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Overview

Neural networks are excellent classification tools, atypical back propagation neural network is known
to be a good function approximator. As such, neuralheets been shown to provide as useful tools in
predicting trends in financial markets. While financialrkets are as a whole unpredictable, driven by
many dynamic inputs and fluctuations, neural networ&#ien able to recognize patterns in the history of
financial data for a single security. The assumptipthen, that if general patterns are present in hestiori
financial data, and a system can approximate thisrpadis a function, then it may be possible to predict
future trends by applying this learned function. In reseanamy such models claim accuracy in the 90%
range, however, these results are difficult to reprodugpedctice, with a 60% prediction accuracy to be
considered very good [1.]

Neural networks belong to a general class of algorithatiedcSupervised Learning algorithms because
they are corrected (or supervised) against errors ialdissification. Another supervised learning
algorithm is a Decision Tree Learner. This work willreige a simple back propagation neural network
and a decision tree (with both GINI and GAIN attribytbtsng measures.) Each algorithm will be tested
against two classification problems.

We shall see that Decision trees perform well asdiaation problems that have discrete valued inputs.
Neural networks, on the other hand, can take continuousssakiinput. Both are “eager learning”
algorithms in that they perform their search through tp@thesis space up front, and once trained, can
provide answers to a query very quickly.

Classification Problem #1 — Stock Prediction

This problem consists of a set of historical priagador a single stock, Time Warner Inc (TWX). Véhil
this is not a novel machine learning problem, howelviimg it very interesting that an algorithm might
find patterns in price data, especially as these afgosittend to not perform well in practice [1]. In
addition | plan to pursue related work for the semesterngpooject.

Twelve years of raw historical data were pulled frbm Yahoo Finance website [7] for this classification
problem. The goal of this classification is to takéngsit the closing prices of a stock and classify the
stock price as increasing or decreasing in two days time.

Data Format

The original data was transformed to pull time serigsination into each row of data. In the transformed
data set, each row consisted of input values as pegsenTables 1 and 2. Two output values, increase
and decrease, were used. These were derived from thgedngprice at day t+2 (two days later.)

Attribute Description Range
t-20 Percent change in price from 20 days prior -1.0t0 1.0
t-10 Percent change in price from 10 days prior -1.0t0 1.0
t-2 Percent change in price from 2 days pripr -1.0to 1.¢
t Percent change in price from day beforg -1.0to 1.

High low swing | Normalized difference between high and 0to 1.0

low price that day

volume Normalized trading volume that day 0to 1.0
Table1: Stock Data Input

PI(t-20)  PI(t-10) PI(t-2)  PI(D) PI(t+2)  HLSwing/olume increase decrease
0.046875 0.032471 0.020675 -0.014706 0.016524 O@B30.172282 0.016524 0.000000
0.051934 0.047881 0.024207 0.035909 -0.003151 O@290.311859 0.000000 0.003151

Table2: Example Input
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Data Set Size

The twelve year data set was split into separateitigagand testing data sets with a 2/3, 1/3 distribution.
The first 1989 rows of data consist of the training(ggtes from 03/92 — 02/00). The last 970 rows of
data consist of the test set (02/00 — 12/03.)

Classification Problem #2 — Handwritten Digit Recog  nition

This problem attempts to classify a condensed imagéhahdwritten digit. This is of interest as a
classical machine learning application. The digits rdraye O to 9. The data set was obtained from
Alpaydin, et al [6]. To create this data set, norneali32 x 32 bitmaps of handwritten digits (gathered
from 43 people) were transformed into 8x8 input matrices.

Data Format
The data format consists of 64 input attributes, reprieggtite pixels of the image. Each attribute ranges
from 0 to 16. The output is in the range 0 to 9, andesgpits the image as drawn in the bitmap.

Data Set Size
The training data set consists of 3823 images and thegektta set consists of 1797 images.

Neural Network Implementation

| implemented the neural network for this project, using.Cl is a simple back propagation network with
adjustable learning rates and momentum. The topologyirsyke input layer, a configurable number of
hidden nodes and a single output layer. The hidden nodaglamonnected to the input and output
layers. The algorithm used is from the Mitchell text [B]l nodes and weight values are randomly
initialized. The logic for back propagation was basethercode accompanying the text [4].

Decision Tree Implementation

The decision tree implements the ID3 algorithm from RysselAl [5]. In addition to the information
gain splitting criteria, the gini index is also implemented.

The decision tree code was implemented in Mat lab anidiilementation was borrowed from
colleagues[8]. Alden implemented the decision tree leamndat lab, and Lamstein implemented the
framework for loading and analyzing the data filedl. aAalysis work, manipulation and further
configurations are mine own.

My initial approach to the decision tree was to modifiegisting implementation in LISP, from a previous
project in order to support multiple attribute values @gathan just binary trees) as well as the gini
attribute splitting rule. However | ran into difficultiesth multiple attribute values in the data sets and
made a decision to forego this approach in the inteféish®. This code is, nevertheless included with the
project code as reference, and a snippet relating to i splitting is included below.

(defun gini-gtg593n ( classVals classes attrValue attri bPos exanpl es
subset Si ze )

(setf sum Q)

(setf P} 0)

(loop for cVal in classVals do
(setf Pj (classFreqg-gtg593n attrValue cVal attribPos exanpl es
cl asses subset Si ze))
(setf sum (+ sum (* Pj PFj))))

(- 1 sum

)

2 2/6/2004



CS7641 M achine L ear ning Assignment #1 — Supervised L earning
Charles Pippin, cepippin@cc.gatech.edu

Results and Analysis

Neural Networks

The implementation of the neural network ran the saangiig data multiple times, to allow the weights
more updates for better convergence. Each run ofdiméniy data is referred to an epoch. By varying the
number of epochs, we can easily vary the training slaga(effectively running the training data multiple
times.) Also, as a rough cross-validation mechanisthesend of each training run, the end of each epoch,
the network is testedbut not updated against the test set. The back propagation of weidghesanly

occurs as a result of training error, not testingrer&s such, we can see plot the training data accuracy
against the test data accuracy for the number of waftdtes.

Neural Network — Handwritten Digit Recognition

Various combinations of learning rate, momentum, remald epochs and number of hidden nodes were
tried. Some of these examples are listed below. Howewvire best case, the neural network converged
to approximately 93% accuracy against the test datee$st,to Run 2.

Early on in the training, at about 34,000 weight updatesn#twork quickly converges to an 80% accuracy

level and slowly increases from there. It is @émest that the jump in accuracy occurred so steeply, and
suggests that the network might have been caught inlaniatiana.
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Run 1
NN Handwritten Digit Recognition - 20 epochs
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weight updates

Accur acy 90.5
# Epochs 20
Learningrate 0.5
Momentum 0.3
Hidden units 30

The output value of the network is defined by the 10 outduesgrepresenting the digits [0..9]). The
maximum of these values is defined as the output. Itrdireng data, these are discrete outputs with a 1
representing the output for that digit and a O represgatirothers. As the network converges, these
values grow closer to the trained discrete limits ahd O.

When the network was run for a large number of weighatgsd after the initial convergence, it only
slowly increased until it reached a maximum performafi@3.4%, refer to Run 2. This test is of interest
to determine if after a large number of runs, thegoerénce would improve further. However, the
performance remained constant and could have been stappeat 0 prevent over fitting.
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Run 2

NN Handwritten Digit Recognition - 400 epochs
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Accuracy 93.4
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Hidden units 30

| found that the network performs well for both modelthva weight value of 0.5, and with a number of
hidden nodes close to 30. With much more than 30 hidden nodegettiork fails to converge at all. In
Run 3 below, when we lower the number of hidden nodesth® 3ietwork takes longer to learn and has a
more gradual learning curve. Unfortunately, the ngtwdmes not converge to as high of an accuracy.
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Run 3

NN Handwritten Digit Recognition - Fewer
Hidden Nodes
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Accur acy 72.7
# Epochs 100
Learningrate 0.5
Momentum 0.3
Hidden units 3

Neural Network — Stock Prediction

Various combinations of learning rate, momentum, ¢pafchs and number of hidden nodes were tried.
Some of these examples are listed below. However, ingttecase, the neural network converged to
approximately 97% accuracy against the test data setvag\¢he case with both classification problems, if
the number of hidden nodes exceeded 30, the model failedrtoat all, as all output values immediately
converged to one and stayed there. Additionally, if¢hening rate was too low, below 0.3, the model did
not converge effectively. Further, for the stock predin model, the number of epochs needed to be very
high, in the best case 300, to give the model time teerge.

The network outputs a single positive value for the dleagon that the stock will increase in two days
time, and a single positive value for the classiitrathat it will decrease. The larger of the twoues is

the classification. For instance, if the increasgput value is larger than the decrease output value, the
network classifies the data as being initiveease classification. Accuracy in the network is definedres
percentage of times that the network classifies amaser (or decrease) against the actual result of an
increase (or decrease.) Magnitude or confidence séifilzation is not considered. An example of the ra
output data is displayed below in Table 3, with the netwatkud values, the correct answer, and whether
the network classified correctly.
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Out: 0.034781 0.019219 Act: 0.016524 0.000009¢s:
Out: 0.033140 0.017760 Act: 0.000000 0.00315hpc:
Out: 0.035958 0.018771 Act: 0.020675 0.000009¢s:

Table3: Example Output

Given more time, it would be interesting to run thewvoek in a real time simulation with an initial pool of
virtual funds to gauge its performance in practice.

Run 1: Best

NN TWX Stock - 300 epochs
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Accuracy 97.3

# Epochs 300
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Hidden units 30

The dip in the above plot of the accuracy against theségss of interest. If training had stopped at 95%
accuracy, at the sight of the first dip, the bettauaacy of 97% would not have been seen. This is why it
is important to test with different values for the numiiieepochs, allowing for more weight updates. The
network also converged best with a learning rate atr@3r@omentum at 0.3
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Run 2: Non-Convergence: Too Few Updates
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Accur acy 97.3
# Epochs 30
Learningrate 0.5
Momentum 0.3
Hidden units 30

As is alluded to above, the number of weight updatesefpaahs) is important. In this next run, the

network never converged,; it never “learned” becausad not given enough examples during training.
Another interesting dimension is in varying the numbéridden units. Past about 30 hidden units, the
network fails to converge at all for either classifion problem.

Decision Trees

Decision Tree — Handwritten Digit Recognition

It is interesting to note that the decision tree, wifbrmation gain splitting, performed close to the lexfel
the neural network, with an 87.4% accuracy compared 83 &% accuracy in the network. More pruning
of the trees in general did not improve the results,ptxXoe a slight improvement at pruning level 3 for
information gain splitting. The information gain split petformed the GINI split in all instances.
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Attribute Splitting Rule Performance

DT Handwritten Digit Recognition
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Decision Tree — Stock Prediction

Compared to the neural network, the decision tree dokgirediction performed very poorly. In fact, its
performance hovered slightly above 50% for both splitiimgtions. Notably, as more pruning of the tree
was performed, the gini index method outperformed the infdiomgain method.

As the decision tree algorithm requires discrete valuedsnjjuwas necessary to transform the real valued
financial data into discrete values for input into the slenitree. As part of this process, | analyzed the
input data to the neural network to determine logicatirtls for each attribute. | then transformed the
data into these intervals. Table 4 below lists exangflédse data before and after conversion. This
suggests that the real to discrete value interval setees well as the granularity of the division is key to
the performance of the decision tree learner.

PI(t-20)  PI(t-10) PI(t-2) PI() PI(t+2)  HLSwing/olume increase decrease

0.046875 0.032471 0.020675 -0.014706 0.016524 O@B30.172282 0.016524 0.000000 8,8,7,4,2,8,1
0.051934 0.047881 0.024207 0.035909 -0.003151 O@90.311859 0.000000 0.003151 8,8,7,8,2,9,-1
0.028539 0.011557 -0.013419 -0.011296 0.020675 80@% 0.233181 0.020675 0.000000 7,744,281

Tabled: Transformed Stock Input

9 2/6/2004



CS7641 M achine L ear ning Assignment #1 — Supervised L earning

Charles Pippin, cepippin@cc.gatech.edu

Attribute Splitting Rule Performance
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Conclusions

The neural network outperformed the decision tree impleatientin both problems, especially the stock
classification problem. However, the neural networktdke longer to train than the decision tree. The
decision tree likely performed close to the level ofrikaral network for the handwritten digit recognition
problem because the input and output values are all disared therefore they did not have to be
approximated by transforming them before loading threimthe decision tree.

Similarly, the decision tree was not able to perforatl ¥or the financial dataset. It is my conclusibatt
this is because the financial data is continuous in hahaeven when converting it to discrete values,
much of the information in the attributes is lost, andi¢aener is unable to generalize. Surprisingly, the
neural network performed with high accuracy in therftial classification problem. This is an area that
has been identified for future work in the semester projec
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