beaumont et al. (2008). 
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normalize the value-weighted average flows, the resulting time-series is stationary (significant 

Augmented Dickey-Fuller statistic), exhibits nearly no autocorrelation and the lowest non-

normality. Therefore, we use the normalized value-weighted flows as our proxy for noise trader 

activity in the analysis. However, results turn out to be robust to the choice of the proxy for 

sentiment. For better comparison, we scale the flows by a factor ten. 

  

S&P500 Options 

We follow common practice in the empirical option pricing literature and use European options 

on the S&P 500 index (symbol: SPX). The market for S&P index options and futures is the most 

active index options and futures market in the world. The last trading day is the third Friday of 

the expiration month if that is an exchange trading day; otherwise, it is the first possible day prior 

to that Friday. 

 

We follow Barone-Adesi et al. (2008) in filtering the original options data. For liquidity reasons, 

we only consider closing prices of out-of-the money put and call SPX options for each trading 

day. We obtain options data from OptionMetrics for the period January 2000 – December 2004. 

The bid-ask midpoint prices are taken. In line with Bollen and Whaley (2004), we exclude 

options with absolute call deltas below 0.02 or above 0.98 because of distortions caused by price 

discreteness. The delta of a European-style call option is 
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where S-PVD is the dividend-adjusted index level, K is the exercise, σ is the implied volatility of 

the option, r is the risk-free interest rate corresponding to the time to maturity (T) of the option. 

Table 1 presents the moneyness categories according to Bollen and Whaley (2004) that we use 

for the subsequent analysis.  

 

[Table 1] 

 

The underlying S&P 500 index, dividend yields and the term structure of zero-coupon default-

free interest rates are also provided by OptionMetrics. On each day, we fit a functional form with 

curvature to the term structure in order to obtain the interest rate that matches the maturity of the 

option. We price the options by using the dividend-adjusted underlying S&P level. We calculate 

the daily Put-Call ratio by dividing the volume of all out-of-the money put options by the volume 

of all out-of-the money call options that fulfill our criteria on a particular day. 

 

Summary statistics  

Table 2 summarizes the trading activity in S&P 500 index options over the January 2000 to 

December 2004 sample period. The total number of contracts traded in each moneyness category 

is reported. Overall, nearly 86 million out-of-the-money contracts were traded in the 5 years-

period, roughly one third of them are calls and two third are puts. Comparing across moneyness 

categories, trading volume for calls is heaviest for out-of-the money calls (category 4), followed 

by deep out-of-the money calls (category 5). Relatively symmetric, trading volume for puts is 

heaviest for out-of-the money puts (category 2), followed by deep out-of-the money puts 

(category 1). Around 20% of the trading volume is in at- or near-the-money options, either 
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slightly out-of-the money calls or slightly out-of-the money puts. This evidence is consistent 

with the use of S&P 500 index puts as portfolio insurance by equity portfolio managers. Given 

that we look at the post internet bubble period, it is not surprising that out-of-the money put 

options dominate our sample. Table 2 contains the average implied volatilities of the S&P 500 

index options over the period January 2000 to December 2004. As the results in the table show, 

the index implied volatilities are monotonically decreasing across the delta categories. 

 

[Table 2] 

[Figure 1] 

 

The average implied volatility of the category 1 options (deep out-of-the-money puts) is 28.4 

percent, around 12 percent higher than the average implied volatility of category 5 options (deep 

out-of-the-money calls), 16.6 percent. Figures 1 presents the time series of S&P500 returns and 

flows (scaled). 

 

3. Empirical Analysis 

 

Estimating the implied volatility surface 

For the empirical analysis, we first use a modification of the prominent ad-hoc Black-Scholes 

model of Dumas, Fleming and Whaley (1998) to estimate the implied volatility surface of index 

options. Subsequently, we want to investigate the time series of implied volatilities for fixed 

moneyness options with fixed time to maturities, e.g. an at-the-money option with one month to 

maturity. Rather than averaging the two contracts that are closest to at-the-money or closest to 
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one month maturity, we fit the modified ad-hoc Black-Scholes model to all option contracts on a 

given day and subsequently obtain the desired implied volatility. This strategy successfully 

eliminates some of the noise from the data (see Christoffersen et al. (2010)). As indicated in 

Bollen and Whaley (2004), it is industry practice to quote Black-Scholes volatilities by option 

delta. Therefore, we allow each option to have its own Black-Scholes implied volatility 

depending on the call options delta and time to maturity T. We use the following functional form 

for the options implied volatility
3
: 

 

jjiCjjjiCjiCji TTTIV
,5

2

43

2

,2,10, deltadeltadelta   , (2) 

 

where IVij denotes the implied volatility and deltaC,i,j, the delta of a call option for the i-th 

exercise price and j-th maturity, defined in Equation (1)
4
. Tj denotes the time to maturity of an 

option for the j-th maturity. It is common practice to estimate the parameters using standard OLS. 

For every call option delta and maturity, we can compute the implied volatility and derive option 

prices using the Black-Scholes model. For example, the implied volatility for an ATM short term 

call option with one month maturity can be derived by setting delta equal to 0.5 and time to 

maturity T equal to 1/12. We classify all options into 5 categories according to the criteria 

described in Bollen and Whaley (2004) (see Table 1). When presenting our findings, we focus on 

at-the-money options and deep out-of-the-money calls and puts, Bollen and Whaley (2004) 

moneyness categories 3, 5 and 1, respectively. Figure 2 compares daily changes in at-the-money 

                                                 
3
 We have also tried other specifications for the functional form that are frequently used in the literature (replacing 

delta by exercise price K or moneyness K/F, where F is the forward rate, but the results are robust to these changes.  
4
 For put options, we use the corresponding call delta in the implied volatility regression. 
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(deltaC=0.5) short term (1 month) implied volatilities (category 3) with fund flows over the 

period January 2000 through December 2004. 

 

[Figure 2] 

 

Calculating skewness measures 

Additionally, we look at two measures of risk-neutral skewness. Bakshi et al. (2003) derive a 

model-free measure of risk-neutral skewness based on all options over the complete moneyness 

range for a particular time to maturity T,  
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The parameters correspond to the ones used in Equation (1). C and P refer to call and put prices. 

Again, rather than averaging the implied volatilities of all contracts that are closest to one 

particular maturity (e.g. 1 month), we derive the Bakshi et al. (2003) skewness measure using the 

estimated implied volatility surface and the corresponding call and put prices. This strategy 
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successfully ensures that the time series of risk-neutral skewness is less noisy and contains less 

outliers compared to, e.g., the CBOE S&P 500 Skew index or the monthly estimates presented in 

Han (2008)
5
. Inspired by Bollen and Whaley (2004) and Han (2008), we also use a second, more 

ad-hoc measure of skewness: - OTM put IV / OTM call IV corresponding to moneyness 

categories 1 and 5. The ratio between deep out-of-the-money puts and deep out-of-the-money 

calls is typically used as a rough measure of the skewness in the implied volatility smile, the so-

called smirk. We use minus the ratio to make it comparable to the other skewness measure. The 

more negative our measure, the more pronounced is the index option smirk. Overall, we expect 

the Bakshi et al. (2003) model-free risk-neutral skewness measure to be more reliable compared 

to the ad-hoc measure. 

 

Figure 3 shows the daily S&P 500 index (scaled), the risk-neutral skewness of short term (1 

month) options calculated according to Bakshi et. al. (2003) and the implied volatility of ATM 

short term (1 month) options. As generally found, the skewness for S&P 500 index options is 

always negative through our sample period, with its minimum on December 23
rd

 2003 and its 

peak in March 2003.  

 

[Figure 3] 

 

Extracting news and noise 

Previous research suggests that there is a contemporaneous relationship between sentiment 

proxies and index returns, but the causality is not well understood. Since aggregated US equity 

fund flows and S&P 500 index returns on a daily frequency can be assumed to be highly 

                                                 
5
 A comparison is not reported, but can be obtained from the authors. 
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dependent, this would necessarily be a source of distortion for our subsequent analysis. In our 

view, Bollen and Whaley (2004) and Han (2008) fail to address this issue. Therefore, the first 

step in our analysis is to regress daily returns on contemporaneous and lagged fund flows as well 

as on lagged returns in order to extract the residual component
6
, 
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We do this for up to three lags to absorb any contemporaneous noise transmission and any 

lagged information or noise transmission. In this way, we are able to identify the (fundamental) 

information arriving in the stock market, the news, which is not based on noise that has been 

revealed in the fund flows. The resulting residuals RI t can be interpreted as innovations in the 

stock market relative to the flows in and out of equity funds. On the other hand, the approach 

allows us to subsequently isolate the transmission effect of noise trading on option prices that is 

not a result of the price effects of noise trading. To also control for higher order autocorrelation 

in the flows, we also regress daily flows on lagged flows for up to 3 lags.  
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Only the residuals (RI and FI) from the two regressions are used for the subsequent analysis, 

which allows us to isolate the two effects of information and noise transmission from the stock 

                                                 
6
 We have tried other specifications like excluding the contemporaneous relationship, excluding own lags and 

additionally, we have also used even more lags, but the results are robust to these changes. 
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market into the options market. A motivation and detailed discussion of the usefulness of this 

approach for testing transmission effects can be found in Acharya and Johnson (2007) and 

Berndt and Ostrovnaya (2008). 

 

[Table 3] 

 

Regression results are presented in Table 3. It is apparent from the table that there is a strong 

contemporaneous relationship between Daily S&P 500 returns and aggregated US equity fund 

flows. Additionally, results suggest that it is necessary to control for higher order lagged 

relationships to ensure that both variables are independent for various lags. 

 

Regression results 

In the following, we analyze the impact of noise and information on changes in implied volatility 

of index options and on changes in risk-neutral skewness. In particular, we test for 

contemporaneous and lagged relationships. Using the exact time-series model specification of 

Bollen and Whaley (2004), we run the following regressions  
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where TATM

tIV , are daily changes in implied volatilities of at-the-money options with time to 

maturity T (category 3, deltac=0.5), TOTMp

tIV , are daily changes in implied volatilities of deep 

out-of-the-money put options with time to maturity T (deltac=0.9275, the average of category 1) 

and TOTMc

tIV , are daily changes in implied volatilities of deep out-of-the-money call options 

with time to maturity T (deltac=0.0725, the average of category 5) (see Table 1). Implied 

volatilities have been calculated according to Equation (2). FIt and RIt are the innovations in fund 

flows and returns, respectively, and 
tCVo

PVo
  are daily changes in the ratio of all traded put 

contracts and call contracts. In the lagged regressions, tIF , tIR  and 
tCVo

PVo
 are replaced by  

1F tI , 1R tI  and 
1


tCVo

PVo
. 

 

In Table 4, we present the regression results of short term options (Panel A, T=1 month) and 

long term options (Panel B, T=6 months). The dependent variables are the changes in implied 

volatility of at-the-money options, deep out-of-the-money puts and deep out-of-the-money calls, 

respectively. Independent variables are always the lagged dependent variable and other 

explanatory variables. The other explanatory variables either enter the regression equation 

contemporaneously or lagged. 

 

[Table 4] 

 

Looking at the results for short and long term options, it is apparent from the Table that there is 

typically a significant negative serial correlation in changes in implied volatility, also 
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documented in other studies. Regression results further suggest that there is a strong 

contemporaneous relationship between news, proxied by the residuals from the return 

regressions, and changes in volatility. In line with results in plenty of other studies using a 

different sample, all coefficients have their expected sign and are all significant, e.g. suggesting 

that news for the stock market correlates negatively with option prices. The impact on implied 

volatilities is stronger for out-of-the-money puts compared to at-the-money options and out-of-

the-money calls. Evidence also corroborates with past results in the sense that the relationship is 

also stronger for short term options compared to long term options. Once we introduce the return 

variable with a one day lag, the relationship gets much weaker and partly insignificant. For at-

the-money options, today’s news in the stock market has no impact on the volatility in the 

options market on the following day. In contrast, today’s news still affects prices of out-of the 

money calls tomorrow. For out-of the money puts, results are mixed, no effect for short term 

options, but a significant effect for longer term options. Interestingly, the impact of noise, 

proxied by the residuals of the flow regressions, on option prices is in line with the patterns that 

we just described for stock market news. The negative contemporaneous correlation with implied 

volatilities is just somewhat lower, but always significant. However, a striking result is that the 

complete cross section of option prices is conditional on the day-before proxy for noise trader 

sentiment. In other words, if mutual fund investors become bearish (bullish) on one day, implied 

volatilities of index options tend to increase (decrease) on the following day. Coefficients are all 

significant and the magnitude is substantial. The impact of noise on option prices is much 

stronger for short term options compared to long term options. Values for R squared are in line 

with the results presented in Bollen and Whaley (2004). The results of the other control variable, 

the ratio of all traded put contracts relative to all traded call contracts are in line with 
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expectations. Typically and in line with intuition, an increase in the Put/Call ratio, an increase in 

the trading of put options, correlates positively with an increase in implied volatilities.  

 

Additionally, we test for the impact of noise and information on the risk-neutral skewness 

implied out from option prices. In particular, the regression model specification is 

 

t
t

ttt

T

t

T

t
CVo

PVo
VIXIISkewSkew    5432110 RF , (9) 

 

where T

tSkew are the changes in risk-neutral skewness for options with time to maturity T, 

defined earlier. FIt and RIt are the innovations in fund flows and returns, respectively, tVIX  are 

the changes in the well-known  implied volatility index of the CBOE and 
tCVo

PVo
  are daily 

changes in the ratio of traded put contracts and call contracts
7
. Again, in the lagged regressions, 

tIF , tIR , tVIX  and 
tCVo

PVo
 are replaced by  1F tI , 1R tI , 1 tVIX  and 

1


tCVo

PVo
. In Table 5, 

we present the regression results of short term options (Panel A, T=1 month) and long term 

options (Panel B, T=6 months). 

 

[Table 5] 

 

                                                 
7
 Given that there is also some contemporaneous relationship between FIt  and tVIX and RIt  and tVIX , we 

introduced the independent variables one by one, but the results are robust to these changes. 
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The dependent variables are the changes in risk-neutral skewness, calculated model-free 

according to Equation (3) and based on out-of-the-money options. Independent variables are 

always the lagged dependent variable and other explanatory variables. The other explanatory 

variables either enter the regression equation contemporaneously or lagged. Again, there is a 

strong, significantly negative serial correlation in changes in risk-neutral skewness, also 

documented in other studies. The negative coefficient for return- and flow-residuals in the 

contemporaneous regressions is counterintuitive, but relatively strong. Additionally, these results 

are in contrast to e.g. Han (2008). To better understand the results, we replicated the analysis of 

Han (2008) for our data set at the monthly frequency. Instead of using monthly returns, Han uses 

the returns over the past 6 months in order to pick up stock market momentum. In line with Han 

(2008), using the past 6 months results in a regression using our data results in a significant 

positive coefficient. In contrast, using the monthly returns results in a significant negative 

coefficient. Therefore, the results are not driven by the different sample period, the different 

sampling frequency or the modified empirical methodology. We interpret the results in the 

following way. Returns and flows correlate negatively with the cross-sectional pattern of implied 

volatilities, which also correlates positively with risk-neutral skewness. As a result, we observe a 

negative relationship of news and noise with risk-neutral skewness. Those variables obviously 

affect the cross-section of option prices differently and, therefore, those effects are not captured 

by the other control variables. The other control variables, the changes in VIX and changes in 

Put/Call ratios, do not seem to explain the changes in risk-neutral skewness contemporaneously. 

However, in line with rational option pricing models and the results of Han (2008), an increase in 

the VIX on one day tend to reduce the negative skewness in the risk-neutral distribution implied 

out from option prices, indicated by a positive coefficient for the lagged regressions. 
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Interestingly, once we allow for a one day lag, the lagged residuals of returns and flows affect 

the risk-neutral skewness in the expected way. Positive news and bullish fund investors on one 

day reduces the risk-neutral skewness on the following day and negative news and bearish fund 

investors lead to more negative skewness in the risk-neutral distribution. Here the effect is 

supported by the positive lagged relationship of the VIX with risk-neutral skewness. Remarkably, 

only noise affects short term options and only news affects long term options. In other words, 

bullish (bearish) fund investors cause the risk-neutral skewness of short term options to be less 

(more) negative on the following day, while they do not affect option prices of long term options. 

Exactly the opposite is true for news from the stock market. Positive (negative) news from the 

stock market causes the risk-neutral skewness of long term options to be less (more) negative on 

the following day, while it does not affect option prices of short term options. Results are robust 

even for the different skewness measures. 

 

4. Conclusions 

 

While there is a large literature that looks at the impact of investor sentiment on stock prices, 

only a few studies investigate how option prices are affected by behavioral biases. Previous 

research suggests that investor sentiment is an important determinant of option prices and that 

the observed mispricing is sentiment-driven. The implied volatility surface is affected and, in 

particular, the index option smile is steeper (flatter) when the market is bearish (bullish). In this 

paper, using daily aggregated US equity fund flows as a proxy for noise trader sentiment, we 

empirically investigate if any noise trader activity affects the cross-section of S&P 500 index 

option prices. Other commonly used implicit or explicit measures of sentiment are typically only 
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available at lower frequencies. Relying on those low frequency measures, previous findings 

suggest that market sentiment correlates contemporaneously with implied volatilities and the 

risk-neutral skewness, where the causality is unclear. Daily data allow us to investigate if the 

cross-section of index option prices is conditional on our beginning-of-period proxy of noise 

trading in the stock market and test for information as well as noise transmission effects. 

 

Overall, our results strongly suggest that noise from the stock market is transmitted into the 

index option market. We find that when noise traders are bearish (bullish) on a particular day, 

resulting in flows out of (in) US equity funds, implied volatilities of S&P500 index options tend 

to significantly increase (decrease) on the following day. Furthermore, our findings suggest that 

the observed increase (decrease) of risk-neutral skewness of index options is caused by bearish 

(bullish) noise traders active in the equity market. In line with intuition, the effects are more 

pronounced for out-of-the-money options and short-term options. Our results also have 

implications for risk management and derivative pricing. 
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Figure 1. Daily S&P 500 returns and scaled flows.  

 
This figure shows daily S&P 500 returns and scaled flows. Daily aggregate mutual fund flows are from TrimTabs 

and cover the period January 2000 to December 2004. A series of rigorous checks and filters are applied to remove 

any kind of error in the data. The sample consists of all flows of domestic equity funds (706 funds) according to 

Wiesenberg and Morningstar information. Scaled value weighted flow is the aggregated, value-weighted average 

flow per day where each individual flow has been normalized by the size of the corresponding fund.  
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Figure 2. Daily changes in ATM implied volatility and scaled flows. 

 
This figure shows daily changes in short term (1 month) ATM Implied Volatility and normalized value-weighted 

flows. Daily option data are from OptionMetrics and cover the period January 2000 to December 2004. The bid-ask 

midpoint of option prices and the dividend-adjust underlying S&P 500 are taken to estimate implied volatilities 

using the analytical Black-Scholes-Merton formula. ATM options correspond to the third moneyness category 

defined in Table 1. Daily aggregate mutual fund flows are from TrimTabs and cover the period January 2000 to 

December 2004. A series of rigorous checks and filters are applied to remove any kind of error in the data. The 

sample consists of all flows of domestic equity funds (706 funds) according to Wiesenberg and Morningstar 

information. Scaled value weighted flow is the aggregated, value-weighted average flow per day where each 

individual flow has been normalized by the size of the corresponding fund.  
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Figure 3. S&P 500, Bakshi et al. (2003) Skewness and ATM IV. 

 
This figure shows the S&P 500 (scaled by its beginning of the sample period value in January 2000, risk-neutral 

skewness for short term (1 month) options and the implied volatility of short term (1 month) ATM S&P 500 options 

from January 2000 to December 2004. The skewness is computed as in Bakshi et al. (2003), and ATM options are 

those of category 3 defined in Table 1. 
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Table 1. Definition of Moneyness Categories (from Bollen and Whaley (2004)). 

 
This table shows five different moneyness categories defined as in Bollen and Whaley (2004) on the delta of each 

option.  We exclude options which have absolute deltas below 0.02 or above 0.98. Daily option data are from 

OptionMetrics and cover the period January 2000 to December 2004.  
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Table 2. Summary of Number of Contracts and of Implied Volatilities. 

 
Daily option data are from OptionMetrics and cover the period January 2000 to December 2004. The first column 

shows the corresponding delta moneyness category defined in Table 1. Column two and four show the number of 

SPX contracts traded during that period for calls and puts, respectively. Columns three and five show the 

corresponding proportions. We exclude deep in-the money (DITM) and in-the-money (ITM) calls and puts from our 

sample (denoted by --). The bid-ask midpoint of option prices and the dividend-adjust underlying S&P 500 are taken 

to estimate implied volatilities using the analytical Black-Scholes-Merton formula. The last two columns at the right 

show the average implied volatility of each moneyness category and the average difference between implied and 

realized volatility. As in Bollen and Whaley (2004), the realized volatility of the last 60 trading days prior to each 

measurement of implied volatility is computed. 

 

 
 



 

 

30 

Table 3. First Step Regressions. 

 
This table shows regression results for equations (4) and (5). In equation (5), we regress daily flows on lagged flows 

for up to 3 lags (see columns two to four). In equation (4), we regress daily returns on contemporaneous fund flows, 

on the first three lags of fund flows and on the first three lags of returns (see columns five to seven). We report the 

respective estimate (columns two and five), t-value (columns three and six), and its p-value (columns four and 

seven), where standard errors are adjusted for heteroscedasticity and serial correlation according to Newey and West 

(1987). The last two rows report the number of observations and the R-squared.      
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Table 4. Summary of Time-Series Regression Results of changes in Implied Volatilities  

 
This table shows the regression results of equations (6), (7) and (8). In panel A, we present the results for short term 

options (T=1 month) and in panel B for long term options (T=6 months). The first row shows the dependent variable 

of each pair of regressions. The first, third and fifth column show the results when contemporaneous regressors are 

used, while the second, fourth and sixth column show results when lagged residuals of flows, lagged residuals of 

returns and lagged daily changes in the ratio of traded put and call contracts are used are used as regressors. We 

report the respective estimate, t-value, and its p-value, where standard errors are adjusted for heteroscedasticity and 

serial correlation according to Newey and West (1987). The last two rows of each panel report the number of 

observations and the R-squared. 

Panel A 

 
Panel B 
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Table 5. Summary of Time-Series Regression Results of changes in Skewness  

 
This table shows the regression results of equation (9). In panel A, we present the results for short term options (T=1 

month) and in panel B for long term options (T=6 months). The first row shows the dependent variable of each pair 

of regressions. The first and third column show the results when contemporaneous regressors are used, while the 

second and fourth column show results when lagged residuals of flows, lagged residuals of returns, lagged changes 

in the VIX and lagged changed in put-call trading volume ratio are used as regressors. We report the respective 

estimate, t-value, and its p-value, where standard errors are adjusted for heteroscedasticity and serial correlation 

according to Newey and West (1987). The last two rows of each panel report the number of observations and the R-

squared. 

Panel A 

 
Panel B 
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