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Abstract

The stock market has always been compared to a living being. It goes up andstaxgngn
organism breathes and moves. Therefore, it always been said that predictingktineaskat is
impossible. But is that really true? With the advanced technology available tioel@yhas to be a
way to project short term closing prices for individual stocks. This IQP explonesisanethods for
predicting the behavior of individual stocks through the use of the MatLab programdangua
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Executive Summary

Everyone knows that stocks and bonds can be amazing investments to anybody that
understands them and is just a little bit “lucky”. Or they can be a majortlyebi anyone who lacks
that certain luck. Is it really true, however, that the stock market cannon beguidicthink not.

Any my advisor, Professor Mayer Humi agrees. We hypothesize thahc#deks taken on an
individual basis can be predicted or even calculated for a short term span. We dodblgrgyat
moving averages and taking the historical data and trying to extrapolatéheltairrent data is.

A moving average is an indicator used by many stock market analysts to show apdard
downward trends in stocks. A short term moving average is the average price of a stockionlarpar
day of the stocks prices a certain previous number of days. For example, if wd teakriew the 5-
day moving average of a stock on day number 526, we would take the average priceb@flefs3s.
This can be calculated for any period of time as long as there are enougbidttdo sustain the
average. The easiest way to calculate a moving average is through@ogatim such as MatLab.
We will then use MatLab to perform more analysis on the individual stocks

Using MatLab, we will perform signal analysis on the historical datadier@o project what
we think the price of the stock will be a short time from now. We treat the closoas jof the past
361 trading days as discrete time values. We begin by downloading the informatio3®1 tteta
points of 11 stocks. We then use MatLab to calculate the “line of best fit.” In outloasee of best
fit can be a polynomial of degrees 1-3. We then find a Fourier Transform of the stocksaamthe
noise from the signal in order to more accurately describe future datr. chfaning the signal, we
can perform an Inverse Fourier Transform to get a signal similar to our orgggmal. We can then
try to extrapolate the signal for an extended period of time by adding ap@=tion to the original
line of best fit. This can be constituted as “predicting” the stock.

Between the moving averages and extrapolation of data, we got a lot of indoradadut the
stocks. On one hand, the moving averages told us that a stock was a good long-term investment, an
on the other, the extrapolation told us that the price of the stock would fall slightly x{Fayeodations
actually proved fairly accurate for the most part. Visual approximation artbeled us to believe
that the extrapolation was correct to within 10% of the actual stock for a period ofe@odays.

Unfortunately, there has been little groundbreaking work done with this IQ&#ndtaut that
the market is incredibly difficult to predict. There are simply too maotpfa that must be taken into
account that have an impact on the price of the stock. Allin all, | believe téna¢ Idarned
something about stock market prediction, and even though | have had only moderate stittiess wi
project, | have laid a foundation of understanding on which | may build better ideas.
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Introduction

This project is important to me because | often worry about the wellbeing afcamein the
future. Between a slowing national economy, pollution, global warming, high oil pmcescreasing
overpopulation, the future of the United States seems all but bleak. There is no miaétefix
everything that is wrong with an entire country; all there is, is lots of\warkl done by good people.
This project will give me the opportunity to work on and come up with ideas to solve one of the major
problems: Social Security. After all, the most basic job of an engineer issfo@oblems. Using my
knowledge of computers and MatLab programming, | can help devise a way to preditidk
market using the previous stock market data.

There is no possible way that a person would be able to function in today’s society vi¢hout t
use of computers. Let alone, have a positive impact on society. Computers help niptietea
numbers and equations millions of times faster than even the fastest humanaral@éag an
Electrical and Computer Engineering Major, the understanding of computers ananpnang will
help me take in large amounts of stock market data and manipulate it in order to betstanddard
ultimately, predict it.

This type of data manipulation and interpretation using computers and MatLabmnoigg is
quite similar to the type of work that engineers will be doing. Just as Iveaddividual closing
prices of a stock over a period of time, so might a mechanical engineehegadnperature of a brake
disk caliper over a period of time in order to properly test that caliper, or migleraspace engineer
read information about the amount of drag measured by an airfoil in order to reach tleficieat
design. These scenarios are good examples of signal analysis. | plan on b&ngieal @ngineer
and the study of possible recursions in the stock market and the hope to find a patteth that w
accurately and efficiently find those recursions is similar to my elésiaccurately and efficiently
come up with ways to design digital circuits and analyze signals. Hopefullgaing to research
and think outside of the box with this school project, | can gain valuable experienceroféssional
world in order to better qualify me as a professional engineer.

This project is best qualified as an Interactive Qualifying Projed®)l6gcause it very well
follows the guidelines of an IQP at WPI. This project will answer the igumest how science and
technology can help society. | will be using very sophisticated matrepragramming techniques to
help the United States as a society avoid the dangers of financial bankruptcyggt. old a

The ultimate goal of this project is to come up with a possible permanent solution to the
problem of the underfunding of the United States social security program anahesgthe various
techniques of short term stock market analysis. ldeally, by the end offhé Wl have found a way
to make myself and everyone else in the United States who is eligible fal Security a millionaire.
Realistically however, my ideas will not be used directly to influendematSocial Security policy;
rather, | will have learned about the subject and will apply that knowledge to theleexin, so that |
may make my voice heard on the subject of Social Security reform. | solhalve learned enough
about the stock market to at least make some money.

The results of this project will best be shared through the internet. There athagbf
forums and websites dedicated to the idea of Social Security reform. Peshagmne of political
importance will stumble upon my research and think it the perfect solution to an evasingréareat.
Perhaps | can make a difference.
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Research and Preface

The research that needs to be done for this IQP is that on the subject of stock madykest a
and the United States Social Security system. Both subjects will haveisa@asesunt of
information on them including literature and the internet. Because so much infornsadiailable on
the two subjects, the difficult part of this project will be sorting through alk@&burces and picking
the best.

Preface on Social Security

In 1935, President Theodore Franklin Roosevelt signed Social Security act into lawctThe A
provided benefits to retirees, the unemployed, the disabled, and a lump-sum benefliyteuiasnrors
at deatH?. Today, these benefits are known simply as Social Security. Social Sectiréysingle
largest expense in the United States federal budget, and by dollars paid, the AS&neity
program is the largest national program in the world. According to the Fiscal YeaB20Q&t Press
Release, the estimated money paid to beneficiaries was estimated &=libhillion. This is about
600 times the amount paid to beneficiaries in 1950 and close to 15,000 times the amount paid to
beneficiaries in 194(). Shown in the figure below, is a graph that details the steep incline in the
dollars paid to social security beneficiaries. The reasons for the indrebenefits include inflation,
increased senior citizen population, longer life expectancy and many others.

Although the idea behind Social Security is wonderful, it is a huge price to psst. alf the
money has to come from somewhere. Payments to retirees are financpdybgliatax on current
workers' wages. It's funded by a flat tax of 12.4 percent of each wonkagks income, split evenly
between employers and employees. About four out of five of those tax dollars gdiatety to
current beneficiaries, and the remaining dollar or two is used to purchase €aSurfrsecurities held
in the system'’s trust funds.

Old-Age and Survivor Benefits
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Figure 1



Musielak, E-2008: 1QP

According to the Summary of the 2008 Annual Reports released by the Social Saadirity
Medicare Boards of Trustees, “the financial condition of the Social Secondtiadicare programs
remains problematic’. The problem with Social Security will become effective in approximately
2018, when the huge generation of baby boomers born in the 1950’s and 60’s begin to retire. Those
retirees will require that a portion of general income tax revenues payténest and eventually the
principal on the bonds to fully finance benefits. Eventually, the Social Secuetyedsind will grow
smaller and smaller, until there is no money left. At that point, Social Sebansfits will have to be
paid entirely by current payroll taxes. By that time, there will be only Xeverthat will be paying the
benefits of 1 retiree; whereas, in 1950, there were 16 workers paying benefésrpe.

The predicament that politicians forecast for the Social Security progihmotarise until the
Social Security Trust Fund shrinks to zero and benefits are paid entirely frdraoiThis is
predicted to be anywhere from early 2040 to early 2050. Figure 2 shows a graph ointla¢elest
Operations of Trust Funds showing the income, outcome, and the change in the fund between 2008 and
2017 unless adjustments are made. The graph shows a slight increase in the Fund unti€20L.3 w
begins to fall. The important thing to realize is that unless Social Secucltpmged or updated,

Social Security faces imminent long-term financing challenges, anldiiger we wait to adjust the
system, the more the system will have to be adjusted, the more burdensome teehdtaeans, and
the more hurtful on the general US economy. Today, the most promising answer to tlesprobl
seems to be the privatization of the US Social Security System. This mdaashthiathan the US
government telling people what to do with their money, individuals will be allowed tat imvigge

stock market.
Estimated Social Security Funds
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Preface on Stock Market

The stock market that we know today seems to be an incredibly complex machinealitihe re
however is that, at its core, the concept of owning a stock market share of a casrjpanthat,
owning a part of the company. The idea is that if a company does well, and gnafitsl of the
shareholders will profit as well. However, if the company does not do well, and thergologas
money, the shareholder’s stock price will go down and the shareholder will losg.mone

The eternal question quickly becomes: how can an individual pick a company that will do we
and make profits. This is the question that a person asks when investing in a compistics Steow
that the majority of companies fail. This does not seem to make sense, but theésréait most
companies are like living organisms; most of them have a lifespan and at the endifefsthet | they
die. The number of companies that are still in business today is quite small corogaeedumber of
companies that been created since the beginning of commerce. The reasasticammpanies die is
that the company ceases to be profitable. Profitability is arguably the smogt important aspect of a
company.

It seems like a pretty daunting task to pick a single company out of thousanddltbat wi
profitable, and not go under. This is why stock market analysts and financialracdspend years in
school to answer the eternal question: how can one make money from the stock marketpl€be s
answer, in terms of buying and selling shares of a company is that one shoutadtasycf a company
at a lower price than when he or she sells them. This is a deceptive simptfafahe stock market,
but it is, in fact, the most important aspect of it. But this evokes another importambguesty can a
person know at which price to buy a stock and at which price to sell it?

The widespread belief is that the stock market cannot be predicted. It is sétbatre
simply too many things that impact the price of a stock to be able to know whatetsvpl be in the
future. This may be true, but it may not. There are many people in the world, notablythabple
work on Wall Street in the United States who make quite a handsome living frongteedihe stock
market. It is simply not possible for every single person who has profited fadingron the stock
market to have been just lucky. If those people just got lucky, then the whole notiongftaoi
college to study the market would be ridiculous. There are many tools and technidpesdispdsal of
the average person today, many more than ever before. Tools such as Moving Average
Convergence/Divergence (MACD) graphs (shown below), Relative Strémagk's (RSI's), and
multitudes of other graphs can now be computed with the use of personal computersoditdmdat
analysts make trading decisions based on the previous data of the market.
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Solutions to Problems

The Solutions to the Social Security Problem

There are a multitude of ideas for solving the problem with Social Seaueltyding
privatization, adjusting benefits or taxes, or even raising the retirement age.

Privatizing Social Security

One thing for certain though is the need for extensive Social Securityncefor

One of the most the most popular ideas for solving the financing troubles of SociatySecuri
privatization. The idea behind privatizing Social Security is that instead ofarpeaying the
government during his or her entire working life and getting everything back thléperson retires,
that the person use the money to invest in their own individual private retirement accolsd.fuftas
would be invested in stocks, bonds and real assets that would fund the workers' retinenogim:a
benefits covered by Social Security. In the case of death, private accounebalautd become part
of the deceased's estate.

There are many arguments for and against the privatization of Socualt$eThe problem is
that there are so many people that just don’t understand what privatization is. Thisliy ane of
the arguments against privatization. It is said that the general public simplgatde®w enough
about stocks and bonds. Studies by Yale economist Robert J. Shiller and others haveatethonst
that individual investors are far more likely to do worse than the market ggneradh excluding the
cost of commissions and administrative expenses of privatization. Moreover, a numbeegs$ s
show that most people lack the knowledge to make even basic decisions about investing.

On the other hand, it is said that the privatization of Social Security has alreddydvin a
number of other countries, such as Chile and other South American countries. Thislufglta t
that a laymen cannot make decisions about where to invest. If citizens of thiddcawanitries can
effectively invest in their own futures, why, with the aid of computers and the inteamet US
citizens.

Another argument against privatized Social Security states that thétbemetived by a
person through a private program would be too dependent on the state of the stock markettwhen tha
person retired. For example, a worker who invested his or her retirement fund in agtrtbli
matched the S&P 500 index and retired in March 2000 would have a nest egg about 30% larger than
someone who retired just a year later using the exact same investnteglyst@learly, some workers
would do much better than others based simply on when they happened to retire. This would be a
major change from today's system.

Adjusting Benefits or Taxes

Another, slightly less popular, idea for avoiding the social securiti @énigolves adjusting the
benefits to recipients and the taxes on workers. According to the Trusteeg Repmmediate
increase of 14 percent in the payroll tax would alleviate the impending deficg.cdinesponds to

9
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raising the current tax of 12.4 percent (half paid by the employee and lthliyptie employer) and
raising it to 14.1 percent. Conversely, an immediate drop of 12 percent in benefitistesasziieve
the same goal.

Raising the Age of Retirement

Steps have already been taken by congress to help alleviate the finastdeinsrfaced by
Social Security. The “full-retirement” or “normal retirement” agsliswly increasing. For every year
after 1937 the retirement age is raised 2 months until 1942. For people born between 1943 and 1954,
the retirement age is 66. Beginning in 1955, every year, the retirementllagerease again 2
months until 1960. People born in 1960 or later can retire at age 67. The scheme seegmotike a
idea, but it will have little effect on the Social Security’s problems. In oaderake a significant
impact, the retirement age must be raised to over 70 just to keep up.

The Solution to Stock Market Prediction Problem

We begin our analysis of the stock market by researching a number of stocks. While
researching, we are looking for a good diversification with respect to treeginghich the stocks are
traded at, and on which exchange they are traded. To do this, we choose 11 stocks: 3 of which are
components of the Dow Jones Industrial Average, 3 random stocks with an averagevelos oj
10-20 dollars, 3 random stocks with an average closing value between 1 and 5 dollars, and 2 stocks
that are traded on the NASDAQ.

Method of Moving Averages

We can see in the chart below the 30-Day, 100-Day and 200-day moving averagestatks
as of July 18, 2008. These charts will help shows us the diversity of the stock closesgapdowill
help us with future analysis.
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Figure 4

100-Day Moving Average
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Figure 6

These moving averages are created by taking the average of a stockjieeartaneframe.
They are used to emphasize the course of the stock and show us the smoothed trend of lsesteck. T
averages are a good way of filtering out the “noise” that occurs from dadtyéitions of price and
volume; this filtering will make it easier to interpret what the stock is doingpicaity, the crossing
over of a short-term average with a long-term average is associatechwipivard trend®

11
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Chart by MetaStock Copyright & 2005 Investopedia.com
Figure 7: Courtesy of Investopedia.com

The problem with calculating a moving average, especially when cataulatger moving
averages like a 100-day or 200-day moving average is the sheer number of values we.nestins
if we were to use a graphing calculator, calculation would take us hours. Lwe&ilyave MATLAB.
MATLAB provides us with the ability to read data files with our stock informatimhmanipulate the
information as we please. Using MATLAB, we create a program thatla@suthe moving average of
a stock automatically, with very little time and very little actual work onpaut. Shown below is part
of the MATLAB code we used to calculate the 5-day moving averages of all 11 stackéot The 10-
day, 30-day, 100-day, and 200-day moving averages, we copy the code and replace thehealue
variable “intval” with the desired value of moving average.

%% loading data
load XERX.dat
%% Find 5 day Moving avrerage

intwval=5
*x=(1:1:361);

for i=1l:36l-intwval

FiveDbayMi(i)=0;

for j=i:i+intwval-1
FivebayMi(i)=FiveDavyMi (i) +ZRX(],5):
end
FivelDayMA(i)=FiveDavyMLi(i) /intwval;
end

plot (FiveDayMi, 'r'}]:

hold on
Figure 8

12
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Below, are the moving averages calculated for all of our stocks by a proigndan & the one
above. We see by the graphs that there are a number of points that the averages ifteis is
evidence of either a downward or an upward trend. An upward trend signifies that a stbeleia
going up for a certain period of time: either for the short term (1-6 weeks), mid(te-3 months), or
long term (2.5 months or more). This may also signify that the stock is ripe fommardst

CEC0 Moving Averages

34

2':' 1 | 1 | 1 1 1 1
1] al 100 150 200 240 300 340 400 450

Figure 9: CSCO Moving Averages

The MAs for CSCO tell us that it would be a good idea to invest in the stock for theeshgrt-t
this is because the 5 and 10 day averages cross above the 30-day average ndit inégatgood idea
to invest for the medium term however because the 30 day average crosses below thext@&tday
It's also probably a bad idea to invest in the long term because the 100 day avésdogpdofalthe 200
day average.

The MAs for GE tell us similar things as those of CSCO. It might be a goadadevest in
the stock for the short term, but a bad idea to invest in the medium and long term. Both obttkase st
confuse us because different MAs tell us different things. It is importarditee¢hat MAs should
only be used as an indicator of trends. They are only part of the puzzle that isremetbtx market
analysis.

13
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GE Muoving Averages
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Figure 10: GE Moving Averages

HFO Moving Averages
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Figure 11: HPQ Moving Averages

If we look at the MAs for HPQ, we get slightly confused. The graphs look venyfyinyg, but
if we pay close attention, we will see that the 5 and 10 day MAs cross above the 36rdgg.avhis
again shows us that there is a short term upward trend in the stock and it is likely to goeughiort
term. We see however, that the 30 day passes below the 100 day and that the 100 day pasises below
200 day MA. This indicates that mid term and long term investing is a bad idea. In chhoaswest
in a stock it is important to pick a stock that is likely to go up in the short term, mmcatet long

14
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term. We therefor choose not to invest in this stock unless there is other evidencet thefiend
analysis.

MED Maoving Averages
13 T T T T T T T T

3 1 1 1 1 | 1 | 1
a 50 100 150 200 250 300 350 400 450

Figure 12: MED Moving Averages

MED is a good example of a stock that has upward trends in both the mid term and long term.
The short term trend analysis is complex, at best, to understand. It seems asf tveugére to look
at the stock in the next few weeks that the 5 and 10 day averages might cross aBodathe
average, but only time can tell. This stock may be a good candidate for investment,ebahatysis
iS necessary.

15
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MTU Moving Averages
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Figure 13: MTU Moving Averages

Both MTU and PFE are stocks that have awful looking MA’s. Awful meaning they jegt ke
going down. There is hope however in both stocks. It seems as though there are slhiprvegm
trends in both. These indicators mean there might be a shift in trends and invesighemnioirioe a
bad idea.

PFE Moving Averages
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Figure 14: PFE Moving Averages

16
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FGR Moving Averages
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Figure 15: PGR Moving Averages

PTA Moving Averages
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Figure 16: PTA Moving Averages
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RAD Moving Averages
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Figure 17: RAD Moving Averages

RAD is a stock whose overall MA’s are moving down over almost the entire cduwae 400
points of data. We see that after 400 trading days, the stock has averaged ouing protesof less
than a quarter than that of the first day. It doesn’t take a genious or a compgtanpto realize that
this stock is in a downward trend. The good news, however, is that a stock can only go down so far
before it goes back up (unless the company goes out of business). Therefore yia mmidetgment
might be a good idea based on common sense.

WRSM Moving Averages
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Figure 18: VRSN Moving Averages
18
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VRSN is the first stock we have encountered whose overall MA’s over the ajwsedata
shows upward movment. At one point in the averages, we see the average closing patetstoe
double that of the closing price on the first day. We do see at the very end of our dafia,; tinaiu
there is a downward trend for the short term. This give us slight hesitation when tlabkingy
investing.

AR Moving Averages
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Figure 19: XRX Moving Averages

Method of Extrapolation

Now that we have a background in some of the traditional methods of stock marksisanaly
we can try other methods. We can now try using Professor Humi’'s method of eaticapfybm
previous data. We do this by taking the closing prices from a certain number of)tdags (in the
initial case, we will choose 361) and setting the first 300 prices as our takttata. We then try to
extrapolate that data for 61 days and check it against the actual data.tfbahethod of
extrapolation.

We must first find data to work with. The data will be the closing prices of all 11 stocks
since January of 2006. This accounts for approximately 350 data points, which will ot foerfse

19
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in MATLAB manipulation. Thus, | begin using Professor Humi’'s method of stock manledysis
with a MATLAB program, “Trend.m”, given to me by the Professor and shown below

%% loading data

- load apple.daﬂ

%% finding the trend

- for i=1:365

x(i)=1i;

- end

- pl=polyfit (x',apple(l:365,2),2]
= #wH=(1:1:458):

- rri=polyval (pl,=xx);
plot(xx,apple(l:4558,2))
hold

plotixx,ppl]

xlabel ('tcime (days] ']
vilahel ('stock price'])

Lo e B T N S N
|

| i e e o ]
o W = O
| I I I

title (' least =squares ws. stock price')

,_.
o
|

print —-dpsci2 -reld apple.ps
hold

—=
[ |
|

Figure 20

This simple, yet elegant program finds us the polynomial of best fit according toder
specified in line 7 of the code. | chose not to exc&kdr8er polynomials on advice from my advisor,
as the increased amount of information will make it impossible to generabrmald for other
stocks. | began this phase of analysis by running the program for all 11 stocksrspadifferent
order polynomial between 1 and 3. As would be expected, different stocks yielded different
polynomials, and different stocks were best fit by different orders of polyalemi

The second step was to find the difference between the actual prices of kkeastbthe
calculated polynomial of best fit. This was done quite easily with the additiofeaf simple lines of
code that takes the value of the trend and subtracts the actual value of the stodktndeaae of
the difference, the “residuals.” The smaller the value of the residual, tee &gbroximation of the
actual stock the polynomial of best fit is. Shown below are the polynomials of bésh@tvath their
residuals, for each of the 11 stocks. It is important to notice that each stotskdvass degree of
polynomial that produces the best residual. The figures below show the degreehothehiesidual is
the best.
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least squares vs. stock price

data 1
quadratic

[5X]
m

y = - 0.00016%° +0.053"

54
=3
=
=
A .
20 I 1 1 1 I 1 1 b,
0 ad 100 1580 200 250 300 350 400
residuals
1D T T T T T T T

_1 I:I | 1 1 1 | 1 |
0 50 100 150 200 250 300 350 400

Figure 21:.csco
The residuals for CSCO are the difference between the actual price aidkeastl the “line of
best fit” of a 29 degree polynomial. Thé'®degree residual was chosen because the average
difference was smaller than & ar 3 degree polynomial.
The residuals for GE are of & 8egree polynomial. This is because the difference is smaller
than in a I or 2" degree polynomial. Below the residuals for GE are the residuals for all ohtre ot
stocks.

least squares vs. stock price
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stock price
[N
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a0
25 1 1 1 1 1 1 1
0 A0 100 180 200 280 300 350 400
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4
2
0
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_E 1 1 1 1 1 1 1
0 A0 100 180 200 280 300 350 400
Figure 22:GE
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stock price
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Figure 23: HPQ
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MED is the first stock we encountered whose line of best fit is a polynomial ofshddgree.
This might be because the price of the stock seems to decrease over our @#me scal
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least squares ws. stock price

stock price
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y=-0017"% +9.4

data 1
linear
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Figure 24: MED
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least squares vs. stock price

data 1
cubic

- [.000127%° - 0.0036%x + 12

50

1 1 |
200 250 300
residuals

1 1
100 150

2F 4
_3 | 1 1 1 1 | 1
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Figure 25: MTU
least squares vs. stock price
28 T T T T T T T
data 1
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Figure 26: PFE
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stock price

As we can see from the graphs, we have a huge amount of data to sort through. However,

25

least sguares vs. stock price
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Figure 27: PGR
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when we look very closely at the residuals of each graph, we see somethingfwonmest of the
residuals resemble a sinusoidal curve. Sinusoidal curves
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least squares vs. stock price

= 5.1e-007%%% +0.00031%%° - 0.056%% + 9

data 1
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Figure 28: PTA
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Figure 29: RAD
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The sinusoidal curves give us an amazing tool to use for the analysis and prediatgioa;

we call this tool a Fourier Transform.

.
in

least sguares vs. stock price
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Figure 30: VRSN
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least squares ws. stock price
T T T

data 1
guadratic

stock price

1 1 1 1 ] ]
A0 100 150 200 250 300 350 400
residuals

_4 ] | I | 1 | |
] a0 100 150 200 2a0 300 350 400

Figure 31: XRX

Fourier Transform allows us break down the sinusoidal residuals into a serissrefedi
equations. The discrete equations are represented by complex numbers. We vililethibe signal
by taking out the signal noise. Signal noise is caused by all sorts of things ootipplication, the
noise is caused by day to day activity by stock traders that has no real anphetprice of the stock.
The noise is filtered by setting certain values in the signal to zero whealtieeis small enough to be
considered negligible. We set the “cutoff” value for this negligibility todfihe original value.
Below this, the value is set to zero. After filtering the signal, we will appéyverse Fourier
Transform to get a sinusoidal signal. We then extrapolate the signal fr@@atieday of our data to
the 361st day of our data. This extrapolation of data is the final result of our andliss is the
result that hopefully predicts the short term closing price of individual stocksfigtines below
represent the ACTUAL price of the stock Vs. the PREDICTED price of tdok sis well as the
relative error in prediction. The relative error is a better way ofesprting the actual error because it
gives a percentage of error relative to the price of the stock rather thamjusbear.
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Actual Vs. Predicted Closing Prices

Stock price. Actual vs. theoretical 361 days
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Figure 32: CSCO Actual Vs. Predicted

The figure for CSCO Actual Vs. Predicted price does not seem very pronosiagrfoverall
progress in predicting the stock market. It seems as though our prediction goes in theebpmple
opposite direction than the actual price of the stock.

Relative Errar
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Figure 33: CSCO Relative Error
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We see from the CSCO Relative Error that our predication just seems to geasaisie goes
by. It starts at around -%5, but by the end of the extrapolation, skyrockets to nmog@%¥arror.
This is completely unacceptable.

Stock price. Actual vs. theoretical 361 days
44 T T T T T

A A—— A ........... = ............... ............... — T il
40
38k

38

price

34

32

3a

2 ' !
a 50 100 150 200 250 300 350 400
time(days)

Figure 34: GE Actual Vs. Predicted

Our predicted values for GE seem to be much better than those for CSCO. We icahee
graph that at some points the values were exact. The GE Relative Error also slobwsagress.
The average value of the relative error is between 0 and 5%. This is quite th@lasiuoent.
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Figure 35 GE Relative Error Relative Error Relatieor
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It is important to notice we did not necessarily use the same polynomial forelué best fit
as we did to calculate the predicted closing price of the stocks.

Stock price. Actual vs. theoretical 361 days
oA ) ) T ! ! T !
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0 50 100 150 200 250 300 350 400
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Figure 36: HPQ Actual Vs. Predicted
Our predication for HPQ is also much better than for CSCO. We can see once agamthaf
the values are quite close.
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Figure 37: HPQ Relative Error
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The HPQ Relative Error confirms this. The average seems to be between 3%9andhis is
quite good.

Stock price. Actual vs. theorstical 367 days
14 T T T T T T T
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Figure 38: MED Actual Vs. Predicted

Unfortunately, we run into another very bad prediction with MED. The prediction sees the
stock dropping, whereas the actual price remains relatively constant.
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Figure 39: MED Relative Error
The Relative Error for MED is possibly the highest of any of the othekstdtis safe to say
that we have not accurately predicted the stock in any way. This mayddtafehe degree of the

polynomial of best fit.

Stock price. Actual vs. theaoretical 361 days
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Figure 40: MTU Actual Vs. Predicted
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Figure 41: MTU Relative Error
The prediction and relative error we see in MTU about the best we could expece iF little
fluctuation in the relative error (about 10% either way) and the averaa/eedrror comes out close
to 0. If we were to extrapolate the data for this stock on th® 889 of data, we would see that the
stock would go up in the next 2 months, and we would probably invest. Our prediction would be
correct and in 2 short months we would profit approximately 10% of our investment.
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Stock price. Actual vs. theoretical 361 days
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price

19 i | I i i i |
0 a0 100 150 200 250 300 350 400
tirne(days)
Figure 42: PFE Actual Vs. Predicted
Relative Error
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Figure 43: PFE Relative Error
PFE is a good example of our extrapolation program doing its job and telling us when not t
invest in a company. We see from our extrapolation that the price of the stockiMayl &lmost 10%
in the next 2 months, based on that we would not invest on day 300. On day 361, we would see that
our decision was correct, and we would have saved our money.
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Stock price. Actual vs. theoretical 361 days
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Figure 44: PTA Actual Vs. Predicted
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Figure 45: PTA Relative Error
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Stock price. Actual ve. theorstical 361 days
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Figure 46: RAD Actual Vs. Predicted

The prediction for RAD is another good example of a failure to predict the stoek pr
accurately. The extrapolation told us that the price of the stock would drop by almost B@9hext
2 months. Based on common sense, this prediction is not very realistic anyway. Voengbe f
actual price that the stock does drop slightly, but not nearly as much as wagegredic
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Figure 47: RAD Relative Error

Stock price. Actual vs. theoretical 361 days
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Figure 48: VRSN Actual Vs. Predicted
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Figure 49: VRSN Relative Error

Stock price. Actual vs. theoretical 361 days
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Figure 50: XRX Actual Vs. Predicted
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Figure 51: XRX Relative Error
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Positive and Negative Extrapolation

An odd thing about the program that we used to extrapolate our data is that we used the Fourie
transform to add or subtract from the line of best fit. Because of this we have siansef the
extrapolation. We can call them the “positive” and the “negative” extrapolatioa.edtrapolation of
some of the stocks works better (more accurately) with the positive extrap@ad with negative
extrapolation with others. The fact that one stock is better predicted withti@goosia negative
extrapolation is hypothesized to be a one of the stocks permanent traithietefere reasonable to
think that a stock that is best predicted with a negative extrapolation willalvealyest predicted with
a negative extrapolation, regardless of amount of data provided. This is also thougtt teithe
stocks that “prefer” positive extrapolation.

In a test to properly gauge how professor Humi’'s method of stock market prediotiks we
would like to see if a stock will best be predicted by a negative extrapolatpmsitive extrapolation
with 361 data points, then with 417 data points. We will compare the results and if the sthest are
projected by the same type of extrapolation for the two data sets, then we kndwe {haigram works
well and that we can use it for any data set, as long as we test @ et tvhat type of extrapolation
works best. If the results are not the same, then it will be much harder to projaatehaf a stock
accurately because we will have two distinct results. Below, is a taktigc&s svith 361 points of
data, and the degree of the polynomial of best fit as well as the preferenteta gositive or
negative extrapolation.

Analysis With 361 Data Points
STOCK Polynomial Degree Extrapolation
CSCO 2 Negative
GE 2 Negative
RAD 3 Negative
XRX 3 Negative
HPQ 2 Negative
PFE 2 Negative
VRSN 2 Positive
MED 1 Positive
MTU 3 Positive
PGR 3 Positive
PTA 3 Positive

Figure 52: Analysis Table
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CSCO(Neg-Interpolation): Stock Price Actual vs. theoretical 417 days
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Figure 53: CSCO (Negative Interpolation) Actual Vs. Predicted
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Figure 54: CSCO (Negative Interpolation) Relative Error
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GE(Neg-Interpolation): Stock Price Actual vs. theoretical 417 days
44 T T T T T T T T

price

26 Il Il Il Il Il Il Il Il

0 20 100 150 200 250 300 350 400 450

Figure 55: GE (Negative Interpolation) Actual Vs. Predicted
GE(Neg-Interpolation): Relative Error
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Figure 56: GE (Negative Interpolation) Relative Error
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XRX(Pos-Interpolation): Stock Price Actual vs. theoretical 417 days
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Figure 57: XRX (Positive Interpolation) Actual Vs. Predicted
XRX(Pos-Interpolation): Relative Error
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Figure 58: XRX (Positive Interpolation) Relative Error
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RAD(Pos-Interpolation): Stock Price Actual vs. theoretical 417 days
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Figure 59: RAD (Positive Interpolation) Actual Vs. Predicted
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Figure 60: RAD (Positive Interpolation) Relative Error
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PFE(Pos-Interpolation): Relative Error
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Figure 61: PFE (Positive Interpolation) Relative Error

We see here that the relative errors for the positive and negative exitasolar PFE look
almost identical. This was definitely not the case when we were extragdiat361 data points. This
leads us to believe that there is no correlation between a stock and its prefieranpesitive or

negative extrapolation.
PFE(Neg-Interpolation): Relative Error
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Figure 62: PFE (Negative Interpolation) Relative Error
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MTU(Pos-Interpolation): Relative Error
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Figure 63: PFE (Positive Interpolation) Relative Error

The relative error charts for MTU is further evidence that there is neeirmoarelation between
a stock and its ability to be projected by a positive or negative extrapolatigan tBis evidence, we
can reasonably assume that positive or negative extrapolation is not based on the stattiertibe

data that represents the stock.
MTU(Neg-Interpolation): Relative Error
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Figure 64: PFE (Negative Interpolation) Relative Error
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Analysis With 417 Data Points
STOCK Polynomial Degree Extrapolation
CSCO 2 Negative
GE 2 Negative
RAD 2 Positive
XRX 3 Positive
HPQ 2 Negative
PFE 2 Negative
VRSN 2 Negative
MED 1 Positive
MTU 3 Positive/Negative
PGR 3 Negative
PTA 3 Positive

Figure 65: Extrapolation Table

The table above is a table of our stocks with 417 points of data. Once again, the talrle conta
the degree of the polynomial of best fit as well as the preference to efibsitise or negative
extrapolation. The highlighted stocks are the stocks that preferred eititerepoisnegative
extrapolation when there were only 361 points of data, but switched to their respectivieeoppes
more data was added.

As we can plainly see, 4 out of the 11 stocks switched to respective opposite when we
extrapolated with 417 points of data. This means that there is no permanenticorbelaveen a
stock and its preference for positive or negative extrapolation. It seems thatrdlation is in the
numbers rather than in the stock itself. This is bad news for the overall effestiwartae program.
It means that if we wanted to predict a stock, we would have two extrapolations dfadate could
follow and there would be no way to tell which extrapolation would be a better projectionref fut
price of the stock.
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Conclusion

As we have seen from all of the evidence provided, prediction of the stock market is not as
easy as it seems. It turns out that the old adage is true and that the stock market really acts like a
living organism. Our attempt to predict the stock market through the use of modern computer
software proved not to work as well as we had hoped. We used MatLab to write programs that
calculated moving averages and extrapolated data in order to help us project what the price of a
stock will be roughly 60 days from the date of extrapolation.

The program to graph the moving averages worked perfectly. Unfortunately, by
definition, it gave no new information when it came to making decisions on whether or not to
invest in a stock. It only told us what the stock has already been doing. Moving averages are
calculated by taking the average of a certain number of trading days before the day on which you
wish to find the moving average. We then plot those days one after the other. Moving averages
are only meant to used in coordination with other methods of stock market analysis. For
example, we used it with our method of extrapolation. If we found, through the study of moving
averages, that a particular stock is on a short term upward trend and our extrapolation method
gave us the same advice, we would be likely to invest in the stock because we now have two
indicators of growth.

The major part of this project was the method of extrapolation. The hope was that given a
certain amount of historical data, we would be able to extrapolate new data and forecast the
price of the stock. We did this by taking the Fourier Transform of the data and cleaning the noise
that is produced on a day-to-day basis by investors. MatLab is incredibly efficient in doing taking
transforms because it only takes a few lines of code to do what might take hours of hand-written
work. In this way, we treat the price of the stock like a signal, and we are performing a signal
analysis on it. After cleaning the “signal” we take the inverse Fourier Transform to obtain a
similar but smother version of our original stock market data. We then extrapolate about 60
new points of data. This extrapolation is the most important part of the IQP. The extrapolation
is our prediction of the price of the stocks. When we plotted the predicted price of the stock with
the actual price of the stock, and then subtracted to difference, and then found the relative error
in our prediction in order to gauge the programs effectiveness. We found that the program
correctly predicted the price of the stock at an average of within 10% of the correct price, with a
high of about 50% above and low of about 25% below the actual price. This is not a bad
approximation, but it's not a great one either. Ideally, the approximation would average within
5% of the actual price and with highs and lows no more than 10 - 15%.

It's extremely difficult to write a program that will accurately predict the prices of such a
wide variety of stocks. If we had more time and resources, we may have chosen to pick stocks
that are similarly priced or companies within the same industry. If we were to do that, we could
fine tune our extrapolation program to predict stocks to within our ideals. We could have
different versions of our program with different parameters for different industries or price
ranges. Perhaps that is another project for another person.

This project provided me with good exposure to the stock market and ignited my interest
in the subject. Although I did not necessarily learn how to beat the stock market, [ have found a
new interest and a new topic to study and gain knowledge on.
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