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Abstract – Financial markets are often volatile and offer high incentives to predict different 
option prices. Many algorithms have been proposed such as Black-Scholes model, Monte Carlo 
Simulation, Binomial Model, to price options. However, there are many drawbacks to each of 
these methods. In this research, we investigate separate methods and create a new algorithm 
for calculating American option pricing. To accomplish this, a variety of historical stock data 
was collected. Then, a subset of this data was taken, with dates ranging from 2020 to 2021, 
and was denoised using a 4-band wavelet transform. The data was then applied to several 
machine learning methods, which are Support Vector Regression (SVR) and Neural Networks; 
then we fitted these methods into a Least Squares Monte Carlo Simulation. The results of 
these tests are further compared and discussed in detail with other traditional methods.

Support Vector Regression
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In this paper, the put options are predicted based on the stock price, the exercise price, the time to 
expiration, the interest rate, and the volatility. Firstly, we utilized a 4-Band Wavelet Transform to clean 
up the data and make it more reliable. Afterwards using separate machine learning methods such as 
Support Vector Regression and Neural Networks, we were able to predict the stock price path at a high 
accuracy and then we inputted these paths into a Least Squares Monte Carlo Function. We then 
compared these results to the more traditional methods such as Black-Scholes and the Least Squares 
Monte Carlo using Brownian Motion. The experiments and comparisons have determined that Neural 
Network is the best fit and is more accurate than the other methods. As for future research to make 
the algorithm more in depth, Wavelet based Quasi Monte Carlo Methods could be used, a Wavelet 
based binomial tree method could be added, and more in-depth SVR and neural networks could also be 
added for more precise predictions.

Disccuion/Conclusions and Future Research

Output Values

Input ValuesMonte Carlo 
Strike Price Volatility Initial Stock Price Expiration Date

300 141.41% 711.92 8/27/2021

400 110.55% 711.92 8/27/2021

450 97.46% 711.92 8/27/2021

Methods Support Vector 
Regression

Neural Networks Brownian Motion Black-Scholes

RMSE 0.054 0.0009 0.026 0.034

Option Value 1 0.06366 0.023014 0.0535 0.0348

Option Value 2 0.21921 0.1614 0.1719 0.1323

Option Value 3 0.35812 0.3198 0.3091 0.2642

Black Scholes Model
The datasets used in this project are from the Institute of Research on the International 
Economy, World Bank Development Indicator database, and CIA World Factbook. Our datasets 
contain both individual countries and country-pairs with an annual time-variant dimension and 
geographical dimension. 

Wavelet TransformAbstract

The given filter bank values that we used for our wavelet transform matrix in the 
wavelet denoising process:

𝛼=[−0.067371764;0.094195111  ;0.40580489;0.567371764;0.567371764;  
0.40580489; 0.094195111;  −0.067371764] 
𝛽=[−0.094195111; 0.067371764; 0.567371764; 0.40580489; −0.40580489; 
−0.567371764; −0.067371764; 0.094195111]
𝛾=[−0.094195111; −0.067371764; 0.567371764; −0.40580489; −0.40580489; 
0.567371764; −0.067371764; −0.094195111]
𝛿=[−0.067371764; −0.094195111; 0.40580489; −0.567371764; 0.567371764; 
−0.40580489; 0.094195111; 0.067371764]

In this research we generated a four band 256×256 wavelet 
transform matrix with the given filter banks [18]. Below is an 
example of a 4-Band 16×16 wavelet transform matrix:

Neural Networks

In order to perform the wavelet denoising of the historical 
stock data, we create an M-band wavelet transform matrix 
that we can use in the wavelet denoising process. M is a 
positive integer (greater than or equal to 2). An M-band 
wavelet transform involves the decomposition of a N 
dimensional signal (where N = 4k) into M different 
frequency levels. The M-Band Wavelet Transform is 
determined by M sets of filter banks satisfying certain 
properties. The filter bank values are able to separate the 
signal into the different components. In our research we 
used 4-Band Wavelets. 𝛼,𝛽,𝛾, and 𝛿 denote the filter 
banks.

1. Many random paths are 
generated of the underlying 
variables

2. Calculate the “payoff” value of 
the option in each path created 
in step 1

3. Values are discounted to today 
and averaged

The neural network algorithm can build a non-linear model driven by market data by
simulating the neuron algorithm and obtain a better pricing effect than the parameter model, 
which makes option pricing more objective and accurate.
We used the MATLAB Neural Network Time series toolbox to predict the stock prices, for both 
our denoised as well as real data. RMSE values and the error graphs were recorded.

The Least Squares Monte Carlo 
Method uses N random path 
traditionally made by the stock 
price prediction using geometric 
Brownian motion. Next, we can 
perform the regression of Y as a 
function of polynomials 
X,X2,X3,…..,Xm.  We can use this 
regressed value to decide whether 
to exercise early.

SVR uses a training set of predictors  and the 

predictor’s respective label values . The goal of 

the predictors and labels is developing a model 

which makes predictor values within a certain 

error bound  which allows us to choose how 

tolerant the bound is.


