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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 option markets is limited and document obvious 

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

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

al. (2006) and Han (2008). Stein (1989) was the first to document that long term options tend to 

react differently 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 option market 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. 

 

Han (2008) suggests that investor sentiment is an important determinant of option prices and that 

the observed mispricing is sentiment-driven. In line with this intuition, he finds that the index 

option smile is steeper (flatter) when the market is bearish (bullish). The author argues 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 professionals 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 
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volatility and price options. The model assumes that option traders forecast volatility, but have 

heterogeneous beliefs about future volatility. Some traders (termed fundamentalists) trade on the 

long-term mean-reversion towards its unconditional volatility while other traders (called 

chartists) trade on short-term patterns. In the model, each trader can decide on her/his strategy 

based on its performance relative to the other trader’s strategy. Since the strategies do not 

demand any particular skill or knowledge, traders change their strategy conditional on the 

relative performance of each strategy. As such, the market consists of a weighted average of two 

simple strategies, where the weights vary over time. This time variation introduces an interesting 

feature from a volatility modeling perspective, because it allows the volatility process to be 

locally unstable while guaranteeing global stability. When chartists dominate, their presence may 

cause the volatility process to be unstable, whereas when fundamentalists dominate the volatility 

process will remain stable. Due to the switching between strategies the volatility process can 

switch between stable and unstable phases. However, as long as sufficient fundamentalists are 

present, stability is guaranteed in the long run. When empirically testing the model on option 

prices, they find that it substantially outperforms a single-structure volatility model that is similar 

to the well-established GARCH option pricing models. The improvements in the pricing 

performance are particularly pronounced for long-maturity options, stressing the models’ 

flexibility and ability to model the changing persistence of the volatility process. 

 

In this paper, we extend the pricing framework of Frijns et al. (2010) by allowing for sentiment 

trades in the option market. We do this by introducing a third group of traders that form beliefs 

about future volatility based on investor sentiment. Given that investment decisions are made 

based on sentiment, we call these traders sentimentalists. Sentimentalism should be seen in 
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contrast to rationalism. It emphasizes feelings and emotions, rather than logic and reason. The 

addition of sentimentalism in our model is motivated by the theoretical work of De Long et al. 

(1990) and the empirical findings of Lee et al. (2002) who suggest that sentiment trading has an 

impact on the volatility of market prices. As a proxy for investor sentiment, we use aggregate 

mutual fund flows of domestic US equity funds.1 Previous research suggests that fund flows are 

a good proxy for investor sentiment (see Ben-Rephael et al. (2010) and Chiu and Omesh (2011)). 

Conditional on current levels of bearishness or bullishness of the market, traders forecast future 

volatility. Overall, our agents trade on long-term mean reversion in volatility as well as on 

exogenous shocks from the underlying market, but also incorporate market sentiment into their 

beliefs. Our option valuation framework is similar to a stochastic volatility model and is 

implemented using a filtered historical simulation approach. We find that sentimentalists play an 

important role in option markets and that sentiment is an important determinant of index option 

prices. Trading by sentimentalists can partly explain the term structure of the index option smile, 

because it primarily affects short-term options. 

 

The remainder of the paper is organized as follows. In Section 2, we review the literature. 

Sections 3 and 4 present the econometric framework, data and methodology. In Section 5, we 

discuss the empirical analysis and present the results. Section 6 concludes. 

 

2. The GARCH Option Pricing Literature 

The observed implied volatility smile in option prices does not correspond to the assumption of 

constant return volatility in the Black-Scholes (1973) model. Out-of-the-money call or put prices 

                                                 
1 These mutual fund flows are available on a daily basis and therefore provide us with an implicit indication of daily 
changes in sentiment. Other commonly used explicit measures of sentiment are typically only available at lower 
frequencies.  
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are typically higher as compared to the Black-Scholes formula. For equity options the smile is 

skewed and looks more like a smirk, indicating that, in particular, out-of-the-money put prices 

are substantially higher than implied by Black-Scholes formula. In other words, the risk-neutral 

densities implied out from equity option prices are left-skewed and leptokurtic rather than 

normal. One possible solution could be to allow volatility to be time varying, which generates 

fatter tails in the multi-period return distribution. Additionally, allowing returns to be negatively 

correlated with the volatility process generates negative skewness. Consequently, asymmetric 

stochastic volatility models have been quite successful in the empirical option valuation literature 

(see see among others Heston (1993), Duan (1995), Heston and Nandi (2000), Lehnert (2003), 

Christoffersen and Jacobs (2004) and Bams et al. (2009)). The Heston (1993) model is 

particularly popular in the continuous-time option valuation literature, while the NGARCH 

model of Duan (1995) is considered to be the standard in the discrete-time literature. Both 

models contain stochastic volatility and a leverage effect. Heston and Nandi (2000) are ‘bridging 

the gap’ between the two streams in the literature, showing that Heston’s (1993) model is the 

continuous-time limit of the Heston and Nandi (2000) model.  

 

However, it has become clear that these models are only partly successful in explaining the 

biases in the Black-Scholes model,and one has to differentiate between biases of the Black-

Scholes model for short- and long-term options. While the asymmetric stochastic volatility 

models are helpful to explain the biases for short-maturity options, they cannot simultaneously 

reduce the biases for long-maturity options. These models are not flexible enough to generate 

prices that are able to fit the observed term structure of volatility. Recent developments in the 

GARCH literature present a possible solution to this problem. The GARCH methodology has 
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been pivotal in modeling volatility ever since its introduction (see e.g. Nelson (1991)). It has 

proven its value in a number of fields, such as Value-at-Risk determination, option pricing, and, 

perhaps most importantly, forecasting volatility. However, one of the critiques to the original 

model is its impossibility to take structural changes into account. One might argue that political 

or economic events may cause the structure of volatility to change and the assumption of 

stationarity is no longer plausible. The observed high persistence in the volatility process may be 

caused by unaccounted structural changes. Therefore, the apparent misspecification of the model 

is induced by a lack of flexibility. In response to this critique, several authors have proposed to 

introduce time-variation in the GARCH coefficients. The time-variation is typically modeled in 

terms of smooth transition models2 or regime switching models. Such models typically perform 

better than standard GARCH models, both in-sample and out-of-sample. However, regime 

switching GARCH models often require a considerable number of extra parameters and are often 

difficult to trace computationally. 

  

In an option valuation setting, the availability of prices for different terms is rather limited. One 

can only observe option prices for a small number of maturities (e.g. 1 month, 2 months, 3 

months, 6 months, etc.). Using the standard GARCH methodology, one tries to fit a volatility 

process with a constant structure to prices for all maturities. Given that the motives of trading 

short-maturity, medium-maturity or long-maturity options are quite different, different maturities 

should be considered as being structurally different in terms of their volatility dynamics. The 

volatility dynamics that fit short-term options are different to the volatility dynamics that fit 

longer-term options. We therefore need a model that allows for more flexibility in the volatility 

                                                 
2  Their findings suggest that the time-variation in the unconditional volatility induces the long-memory type 
behaviour. 
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structure over time in order to fit the observed option prices. The flexibility of an asymmetric 

stochastic volatility model with time-varying coefficients is exactly what could help to reduce 

the biases of the Black-Scholes model for long-maturity options (see Frijns et al. (2010)). 

 

3. The Econometric Framework 

In this section, we present our stochastic volatility framework for the heterogeneous agent 

model, which we use for option valuation. Let St be the value of an underlying asset at time t. 

Then, in a Gaussian discrete-time economy, the return dynamics of the asset (rt) is given by 
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ln ,                    (1) 

 

with )1,0(~| 1 ftt −Ωε  under probability measure P, where μ  is the constant expected return, ht 

is the conditional volatility of the asset, εt  can be viewed as a standard normal random variable 

or a scaled return innovation drawn from the empirical density function f . In the latter case, εt is 

obtained by dividing each estimated return innovation by its estimated conditional volatility. The 

advantage of using the empirical density function is that we are able to incorporate the 

conditional non-normality in the data. Ωt-1 is the information set up to time t-1. In this paper, we 

focus on explaining the process for ht. 

 

Assume that traders in the options market can be classified into three different groups that have 

different expectations about the future evolution of ht: fundamentalists, who trade on the 

principle of mean reversion; chartists, who trade on exogenous shocks; and sentimentalists, who 
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trade on market sentiment. While individuals can enter and exit the market at any time, the total 

population of active traders is always separable into these three groups. 

 

Let )( 1+t
F
t hE be the prediction of the conditional volatility for the fundamentalists. They expect 

the conditional volatility to mean-revert to the unconditional volatility. Their best prediction for 

the volatility process is 

 

 

))ln()(ln()ln())ln( 1 tttt
F
t hhhhE −+=+ α ,    (2) 

 

where th  is the slow moving long-run unconditional volatility3 and α measures the speed at 

which the fundamentalists expect the volatility process to mean-revert. Since volatility needs to 

remain positive with probability 1, α is bounded between [-2, 0], but is typically expected to be 

between [-1, 0]. When α → 0 the process becomes very persistent and little mean-reversion takes 

place. When α → -1 the process reverts to the unconditional volatility almost instantaneously. 

Since volatility is the only (unknown) determinant of option prices and our traders are pure 

speculators, fundamentalists’ demand for options is solely driven by their expectations about the 

change in volatility. When they expect volatility to increase, they increase their demand for 

options and vice versa. Hence, fundamentalists’ demand for options is positively related to the 

change in their volatility expectations.  

 

                                                 
3When empirically implementing the model, we assume that th  is equal to the variance of the underlying return 
series calculated over the previous 252 trading days with a moving window. 
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Chartists do not believe in mean reversion, but trade on recently observed unexpected shocks. 

Given the current level of volatility, they use recently observed unexpected shocks to the return 

process to predict the future level of conditional volatility. Given that conditional volatility 

behaves differently in the presence of positive or negative shock, and chartists may interpret 

positive and negative shock differently, we allow for an asymmetric impact of these shocks. We 

define the prediction of the conditional volatility )( 1+t
C
t hE  for the chartists as 

 

−+
+ ++= tttt

C
t hhE εβεβ 101 )ln()ln( ,     (3) 

 

where +
tε ( −

tε ) is the past positive (negative) return shock that is assumed to affect the volatility 

process and β0 (β1) measures the extent to which chartists incorporate positive (negative) shocks 

into their prediction. The asymmetry between positive and negative shocks captures the leverage 

effect, hence we expect 01 >β and 10 ββ < . Following the same reasoning as for fundamentalists, 

chartists’ demand for options is a positive function of their change in expectations.  

 

Sentimentalists also do not believe in mean reversion, but trade on recent observations of market 

sentiment. Given the current level of volatility, they use recently observed changes in sentiment 

to predict the future level of conditional volatility. Given that conditional volatility behaves 

differently in the presence of positive or negative changes in sentiment, and sentimentalists may 

interpret positive and negative changes differently, we allow for asymmetry. We define the 

prediction of the conditional volatility )( 1+t
ST
t hE  for the sentimentalists as 
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−+
+ ++= tttt

ST
t ffhhE 101 )ln()ln( δδ ,     (4) 

 

where +
tf ( −

tf ) are the past positive (negative) aggregated flows in (out of) mutual funds,4 which 

are assumed to affect the volatility process and δ0 (δ1) measures the extent to which 

sentimentalists incorporate positive (negative) changes in sentiment into their prediction. 

Following the same reasoning as for fundamentalists and chartists, sentimentalists’ demand for 

options is a positive function of their change in expectations.  

 

Because we have defined a market where three types of traders are present, the conditional 

volatility that is observed in the market (ht+1) is a function of the predictions of fundamentalists, 

chartists and sentimentalists and the proportion by which each trader type is present in the 

market. Fundamentalists are assumed to be always present in the market. Since chartist and 

sentimentalist strategies require no particular skill or information from traders, we allow those 

traders to switch to the other strategy at any point in time without incurring transaction costs. Let 

wt be the fraction of chartists traders present in the market at time t. Then a natural choice for wt 

is a rule that considers the relative accuracy or pricing error of traders following a chartists vis-a-

vis a sentimentalists strategy.5 The weights wt follow a multinomial logit switching rule (see 

Brock and Hommes, 1997, 1998), where the switching depends on the absolute forecast error of 

chartists versus sentiment traders. The switching rule is given as 

 

( ) 1
)ln())(ln()ln())(ln( 111

−
−−−

⎟
⎠
⎞⎜

⎝
⎛ += −− tt
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ttt

C
t hhEhhE

t ew γ
              (5a) 

                                                 
4We use these daily measures of aggregate fund flows as our proxy for changes in daily sentiment.  
5See Frijns et al. (2010) for a detailed motivation and description of the switching mechanism. 
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for the simple case and 
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t ew γγ

            (5b) 

 

for the more general case, where we allow the dynamics to differ in the short and long term. D is 

a dummy variable that equals 1 for short term options and 0 for long term options. The 

parameters γST and γLT measure the sensitivity of chartists to their respective forecast errors (vis-

a-vis the sentimentalists) in terms of log volatility and are expected to be between 0 and infinity. 

γST (γLT) measures the sensitivity of chartists trading short- (long-) term options. These sensitivity 

parameters can be interpreted as the status quo bias of traders, as it governs the reaction speed of 

traders to profit differences, or, in other words, the aversion of people to give up what they have 

and know well; see Kahneman and Tversky (1979). In general, with γST = 0 or γLT = 0, agents are 

distributed uniformly across the three trader types, a constant weight of 1/3 each. As γST or γLT 

increases agents become increasingly sensitive to differences in forecasting performance 

between the strategies. In the limiting case ( ∞→STγ  or ∞→LTγ ) all agents directly switch to 

the more profitable rule. Given this definition, wt will always be strictly bounded between 0 and 

1. The particular specification of wt ensures that the more accurate strategy in the previous period 

attracts more market participants in the following period. 

 

Note that the switching rule does not imply that each individual changes its strategy every single 

day. Theoretically, traders have the opportunity to do so, but the frequency at which they are 

actually updating their strategies, depends on the size of γ. The advantage of the current setup is 
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that it provides most flexibility in terms of behavior. Furthermore, the weights reflect the 

behavior of the population of option traders as a whole, and therefore do not necessarily imply 

anything about the behavior of individual traders. The fact that individuals can enter and exit the 

market at any time has an effect on the relative magnitude of the population, not the distribution 

of individuals over groups.  

 

With the given weights and the different trading strategies, we can now establish the process for 

the conditional volatility. Since the conditional volatility is a consequence of buying and selling 

options, and the demand for options is a function of volatility expectations, it can be computed as 

a weighted average of the fundamentalist, chartist and sentiment traders’ volatility prediction. 

This mechanism can be seen as the excess demand of the three groups being combined into 

market excess demand for options. The market maker transforms market excess demand into 

changes in the level of volatility as in Chiarella and He (2001, 2002)6. Hence, there is a direct 

mapping from expectations to volatility, i.e., 

 

)ln()ln()ln( 12
1

12
1

1 +++ += t
C
tt

F
tt hEhEh ,     (6a) 

 

for the simple model with fixed weights and without sentiment traders, 

 

)ln()ln()ln()ln( 13
1
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1
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1
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C
tt

F
tt hEhEhEh    (6b) 

 

for the model with fixed weights and sentiment traders and 

                                                 
6 See Frijns et al. (2010) for the exact derivation of this mechanism. 
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for the model with estimated weights and sentiment traders and 
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for the more complex model with switching. Equations (6a-d) define the conditional volatility 

process and reveal that this is a weighted average of the volatility predictions of fundamentalists, 

chartists and sentiment traders, weighted by the proportion of market participants following each 

strategy (see Frijns et al. (2010, 2011) for details). 

 

4. Data and Methodology 

4.1 Fund Flows 

We use mutual fund flows of domestic US equity funds as a proxy for changes in investor 

sentiment (see Ben-Rephael et al. (2010) and Chiu and Omesh (2011)). Therefore, given that this 

variable is a flow variable, we interpret those flows as changes in the mood of sentimentalists. 

Daily aggregate mutual fund flows are provided by TrimTabs for the period February 1998 to 

December 2004. The data set is based on information from 1,625 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; for a detailed discussion see Beaumont et al. 

(2008)). From these numbers we calculate daily in and out flows for each mutual fund. Finally, 

we retain all flows of domestic US equity fund (706 funds) based on Wiesenberg and 
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Morningstar classifications. 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 4 time series with average daily flows.7 

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 normalize the value-weighted average 

flows, the resulting time-series is stationary (significant Augmented Dickey-Fuller statistic), 

exhibits the lowest non-normality and more importantly, we find no autocorrelation for various 

lags. Therefore, we use the normalized value-weighted flows as our sentiment proxy in the 

analysis. The resulting times series (scaled by a factor of 1000 to ease estimations) has a mean of 

-0.079, a standard deviation of 0.824, a slightly positive skewness of 0.160, a kurtosis of 4.477 

and minimum and maximum values of -3.309 and 2.974, respectively. The time-series shows no 

significant autocorrelations, the autocorrelations for the first three lags are -0.014, -0.011 and 

0.065, respectively.  

  

4.2 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. We obtain option data from OptionMetrics 

for each Wednesday from January 2005 to December 2007. If a Wednesday is a holiday day, we 

use the weekday following that Wednesday. The data set consists of nearly 50 million contracts 

over the whole moneyness and maturity range. Table 1 reports the number of option contracts 

and average implied volatilities for particular moneyness and maturity category for all options 

traded during the sample period. We follow Barone-Adesi et al. (2008) in filtering the original 
                                                 
7 Summary statistics of the flow data are reported in Beaumont et al. (2008). 
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option data. For liquidity reasons, we only consider closing prices of out-of-the money put and 

call SPX options. The bid-ask midpoint prices are taken, options with time to maturity less than 1 

week and more than 9 months are disregarded. We also exclude options with absolute call deltas 

below 0.02 or above 0.98, because of distortions caused by price discreteness (see Bollen and 

Whaley (2004)). 

 

[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 Wednesday, 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 option using the dividend-adjust underlying S&P level. 

 

4.3 Empirical Methodology 

To evaluate options, the physical process has to be transformed into a risk-neutral process. We 

make use of the Local Risk Neutral Valuation Relationship (LRNVR) developed by Duan 

(1995). Under the LRNVR the conditional variance process remains unchanged, but under the 

pricing measure Q the conditional expectation of rt is equal to the risk free rate, rf , 

 

[ ] )exp()exp( 1 ftt
Q rrE =Ω − .       (7) 

 

The risk-neutral Gaussian process reads 
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with )1,0(~| 1 ftt −Ωε  under the risk-neutralized probability measure Q. S*
t is the dividend-

adjusted value of the underlying asset at time t. In Equation (8), tε  does not necessarily have to 

be normal, but to include the Black-Scholes model as a special case we typically assume that tε  

is a Gaussian random variable. 

 

Barone-Adesi et al. (2008) propose to calibrate the model using the Filtered Historical 

Simulation approach, by assuming that tε  is a random variable drawn from the empirical 

distribution. We obtain the empirical distribution by applying the following procedure. First, for 

the period February 1998 to December 2004, we estimate the corresponding volatility model 

under the physical probability measure P using n historical log-returns. Second, we scale the n 

historical log-returns by the estimated volatility on the same day, which results in n standardized 

residuals or empirical innovations. The advantage of this approach is that we can still make use, 

and most likely benefit from, the remaining conditional non-normality in the resulting empirical 

distribution for the calibration of the models under the risk-neutral process (see Barone-Adesi et 

al. (2008)).8 Third, to estimate the more general volatility dynamics including the sentimentalists, 

we make use of the fact that we can match the average fund flows – our sentiment indicator – 

with the standardized residuals for all days that we use to estimate the empirical distribution. 

Therefore, in the calibration of the models by sampling from the empirical distribution, we 

obtain not only one historical standardized residual, but a pair of the residual and the average 
                                                 
8 For our data the empirical innovations distribution has the assumed properties, a mean of roughly 0 and standard 
deviation of 1, a skewness of -0.24, a kurtosis of 3.7 and autocorrelation of essentially zero for various lags. 
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fund flow that we observed on exactly the same day in the past. The method has the implicit 

advantage that we pick up the exact historical correlation between returns and fund flows without 

the need to explicitly model them as a separate process. A similar method is used in practical risk 

management using the historical simulations approach. For example, if we want to determine the 

Value at risk of a stock option portfolio, we use the historical sample of relative changes of all 

underlying risk factor, e.g. stock, volatility and interest rate, and apply them to the current level 

of the risk factors simultaneously. Given we have n historical scenarios; we obtain n possible 

future scenarios for the portfolio values, from which we can determine the Value at risk.  

The locally risk-neutral valuation relationship ensures that under the physical probability 

measure P and the risk neutral measure Q, the volatility process satisfies 

 

[ ] [ ] ttt
P

tt
Q hrVarrVar =Ω=Ω −− 11 .          (9) 

 

A European call option with exercise price X and time to maturity T has at time t price equal to 

 

( ) ( )[ ]1
* |0,maxexp −Ω−−= tt

Q
tft XSETrc .      (10)  

 

For these kinds of derivative valuation models with a high degree of path dependence, 

computationally demanding Monte Carlo simulations are commonly used for valuing derivative 

securities. We use the simulation adjustment method, the empirical martingale simulation (EMS) 

of Duan and Simonato (1998), which has been shown to substantially accelerate the convergence 

of Monte Carlo price estimates and to reduce the simulation error. 
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Next, we make use of the cross-section of option prices with different maturities and strike 

prices. Using Monte Carlo simulations, the model generates volatility dynamics for the different 

maturities. Specifically, it starts off from the observed dividend-adjusted underlying and local 

volatility of today, and iterates forward until expiration. As a result, for each maturity we obtain 

a number of terminal stock prices equal to the number of simulation paths. Option prices are 

calculated by discounting the expected payoffs. We calibrate the parameters of the model by 

minimizing the root mean squared pricing error between the cross-section of out-of-the money 

market prices on a particular day and the theoretical call and put option prices. For example, for 

calls the RMSE is defined as 
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,,ˆmin1 ,        (11) 

 

where Nc is the total number of call (ci,j) options evaluated, i refers to the n different maturities 

and j to the mi different strike prices in a particular maturity series i. 

 

Lastly, having estimated the parameters in-sample, we turn to out-of-sample valuation 

performance and evaluate how well each week’s estimated models value the traded options on 

the following Wednesday. We filter the available option prices according to our criteria for the 

in-sample calibration.  

 

5. Empirical Results 

In our empirical application, we calibrate all models on each Wednesday of the years 2005, 2006 

and 2007, and calculate the RMSE’s in-sample as well for one week out-of-sample. Results are 
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reported in Tables 2-5. Table 1 presents the results for the most basic models, where we assume 

that 50% fundamentalists and 50% chartists are present in the market.  

 

[Table 2] 

 

The structure of the resulting volatility dynamics correspond to a basic asymmetric EGARCH 

option pricing model. In Panel A, we calibrate the model using the standard Monte Carlo 

Simulation (MCS) techniques, while in Panel B the Filtered Historical Simulation (FHS) method 

is used. Overall, as expected, fundamentalists trade on mean reversion of volatility resulting in a 

negative parameter α. Chartists believe that the market becomes more volatile when the 

underlying market goes down, while volatility is reduced if the underlying market goes up. In 

line with Barone-Adesi et al. (2008), we find that calibrating the model with a nonparametric 

innovation distribution results in lower pricing errors. However, the differences are only 

marginal. We compare the accuracy of the models using a Diebold-Mariano test (see Diebold 

and Mariano (1995)) on the weekly out-of-sample RMSEs over the whole period. Test statistics 

suggest that the difference in pricing performance of the models is insignificant. The other 

parameter estimates are fairly similar for the two models. In Figure 1, we plot the estimated local 

volatility parameter over time.  

 

[Figure 1] 

 

It is apparent from the graph that from the beginning of 2007 onwards, volatility starts trending 

positively and reaching a maximum level on August 22nd 2007.  
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Overall, given the good performance of the FHS method, we can use the method for the 

calibrations of the more complex model without sacrificing pricing performance. Table 3 

presents the parameter estimates of a more general model, where we allow for sentimentalists in 

the market. In Panel A, all traders are equally present in the market resulting in fixed weights of 

1/3 allocated to each trading strategy. Looking at the pricing performance, results suggest that 

sentiment trades are an important determinant in the index option market. In- and out-of-sample 

pricing errors are significantly reduced. Interestingly, chartists and sentimentalists incorporate 

the information into their beliefs about volatility in a similar way. They expect volatility to go 

down for good news (positive return or fund flows) and to go up for bad news (negative return or 

fund flows). 

 

[Table 3] 

 

Additionally, in Panel B, we calibrate a more general model by simultaneously estimating the 

optimal weights allocated to each forecasting strategy and therefore, we try to infer the 

importance of each strategy for the resulting cross section of option prices. Results suggest that 

on average 25% of traders follow a fundamentalist strategy, 19% a chartists strategy and, as a 

result, about 56% a sentimentalist strategy. The weights for the sentimentalist strategy vary from 

a minimum of 8% to 78% depending on the current condition of the option market (results are 

not reported, but can be derived from the estimated weights for fundamentalists and chartists). 

Figure 2 shows the changes of weights over time. Results suggest that accounting for 

sentimentalists is important, but the impact of sentimentalism is changing over time. However, 
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on average it is an important factor, which explains the volatility dynamics underlying option 

prices.  

[Figure 1] 

 

Interestingly, towards the end of the sample during the year 2007, when the market is getting 

more volatile, the impact of the sentimentalists seems to be reduced and the chartists are gaining 

importance. In a next step (reported in Panel C), we introduce switching to the volatility 

forecasting methods. We fix the weight of fundamentalists in the market to 1/3, but allow the 

weights for chartists and sentiment traders to fluctuate given the performance of their volatility 

forecasting rule on the previous day. The switching mechanism is described in Equation (5a) and 

the resulting volatility dynamics are described in Equation (6d). In line with Frijns et al. (2010), 

we find that given past performance, volatility traders switch to one or the other strategy. 

Allowing for switching in the model is important and is supported by the data. This flexibility 

also improves the performance of the model when calibrated on actual option data. All models 

with sentimentalists significantly outperform the models without sentimentalists according to the 

Diebold-Mariano test on the weekly out-of-sample RMSEs over the whole period (at the 1% 

level). Table 4 disaggregates the average parameter estimates and in- and out-of-sample pricing 

errors across years. Our findings are remarkably stable across the three years. However, towards 

the end of the year 2007 the market is getting more volatile, which is reflected in a greater 

average local volatility estimate and a substantial increase of out-of-sample pricing errors. 

 

[Table 4] 
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Obviously, the results suggest that sentiment affects options prices. In a related paper, Han 

(2008) proposes to investigate the cross-section of prices, because “options data also provide the 

opportunity to study the relative valuation of a rich cross-section of options traded on the same 

underlying asset, since these options are affected differently by investor sentiment”. Therefore, 

in a next step, we would like to understand how sentiment affects the term structure of volatility, 

because it might affect short term options differently to long term options. We modify the 

models in Equation (6b) and (6d) and allow the impact of sentiment and alternatively the 

switching mechanism to be different for short term and for long term options. We consider all 

options with less than 2 months maturity to be short-term and all others to be long-term. Results 

are presented in Table 5.  

 

[Table 5] 

 

In Panel A, it can be seen from the different parameters that sentiment traders react more 

strongly to fund flows for shorter maturities compared to longer maturities. Again, they expect 

volatility to go down for good news (positive fund flows) and to go up for bad news (negative 

fund flows), but short-term traders update their volatility forecasts more intensely compared to 

long-term traders. A similar picture arises from Panel B. Long-term investors are more sensitive 

to differences in forecasting performance between the chartists and sentiment strategies.  

 

6. Conclusions 

In this paper, we empirically investigate a heterogeneous agents option pricing model, where our 

agents have different beliefs about the future level of market volatility and trade accordingly. 
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Our agents trade on long-term mean reversion in volatility as well as on exogenous shocks from 

the underlying market, but also incorporate market sentiment indicators in their beliefs. Our 

option valuation framework is similar to a stochastic volatility model and is implemented using a 

filtered historical simulation approach.  

 

In line with Barone-Adesi et al. (2008), we find that calibrating the model with a nonparametric 

innovation distribution results in slightly lower pricing errors. When we incorporate sentiment in 

the pricing model, we recognize that chartists and sentimentalists incorporate their information 

into their beliefs about volatility in a similar way.  They expect volatility to go down for good 

news (positive returns or fund flows) and to go up for bad news (negative returns or fund flows). 

However, once we include sentimentalists’ trades, in-sample as well as out-of-sample pricing 

errors of the models are reduced. Given that we only make minor modifications to the 

specifications, the differences are sizeable. Results further suggest that on average 25% of 

traders follow a fundamentalist strategy, 19% a chartists strategy and, as a result, about 56% a 

sentimentalists strategy. Additionally, sentimentalists react more strongly to fund flows for 

shorter maturities compared to longer maturities, but long-term investors are more sensitive to 

differences in forecasting performance between the chartists and sentiment strategies compared 

to short-term traders. Hence, in line with Han (2008), we show that sentiment is an important 

determinant of prices and that sentiment trades can partly explain the volatility dynamics 

underlying option prices. 
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Figure 1: Local Volatility 
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Figure 2: Weights over time 
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Table 1: Number of contacts and implied volatilities 
The table presents the number of traded option contracts during the period January 2005 until December 2007 for 
each moneyness (X/S) and maturity category. ‘Total’ refers to the total number of traded contracts for the particular 
maturity. ‘%all’ refers to the number of traded contracts in one category relative to all traded contracts during the 
sample period. Additionally, we report average and maximum implied volatilities for each category. 
 

Panel A: Number of Contracts 

       
 Less than 2 months 2 to 4 months More than 4 months 
       

Moneyness X/S  %all  %all  %all 
       

< 0.95 11,853,481 0.25 2,469,489 0.05 2,592,271 0.05 
0.95 – 1.05 20,191,465 0.43 4,299,322 0.09 1,821,991 0.04 

> 1.05 2,381,898 0.05 910,224 0.02 992,380 0.02 
       

Total 34,426,844 0.73 7,679,035 0.16 5,406,642 0.11 
       

Panel B: Implied Volatilities 

       
 Less than 2 months 2 to 4 months More than 4 months 
       

Moneyness X/S Mean Max Mean Max Mean Max 
       

< 0.95 25.9% 86% 23.0% 49% 21.0% 43% 
0.95 – 1.05 13.5% 33% 13.5% 30% 11.0% 28% 

> 1.05 13.7% 57% 11.6% 27% 12.1% 25% 
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Table 2: Parameter Estimates and Pricing Performance I: Monte Carlo Simulations vs. Filtered 
Historical Simulations 
The table presents the average parameter estimates, standard deviations, minimum and maximum of the weekly 
estimations of the model during the period January 2005 until December 2007. h0 represents the estimated local 
volatility, the estimated starting value of the volatility process. Additionally, we report in-sample and out-of sample 
pricing errors. 
 

Panel A: Monte Carlo Simulations (MCS) 

       

 α β0 β1 h0 
Pricing Error 

In-sample 
Pricing Error 

Out-of-Sample 

       
       

Mean -0.08 -0.48 0.53 0.11 0.56 1.57 
SD 0.03 0.16 0.14 0.04 0.19 1.54 
Min -0.15 -1.08 0.26 0.05 0.26 0.35 
Max -0.02 -0.21 0.95 0.31 1.19 9.63 

       

Panel B: Filtered Historical Simulations (FHS) 

       

 α β0 β1 h0 
Pricing Error 

In-sample 
Pricing Error 

Out-of-Sample 

       
       

Mean -0.08 -0.45 0.52 0.11 0.54 1.56 
SD 0.03 0.15 0.14 0.04 0.19 1.55 
Min -0.16 -1.00 0.22 0.06 0.25 0.33 
Max -0.01 -0.15 0.87 0.32 1.18 9.65 
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Table 3: Parameter Estimates and Pricing Performance II: Impact of Sentimentalists 
The table presents the average parameter estimates, standard deviations, minimum and maximum of the weekly 
estimations of the model during the period January 2005 until December 2007. h0 represents the estimated local 
volatility, the estimated starting value of the volatility process. Additionally, we report in-sample and out-of sample 
pricing errors. 
 

Panel A: FHS with Sentimentalists and fixed weights 

           

 α β0 β1 h0 δ0  δ1 wF wc 
Pricing 
Error 

In-sample 

Pricing 
Error 

Out-of-
Sample 

           
           

Mean -0.13 -0.22 0.48 0.11 -1.34 0.71 ⅓ ⅓ 0.38 1.48 
SD 0.05 0.28 0.30 0.04 0.48 0.37   0.21 1.57 
Min -0.27 -1.48 -0.16 0.05 -2.81 -0.19   0.15 0.24 
Max -0.01 0.25 1.29 0.31 0.08 1.87   1.14 9.52 

           

Panel B:FHS with Sentimentalists and estimated weights 

           

 α β0 β1 h0 δ0  δ1 wF wc 
Pricing 
Error 

In-sample 

Pricing 
Error 

Out-of-
Sample 

           
           

Mean -0.19 -0.56 0.51 0.11 -0.66 0.53 0.24 0.19 0.37 1.47 
SD 0.10 0.09 0.08 0.04 0.11 0.07 0.08 0.10 0.20 1.55 
Min -0.51 -0.85 0.35 0.05 -1.12 0.38 0.14 0.00 0.15 0.24 
Max -0.01 -0.36 0.74 0.31 -0.42 0.76 0.51 0.41 1.12 9.54 

           

Panel C: FHS with Sentimentalists and switching 

           

 α β0 β1 h0 δ0  δ1 γ 
Pricing 
Error 

In-sample 

Pricing 
Error 

Out-of-
Sample 

           
           

Mean -0.12 -0.29 0.39 0.11 -1.19 0.80 0.54 0.38 1.49 
SD 0.05 0.22 0.25 0.04 0.34 0.29 0.18 0.20 1.57 
Min -0.24 -0.92 -0.10 0.05 -2.05 -0.02 0.02 0.15 0.23 
Max -0.02 0.06 1.27 0.31 -0.06 1.78 1.52 1.03 9.49 
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Table 4: Parameter Estimates and Pricing Performance III: Year by year 
The table presents the average parameter estimates of the weekly calibrations of the models during the years 2005, 
2006 and 2007 (Panel A, B and C, respectively). h0 represents the estimated local volatility, the estimated starting 
value of the volatility process. Additionally, we report in-sample and out-of sample pricing errors. MCS (FHS) refer 
to the most basic model without sentimentalists and calibrated using Monte Carlo Simulation (Filtered Historical 
Simulation) techniques. FHS I, II and III refer to the models with sentimentalists using fixed weights, estimated 
weights and switching, respectively.  
 

Panel A: 2005 

 α β0 β1 h0 δ0  δ1 
wF / 

γ 
wc 

Pricing 
Error 

In-sample 

Pricing 
Error 

Out-of-
Sample 

           
MCS -0.07 -0.38 0.45 0.10     0.50 1.09 
FHS -0.07 -0.36 0.44 0.10     0.50 1.09 

FHS I -0.11 -0.11 0.30 0.09 -1.33 0.80   0.31 1.02 
FHS II -0.15 -0.53 0.46 0.09 -0.64 0.51 0.26 0.12 0.31 1.01 
FHS III -0.10 -0.17 0.22 0.09 -1.20 0.88 0.54  0.32 1.05 

           

Panel B:2006 

 α β0 β1 h0 δ0  δ1 
wF / 

γ 
wc 

Pricing 
Error 

In-sample 

Pricing 
Error 

Out-of-
Sample 

           
MCS -0.08 -0.46 0.52 0.10     0.48 1.18 
FHS -0.08 -0.43 0.51 0.10     0.47 1.17 

FHS I -0.14 -0.18 0.46 0.09 -1.37 0.71   0.31 1.09 
FHS II -0.19 -0.54 0.50 0.09 -0.66 0.52 0.24 0.17 0.30 1.08 
FHS III -0.12 -0.26 0.36 0.09 -1.19 0.80 0.52  0.32 1.10 

           

Panel C: 2007 

 α β0 β1 h0 δ0  δ1 
wF / 

γ 
wc 

Pricing 
Error 

In-sample 

Pricing 
Error 

Out-of-
Sample 

           
MCS -0.09 -0.59 0.62 0.14     0.67 2.43 
FHS -0.09 -0.56 0.61 0.14     0.66 2.42 

FHS I -0.15 -0.38 0.67 0.13 -1.33 0.63   0.52 2.35 
FHS II -0.23 -0.61 0.56 0.14 -0.68 0.55 0.23 0.28 0.50 2.33 
FHS III -0.14 -0.45 0.60 0.14 -1.18 0.70 0.57  0.50 2.34 
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Table 5: Parameter Estimates and Pricing Performance IV: Short and long term impact of 
Sentimentalists 
The table presents the average parameter estimates, standard deviations, minimum and maximum of the weekly 
estimations of the model during the period January 2005 until December 2007. h0 represents the estimated local 
volatility, the estimated starting value of the volatility process. Additionally, we report in-sample and out-of sample 
pricing errors. 
 

Panel A: FHS with Sentimentalists, short/long term impact 

           

 α β0 β1 h0 
short
0δ  short

1δ
long
0δ  long

1δ  
Pricing 
Error 

In-sample 

Pricing 
Error 

Out-of-
Sample 

           
           

Mean -0.14 -0.54 0.53 0.10 -0.94 0.86 -0.71 0.66 0.30 1.46 
SD 0.06 0.46 0.40 0.04 0.56 0.35 0.53 0.31 0.14 1.56 
Min -0.29 -1.90 -0.03 0.05 -2.01 0.02 -1.75 -0.14 0.13 0.23 
Max -0.01 0.09 1.85 0.27 0.44 1.69 0.40 1.18 1.01 9.37 

           

Panel B:FHS with Sentimentalists, short/long term switching 

           

 α β0 β1 h0 δ0  δ1 γshort γlong 
Pricing 
Error 

In-sample 

Pricing 
Error 

Out-of-
Sample 

           
           

Mean -0.13 -0.29 0.38 0.11 -1.27 0.85 0.48 0.53 0.35 1.48 
SD 0.05 0.25 0.27 0.04 0.40 0.34 0.21 0.27 0.18 1.58 
Min -0.26 -1.00 -0.02 0.05 -2.35 -0.07 0.01 0.01 0.15 0.24 
Max -0.01 0.38 1.36 0.30 0.03 1.83 1.33 1.50 1.02 9.50 
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