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Abstract 

The choice of exclusion filtering rules are, next to model selection and parameter calibration, an 

important step in an option pricing exercise. We illustrate the implications of exclusion filtering rules, 

by investigating three alternative renowned filtering rules in the context of pricing European S&P 500 

index options. Different filtering rules result in strongly diverging samples, which carry different 

information and therefore lead to different parameter estimates. This is illustrated for the Ad Hoc 

Black-Scholes model. 

No filtering rule is, in terms of pricing performance, superior on the whole range of options. Instead, 

each filtering rule is specialized toward better pricing of options types that were included in the 

calibration sample at the costs of excluded options. Included options are unable to perfectly represent 

the properties and characteristics of excluded options.  

In particular, option prices are heterogeneous in the maturity dimension, which is a major driving 

force underlying the impact of exclusion filters on pricing performance. Additionally, small deviations 

from the put-call parity strongly affect parameter estimates as well as the accompanying pricing 

performance. These results emphasize the prominent role of filtering rules as an important implicit 

choice for an option pricing model calibration.  
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On the Impact of Exclusion Filters Rules in Option 
Pricing 

 

Abstract 

The choice of exclusion filtering rules are, next to model selection and parameter calibration, an 

important step in an option pricing exercise. We illustrate the implications of exclusion filtering rules, 

by investigating three alternative renowned filtering rules in the context of pricing European S&P 500 

index options. Different filtering rules result in strongly diverging samples, which carry different 

information and therefore lead to different parameter estimates. This is illustrated for the Ad Hoc 

Black-Scholes model. 

No filtering rule is, in terms of pricing performance, superior on the whole range of options. Instead, 

each filtering rule is specialized toward better pricing of options types that were included in the 

calibration sample at the costs of excluded options. Included options are unable to perfectly represent 

the properties and characteristics of excluded options.  

In particular, option prices are heterogeneous in the maturity dimension, which is a major driving 

force underlying the impact of exclusion filters on pricing performance. Additionally, small deviations 

from the put-call parity strongly affect parameter estimates as well as the accompanying pricing 

performance. These results emphasize the prominent role of filtering rules as an important implicit 

choice for an option pricing model calibration.  
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1. INTRODUCTION 

Exclusion filtering rules are a set of criteria that determine what observations either remain in 

or are excluded from the calibration sample. Filtering the original dataset is the conventional 

first step in any empirical work on option pricing. This article assesses and quantifies the 

effect of exclusion filter rules on option pricing performance. In general, the choice of the 

underlying calibration sample is, next to the model selection step and the determination of the 

optimization criterion, a crucial step in an option pricing exercise. 

A vast majority of the option literature has been dedicated to comparing the pricing 

performance of alternative models. This horse race between models has taken place in various 

settings such as stochastic volatility models (Bakshi, Cao and Chen, 1997; Pan, 2002), 

discrete volatility models (Heston and Nandi, 2000; Christoffersen and Jacobs, 2004a; Frijns, 

Lehnert and Zwinkels, 2010) as well as across model types (Dumas, Flemming and Wahley, 

1998; Lehar, Scheicher and Schittenkopf, 2002). The determination of the optimization 

criterion which translate into the relevance of the loss function selection for model estimation 

has proven to be crucially relevant as well (Christoffersen and Jacobs, 2004b; Bams, Lehnert 

and Wolff, 2009). 

This contrasts with the attention for the initial data selection process. Data selection and the 

adoption of filtering rules is a common phenomenon in the existing empirical option pricing 

literature.  Although proposed filtering rules usually seem intuitive, there is a lack of a 

systemic evaluation of the impact and appropriateness of these rules.  Such an evaluation is 

desirable because it provides guidance what filter rules are most appropriate for a particular 

option pricing exercise. The data selection process interacts with the model and loss function 

selection, such that the parameter estimates inherit the characteristics of the options included 

in the calibration sample.  

The justification for data filtering resides in the information that is contained in the selected 

data. Certain option prices are considered not informative for the calibration of a particular 

model. It is beneficial to exclude these observations from the sample since they would simply 

add noise to the estimation. From the literature, we find different approaches that are largely 

diverging in the way that they define, and exclude uninformative option data.  

One practice consists of only keeping out-of-the-money options. These options are more often 

traded than their in-the-money counterparts, and therefore their prices are considered to be 
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more informative (Brandt and Wu, 2002; Barone-Adesi, Engle and Mancini, 2008). 

Alternatively, Bollen and Whaley (2004) propose to exclude all options with an absolute delta 

lower than 2% or higher than 98%. This takes care of implied volatilities being overly 

sensitive for small changes in the price, resulting from rounding errors. Third, options 

violating no-arbitrage principles lead to the third category of options that are commonly 

excluded (Bakshi et al., 1997; Neumann and Skiadopoulos, 2012). 

We investigate three leading sample selection procedures proposed in the literature. The first 

procedure has been proposed by Bollen and Whaley (2004), BW hereafter, applying a filter 

based on absolute deltas. The second procedure relates to the approach used by Bakshi, Cao 

and Chen (1997), BCC hereafter, filtering out all put options. The third procedure is applied 

in Barone-Adesi, Engle and Mancini (2008), BAEM hereafter, selecting only out-of-the-

money options. All three sample selection procedures are applied to the same raw dataset of 

European S&P 500 index options, resulting in three different calibration samples.  

In the following we will investigate the impact on both in-sample and out-of-sample pricing 

performance. In particular we evaluate the performance at option bucket level, where a bucket 

is defined in terms of moneyness and maturity. Given that in all three cases we apply both the 

same model, i.e. the Ad Hoc Black-Scholes model, and the same optimization criterion, the 

discrepancies in the resulting are entirely attributable to the difference in data selection rules.  

We empirically confirm the sizable dispersion in parameter estimates when the Ad Hoc 

Black-Scholes model is estimated on the three alternatives sample selection methods. The 

accompanying impact on option pricing resulting into diverging predicted prices is relevant. 

These findings are robust both in and out-of-sample, indicating that over-fitting is not a 

concern. Therefore, we conclude that the choice of a sample selection method is important 

and cannot be ignored. 

Our empirical findings confirm that the best out-of-sample pricing performance is obtained by 

applying a filtering rule that results in a calibration sample consistent with the evaluation 

sample. Consistency in this context refers to option characteristics such as moneyness and 

maturity. In that sense, the three sample selection methods lead to different sets of 

information, and hence are efficient at filtering out uninformative observations. At the 

aggregate level, no sample selection procedure is dominating in either in-sample or out-of-

sample pricing performance.  
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This is however in contrast with the clear pattern at the option bucket level. The apparent 

heterogeneity over option buckets triggers the desire for alternative sample selection 

approaches at this level. Most option pricing models are unequipped to simultaneously 

represent short term and long term maturity options. We find that per option buckets, a 

preferred sample selection approach can be identified. In particular, the sample selection 

approach should be careful in including those options that carry the characteristics of the 

particular bucket. We identify two major phenomena to account for. 

First, sample selection and loss function interact. Using an absolute loss function, a careful 

consideration should be given to the prices of long maturity options. In comparison with 

shorter term options, there is an implicit overweighting for long term contracts. If the primary 

purpose is not especially to price long maturity options, we recommend to either include an 

appropriate weighting scheme for all options in the loss function, or to exclude long maturity 

options entirely.  

Second, after controlling for the apparent heterogeneity in maturity, the parameter divergence 

shrinks but persists. This is due to what we will refer to as the put-call parity anomaly. 

Parameters estimated from out-of-the-money call (put) options are not accurate for pricing in-

the-money put (call) options. A residuals analysis suggests that the option pricing model tends 

to under-price long maturity puts, while long maturity calls tend to be over-priced. Although, 

the put-call parity violations are not exploitable once transaction costs and bid-ask spread are 

accounted for, the impact on parameter estimates and predicted prices is substantial. 

In the industry, cross-sectional out-of-sample pricing is a common practice (Hull and Suo, 

2002). For instance, Brandt and Wu (2002) estimate their model on European style options 

and subsequently price contemporaneous American style options. In this particular case, we 

recommend to have the development sample matching the characteristics of the options in the 

evaluation sample. The same consideration applies for an out-of-time pricing exercise, when 

the sample composition potentially is unstable. A sudden sample composition change should 

be interpreted as a signal not to use the obtained parameter estimates. 

2. METHODOLOGY 

The analysis of the effect of different sample selections on option pricing performance 

requires the choice of a pricing model to be calibrated on the filtered data. For this purpose, 

we select the Ad Hoc Black-Scholes model, also referred to as the practitioner’s Black and 
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Scholes model. This specification involves a simple parametric smoothing of the implied 

volatilities across moneyness and maturity.  

 

Three reasons motivate our choice for this model. First, this model is the established 

benchmark for most option pricing research (Christoffersen and Jacobs, 2004b). Therefore, 

this allows for comparability of our results. Second, this specification provides good relative 

pricing performances (Dumas, Fleming and Whaley, 1998). Third, for our purpose, the very 

ad hoc nature of the model is practical. Berkowitz (2009) shows that the Ad Hoc Black-

Scholes model provides an accurate approximation of a true but unknown data generating 

process. Following Dumas, Fleming and Whaley (1998), we use the following most complete 

specification of the model: 

����� � ��� 	 �
� ���� 	 �� ������
 	 ������ 	 ������
 	 ��� ������ � ��� �1� 

where ����� denotes the implied volatility of option i at time t. The model specification 

represents implied volatility as a function of maturity, ���, and moneyness,������, where �� is 

the price of the underlying at time t, and �� is the exercise price of option i. Let �� ≡���� ⋯ ����� denote the unknown parameters at time t. The fitted values for the implied 

volatility in equation (1) are plugged in the classical Black and Scholes option pricing formula 

to arrive at the option price: 

 ������ � !��������, ���� , ��� , #�$ , %��� �2� 

The parameters are estimated by minimizing the root mean squared errors of absolute option 

prices.  

#'�(� � ) 1*� +,� �� -  .�/ �����
0�
�1� 2 3 � 1, … , � �3� 

where *� is the number of options in cross-section 3,  �� is the observed market and  .�/ ���� is 

the fitted price for option 6 at time 3. We rely on the root mean square error because it is the 

loss function selected by the greatest majority of academics and practitioners for model 

calibration. Also, the RMSE has desirable properties, compared to alternative loss functions, 

regarding out-of-sample pricing performance and estimation uncertainty (Bams et al. 2009; 

Christoffersen and Jacobs, 2004b).  
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With 7��8, 7��99 and 7��:;< we denote the three resulting data samples after application of 

respectively the BW, BCC and BAEM data selection process. Subsequently, we can, by 

application of the procedure outlined by equations (1) – (3), arrive at parameter estimates ���8, ���99  and ���:;<, respectively.  

Finally, for evaluation purposes, we introduce #'�(��7�;=��>?��@A, 7B;C?DE?��@A� as the root 

mean squared error that follows by estimating the parameters on sample 7�;=��>?��@A and 

evaluating the performance using options from the evaluation sample 7B;C?DE?��@A. This allows 

us to assess the ability of parameters estimated on one sample to fit prices in another sample. 

3. DATA 

We use European S&P 500 index options (SPX) from January 2002 to December 2004. The 

three years covered by our sample are characterized by both high and low volatility regimes. 

The SPX option market is the most active in the world and is popular in the option pricing 

literature (Barone-Adesi et al, 2008). We use closing prices of each Wednesday, leading into a 

data sample with 155 cross sections. 

In traditional option pricing studies, a common step is to describe the filtering criteria used. In 

our case, we use the three sets of filters proposed by BW, BCC and BAEM. These filters are 

summarized in Table 1.  

** PLEASE INSERT TABLE 1 ABOUT HERE** 

BW is the most parsimonious filter. The filter is performed on a single criterion only. This 

simple criterion already filters out 18% of the options from the original data sample. It is also 

the only data filtering approach that includes put options, call options, in-the-money options 

and out-of-the-money options, simultaneously. This is in strong contrast with the other data 

filtering approaches that either select call options only or out-of-the money options only. 

Consequently, BW is the sample including the highest number of observations.  

The most striking characteristic of BAEM is the out-of-the money only composition. This 

selection is justified by the higher liquidity of out-of-the money options. In addition, BAEM 

is also diverging from BW and BCC by filtering out very long term maturity options. The 

other samples are not limited with that respect. The minimum option price is low in 

comparison. The combined effect of the maturity limit imposed and the in-the-money option 

exclusion leads to a substantially lower average option price. This aspect is relevant for an 
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optimization criterion relying on an absolute loss function and for the comparison of 

alternative sample pricing errors. 

BCC’s call options only selection is relying on the put-call parity. BCC, like BAEM, imposes 

a minimum maturity and minimum option price. Yet the two filters differ in their cleaning 

approach. While BAEM relies on out-of-the money options only, BCC is the only procedure 

that filters out options violating the no-arbitrage principle. Slightly more than 2% of the 

cleaned data in our dataset violate the no-arbitrage principle. The minimum price is higher for 

BCC. This is relevant since it affects the weights given to different observations. The call 

option only selection implies that more weights are given to deep-in-the money options 

because of their higher absolute prices. 

Although alternative filtering criteria are divergent, they are not independent. For instance, 

one appealing property of delta based filtering is that it is related to implied volatility and 

minimum price filters. Options, with an absolute delta lower than 2% or higher than 98%, 

include an important proportion of options with an implied volatility higher than 70%. 

Similarly, almost all options with a price lower than $3/8 have an absolute delta lower than 

2%.  

** PLEASE INSERT TABLE 2 ABOUT HERE** 

Although the various filters are related, we still find an important mismatch in the resulting 

samples. Table 2 shows the proportion of overlapping options between samples. It is clear that 

BW is the broadest sample and covers most of the options found in BCC and BAEM. For 

instance, 94% (71%) of the options in BCC (BAEM) are also present in BW. However, the 

reverse is not true since BCC and BAEM are more restrictive. Only 48% (36%) of the option 

found in BW are also in BCC (BAEM). BAEM is the most deviating sample. It has a smaller 

match with BW than with BCC. Also, the biggest sample difference exists between BAEM 

and BCC. 

The variations between the three different sample compositions warrant the investigation of 

two relevant issues. First, because almost all BCC and BAEM options are also present in BW, 

we can assess the trade-off between the benefits of large samples and the advantage of a 

cleaner dataset. Second, the low matching between BCC and BAEM allows for a comparison 

of two different option sets in fitting the volatility surface. 

** PLEASE INSERT TABLE 3 ABOUT HERE** 
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Table 3 provides summary statistics for the three samples. The high concentration of out-of-

the-money options in the BAEM sample explains the low average price. Additionally, the 

maximum maturity imposed by BAEM excludes expensive high time value options. The 

absolute average price differences suggest that pricing errors cannot be compared across 

samples. The distribution of prices is relevant for the model estimation step since it plays a 

role in the implicit weighting of each observation. The extreme prices observed in BW and 

BCC imply that these observations get a substantially higher weight in the estimation step. 

Deep in-the-money long maturity options are automatically given more weight. Such a 

weighting scheme is less present in BAEM that imposes a maximum maturity and selects only 

out-of-the-money options. 

Although the average implied volatilities are similar for the three samples, their distributions 

are distinct, with BW and BCC exhibiting extreme implied volatilities. The descriptive 

statistics suggest that BAEM provides the most selective sample. The BAEM filter, aiming at 

selecting the most liquid options, is also the data sample that is characterized by the highest 

bid-ask spread. This is explained by the low minimum price allowed by BAEM. Very cheap 

options are known to have relatively high bid-ask spreads.  

** PLEASE INSERT FIGURE 1 ABOUT HERE** 

Figure 1 displays the percentage of observations in each option bucket.  The distribution of 

the sample across option buckets is strongly diverging. The BW sample is the most uniformly 

distributed. The biggest bucket accounts for 8% of the total population and most of the 

buckets include 2% to 4 % of the total population. Therefore in model calibrations BW 

attaches relatively equal weights to each type of option. BAEM is the most tilting toward deep 

out-of-the-money options. The weight given to an option in BAEM is a function of the 

absolute moneyness. For all maturities, deep out-of-the-money buckets are always 

representing more than 8% of the total sample. BCC is the most tilting toward longer maturity 

options. The weights given to an option in BCC is a function of maturity. This relative 

importance driven by percentage of observations belonging to specific option buckets is 

magnified by high prices of long maturity options, with one of the long maturity buckets even 

reaching 15% of the total population. 
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4. RESULTS 

In this section we report and analyse the estimation results of the Ad Hoc Black-Scholes 

model estimated on the three alternative samples FGH, FGII and FGJKL. Our focus is on 

the pricing performance of ��8, ��99  and ��:;< at both the aggregate level, considering 

all options simultaneously, and the option type level, expressed in terms of maturity and 

moneyness.   

Heterogeneity in development samples – effect on predicted prices 

In Figure 2, we plot the time series of parameter estimates applying the three alternative 

filters, 7�8, 7�99 and 7�:;<.  Parameter values in Figure 2 are time varying, which justifies 

relying on continuous recalibration as recommended by Christoffersen and Jacobs (2004a) 

and Berkowitz (2010). Parameters estimated on the same day, but based on differently filtered 

samples display important variations that are significant and more accentuated for certain time 

periods. 

** PLEASE INSERT FIGURE 2 ABOUT HERE** 

Table 4 presents the effect of filter rules on predicted prices. The pricing performance 

resulting from the alternative filters are displayed. To allow for a proper comparison, i.e. 

using the same evaluation sample, the evaluation is done within a column. Reported pricing 

performance is heavily influenced by the evaluation sample characteristics. 

** PLEASE INSERT TABLE 4 ABOUT HERE** 

This partially explains the disparity in the in-sample RMSEs reported by alternative studies 

using the Ad Hoc Black and Scholes model. Barone Adesi et al. (1998) report a 3.39$ RMSE 

on SPX option while Dumas et al. (1998) and Christoffersen and Jacobs (2004b) respectively 

obtain average RMSEs of $0.23 and $0.36. Hence, the role of sample selection on pricing 

performances already highlights the incomparability of results across studies.  

Panel A shows that the RMSE is substantially minimized by using parameters consistently 

estimated on data cleaned with the same filters as the ones applied in the evaluation sample. 

The difference between the on-diagonal RMSEs and the off-diagonal RMSEs, within the 

same column, quantifies and highlights this effect.  

These results are strikingly robust and consistent at different out-of-sample horizons. Panel B 

applies the parameters estimated on a particular trading day on the three filtered samples to 
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price traded options 1, 2 and 4 weeks out-of-sample. The consistency of these results, in- and 

out-of-sample, emphasizes that the over-performance of the consistent estimation and 

evaluation is not caused by over-fitting but rather by a systematic factor affecting predicted 

option prices. 

These out-of-sample results are different from previous empirical findings regarding loss 

function selection in option pricing. Similarly to our sample selection effect, the RMSE is 

minimized when the same loss function is applied in the calibration and the evaluation stage 

(Christoffersen and Jacobs, 2004b; Bams et al., 2009). Yet this divergence vanishes as the 

out-of-sample horizon increases.  

We interpret our empirical findings as strong evidences for alternative sets of filters leading to 

heterogeneous sets of options. This heterogeneity in option characteristics does not allow a 

specific sample to represent adequately the entire universe of option contracts. The choice of 

filters is of first order importance since predicted prices depend on parameter estimates from 

the sample used. Therefore, an equal amount of consideration should be given to the choice of 

a filter as is given to the choice of a model or loss function.  

Since results are robust across different out-of-sample horizons, we will concentrate on the 

one week out-of-sample case. This horizon is consistent with the common practice of 

continuous re-calibration widely used both in practice and academia (Christoffersen and 

Jacobs, 2004a; Berkowitz, 2010). Additionally, because of the persistence across horizon 

observed, the features observed for the one week out-of-sample case are very likely to be also 

present for longer horizons pricing exercises.   

Heterogeneity in development samples – pricing specialization 

Since none of the three parameter sets are systematically dominated by their competitors, we 

can conclude that the three filtering rules are efficiently cleaning out noisy prices. Rather than 

the ability to filter out noise, our results are explained by our filters’ capacity to provide good 

estimates for different option categories. We identify a trade-off between estimating a model 

locally, on a certain reduced subset of options, and globally, to the whole contracts 

simultaneously. A local estimation has obvious disadvantages.   

First, following Bakshi et al. (1997), an option pricing exercise is characterized by a choice 

amongst miss-specified models. A local procedure is theoretically inconsistent since an 

appropriate model should be able to price all options simultaneously. Second, the smaller 
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number of observations implied by local estimation negatively impacts the precision of the 

estimated parameters and sometimes results in parameters more prone to over-fitting. Global 

estimation comes at the costs of a higher level of mispricing for certain options.  

We empirically identify the option buckets that are properly or poorly priced from our three 

candidate filters. To do so, we investigate the pricing performance of alternative sets of 

parameters at a more granular level. Table 5 presents the one week out-of-sample pricing 

performance at the option bucket level. 

** PLEASE INSERT TABLE 5 ABOUT HERE** 

Interestingly, the results obtained at the bucket level are different from the previously reported 

performance results at aggregate level. The diagonal of the RMSE matrix no longer contains 

the smallest figures, suggesting that a consistent estimation and evaluation approach at the 

option bucket level does not necessarily yields the best pricing performance.  

Table 6 provides an intuitive summary of table 5 indicating the ‘best’ filtering method to 

adopt for each option bucket. Three possible situations arise in the overview. First, no filter is 

dominating. This situation is rare and is denoted by ‘-’. Second, one filter is viewed as the 

preferred filter to be adopted for a particular option bucket. This filter always provides both 

the lowest average RSME and lowest RMSE in the majority of the cross-sections. Third, if in 

addition this filter always provides the lowest average RSME and the best results in 50% or 

more of the cross-sections, we consider it to be a strong domination and indicate it by a star. 

** PLEASE INSERT TABLE 6 ABOUT HERE** 

Table 6 shows that the relative filter performance differs both with maturity and moneyness. 

The results suggest that ��:;< is the best alternative to price all short maturity options. 

Although, ��:;< also provides satisfactory results for medium maturity options, ��8 and ��99 are preferred in three of the short maturity buckets. In case of long maturity options, ��:;< turns out to be the worst. Long maturity calls are remarkably well priced by ��99, 

whereas  ��8 provides the best predicted prices for most of the long maturity puts.  

Sources of heterogeneity 

We identify two main drivers underlying the heterogeneity in option samples. Both the 

option maturity and the put versus call filtering criteria explain an important proportion of 

the predicted price differences between filters. 
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Both Table 4 and 6 highlight the importance of time to maturity. Table 4 shows that 7�:;< 

is always the worst alternative to price 7�8 and 7�99 options. Furthermore, 7�:;< 

options are poorly fitted by the option pricing model based on either 7�8or 7�99. 

Similarly, Table 6 shows a clear dichotomy between short and long maturity options. Short 

maturity buckets are, in terms of pricing performance, overly dominated by 7�:;<, while 

for options in long maturity buckets the exact opposite is the case. We relate this finding to 

the fact that 7�:;< is the only filter with a maximum maturity imposed. Contracts with 

maturity higher than 360 days are excluded. To assess the impact of maturity filtering, we 

replicate the one week out-of-sample pricing exercise imposing the same maturity 

constraint to all three samples BW, BCC and BAEM. 

** PLEASE INSERT TABLE 7 ABOUT HERE** 

From Table 7 it follows that after the maturity adjustment, pricing performance across the 

three alternative filters converges. Likewise, option pricing based on BEAM is no longer the 

worst alternative to fit option prices with BW or BCC characteristics. Hence, the inclusion of 

a maturity limit has a significant impact. Filtering rules including long maturity options 

interact with the absolute difference loss function, attaching more weight to these options. 

This finding supports the argument made by Broadie, Chernov & Johannes (2007) and 

Kanniainen, Lin & Yang (2014), who argue that absolute loss functions impose a higher 

weight on expensive options. Accordingly, if pricing long term option is not the main 

objective, we recommend excluding these contracts from the sample used for the model 

calibration. 

Another source of heterogeneity relates to the different impact of call options versus put 

options in the calibration sample. From table 6 it follows that 7�99 is the best filter to price 

every call option category, but provides a notable poor pricing performance for all the put 

option categories. This empirical fact is inconsistent with the put-call parity axiom. Although 

put-call parity violations are seldom exploitable (Cremers and Weinbaum, 2010), they are not 

rare. These prices mismatched are observed for individual equity options (Atilgan, 2010), as 

well as for European index options (Wagner, Ellis and Dubofsky, 1996; Amin, Coval and 

Seyhun, 2004).  

** PLEASE INSERT TABLE 8 ABOUT HERE** 
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Table 8 presents, in case of the BCC* sample, the put-call parity violations, measured as the 

difference in implied volatility between a call and its matching put. While no significant 

dispersion is observed for low maturity options, medium and long maturity puts are 

overpriced compared to long maturity calls. Wagner et al. (1996) also show that violations are 

more frequent for longer maturity options. Consequently, the case of parameter calibration on 

both puts and calls will face a trade-off between under-pricing puts and over-pricing calls. 

Alternatively, a model that is only calibrated on puts (calls) will price very well puts (calls) at 

the expense of the ignored calls (puts).  

** PLEASE INSERT FIGURE 3 ABOUT HERE** 

In order to evaluate the impact of put-call parity violations on our results we analyse the 

residuals obtained from FGH∗ priced with θGH∗ for three maturity horizons. Consistent with 

table 8 the put and call residual distributions are virtually indistinguishable and centred 

around zero for short maturity options. for the longest maturity contracts, the put and call 

residual distributions are different. We confirm that puts are underpriced while calls are 

overpriced. The small implied volatility divergences between puts and calls have a significant 

impact on parameter estimates and on the accompanying predicted prices. Assuming that a 

call only sample is representative for the puts or that an out-of-the-money only sample is 

representative for the in-the-money options is not the case.  

 

5. CONCLUSION 

An important amount of attention has been given to model selection and loss function 

selection in option pricing. We show that data selection or the determination of exclusion 

filtering rules is also a relevant part of the model specification since it affects predicted prices 

in a non-random manner. Our empirical application highlights that no single filtering 

procedure is optimal. Instead, each filtering procedure is specialized at predicting accurately a 

particular category of option prices at the expense of other categories. We recommend for the 

empirical option pricing exercise to give more attention to the ex-ante data selection 

procedure. The filter used, and its effect on predicted prices, should be aligned with the 

objective of the model. 

Two types of filters have important implications. The cut-off point for maximum maturity 

option to be included is of first order importance since the inclusion of long maturity contracts 
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strongly impact the parameter estimates. Also, deviation from the put-call parity causes the 

two types of contracts not to be a proper substitute for each other. We advise to include put 

and call as well as in and out of the money contracts in the development sample for that 

reason.   
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Table 1: Filtering Rules Criteria 

 
Bollen and Whaley 

(1998) 

Bakshi, Cao and 

Chen (1997) 

Barone-Adesi, Engle 

and Mancini (2008) 

Call / Put  Only Call  

Price- Min (Max)  $3/8 (-) $0.05 

Maturity- Min 

(Max) 
 6 (-) 10 (360) 

Moneyness   Only Out-The-Money 

Implied Volatility- 

Min (Max) 
  - (70%) 

Absolute Delta- Min 

(Max) 
0.02 (0.98)   

Arbitrage Violation 

Filter 
NO YES NO 

Notes. The table displays a set of threshold values and conditions related to different criteria to determine whether an option contract is 
included or excluded from the calibration sample. When a cell includes two values, this means that a minimum value and a maximum value 
applies for the criterion. The maximum value is presented within parentheses.  
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Table 2: Sample Overlap 
 

 BW BAEM BCC 
BW 100% 36% 48% 

BEAM 71% 100% 35% 
BCC 94% 35% 100% 

Notes. The table displays the percentage of options in a 
sample x also present in other samples y. The vertical left 
entries are the basis samples (x) and the horizontal entries are 
the compared samples (y). 
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Table 3: Descriptive Statistics for each sample 

 
   

Number of 
Observation 

 
Price 

 
IV 

 
Call % 

 
Bid-Ask 

% 

 
Maturity 

 
Moneyness 

BW Mean 56,697 $80 24% 50% 8% 222 -1% 

 St.Dev  $92 16%  10% 198 19% 

 Min  $0 6%  0% 3 -119% 

 Max  $997 299%  100% 731 99% 

BAEM Mean 28,779 $12 24% 49% 33% 135 -20% 
 St.Dev  $15 10%  34% 101 20% 

 Min  $0 10%  1% 17 -189% 

 Max  $89 70%  100% 353 0% 

BCC Mean 28,998 $87 23% 100% 10% 228 2% 
 St.Dev  $96 13%  16% 198 19% 
 Min  $0 10%  0% 10 -56% 
 Max  $783 270%  100% 731 195% 
Notes. The table displays the summary statistics for the three filtered samples. The mean, standard deviation, minimum and maximum values 
are reported for different values. The IV refers to the Black-Sholes implied volatility. The Bid-Ask % statistic is computed as (Ask-Bid)/Ask. 
Moneyness is computed as (S-K)/K for call options and (K-S)/K for put options. 
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FIGURE 1: DISTRIBUTION OF OBSERVATIONS PER OPTION CATEGORIES PER EFR 

 

 
 
Notes. Each bar The bar shows the percentage of options within a given option category, for the three different filtered samples. The acronym used stand for Deep In The Money (DITM), In The Money (ITM), At The 
Money (ATM), Out of The Money (OTM) and Deep Out of The Money (DOTM). Options with shorter maturity than 60 days are classified as short term maturity options. Options with maturity between 60 and 160 
days are classified as medium term maturity options. Options with longer maturity than 160 days are classified as long term maturity options.  
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FIGURE 2: EFFECT OF EFR ON PARAMETER ESTIMATES 

 
Note: The graph shows the coefficients estimates of the Ad Hoc Black Black and Scholes across the 155 cross sections for each of the estimation sample (FGH, FGII and FGJKL). 
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Table 4: RMSE Across Samples 

Panel A: In-sample RMSE 

  Evaluation 

Estimation  BW BCC BAEM 
     

BW  4.45 4.17 1.84 
  100% 0% 0% 
     

BCC  5.95 1.03 1.98 
  0% 100% 0% 
     

BAEM  7.78 6.06 0.87 
  0% 0% 100% 
     

Panel B: Out-of-sample RMSE 

  Evaluation 
Estimation Weeks BW BCC BAEM 
     

BW 1 4.95 4.52 2.34 
  88% 12% 9% 
     

BCC 1 6.30 2.24 2.41 
  11% 86% 20% 
     

BAEM 1 8.10 6.41 1.67 
  1% 2% 75% 
     

BW 2 5.26 4.75 2.60 
  82% 14% 11% 
     

BCC 2 6.51 2.63 2.66 
  17% 83% 23% 
     

BAEM 2 8.20 6.51 2.01 
  3% 7% 73% 
     

BW 4 5.85 5.32 3.11 
  71% 19% 19% 
     

BCC 4 6.85 3.44 3.08 
  27% 76% 29% 
     

BAEM 4 8.39 6.72 2.58 
  7% 12% 60% 

Note: The table reports the average in- and out-of-sample (1, 2 and 4 weeks) RMSEs obtained 
with the ad hoc Black-Scholes model. For every cross-section, the model is estimated three times 

on the estimation samples (FGH, FGII and FGJKL). For evaluation, we compute the RMSEs 

obtained with every set of parameters (��8 , ��99 , ��:;<) on every samples (FGH, FGII and 

FGJKL) resulting into a 3X3 evaluation results matrix. The bolded diagonal elements of these 
matrices indicate the results for an estimation and evaluation with the same sample. The 
percentages below the RMSEs shows the frequency of the cross-sections where a specific 
combination provide the lowest RMSE. 
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Table 5: 1 Week Out-Of-Sample RMSE Across Sample – Bucket by Bucket 

 SHORT MATURITY  

 PUT CONTRACTS 
 DITM  ITM  ATM  OTM  DOTM 

 BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM 

                    
BW 1.89    2.22    2.24  2.17  1.78  1.87  1.14  1.00 
 39%    24%    18%  22%  17%  16%  5%  6% 

                    
BCC 1.87    2.24    2.42  2.42  1.95  2.05  1.11  0.98 
 18%    25%    29%  29%  19%  22%  20%  20% 

                    
BAEM 1.69    1.99    2.08  2.06  1.54  1.61  0.81  0.70 
 44%    51%    54%  50%  64%  63%  75%  75% 

                    

 CALL CONTRACTS 
 DOTM  OTM  ATM  ITM  DITM 

 BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM 
                    
BW 0.74 0.77 0.53  1.80 1.83 1.86  2.03 2.05 2.14  1.95 1.97   1.53 1.51  
 30% 30% 30%  25% 25% 23%  18% 18% 24%  18% 18%   14% 14%  

                    
BCC 0.70 0.72 0.50  1.79 1.82 1.85  2.20 2.23 2.29  2.06 2.08   1.54 1.51  
 23% 24% 24%  21% 21% 22%  29% 29% 26%  26% 27%   23% 24%  

                    
BAEM 0.62 0.63 0.44  1.49 1.51 1.54  1.88 1.89 1.95  1.75 1.76   1.42 1.40  
 47% 47% 46%  55% 55% 56%  53% 53% 50%  56% 56%   63% 63%  

                    

Note: The table reports the average 1 week out-of-sample RMSEs per option category obtained with the ad hoc Black-Scholes model. For every cross-section, the model is estimated three times on the 
estimation samples (FGH, FGII and FGJKL). For evaluation, we compute the RMSEs obtained with every set of parameter (��8, ��99 , ��:;<) on every option category of all three samples (FGH, FGII 

and FGJKL) resulting into a 3X3 evaluation results matrix per category. The bolded diagonal elements of these matrices indicate the results for an estimation and evaluation with the same sample.  The 
percentages below the RMSEs shows the frequency of the cross-sections where a specific combination provides the lowest RMSE. The acronym used stand for Deep In The Money (DITM), In The 
Money (ITM), At The Money (ATM), Out of The Money (OTM) and Deep Out of The Money (DOTM). Options with shorter maturity than 60 days are classified as short term maturity options. Options 
with maturity between 60 and 160 days are classified as medium term maturity options. Options with longer maturity than 160 days are classified as long term maturity options. 
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Table 5: continued’ 

 MEDIUM MATURITY 

 PUT CONTRACTS 
 DITM  ITM  ATM  OTM  DOTM 

 BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM 

                    
BW 2.38    2.39    2.48  2.41  2.50  2.50  1.77  1.51 
 64%    48%    38%  18%  18%  18%  9%  9% 
                    
BCC 2.48    2.65    2.88  2.89  2.87  2.87  1.86  1.55 
 11%    19%    32%  32%  13%  13%  12%  12% 
                    
BAEM 2.60    2.77    2.46  2.34  1.83  1.83  0.97  0.82 

 25%    33%    31%  51%  69%  69%  79%  80% 
                    

 CALL CONTRACTS 
 DOTM  OTM  ATM  ITM  DITM 

 BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM 
                    

BW 0.92 0.84 0.60  2.10 2.10 2.10  2.30 2.30 2.33  2.25 2.25   1.82 1.81  
 40% 41% 42%  27% 27% 27%  25% 25% 26%  23% 24%   19% 19%  
                    
BCC 0.77 0.70 0.51  1.82 1.82 1.82  2.43 2.43 2.38  2.48 2.48   1.84 1.84  
 32% 31% 31%  24% 24% 24%  38% 38% 36%  25% 25%   26% 26%  
                    
BAEM 0.94 0.85 0.62  1.72 1.72 1.72  2.16 2.16 2.10  2.08 2.08   1.78 1.77  
 29% 28% 27%  49% 50% 50%  38% 38% 39%  51% 52%   55% 56%  
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Table 5: continued'' 

 LONG MATURITY 

 PUT CONTRACTS 
 DITM Put  ITM Put  ATM Put  OTM Put  DOTM Put 

 BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM 

                    
BW 9.26    8.44    6.91  3.22  5.87  3.05  2.93  2.46 
 92%    88%    78%  44%  77%  22%  82%  12% 
                    
BCC 12.04    14.20    13.41  5.61  10.88  4.87  5.21  2.66 
 1%    0%    3%  14%  2%  12%  1%  12% 
                    
BAEM 12.32    14.25    13.96  3.26  10.72  2.31  4.80  1.12 
 7%    12%    19%  42%  21%  66%  16%  76% 
                    

 CALL CONTRACTS 
 DOTM Call  OTM Call  ATM Call  ITM Call  DITM Call 

 BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM  BW BCC BAEM 
                    
BW 3.38 2.98 1.24  6.99 6.99 3.66  7.41 7.41 4.28  5.46 5.46   4.00 3.68  
 25% 25% 39%  11% 11% 23%  10% 10% 16%  13% 13%   11% 9%  
                    
BCC 1.15 1.04 0.81  2.09 2.09 1.88  2.68 2.68 2.42  2.75 2.74   2.37 2.17  
 71% 71% 49%  86% 87% 61%  87% 88% 66%  86% 87%   77% 78%  
                    
BAEM 4.31 3.76 1.05  8.63 8.63 2.22  11.03 11.03 3.32  8.91 8.91   5.31 4.67  
 4% 4% 13%  3% 3% 16%  3% 3% 19%  1% 1%   12% 13%  
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Table 6: Best Filter 

   MATURITY 

CONTRACT TYPE  SHORT  MEDIUM  LONG 

PUT 

DITM  BAEM  BW*  BW* 

ITM  BAEM*  BW*  BW* 
ATM  BAEM*  -  BW 
OTM  BAEM*  BAEM*  - 

DOTM  BAEM*  BAEM*  - 

 

CALL 

DOTM  BAEM  BCC  BCC 

OTM  BAEM*  BAEM  BCC* 
ATM  BAEM*  BAEM  BCC* 
ITM  BAEM*  BAEM*  BCC* 

DITM  BAEM*  BAEM*  BCC* 
Note: The table is a summary of the previous results. It indicates what the best filter is to apply for estimation purpose in order to price 
options from a given category. A filter is defined as ‘best’ when it always provides the lowest average RMSEs for a category across every 
evaluation sample. ‘-’ means that no there is no absolute best filter to price this given option category. ‘*’ indicates that the best filter also 
provides the lowest RMSE in more than 50% of the cross-sections.  
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Table 7: RMSE Across Sample 

Maturity Adjusted (Out-sample 

pricing 1 week) 
 

 BW* BCC* BAEM 
BW* 2.85 

(68%) 

2.54 
(30%) 

2.94 
(6%) 

BCC* 3.34 
(21%) 

2.00 

(68%) 

2.54 
(16%) 

BAEM 3.21 
(15%) 

2.61 
(24%) 

1.67 

(79%) 
Note: The table reports the average 1 week out-of-
sample RMSEs obtained with the ad hoc Black-
Scholes model. For every cross-section, the model 
is estimated three times on the estimation samples 
(FGH∗, FGII∗ and FGJKL). For evaluation, we 
compute the RMSEs obtained with every set of 

parameter (��8∗, ��99∗, ��:;<∗) on every samples 

(FGH, FGII and FGJKL) resulting into a 3X3 
evaluation results matrix. The bolded diagonal 
elements of these matrices indicate the results for 
an estimation and evaluation with the same sample.  
The percentages below the RMSEs shows the 
frequency of the cross-sections where a specific 
combination provide the lowest RMSE. 
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Table 8: Put-call Parity Deviation per Maturity 
 

 Short Maturity Medium Maturity 

 

Long Maturity 

Mean 0.02% -0.41% -0.72% 
StDev 5.21% 2.15% 1.63% 
Skewness -0.26 -0.42 -1.18 
Kurtosis 35.08 6.74 7.99 

Percentiles    
1% -13.06% -7.05% -6.36% 
5% -6.14% -3.96% -3.57% 
10% -3.98% -2.77% -2.62% 
25% -1.68% -1.37% -1.35% 
50% -0.22% -0.32% -0.53% 
75% 1.59% 0.76% 0.22% 
90% 4.07% 1.78% 0.92% 
95% 6.52% 2.80% 1.41% 
99% 16.93% 5.31% 2.86% 

Note: The table provides the summary statistics on the put-call parity deviations within the option sample used. The dispersion is measured 

as the implied volatility spread (σISTT
UV − σWXY

UV ) between a call and a put with the same maturity, same moneyness, at the same date. The 
dispersions are summarized per category of option maturity.  
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FIGURE 11:PUT VS CALL RESIDUALS 
 

 
Note: The figure displays the FGH∗ put and call residuals distributions resulting from the option prices predicted with  the ad hoc Black and 
Scholes model and the ��8∗ estimated parameters. The distributions are presented per category of option maturity. 
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