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Abstract 
 

In this paper we compare the modeling performance of three different radial basis function 
(RBF)  artificial neural networks (ANN) when applied to the prediction of FX futures options 
volatility.  We focus the analysis on the reported comparative advantages of the prior 
information Bayesian regularization-based Kajiji-4 RBF algorithmic structure in a study of 
high frequency financial time series modeling.  In addition to the Kajiji-4 algorithm, the RBF 
algorithm available in the Neural Network Toolbox from Mathworks, Inc., and Neural 
Connection from SPSS, Inc. were also tested for performance efficiency.  Fitness MSE 
comparisons across nine economic models provide evidence of a performance pattern by the 
Kajiji-4 algorithm that equals or exceeds the comparative RBF implementations.  The post 
application of the Dunnett T3 multiple comparison test on predicted values provides 
additional, albeit conservative, support for the observed dominance of the Kajiji-4 algorithm. 

 
 



I.  Introduction 

 
Recent advances reported in the literature clearly document the importance of 

uncovering the stylized facts that describe various types of high frequency financial time 

series.  High frequency time series that describe the FX markets are generally described 

as best modeled by complex nonlinear functions.  It is this very complexity of FX 

volatility that has generated interest in the use of ANN to improve modeling and 

prediction accuracy.   Motivation for the use of ANN comes from studies produced by 

Hornik, Stinchcombe, and White (1989) that point to the capability of the ANN model to 

approximate any Borel measurable function to any degree of accuracy.   Not surprisingly, 

studies by Malliaris and Salchenberger (1996); Niranjan (1997); Hutchinson et al., (1996) 

and Kajiji (2001) have each focused on noise-reducing error inflation by adding 

enhancements, including regularization, to RBF ANN algorithms. 

 

In this paper we examine the modeling and forecasting performance of three 

alternate RBF ANN algorithms when applied to the problem of FX volatility prediction.  

The objective is to use three competing RBF algorithms to solve each of the nine 

volatility modeling and prediction models reported by Dash and Kajiji (2001).  In 

addition to the Kajiji-4 algorithm as described, the RBF algorithmic products such as, the 

Neural Network ToolBox (2001) from The Mathworks, and Neural Connection (2001) 

from SPSS, Inc. are used in this experiment.  Throughout the paper we use “Matlab” and 

“SPSS” to reference the Neural Network Toolbox and Neural Connection, respectively.  

The economic models solved by each RBF algorithm are based on hourly returns 

obtained from closing quotes on the dollar exchange with the German deutsche mark 

(DM), Japanese Yen (JY), and the Swiss Franc (SF) as traded on the upper trading floor 

of the Chicago Mercantile Exchange (CME).  The idea, of course, is to determine if the 

alternate RBF algorithmic structures lead to vastly different modeling and prediction 

results as measured by the MSE of the RBF fitness function.  If the fitness results do 

appear to be different, then the question remains as to whether the results differ in a 

statistically significant manner.  We address this question by applying a multiple 

comparison test on fitness values. 



2.  The RBF ANN with Prior Information and Regularization 
 

When applied to the hourly volatility of FX futures options, the Kajiji-4 RBF 

ANN proved to be the superior ANN topology in a direct comparison against the 

backpropagation and generalized regression neural networks [see Dash & Kajiji (2001)].  

The focus of this paper is to uncover relative performance within the RBF topology.  It is 

well-known that the RBF ANN is capable of efficient mapping against any complex 

function.  The basic method of the RBF ANN is defined by a hidden layer of radial units 

that model a Gaussian response surface.   The objective, of course, is to combine the 

hidden radial unit outputs into the network outputs.  Since these functions are non-linear, 

it is not actually necessary to have more than one hidden layer to model any shape of 

function.  With sufficient radial units the RBF design will always produce an efficient 

modeling of any function.  But, conventional wisdom continues to suggest that the RBF 

topology does not extrapolate accurately when data points are far from the training set.  

Because it is sufficient to use a linear combination of these outputs (i.e. a weighted sum 

of the Gaussians), RBF networks are generally constructed as a supervised least-squares 

based method that is applied to a training set as a means of deriving the optimal 

weighting values.  The supervised learning function may be stated as, 

 

( )y f x=          (1) 

where, y the output vector is a function of x the input vector with n number of inputs.   

 

Alternatively, the supervised learning function can be restated as the following 

linear model, 

1
( ) ( )
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j
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=
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where, m is the number of basis functions (centers), h is the hidden units, w is the weight 

vectors, and i = 1..K output vectors (target variables).  The flexibility of f and its ability to 

model many different functions is inherited from the freedom to choose different values 

for the weights.   



 

Note that the RBF mapping function may be restated as a Tikhonov’s (1977) 

regularization equation.  Tikhonov regularization adds a weight decay parameter to the 

error function to penalize mappings that are not smooth.  Traditionally, iterative 

techniques are used to compute the weight decay parameter [see Orr (1996; 1997)].  But, 

iterative techniques have known drawbacks.  In addition to being computationally 

burdensome, iterative methods lack specificity, as they require an initial estimate for the 

regularization parameter.  Computational experience suggests that when iterative 

methods are employed, it is not uncommon to experience local minimum, or produce 

inflated residual sums of squares when the weight decay parameter goes to infinity. 

 

Kajiji (2001) reasoned that an optimally derived regularization estimate would 

reduce the “curse” of dimensionality and thereby assist in achieving a reduction in noise-

induced inflation in the residual sum of squares.  Following a closed-form solution 

method for the estimation of an optimal ridge regression parameter when enhanced by a 

Bayesian prior information set, Kajiji implemented a parallel extension to the RBF 

topology in order to derive the initial estimate of the regularization parameter. 1   

Hemmerle (1975) proposed an alternative closed-form solution to the estimation of the 

ridge-regression parameter by offering a modification to the original Hoerl and Kennard 

(1970) iterative method.  Further, Hemmerle’s method produced a vector of optimized 

ridge parameters unlike a single non-optimized ridge parameter of Hoerl and Kennard.  

By contrast, Crouse et al.(1995) offered an algorithm that further enhanced the prediction 

ability of the Hoerl and Kennard single ridge parameter by adding a prior information 

matrix.  In tests of algorithmic efficiency Kajiji found her extension to the regularization 

parameter (the Kajiji-4 algorithm) modeled complex nonlinear financial time series with 

a consistently smaller MSE than did the non-optimized iterative-based RBF with 

regularization.   

                                                 

1 See Crouse, R. H., C. Jin, et al. (1995). "Unbiased Ridge Estimation with Prior Information and Ridge Trace." Communication in 
Statistics 24(9): 2341-2354. for details. 



3.  Notation and Data 

3.1  Data 

 

The models reported in this section are based on hourly returns obtained from 

closing quotes on the dollar exchange with the German deutsche mark (DM), Japanese 

Yen (JY), and the Swiss Franc (SF) as traded on the upper trading floor of the Chicago 

Mercantile Exchange (CME).  Tick observations on currency futures options data are 

obtained from the Futures Industry Association (FIAFII) while closing tick-quotes for 

futures contracts are obtained from Tick Data, Inc.2 In addition to the currency-related 

data, high-frequency futures data on the U.S. Treasury Bill (RF), the dollar index (DX), 

and the U.S. Treasury Bond (TB) are also obtained from Tick Data (1999).  The sample 

period for the DM extends from January 4, 1999 to August 06, 1999.  For both the JY 

and the SF the sample period is from January 4, 1999 to December 31, 1999.   The tick 

observations are aggregated into equally spaced intervals of one-hour beginning with the 

Monday 9:00 a.m. closing quote.3  The last quote of the day is captured with the closest 

tick to the 1:59 p.m. stamp.  This process is repeated for all available trading days of the 

business week within the sample period.  This results in 750 observations for the DM and 

1,248 observations for the other two contracts. 

 

3.2 Modeling Futures Options 

 

The construction of returns for the three currency option data series follows the 

methods of Muller et. al. (1990) and Dacorogna et.al (1993).  Hourly prices are derived 

from a linearly interpolated logarithmic average of the bid ask quotes from the 9:00 a.m. 

tick to the closest tick to the 1:59 p.m. trade.  Hourly returns are calculated based on the 

first difference of the logarithmic prices.  Weekend effects and holiday peculiarities are 

not at issue for CME exchange traded data.   In addition to the these returns an hourly 

estimate of the continuously compounded risk-free rate is computed from the Tick Data 

                                                 

2 See http://www.fiafii.org and http://www.tickdata.com , respectively. 
3 CME upper floor trading hours are 7:20 a.m. to 2:00 p.m.  However, the data supplied from Tick Data begins at 8:30 a.m. 

http://www.fiafii.org/
http://www.tickdata.com/


futures contract on the 90-day T-Bill.  The future volatility (or realized volatility) is 

obtained from the variability of these returns.  Annualized volatility is measured by 

multiplying future volatility by 79.3725 (the square root of 252 multiplied by 5). 

 

Following Beckers (1981), implied standard deviation (ISD) estimates are 

extracted for every tick observation on each of the three currencies by inverting closest 

at-the-money calls.4    All estimates are derived from the Black (1976) model for 

European options on futures:   

 
)]()([ 21 dENdFNeC Trc −= −

,     (3) 
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In the above equation F is the futures rate, E is the exercise price, T is the time to 

option expiration, σ the volatility, and r is the risk-free rate.5  When using tick-data there 

is always a possibility of non-simultaneous trades.  As Jorion (1995) reports, 

measurement errors can substantially distort inferences on daily data.  In this study we 

compute the hourly ISD based on the geometric average of calls traded within the time 

frame that begins on the hour and terminates 59 minutes past the hour.  Estimates of 

implied volatilities are calculated hourly for call options with 60 or fewer days to 

expiration using the Black (1976) model for European options on futures. 

 

3.3 Modeling Conditional Volatility 

 

The GARCH model was first developed to model data at the daily frequency level 

or greater.  The stylized facts report volatility persistence in high frequency financial 

                                                 

4 It is well known that for out-of-the-money options as strike prices increase implied volatility increases.  Conversely, it can be shown 
that in-the-money calls are less expensive than Black-Scholes theory predicts. 

5 CME options are American style and those pose a small inconsistency with the Black-Scholes model. As shown in Jorion (1995) 
using a model based on European style options tends to overestimate the true volatility of the option by approximately 12 percent.  
As with Jorion, we consider this overestimation as inconsequential. 



data.  Hence, we are not surprised to observe the keen attention of applying GARCH 

methods to short-term volatility questions.  Research findings of how well the simple 

GARCH model is able to reproduce heteroscedastic behavior in high frequency data is 

mixed.  Several studies are not supportive of the model when applied to high frequency 

data [see Andersen and Bollerslev(1994)]; Guillaume et al. (1994); Ghose and Kroner 

(1995); and, Dacorogna et al. (1998)].  Specifically, the consensus finding of these 

studies suggest that when high frequency data is modeled by GARCH, volatility memory 

is short-lived and weakly explained by ex-post squared returns.  Conversely, daily (or 

lower) data displays a long-lived volatility memory.   Andersen and Bollerslev (1997) 

address this apparent conflict.  They show that standard GARCH models are capable of 

predicting close to fifty percent of the variance in the latent one-day ahead volatility 

factors.  These results were achieved within a continuous-time stochastic volatility 

framework that allowed for the construction of a new ex-post volatility measurement that 

is based upon cumulative squared intra-day returns.6   

 

The weak-form GARCH model of Bollerslev (1986) generalized the original 

autoregressive conditional heteroscedasticity (ARCH) model of Engle (1982).  For a time 

series variable , the model is expressed as: tx

tx  =             (4)  

       (5)  

t tzσ

0 1t = +2 2
1 1txσ α α β σ− + 2

1t−

0 T

                                                

 
where: 

~tz NID(0,1), for and t .   The model implies that | Ω ~ .7  

The model is particularly interesting in financial research as the model permits  to be 

leptokurtotic and can capture seasonality (‘volatility clustering’) that is known to 

characterize financial data.      

0 1,α α ≥ 1...= tx 1t−
2

1(0, )tN σ −

tx

 

 

 

6 For more on the subject of the GARCH framework see the review in Dash and Kajiji (2001). 
7 Other non-normal conditional distributions have been used in the model specification.  By way of example, see Nelson 1991. 



4.  Estimation Results 

4.1 Descriptive Statistics 

 

Table 1 provides descriptive statistics of the three currency contracts.  Presented 

are the one-hour return, volatility, and ISD.  The one-hour ISD is taken from an average 

futures price as applied to the nearest at-the-money futures option.   All contracts follow 

the March-June-September-December cycle.  Rolling over expiring contracts into the 

nearest-at-the-money contract in the next expiration month creates a continuous contract 

of hourly returns, implied- and realized-volatilities.  The hourly returns for the three FX 

contracts follow a pattern that is well documented for high frequency data.  Figure 1 

provides a view of the hourly returns for the DM; a volatility pattern that is similar and 

consistent with that of the other two contracts (not shown).  The observed autocorrelation 

in hourly realized (future) volatility provides strong evidence of volatility persistence.  

 

Figure 1: Deutsch Mark Hourly Return 

Deutsch Mark Hourly Returns
Jan 4, 99 - Aug 6, 99

Time
75070065060055050045040035030025020015010050

4

3

2

1

0

-1

-2

-3

 



  Table I: Descriptive Statistics 
    Descriptives Autocorrelations
 Mean Std. Dev    Lag1    Lag2    Lag3    Lag4   Lag5    Lag10   Lag20  Lag100  Lag250 
DM            
  1-hour return  -0.0011 0.7375 -0.216 -0.092 -0.156 -0.047 0.064 0.111 0.035 -0.082 0.083 
  1-hour volatility (%)            0.1726 0.4090 0.179 0.031 0.031 0.017 -0.016 -0.023 0.079 -0.023 -0.010
  ISD Volatility (%) 0.7704           0.7306 0.571 0.370 0.219 0.143 0.181 0.087 -0.008 0.019 0.035
  Conditional Volatility 0.5491           0.2321 0.872 0.759 0.657 0.555 0.476 0.224 0.128 -0.100 0.072
JY            
  1-hour return  -0.0008 0.9763 -0.342 -0.124 -0.011 -0.058 0.094 0.058    0.056    0.089 0.043     
  1-hour volatility (%) 1.4429          8.7089 0.002 0.007 0.107 0.005 0.008 0.007 0.019 -0.007 -0.004 
  ISD Volatility (%) 1.5485           1.3246 0.425 0.396 0.373 0.369 0.408 0.377 0.285 0.047 -0.026
  Conditional Volatility 0.9707           0.4712 0.991 0.978 0.963 0.944 0.923 0.813 0.612 0.019 0.032
SF            
  1-hour return  -0.0008 0.8343 -0.324 -0.092 -0.083 0.012 0.004 0.017 0.043 -0.030 -0.010 
  1-hour volatility (%) 0.4653           1.3982 0.193 -0.003 0.060 0.036 0.062 0.102 0.026 0.007 -0.016
  ISD Volatility (%) 0.8453           0.7105 0.557 0.393 0.291 0.284 0.231 0.264 0.179 -0.057 0.001
  Conditional Volatility 0.7088           0.5115 0.990 0.976 0.960 0.940 0.920 0.832 0.635 0.027 -0.133

 
 



 
4.2  RBF Model Comparisons 

 

The results of solving each model produce a computed MSE for the training, 

validation and fitness samples.  For each RBF application we use the default setting for 

all parameters.  This constraint only permits comparison of the “default” state of the 

examined RBF ANNs.  Performance characteristics that differ from those reported below 

may be possible with further refinement to available optional settings.   

 

  Model errors for all RBF algorithms are computed as,  

( )
1 2

1
1
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T

training i i
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MSE y y T
−

= −∑      (6) 
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MSE y y T
−

= −∑      (8) 

where the training error MSE is restricted to the training set sample.  The validation MSE 

is the error reported over the out-of-sample validation set and the fitness MSE is 

computed over all (T) observations. 

 

Figure 2 presents a comparative analysis of the computed fitness function for one 

of the economic models that is solved across all three RBF networks (defined later as 

Model III for DM).  The objective here is to observe the complex nature of the nonlinear 

dependent function.  However, we are also able to observe that the function replication by 

the Kajiji-4 model appears to be extremely accurate.  By contrast, the Matlab prediction 

appears to be a linear extrapolation except at the very end of the data series where it 

exhibits a mapping tendency.  The SPSS mapping shows variability replication but the 

algorithm clearly suffers from under specification, which, in turn, leads to a loss of 

generality. 

 



Table 2 through Table 4 follow.  These tables present the results of solving each 

of the nine economic models by application of the three RBF algorithms.  The tables 

report MSE statistics for the training, validation, and fitness data.  One of the reported 

shortcomings of the RBF design is its inability to extrapolate data that falls far from the 

training set.  As reported above in the discussion on descriptive statistics, except for JY 

the variability of the high frequency data is very tight. We expect reasonable comparisons 

between training set and validation set MSE statistics. 

 

 

 

Figure 2:  Comparative Predicted Functions 
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Table 2:  DM Model Specification and Reported MSE By RBF Algorithm 

Model Inputs Kajiji-4 SPSS Matlab 
Currency 

ISD             GARCH DX TB Lag2 Lag7  Lag5 Lag10 Training Validation Fitness Training Validation Fitness Training Validation Fitness

DM                                 
  Model I I I             0.1528 0.4376 0.1088       0.3724 0.4216 0.9236 0.2916 0.52 0.29

  Model II I I I           0.1742         0.4579 0.0855 0.3693 0.4304 0.9104 0.2219 0.60 0.23

  Model III I I I I         0.1753       0.5071 0.0262 0.3708 0.4280 0.9069 0.0021 15583.00 210.59

  Model IV   I           I I         0.1753 0.4940 0.0533 0.3763 0.4280 0.9078 0.1206 16217.00 219.27

  Model V   I          I           0.1743 0.4594 0.0874 0.3770 0.4179 0.8641 0.3118 0.62 0.32

  Model VI   I   I         0.1753         0.5051 0.0421 0.3777 0.4234 0.8911 0.3187 4.40 0.37

  Model VII I I I I I I     0.0437      0.5222 0.0276 0.0002 22.81 0.31

  Model VIII I I I   I        I     0.0437 0.5141 0.0356 0.0011 80.23 1.09

  Model  IX I I I I     I       I 0.0884 0.5222 0.0291

Internal Error / no solution 

0.0013 4.67 0.06 
 Boldface indicates best Kajiji-4 model 

-13- 



 

Table 3:  JY Model Specification and Reported MSE By RBF Algorithm 

Inputs MSEs for Kajiji-4 MSEs for SPSS MSEs for Matlab 
Currency 

ISD              GARCH DX TB Lag2 Lag7  Lag5 Lag1
0 Training Validation Fitness Training Validation Fitness Training Validation Fitness

JY                                   
  Model I I I             0.4676       0.9517 0.0050 0.5119 0.5415 3.0180 0.4069  3545  349 
  Model II I I I           0.4676        0.7693 0.1868 0.4973 0.5240 3.0402 0.1614  248790  24501

  Model III I I I I         0.4676        0.7907 0.1641 0.4986 0.5299 3.2699 0.0000  292540  28809

  Model IV   I         I I         0.4676 0.7814 0.1746 0.4935 0.5336 2.9903 0.2193  111430  10974 

  Model V   I         I           0.4676 0.9524 0.0049 0.5065 0.5179 3.0402 0.4309  50151  4939 

  Model VI   I   I         0.4676      0.9530 0.0040 0.5168 0.5360 3.0443 0.4218  73477  7236 

  Model VII   I   I            I I     1.0860 0.8119 0.1464 0.5165 0.5356 3.0256 0.1124  5353500  527200

  Model VIII   I     I          I     1.0860 0.7917 0.1685 0.5169 0.5296 3.0046 0.2841  395340  38933

   Model  IX   I   I     I           I 0.3771 0.8068 0.1486 0.5168 0.5360 3.0443 0.1187  1473100  145070
 Boldface indicates best Kajiji-4 model 
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Table 4:  SF Model Specification and Reported MSE By RBF Algorithm 

Inputs MSEs for Kajiji-4 MSEs for SPSS MSEs for Matlab 
Currency 

ISD              GARCH DX TB Lag2 Lag7  Lag5 Lag10 Training Validation Fitness Training Validation Fitness Training Validation Fitness

SF                                   
  Model I I I             0.0245 0.5360 0.1594 0.3896 0.6112 1.0460 0.3447 224.52 2.15 

  Model II I I I           0.0000 0.6138 0.0752 0.3829 0.6057 0.9972 0.1299 253490.00 2046.10 

  Model III I I I I         0.0000 0.6518 0.0337 0.3791 0.5914 1.0039 0.0295 51817.00 418.25 

  Model IV   I I I         0.0000 0.6472 0.0419 0.3925 0.6098 0.9932 0.1741 5644.90 45.73 

  Model V   I I           0.0000 0.6177 0.0722 0.3799 0.6200 1.1138 0.3304 4.40 0.36 

  Model VI   I   I         0.0000 0.6237 0.0632 0.3906 0.6200 1.1323 0.3838 1.37 0.39 

  Model VII I I I I I I     0.3654 0.6739 0.0269 0.3909      0.6047 0.9826 0.0208 93.04 0.77

  Model VIII I I I   I I     0.3654 0.6610 0.0393 0.3795 0.6078 0.9580 0.0246   912.93 7.39

  Model IX I I I I     I I 0.6261 0.6716 0.0307 0.3908 0.6067 0.9823 0.3282 1.79 0.34 
 Boldface indicates best Kajiji-4 model 

-15- 



4.3  Discussion 

 The Kajiji-4 RBF model has the lowest reported fitness MSE for each of the 

currencies.  Of more importance is the implication for optimal choice among the different 

economic model structures.  For the DM the best models produced by the Kajiji-4 and 

SPSS algorithms do not include any lagged information.  The RBF algorithm from 

Matlab includes two lagged variables; the 5- and 10-hour lags.  These results are 

important as they have direct implications on the heterogeneity of trading hypothesis in 

the global futures options markets.  The Kajiji-4 and SPSS model structures suggest that 

lagged information does not influence current period volatility in the prediction of DM 

volatility.  The Matlab RBF algorithm clearly suggests that a world-effect is present with 

Asian and European markets being captured by the respective lagged variables.  In the 

two cases where the Matalab algorithm included lagged information (DM and SF), the 

model of choice was the one with the 5- and 10-hour lag.  These findings 

notwithstanding, it is important to uncover whether there is any statistically significant 

difference in the reported fitness values.  The potential costs to traders of currency futures 

options could be quite important.   

 

 The JY is an especially challenging case.  As noted above, the JY is the most 

volatile of the three currencies.  The result of applying the alternate RBF algorithms 

seems to reflect this fact.  Although they differ in specification, the best economic model 

reported by all RBF algorithms negated the use of any lagged information.  But, one 

should note the penance of the SPSS algorithm to include information from the global 

trading community.  The fitness MSE for Model VIII, which includes the 2- and 7-hour 

lagged information variables, is not very different from that reported for the best 

economic model.  An equivalent observation is not warranted for the other two RBF 

applications. 

 

 The analysis of SF sheds important additional light on the predictability 

effectiveness of the alternate RBF algorithms.  Both Kajiji-4 and SPSS include the 2- and 

7-hour lag variables.  The Matlab RBF also includes lagged information but reports its 

best model as the one that includes the 5- and 10-hour lagged information variables.  

-16- 



Clearly, when lagged information is captured in the economic model, both Kajiji-4 and 

SPSS report the 2- and 7-hour lagged information as the variables of choice.  However, if 

we expand our view about the role of MSE it is possible to conclude that for a small 

increase in computed MSE it is possible to locate models across RBF algorithms that do 

not include any lagged information.  By way of example, consider the SF.  The best 

model for Kajij-4, model VII, includes lagged information.  However, the second best 

model, Model III, does not and it is the same model that was best for the DM.  

Accordingly, SPSS also shows a similar trend.  When the Matlab algorithm includes 

lagged information, it appears to be very different than models that do not include such 

information.  

 

5.  Post Hoc Multiple Comparison of Predicted Variables 

The analysis presented in the prior section focused on findings made by direct 

comparison of the computed validation MSE across all algorithms.  This search for the 

smallest MSE led to the selection of the Kajiji-4 algorithm as the algorithm that most 

consistently produced models with the smallest computed MSE values.  The fact that the 

observed MSE measures are smaller does not necessarily indicate whether the predicted 

values generated by each of the models are statistically significant in their differences.  If, 

by chance, they are not, then it is unclear that the apparent performance differences will 

lead to superior modeling and prediction on out-of-sample high frequency financial time 

series.  To find out which RBF model solutions differed significantly from one another 

data were analyzed using the One-Way Analysis of Variance procedure from SPSS, Inc. 

(2001).  Dunnett's T3 was used as the post-hoc test for multiple comparisons, since 

Levene's test indicated significant non-homogeneity of variance.  Levene’s test is a robust 

test.  It does not falsely detect unequal variances when the underlying data are not 

normally distributed and the variables are in fact equal.  Alpha was set at 0.05. 

 

For all best and worst case models as determined by the Kajiji-4 algorithm, the 

Levene statistic is significant at the 5% level or better.  Implying the we can reject the 
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null hypothesis of homogeneity of variance.  Table 5 presents the results of applying this 

test.   

 
 

      Table 5: Homogeneity of Variances 

 Tested Models Levene 
Statistic P-Value 

DM-Model 1 363.087 0.000 
DM-Model 3 7.838 0.000 
JY-Model 2 8.982 0.000 
JY-Model 6 7.150 0.001 
SF-Model 1 72.071 0.000 
SF-Model 7 177.148 0.000 

    Boldface indicates the best Kajiji-4 model 

  

The Dunnett T3 multiple comparison results are presented in Table 6.  This test 

will help to uncover whether the application of alternate RBF algorithms to the same 

economic model results in significantly different fitness measurements.  With an initial 

focus on the DM modeled by the best Kajiji-4 model, there is a clear difference between 

the fitness functions derived by SPSS and Matlab.  No significant difference was 

uncovered between the performance of the SPSS and Matlab algorithms.  These findings 

contrast sharply when the multiple range test is applied to the fitness findings of JY.  

Again, the more variable JY led to results that differed markedly from the other two 

currencies.  The Dunnett T3 test was unable to uncover any significant difference among 

the three RBF algorithms in the production of their respective fitness functions.  The best 

Kajiji-4 model did differ significantly from the SPSS algorithm when executed on the 

same economic model.  But, there is no significant difference between the Kajiji-4 RBF 

and that of Matlab when applied to economic model 7 on the SF. 
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Table 6: Multiple Comparison of Means 

Tested Models Pairwise Comparison Dunnett's T3 P-Value Games-Howell P-Value 
DM-Model I Kajiji-4 SPSS A 0.000 A . 
 Kajiji-4 Matlab A 0.000 A . 
 SPSS Matlab  0.973  0.921 
DM-Model 3 Kajiji-4 SPSS A 0.035 A 0.031 
 Kajiji-4 Matlab  0.501  0.416 
 SPSS Matlab  0.578  0.483 
JY-Model 2 Kajiji-4 SPSS A 0.000 A . 
 Kajiji-4 Matlab  0.644  0.542 
 SPSS Matlab  0.600  0.502 
JY-Model 6 Kajiji-4 SPSS  0.856  0.756 
 Kajiji-4 Matlab  0.595  0.498 
 SPSS Matlab  0.599  0.501 
SF-Model 1 Kajiji-4 SPSS A 0.000 A . 
 Kajiji-4 Matlab A 0.000 A . 
 SPSS Matlab  0.881  0.786 
SF-Model 7 Kajiji-4 SPSS A 0.052 A 0.046 
 Kajiji-4 Matlab  0.167  0.142 
 SPSS Matlab  0.864  0.765 
*A letter in the p-value column indicates a significant difference in the pairwise mean.  **Boldface indicates best Kajiji-4 model 

 
 
 

6.  Summary and Conclusions 

 The purpose of this paper was to compare the prediction performance of three 

alternate RBF ANN algorithms.  The paper presented a performance comparison of the 

RBF neural networks reported in the literature as the Kajji-4, SPSS Neural Connection 

RBF network and The Mathworks Neural Network Toolbox.  To examine the prediction 

accuracy of the three ANNs, each was applied to the problem of modeling volatility 

prediction of FX futures options contracts.  Hourly volatility for three contracts was 

examined in the following context: the dollar exchange with the Deutsch mark, the 

Japanese Yen, and the Swiss Franc.  Earlier studies had already compared the 

performance of the Kajiji-4 algorithm to alternate neural network topologies using the 

same hourly returns and volatility data.  Dash and Kajiji (2001) reported a clear 

superiority of the RBF neural network architecture over both a genetically optimized 

backpropagation method and a generalized least squares ANN. 
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 The results presented in this paper show a moderate dominance of the Kajiji-4 

algorithm over its RBF counterparts from SPSS and Mathworks.  However, the gains 

achieved by the Kajiji-4 method are not so great as to render the choices available to 

researchers as trivial.  The analysis provided above leads to the immediate summary: 

• Specification of the optimal economic model to fit the complex dependent 
function remains an important and tedious process that is best supported by 
recognized economic theory. 

• For the three RBF algorithms examined in this research, the Kajiji-4 algorithm 
consistently generates the smallest fitness MSE coefficient across tested economic 
models. 

• Where lagged information is important, the Kajij-4 and SPSS neural network 
algorithms produce best models utilizing 2- and 7-hour lagged economic 
information whereas the Matlab ANN consistently selects 5- and 10-hour lagged 
information in a test of global heterogeneous FX futures options markets. 

• The Dunnett T3 multiple comparison test sustains the finding that the Kajiji-4 
RBF ANN is capable of generating a fitness measure that is significantly different 
than those produced for the equivalent economic model treated with an alternate 
RBF algorithm. 

• The fitness data produced by the same economic model treated by the alternate 
RBF algorithms using the more volatile JY data were not found to be significantly 
different by treatment algorithm. 

 
Further, the application of the three ANN algorithms leads us to the following 

conclusions about the generality of the RBF ANN and its implementation on high 

frequency financial time series.  We concluded that for, 

 
• Ease of Use:  Our preferential rank order is Kajij-4, SPSS, and Matlab.  We 

found the Matlab product taxing and difficult to use.  The software is not user-
friendly in data import and export.  It also lacks convenient support of the 
Window’s clipboard.  In summary, the Matlab product, despite its relatively 
good performance, is best left to dedicated users of the product. 

• Graphical Output:  The Kajiji-4 algorithm is part of the WinORS product from 
the NKD Group, Inc.  As such it has access to an excellent graphical and 
plotting environment.  SPSS also supports easy to generate and professional 
graphical output.  Matlab graphs are considered legendary in their 
professional output.  However, this is somewhat obscured by the lack of user-
friendliness that characterizes the software. 

• Parameter Setting Flexibility: Our preference ranking on the ease of setting 
algorithm control parameters is as follows: SPSS, Matlab, and Kajiji-4.  The 
Kajiji-4 algorithm ranks last in this category as it offers the least control over 
parameter customization in its current form. 
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• Computational Accuracy:  The SPSS algorithm is relatively easy to use, but it 
was not able to solve some of the economic models.  The software would 
hang the computer or generated protection fault errors.  Matlab did solve all 
models.  However, given the relatively good performance of some models 
with the artificially high MSE values, one does not have great confidence in 
overall computational accuracy. 

• Computational Speed:  the speed to model solution varied among the three; 
however, the Kajiji-4 algorithm demonstrated a clear superiority in producing 
the fastest solutions.   
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