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Introduction:
Financial markets are a source of wealth attainment for many people throughout the world.  These markets are places where individuals and financial institutions can buy and sell stocks of publicly traded companies in an attempt to accrue wealth from the market movements over time (with the general idea that over the long term the market will grow with the country and economy).  There are many factors influencing the markets and many issues that will affect how the market movements will manifest over a particular period of time.  As a result the data gathered for these markets can be incredibly erratic, yet historically markets and securities have shown that they will behave, according to some patterns, in a cyclical manor, with some exceptions.  Knowledge of certain characteristics of market movement within a security has been determined to be essential for analyzing systems and techniques in trading markets.  These characteristics are not to predict market/security actions as much as they are to assess its current state, which could help investors making a decision whether to buy, sell, or hold a particular security or fund.
Problem Statement:
Of the characteristics comprising the practice of investing in securities within fluctuating markets are consistently exhibited frequently reoccurring movements.  This study defines three primary types of movements and six secondary types of movements which are combinations of the three primary types, creating nine classes.  These nine classes encompass, in our framework, all of the possible movements a security/market can make over a period of time.  This study will attempt to correctly classify patterns in typical price data over a specified period of time into one of the nine defined classes.  
Methods:

The nine classes (right) are defined into three categories of markets and six sub-categories of markets.  The three primary categories consist of simple market movements; trending up(9), trending down(6) and general trading(8).  The six subcategories consist of
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combinations of the three primary categories and are; trending up to trading (3), trending up to trending down (2), trading to trending up (7), trending down to trading (1), trending down to trending up(5), and trading to trending down(4).  We chose the NASDAQ composite index because it was readily available from free online sources (Yahoo) and would represent total market breadth for this exchange.

The actual data used for input consisted of a linearly normalized version of the raw data.  The raw data was 8 consecutive days of typical price data for the NASDAQ composite.  The number of data points in each training set was chosen because in our examination we found this to be the minimum number of periods that elicited the desired features.  The typical price of a security or market is the average of the highest value attained, the lowest value attained, and the final closing value of a trading entity for a given period.  This common means of evaluating price over time period allows one to gain a greater precision with to assess the “true” price. 
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Sensing / Segmentation / Feature Extraction:
The desired information was downloaded via a csv data file from http://finance.yahoo.com.  The typical price was then calculated and recorded into another csv file for creating the chart data.  To choose the patterns for our training and testing sets of data, we used charts of the typical price of a stock (diagram above) to mark points where the market/security appears to be fitting into one of the nine classes. We use the date ranges to generate the eight period patterns, then take the pattern sets and use those as our inputs to the classifiers.

Define the data sets for ART2 and FFNN based on our categories and segment the data into training sets and testing sets for input to the classifiers. Feature extraction consisted of using the linear normalization of each pattern (with itself) scaled from one to zero.
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Classifiers:


The two classifiers chosen for this project fit into two distinct categories of connectionist neural models; supervised, and unsupervised.  In the supervised model, the network is trained with a set of training patterns and coupled with the desired outputs for each pattern, which it then adapts itself to model. The unsupervised model differs from this in that only training patterns are supplied to the network, and it chooses the categories, with no desired output supplied in the training set.  There are two sets of data needed for the use these classifiers, the training: patterns to train the network, and the testing: patterns to test the generalizing ability of the classifier (by presenting it with unseen data).

For the supervised model a feed forward neural network trained with the backpropagation  algorithm as was used as the classifier.  The neural network model design is based on the biological model of the brain (neural pathways) and its primary component (the neuron).  

Our network (right) is comprised of inputs, outputs and one hidden layer that contain data structures that model a neuron in the brain.  The network receives inputs at the input nodes. This signal is then fed-forward along the synaptic pathways through the hidden layer and finally emerging at the output layer.
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The weighted pathways represent the synaptic efficacy of the neuron.  The response of the neuron is a function of the weights and the inputs and produces a response on the output neurons.  The differential of the desired output with the attained output is calculated into an error signal that is propagated backwards through the network by means of adjustments to the weights.  The network is trained with patterns and desired outputs until the total error associated with testing the network through one sequence of patterns is within an acceptable level.  At this point the network is ready for testing of new, unseen data points.
For the unsupervised model the Adaptive Resonance Theory 2 Network (ART-2) was chosen as the classifier, a neural network based on the modeling of interplay between long term and short term memory in a biological system.  The ART-2 network consists of: two layers (short term memory), weights connecting the two  layers (long term memory), and a vigilance testing factor to control the closeness of the groups to one another.  The F1 layer receives the inputs and through a short term memory process obtains a result from the F2 layer.

ART-2 then compares the result from the short term memory to long term memory via the weights and places the input vector into a category.  The result from the comparison is then tested against a vigilance factor and if it passes (a match was found), the weights are updated with respect to the input.  The network is trained with all of 
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the training patterns.
Results:
The input patterns consisted of 129 inputs over the 9 classes, which were split into two groups of data; the training data with 63 inputs, and the testing data with 66 inputs.  The FFNN consistently attained an average efficiency of approximately 71% with the total of 10000 epochs for the testing data.  The ART-2 network consistently attained an accuracy of 62% when trained and tested with the entire data set. Those results are printed below. When we tested the ART2 network with the segregated data the accuracy of the classifier was reduced significantly (less than 35%). 
Feed Forward Neural Network Trained with the backpropagation algorithm
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Adaptive Resonance Theory 2 Network
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Conclusions and Future Work:

In conclusion, the results were not the desired levels for use in assessment.  They do represent a starting point with which to pursue further work on the subject.  We may use this classification as a pre-processing filter to elicit which techniques might be most effective in price prediction. Some aspects of the design implementation that could be altered to attempt better results include: expand the number of inputs to the classifiers, expand class memberships (find more input patterns for larger training/testing data sets), and reselect class exemplars to include more true examples.  These modifications could lead to more successful classification of market movements and assist in the process of making decisions in a trading system.
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