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ABSTRACT

This research proposes a new investment algorithm.  The algorithm pursues market value conservatively, and is based on quantifiable metrics such as price fluctuation and time parameters.  In particular, we introduce smoothing coefficients for both buying and selling stock in order to prevent being overly aggressive while still pursuing value.  A minimum value increase, both a minimum and maximum value decrease, and a minimum time parameter help prevent premature decisions or numerous, hyper-reactive behaviors.  The proposed algorithm is compared to four benchmark strategies: investment in U.S. savings bonds, dollar cost averaging, a value-based strategy called the “Contrarian Method,” and a random stock selection process.  The results of the proposed algorithm and the benchmarking methods are compared to each other using Analysis of Variance (ANOVA) testing.  I conclude that the proposed algorithm capitalizes on growth potential while mitigating some risk, earning more money than any of the benchmark strategies.
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EXECUTIVE SUMMARY

This research proposes a new investment algorithm.  The algorithm pursues market value conservatively, and is based on quantifiable metrics such as price fluctuation and time parameters.  In particular, we introduce smoothing coefficients for both buying and selling stock in order to prevent being overly aggressive while still pursuing value.  A minimum value increase and both a minimum and maximum value decrease also serve as thresholds to ensure that the changes in stock prices are significant value changes and not market distractions.  Similarly, a minimum time parameter helps prevent premature decisions or numerous, hyper-reactive behaviors.  The proposed algorithm is compared to four benchmark strategies.  The first benchmarking method is investment in U.S. savings bonds.  This is a low-risk, low-yield strategy that involves investing a set amount of money in savings bonds with a set return rate.  The second method I benchmark against is dollar cost averaging, investing a consistent amount of money in a set investment instrument at a regular time interval.  This strategy makes money even in fluctuating markets, but it is often criticized as being unnecessarily conservative.  The third benchmarking method was a value-based investment strategy called the “Contrarian Method.”  In this strategy, an investor aggressively pursues perceived value by analyzing recent stock performance and market inefficiencies and investing in undervalued stocks.  The final benchmark method was a random stock selection process.  The results of the proposed algorithm and the benchmarking methods are compared to each other using hypothesis testing and ANOVA.  We conclude that the proposed algorithm capitalizes on growth potential while mitigating some of the risk, earning more money than any of the benchmark strategies.

I.
introduction 

The stock market is a fluctuating group of potential investments in which an investor can grow a fortune over a lifetime, lose a fortune in an hour, or anything in between.  Numerous strategies and algorithms attempt to generate positive returns, reliably earning as much money as possible.  The purpose of this project is to propose and evaluate such an algorithm that can consistently earn money and outperform the traditional methods chosen as benchmarks.  The algorithm, hereafter referred to as the Conservative Value algorithm, is designed to work very well during turbulent markets, returning positive value and preventing catastrophe while traditional methods of investing fail to cope with the market, but to also continue working well during stable markets.  It will be compared against four traditional investment strategies: dollar cost averaging, value based investing constructed around De Bondt and Thaler’s method, United States Government Securities (savings bonds), and random investing.  Each of these methods will be discussed in further detail in the Background section of this paper.


In order to compare the methods of investing, I chose 50 stocks.  The stocks were all chosen from the S&P 500 Index, and chosen in order to represent a broad spectrum of categories.  Each category is represented by a similar number of stocks.  The specific stocks chosen were selected for several reasons.  One reason is that the stock is a “household name.”  These stocks, such as Coca Cola and Ford Motor Company, are obvious attractions for the casual investor, making them of interest.  Other stocks were chosen for their particular mention in an investment report.
  These stocks, like Newmont Mining Corporation, are less well known yet serve to round out an investment portfolio.  Finally, I checked the stocks for availability of data.  Some stocks understandably have only a few years of data, as is the case with eBay.  Many other have over 30 years of data, including some stock with as many as 45 years of data.  The table below shows the categories into which the stocks are divided and the number of stocks in each category.

	Category Number
	Sectors
	Number of Stocks 

	1
	Transportation
	5

	2
	Banking/Investment
	5

	3
	Metals/Mining
	4

	4
	Communication
	4

	5
	Oil/Energy
	4

	6
	Retail
	4

	7
	Edibles
	4

	8
	Appliances/PCs
	6

	9
	Internet
	2

	10
	Consumables
	4

	11
	Hotels/Leisure
	4

	12
	Military/Industry
	3

	13
	Other (Electronic Arts)
	1


Table 1.   Categories of stock and number of stocks in each category.

The complete list of stocks used in the project as well as their associated categorization is attached as Appendix A.  Each category has an associated number, one through thirteen, and this number is tracked for each stock in the category.  


Next, I divided the stocks into ten groups of five randomly-selected stocks each.  Each group will be used to separately compare the relative success of the five investment strategies.  This was done in order to evaluate all of the investment methods as it is applicable to the market as a whole, and not have success or failure be dependent on only one stock.  This task was accomplished in Microsoft Excel, beginning by assigning each of the stocks a random number.  I then ordered the stocks according to their corresponding random number, smallest to largest, and each block of five was made into a group.  This created ten random groups of five stocks each, but left the possibility that a group would have several stocks from the same category.  This possibility was monitored by manually checking the category number of each stock against that of the other stocks in the group.  Upon inspection, four groups had these “doubles” in them, and needed to be adjusted.  In order to maintain randomness, this movement was also conducted using Excel’s random number function.  Each stock in the “double” was assigned a random number, the smaller number staying in the group and the larger number moving to a different group.  The stocks that were switched to another group were assigned to their new group based on the random number, the lowest number stock going to the lowest number group, the next lowest stock to the next lowest group, etc.  This process resulted in each group having five stocks of distinct categories after one iteration.  The grouping is attached to this paper as Appendix B.  


Once the Conservative Value algorithm was designed, the simulations of all of the investment strategies were evaluated using the historic performance of the stocks in the groups as measures.  For example, to evaluate value-based investing, I applied the method to each stock in each group individually, and then the performances of these stocks were combined into a group performance for each group.  If money is to be moved, it will be moved only among individual stocks within a group, and each group will be treated independently of the others.  The ten groups’ individual performances will then be averaged to determine an overall strategy performance for each strategy considered.  After I completed these calculations for each strategy, the various strategies are compared using Analysis of Variance (ANOVA) to determine if there is a statistical significance in the performance of different investment strategies.  Finally, we considered which strategies are best under different risk tolerances.


In order to ensure that each strategy is compared on a level footing, we will begin the testing with a set amount of money, $5,000.  We will add $100 per month to the entire portfolio, distributing among the stocks in each group according to the rules of each investment strategy.  We will also consider adding earned income to the investments over time, adding it in a way that is consistent with the philosophy of each method of investing.  These values and methodologies are chosen in an attempt to model the realistic investment opportunities of a Second Lieutenant in the U.S. Army.
ii.
assumptions

This research and these models make several assumptions.  First among the assumptions is that dividends or similar payments do not factor into the model.  This assumption is valid because dividends are not the larger part of the value returned from owning stock.  Also, the assumption simplifies calculations and decisions, especially among the value models.  


The research also assumes away transaction fees, time spent in research of maintenance of a model, and the proficiency level that would be required of an investor to properly execute a particular model.  This assumption is necessary to compare the models objectively based on the money they return.  The transaction fees would have some impact on this comparison, particularly in comparing transaction heavy methods such as value investing to methods such as buying savings bonds.  With the variety of transaction fees possible, however, it is not realistic to include an absolutely correct estimate.  Transactions fees, time, and proficiency will all be taken into account subjectively in the comparison section of this paper.


Finally, the model assumes that taxes do not play a large role in the decisions.  Taxes would be levied upon dividends, should they be considered, as well as on the gains and sales made during the simulation.  Investment options such as Roth IRAs and certain savings bonds may avoid or defer taxes, potentially making those options more desirable, but the myriad of options for dealing with taxes presents too many complications to be considered in this scholastic model. 

IIi.
investment strategies and modeling
For years, investors have been deriving algorithms and creating methods to attempt to capitalize on an uncertain market.  There are many factors to consider when investing in that market, from the percentage yield of the return, to the risk incurred, to the amount of time and effort that it takes in order to follow through with any given strategy.  Because of market volatility and competing interests, the ingenuity of investors has manifested itself in the myriad of options that are available to investors today.  

Of these many investment methods, four will be used for comparison with the Conservative Value algorithm: dollar cost averaging, value based investing constructed around De Bondt and Thaler’s method, Government Securities, and random investing.  This section will discuss these existing methods in more detail, introduce the Conservative Value algorithm, and explain the modeling process that I used throughout the research.  
The modeling and simulation for this research was done using Microsoft Excel.  For each method, a model was created for each group.  The historic prices for each of the five stocks in the group were then listed by month from November 1999 to August 2006.  The spreadsheets tracked the monthly price, the number of shares in the portfolio for each stock, the value of each stock within the portfolio, and the value of the portfolio as a whole.  From here, each model varied slightly, tracking whatever information was pertinent to the model.  Each model also initially distributed and shifted assets within the portfolio according to the algorithms described by the method.

A. Dollar Cost Averaging.  

A.1 Theoretical Discussion of Dollar Cost Averaging.  First, we will consider Dollar Cost Averaging (hereafter referred to as DCA).  DCA is “an investment methodology in which a set dollar amount is placed in risky assets at equal intervals over a holding period.”
  Malkiel, quoted by Constantinides, says that “periodic investments of equal dollar amounts in common stocks can substantially reduce (but not avoid) the risks of equity investment by insuring that the entire portfolio of stocks will not be purchased at temporarily inflated prices.”
  This nicely describes the principles that make DCA a less risky investment than investment in a lump sum, “equity investment.”  By making an “equity investment,” one places all of the available funds in a given investment at one time.  If the stock were to suddenly drop in price, the investor would lose an incredible amount of money and have little left with which to attempt a recovery.  With DCA, if the same investor invests a subset of his money in the same investment, and it then crashes, he has the option of buying more stock at the lower price.  If the stock were to plummet again, the investor would lose additional money.  However, this requires two misfortunes of fate rather than one, spreading out the risk of investing and making calamity less likely.  If, however, the stock returns to its original price, the investor has now made some money rather than merely breaking even.  By spreading out the investments in this manner, DCA meets its primary purpose of reducing risk.  


This strategy, while mitigating against catastrophic misfortune, also fails to capitalize fully on good fortune.  If an investor invests a lump sum in a stock that suddenly doubles in price, she makes a lot of money.  If she is dollar cost averaging, she will still make money with the initial investment, but not as much.  She will then be given the option to purchase more stocks at the elevated price.  Doing this, if the stock then returns to its original price, the lump sum investor is breaking even while the dollar cost averager loses a small amount of money.  


Upon further analysis, we can see a piece of investing wisdom at work: higher risks expect higher yields.  If a lump sum and a dollar cost average strategy are compared on a stock that strictly decreases in value, both will lose money, but the lump sum will lose more.  Compared on a stock that strictly increases in value, both will make money, but the lump sum will make more.  In a stock where price fluctuates above and below the original price and ends on the original price, a lump sum makes nothing, while DCA will tend to earn money.  


The biggest draw of DCA to investors may very well be this reduction of risk; however the strategy has other benefits as well.  It is very simple, requiring little knowledge of the market and minimal analysis time.  It also avoids some of the fees that may be incurred by a more hands-on approach to investing, making it preferable when the sum of the fees may outweigh the expected difference in returns.  It is important to mention, though, that wealth is only one of the two necessary ingredients to DCA.  The second ingredient is described well by Cohen, Zinbarg, and Zeikel:

“The important thing is to stick to your schedule—to buy even though the price keeps falling, which, psychologically, is usually hard to do.  This brings your average cost down, and any subsequent rise will yield a significant capital gain.  To engage in dollar-cost averaging successfully, you must have both the funds and the courage to continue buying in a declining market when prospects may seem bleak.”

Malkiel echoes his agreement with this statement by saying, “a critical feature of the plan is that you have both the cash and the courage to continue to invest during bear markets as regularly as you do in better periods.”
  Without this courage to continue to invest, DCA loses its ability perform as expected.


Despite the arguments for DCA, it does have its critics who say that there are better ways to invest.  Constantinides claims that, “a sequential investment policy, which specifies the same investment at time zero as the DCA policy, but defers future decisions for some later time, weakly dominates the DCA scheme.”
  This may be true, but a sequential investment strategy—one in which decisions are constantly reevaluated based on new information—takes significantly more time and knowledge to do well than a nonsequential strategy, in which the decisions are made in the beginning and adhered to throughout investing.  Constantinides admits this, saying that: “If there are computational costs associated with solving the problem sequentially, it might conceivably be preferable to confine the selection of an investment policy to the subset of nonsequential policies.”
  This computational cost does not refer only to money, but also to time, effort, and knowledge.  


The popularity of the method and the attractiveness of these properties motivate us to consider DCA as a contrasting investment policy in this paper.  If the Conservative Value method is on par with DCA for monetary returns, then we must subjectively look at other factors to decide which may be the “better” strategy.  DCA is the “common sense” benchmark for our algorithm since it is the choice of many investors.


A.2 Modeling Methodology of Dollar Cost Averaging.  In DCA, no additional tracking columns are needed within the Excel spreadsheet.  Each month, the number of shares of each stock in the group is increased by $20 worth of that stock, given the current market price.  This is adding $100 per month evenly among the five stocks.  The value of each stock is then determined by multiplying the number of shares by the price per share, and the portfolio value determined by adding the five stock values.  The average for the DCA method as a whole is then gained by averaging the values of the final portfolios of each of the ten groups.
B. Contrarian Stock Selection.  

B.1 Theoretical Discussion of Contrarian Stock Selection.  While DCA provides a nonsequential model of lower-risk investing, a Contrarian stock selection strategy as outlined by De Bondt and Thaler provides a sequential, higher-risk strategy to compare against the Conservative Value algorithm.  The Contrarian strategy is a specific form of value-based investing.  Value-based investing is similar to bargain shopping, in that the investor looks for something that he considers to be undervalued by the market, purchases it, and resells it when the market realizes its true value.    There are many ways to evaluate a stock to decide if it is undervalued or not, but this research will focus solely on the Contrarian strategy of value selection.  The Contrarian strategy, in its simplest form, orders stocks by how much money each gained or lost over a previous set amount of time, putting the biggest “winners” at the top of the list.  The investor then sells the stocks at the top of the list and purchases the stocks at the bottom of the list.  


Chan tells us that a “contrarian stock selection strategy consists of buying stocks that have been losers and selling short stocks that have been winners.”
  The reason for this lies with the theory of market overreaction.  The stock market supposedly overreacts to news and world events, allowing stocks that are performing well to rise higher than they otherwise should, and letting stocks with less than stellar performance slide below the price where they should be, becoming undervalued.  This creates a market inefficiency, which the contrarian investment strategy attempts to exploit in order to make money.  Since “[m]any investment strategies, such as those based on the price/earnings ratio, […] can be regarded as variants of this strategy,”
 this paper will only examine the contrarian selection strategy as representative of the general “value-based” strategies.


Although all strategies will have supporters and critics, Chan mentions that “the recent resurgence of the academic debate on market efficiency and the theory of nonrational behavior has given the contrarian investment strategy a new respectability.”
  The contrarian strategy was created to feed off of inefficiency, but Kahneman and Tversky, in 1982, formalized a study that took steps to prove this overreaction to unexpected and dramatic events.  De Bondt and Thaler, using 50 years of stock data and this premise, created a system in which they reported the ability to earn “large abnormal returns.”


De Bondt, Thaler, and Chan test their system on a number of different samples.  The samples are created using returns from a three-year period, ordering the stocks to allow easy identification of winners and losers.  Each sample is a new ordering from a new three-year period, starting in 1932, then 1935, and so forth until 1983.  De Bondt and Thaler went a step further by saying that to qualify for ordering in the three year sample, a stock had to have been listed for the previous four years as well, making sure that it has been in existence for at least seven years.  This ensures that only well-established stocks are considered.  For example, stocks were observed from 1930-1932 only if they had been on the books since 1926.  The period from 1930 to 1932 is known as the sample period, and that is the period of time in which the stocks are observed to determine winners and losers.  During this period, the contrarian strategies choose the top 35 stocks based on returns to put into the winner portfolio and the bottom 35 to put into the loser portfolio.  The portfolios are then observed for the subsequent three years, known as the test period, to determine returns for this strategy.  Chan expanded these portfolios by composing them of the top and bottom 10% rather than a fixed number.  Doing this expanded the selection to 70 top stocks and 70 bottom stocks in 1933, and twice that number by 1985.  “All together, 53 years or 636 months of nonoverlapping returns for the winner and loser portfolios are obtained.”
   


Although the evidence that last period’s losers will outperform last period’s winners is not widely disputed, the reason for the performance is.  Paul Zarowin suggests that the effect is primarily due to size difference rather than market inefficiency.  The “winners” and “losers” presented in DeBondt and Thaler’s paper have average market values of $582 million and $304 million, respectively, almost double the difference.
  DeBondt and Thaler dismissed the possibility that size played a large role in the results because the losers tended to be larger than the smallest firms while winners tended to be smaller than the largest firms.  

Zarowin’s paper outlines a method that argues that size is the primary factor.  First, all firms are given a size ranking from 1 to 5, 5 being the largest.  They are also ranked according to returns from 1 to 5, 5 being the biggest winners.  Each firm is then given an index, (i , j) where i is the winner/loser rating and j is the size.  The firms are all then compared, but only to other firms in the same size grouping.  For instance, (1,1) is compared to (5,1); (1,2) is compared to (5,2); etc.  Results from this showed that when size is accounted for, losers outperform winners only in the month of January, and that there is no significant difference outside of this month.
   

B.2 Modeling Methodology of Contrarian Stock Selection.  The Contrarian Value Model tracked one additional column in the Excel simulation, the percent change in the price per share of each stock.  This was obtained by comparing the current price of the stock to the price six months prior.  This time interval of six months was chosen to allow time for the market to reflect a true loss in value, rather than a minute fluctuation, while not presenting an interval so long as to accommodate both the loss and subsequent regain of value.  At each two month iteration, logic statements compared the percent changes in the price of the stocks and identified the largest decrease.  If the portfolio was already invested in that stock, the model added $200 (the combined $100 per month from the two months since the last redistribution) to that “undervalued” stock.  If it was not, the model reinvested the entire value of the portfolio plus the newest $200 into the “undervalued” stock that it had identified.  Models were made for reevaluation at two, three, six, and twelve month intervals.  The research used the two-month interval because it obtained the best results among the four.  
C. Savings Bonds.  

C.1 Theoretical Discussion of Savings Bonds.  Let us first examine the notion of buying a savings bond.  Although this is a relatively simple concept, it deserves attention.  Savings bonds are similar to a loan, where the investor can be viewed as the creditor and the issuer as the debtor.  There are several different types of bonds, but for purposes of this paper, I will look at government “I Bonds,” because they are an individual investment bond.  Although there are several types of these individual bonds, such as E or EE, the I bond has the highest interest rate which is also adjustable so as to consider inflation, which the others do not.  


Savings bonds are seen as an extremely low-risk investment, consequently having relatively lower returns on investment.  As long as the government is capable of paying, an investor can redeem the bond investments using previously established standards.  The current interest rate for an I Bond is 4.52% per year through April 2007.
  The bonds can be purchased on paper copies or electronically, each having slightly different regulations.  A paper copy bond must be a minimum of $50, and can be purchased in $50; $75; $100; $200; $500; $1,000; $5,000; and $10,000 denominations.  Electronically purchased bonds must be a minimum of $25 and can be purchased incrementally by the penny.  No investor may purchase more than $30,000 of I Bonds in one calendar year.
  

To redeem an I Bond, an investor must have owned the bond for a minimum of 1 year.  However, an investor can choose to not sell the bonds, and the bonds will continue to earn interest for 30 years.  If the bond is redeemed before five years of ownership, the investor forfeits the previous three months worth of interest.  If redeemed after five years, however, there is no penalty.  When redeemed, the interest earned on the bond is exempt from state and local income taxes, but it is subject to federal income taxes.

C.2 Modeling Methodology of Savings Bonds.  The savings bond simulation differs from the base spreadsheet in that it contains historic interest rates for the I Bonds, into which $5,000 was initially invested.  To this, $100 was added each month.  The money in the portfolio was grown using the historically accurate interest rates for that month and year.  This is a deterministic model, and it will yield the same earned income no matter which group of stocks it is compared against.  Therefore, it is repeated 10 times, with each identical iteration used as an individual comparison against the corresponding group.

D.
Random Stock Selection.  

D.1 Theoretical Discussion of Random Stock Selection.  The final method of comparison for this project is a random investment strategy.  In this method, the investor starts out with a set amount of money to be invested in each of the previously determined groups of stocks.  The money is randomly distributed among the stocks as an initial seed.  The next random decision, at a given time interval, is whether to rearrange the money in the portfolio or not.  This is a yes or no decision based on a certain propensity to rearrange the portfolio.  To execute the “rearrangement decision,” we generate a random number between 0 and 1.  If the number was less than or equal to a “reorganization parameter” α, we rearranged the portfolio; if it was greater than α, we did not change the portfolio.  This can be modeled as a Poisson process, meaning that the Poisson distribution uses a rate, λ, to create a probability mass function that gives the probability of exactly x occurrences (portfolio adjustments) over time.
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The number of portfolio adjustments in a given time is denoted by the random variable X.  Since we initially wanted approximately one readjustment every five decisions, and the mean of X if X has a Poisson Distribution is E(X) = λ,
 we can calculate that the expected arrival time of an adjustment is λ-1.  Solving λ-1 = 5, we determined our reorganization parameter of α to be 0.2.  We chose one in five as a low number of portfolio adjustments because this makes the process less volatile.  Although the anticipated readjustment occurs only 1 time in 5, it is possible that we could readjust the portfolio 2 or 3 times in a row, or not at all.  The decision to readjust or not is based on the random Poisson Process.
Finally, we made the decision of how to adjust the portfolio given that we decided to adjust.  To do this, we sold the entire portfolio, recovering the money that was invested as well as money that was earned, and repeated the initial process of random allotment to redistribute the money.  This is not realistic for investors, since selling and buying has costs associated with it.  A rational investor would only sell off the excess stock in each that needed to be sold to redistribute among the group.  However, since our model does not take into account these transaction fees, time, or effort, this method of redistribution is consistent with the model.

D.2 Modeling Methodology of Random Investing.  In random investing, the model tracks five random numbers per month.  The first of these numbers is the threshold number, α, which determines whether the portfolio will readjust or not.  The other four numbers are the numbers which determine how to distribute the money being invested in the portfolio.  The numbers used are four ordered random numbers from a uniform(0, 1) distribution.  This ordering was then used to determine the amount of money to invest initially in each stock.  For example, in Group 1 we initially used the random numbers 0.101, 0.676, 0.879, and 0.984.  The first 10.1% of the available money was invested in stock A in the group.  Stock B received 57.5% (67.6% - 10.1%), and so on.  This random process distributed the initial investment.

When money is redistributed or added to the portfolio, it was randomly assigned to a stock using four new random numbers.  When the portfolio was readjusted, the money being invested was equal to the value of the portfolio from the previous month.  When it was not being readjusted, the model randomly assigned the $100 added to the portfolio each month by the random distribution method outlined above.  In the logic statements the reference to α is referenced globally.  Although the random numbers themselves do not change, one can change the α value and observe how the model responds.  Each value in the set {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9} was tested as a threshold value.  By inspection of the final averages, an α of 0.7 produced the best results, and therefore is the α used for comparison in this research.

E. 
Conservative Value Investment Method.  
E.1 Theoretical Discussion of the Conservative Value Investment Method.  A significant portion of this research is the proposal and development of my personal algorithm, the Conservative Value algorithm.  The Conservative Value algorithm is based on a value method of investing.  It is similar to the De Bondt and Thaler method described earlier in that it uses changes in market value to determine whether a stock is over- or under-valued; however, the algorithm introduces features that help reduce risk while still pursuing value.  In particular, I introduce smoothing coefficients for both buying and selling stock in order to prevent being overly aggressive in pursuit of value.  These smoothing coefficients are meant to control the weight given to each individual event.  A small-valued coefficient does not lend much weight to individual events, effectively reducing random noise in a stable environment.  The larger values lend more weight to individual events, allowing models to adjust more quickly to changes.
  This is important in a conservative value model because choice of an appropriate value will allow an algorithm to react to changes in value without overreacting.  A minimum value increase, and both a minimum and maximum value decrease also serve as thresholds to ensure that the changes in stock prices are significant value changes and not market distractions.  Similarly, a minimum time parameter helps prevent premature decisions or numerous, hyper-reactive behaviors.  
The purpose of the smoothing coefficients is to limit the amount of a given stock that is bought or sold, thus spreading the money among all of the stocks and preventing the loss of a fortune with the downfall of one stock.  The minimum increase, minimum and maximum decreases, and time parameters mentioned earlier are factored into the algorithm in determining the stock’s “state.”  The stock can be in one of three states: buying, selling, or neither.  The stocks must have reached the minimum decrease in value, but not surpassed the maximum decrease in value in order to be in the buy state.  A stock must also be decreasing for only a certain amount of time to be in the buy state.  The goal of these parameters is to allow the algorithm to pursue value without pursuing a dying stock to its eventual demise.  Alternately, the stocks must match the minimum increase for a minimum amount of time before being in the sell state.  The intent is to ensure that stocks reach their full realized value (after being undervalued at their purchase) before being sold.  This maximizes the amount of money earned when an undervalued stock reaches its potential.  
The smoothing coefficients and time parameters are what set the Conservative Value algorithm apart from the benchmark value method, allowing the algorithm to earn money while pursuing value, but minimizing the risk of overreaction and chasing incorrectly perceived “value” from dying stocks.  


E.2 Modeling Methodology of the Conservative Value Method.  The Conservative Value algorithm was by far the most complex method to model.  The model tracked five additional columns for each stock, four additional global columns, and the smoothing coefficient and time parameters (which could be changed independently).  The five columns for each stock were the percent change in price, tracked the same way as the value model; the number of consecutive months which a stock had either been increasing or decreasing; and one column each for the decision to buy, sell, or neither.  The buy, sell, or “neither” columns were assigned a 1 if that decision had been reached, or a 0 if it had not, each determined by the percent change in price and time spent increasing or decreasing compared to the respective parameters.  The four global columns included a total number of stocks buying, total selling, and total doing neither, plus a column to track the amount of money being sold and reinvested each iteration.  The iterations for this model were set at two months in order to mirror the original value model as closely as possible.  

The first step was to decide which state each stock should be in during each time iteration.  The states the stocks can be in include buying, selling, or neither, and a state is assigned the value of 1 if the stock is in that state, 0 otherwise.  We then sum the number of stocks in each state, creating a total buying, total selling, and total neither.  From here, a series of logic statements governs the actions of the investor.  If all stocks are in the same state, we merely divide the money being added to the stocks evenly among all of them, just as we would in dollar cost averaging.  According to the model in this case, no stock has any more or less discernible value than any other; they are essentially the same investments.  However, if the stocks are spread among the states, we use the buying and selling states to rearrange money, and the “neither” states to provide or absorb money as necessary.  For instance, if no stocks are in the selling state, but some are in the buying state, we pull money from the “neither” state stocks to purchase the buying state stocks.  If stocks are in the selling state but not the buying state, we sell the selling state stocks and use the money to purchase more of the “neither” state stocks.  If stocks are in both the buying and selling states, we buy and sell these stocks while ignoring the neither state stocks.  The flow chart for one iteration of one stock using this logic is shown below.
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Figure 1.   Flow Chart for Conservative Value logic

This logic, when applied to all stocks in the group, creates interdependent logic where the investor’s reaction with one stock is dependent on the performance of the stocks as a whole.  The smoothing coefficients for buying and selling are listed as “smoothing coefficient for buying” and “smoothing coefficient for selling” respectively in the above flow chart. 

The parameters were referenced globally, and upon completion of this model they were adjusted both by inspection and by Microsoft Excel Solver.  The Solver returned an optimal solution to the parameter values, which is shown in the table below.  After optimizing the parameter values, the Conservative Value method vastly outperforms each of the benchmark models.

	Parameter
	Value

	Smoothing for buying
	0.2

	Smoothing for selling
	0.6

	Buying - time
	-4

	Buying - min decrease
	-5.0%

	Buying - max decrease
	-75.0%

	Selling - time
	7

	Selling - min increase
	100.0%


Table 2.   Parameters used in Conservative Value algorithm

A detailed comparison of all of these results will be discussed further in the next section of this paper.
iV.
results

This research was set up using the fifty stocks in ten groups as described earlier.  The groups and investment methods can be thought of as a matrix of investment strategy performance for each group.  This matrix of performances is outlined below.
	
	DCA
	Contrarian

Value
	Savings Bonds
	Random
	Conservative Value

	Group 1
	$12,314.11
	$18,921.82
	$16,525.12
	$12,299.16
	$11,742.56

	Group 2
	$15,016.79
	$17,134.15
	$16,525.12
	$13,160.57
	$30,027.87

	Group 3
	$12,361.97
	$17,373.29
	$16,525.12
	$13,558.71
	$25,501.14

	Group 4
	$13,080.02
	$22,519.69
	$16,525.12
	$16,196.36
	$42,118.88

	Group 5
	$13,548.96
	$13,707.62
	$16,525.12
	$16,102.33
	$33,357.85

	Group 6
	$12,081.59
	$16,040.07
	$16,525.12
	$19,263.85
	$64,989.18

	Group 7
	$21,590.25
	$24,316.74
	$16,525.12
	$24,951.37
	$45,907.15

	Group 8
	$13,962.10
	$12,538.67
	$16,525.12
	$20,106.18
	$39,506.78

	Group 9
	$9,166.34
	$2,251.45
	$16,525.12
	$15,534.60
	$14,409.29

	Group 10
	$13,713.86
	$19,769.02
	$16,525.12
	$12,242.91
	$31,871.98

	Average
	$13,683.60
	$16,457.25
	$16,525.12
	$16,341.60
	$33,943.27


Table 3.   Comparison chart for stocks and investment methods.

The cells in the matrix contain the monetary value of the stocks in each group for each method at the end of the simulation.  The row labeled “Average” is the average of the ten groups for each method.  Each method invested a total of $13,100 over the 7 years.  As the “Average” row shows, every method generated differing amounts of positive returns.


It is imperative that we analyze the values above in the context of the time period chosen.  In particular, the dates of investing range from November 1999 to August 2006, a period which includes the volatile markets surrounding the events of 9-11.  This was a deliberate inclusion meant to stress the models and methods during times of turbulent markets.  The Conservative Value algorithm was specifically designed to be able to capitalize on these turbulent markets, returning consistent, positive returns while traditional investment struggle with the unstable market. 

The savings bonds performed as one might expect.  This method created safe, positive returns that were modest, in accordance with the risk level.  DCA, on the other hand, gained the least amount of money among the five methods.  With the small amount of money that it gained, it is considered an opportunity cost loss.  The reason for this ineffective investing is that the performance of stocks within each group varied greatly.  Some stocks increased in price, while others dropped significantly.  DCA failed to capitalize on the growth, but similarly was not devastated by losses to the extent that value investing was.  This can be seen most clearly in Group 9, where the value method pursued perceived value from a dying stock to a final portfolio worth $2,251.45, while the DCA method was much safer, losing money, but still finishing with $9,166.34.  


Random investing returned a better portfolio than did DCA, but the groups were erratic.  In Group 9, where DCA, Value, and Conservative Value all did poorly, random investing bested them all.  In Group 10, on the other hand, random had the poorest performance.  In general, random investing generated modest returns, slightly less than a savings bond, but with much more risk.  
Next, we look at Contrarian Value investing.  As mentioned earlier, it chased value to its portfolio’s demise in Group 9, and did not perform overly well in the other groups to make the method stand out.  In the end, it generated returns similar to those of Random Investment and Savings Bonds.  
There is a big difference, though, between the Conservative Value model and the other methods of investing.  The Conservative Value method is intended to prevent catastrophe and pursue value conservatively in order to prevent portfolio ruin in a stock crash.  In this model, Group 9 contained Delta Airlines stock, which was initially priced at $49.22 per share, but had dropped to just $0.72 per share by the end of the time period observed.  The Contrarian Value model spent 54 out of 70 months completely invested in Delta Airlines, and the result was an end portfolio balance of just $2,251.45 after $13,100 had been invested.  The Conservative Value method, however, spent all of its time invested in each of the stocks while still pursuing value.  Furthermore, the “max decrease” parameters prevented the model future investing in the dying stock.  In the same group after investing the same amount of money, the Conservative Value model had an end portfolio balance of $14,409.29.  This is an example of the Conservative Value algorithm performing to its intended purpose.
The results of each method of investing for each group of stocks, described above in Table 2, were compared using ANOVA to test the hypothesis that at least one method differs significantly from the others versus the null hypothesis that they are all the same.  Using a 95% confidence interval and the Fisher least squares difference for individual comparisons, I found the following data.

	One-way ANOVA 

Source  DF          SS         MS      F      P

Factor   4  2704618881  676154720  11.06  0.000

Error   45  2752136564   61158590

Total   49  5456755445

S = 7820   R-Sq = 49.56%   R-Sq(adj) = 45.08%


Figure 2.   MiniTab ANOVA results.

The high F statistic (11.06) and corresponding low P value (0.000) reject the null hypothesis that the outcomes of all of the investment methods are the same.  Figure 3 suggests that, using the 95% confidence intervals, the Conservative Value method outperforms the others, which are not statistically different from each other.

	  Individual 95% CIs For Mean Based on

                                    Pooled StDev

Level              N   Mean  StDev  ---------+---------+---------+---------+

US Savings Bonds  10  16525      0     (------*-----)

Random (at 0.7)   10  13684   3186  (-----*-----)

Dollar Cost Aver  10  16342   4063     (-----*------)

Value Investing   10  16457   6162     (------*-----)

Conservative Value Alg  10  33943  15529                           (-----*----)

                                    ---------+---------+---------+---------+

                                         16000     24000     32000     40000


Figure 3.   Comparison of 5 investment methods on 95% confidence interval.
However, each of the investment methods was also compared individually against the set of other methods.  These results compared the difference in means, rather than the means themselves, and confirmed that the Conservative Value method performed better than each of the other methods individually.  Figures 4-7 show these individual comparisons.

	US Savings Bonds subtracted from:

                  Lower  Center  Upper

Random (at 0.7)   -9886   -2842   4203

Dollar Cost Aver  -7228    -184   6861

Value Investing   -7112     -68   6976

Conservative Value Alg  10374   17418  24462

                  --------+---------+---------+---------+-

Random (at 0.7)              (----*----)

Dollar Cost Aver               (----*----)

Value Investing                (----*----)

Conservative Value Alg                           (----*---)

                  --------+---------+---------+---------+-

                     -15000         0     15000     30000


Figure 4.   Comparing U.S. Savings Bonds against each other method. 

Since the confidence intervals of Random, DCA, and Value investing contain the 0 mark for Savings bonds, there is no statistical difference in their returns.  The Conservative Value algorithm, with its confidence interval outside that of U.S. Savings Bonds, is declared statistically different and earns more money.  Figures 5-7 are presented in the same way, statistically illustrating the superiority of the Conservative Value method against each of the other models.

	Random (at 0.7) subtracted from:

                  Lower  Center  Upper

Dollar Cost Aver  -4386    2658   9702

Value Investing   -4270    2774   9818

Conservative Value Alg  13216   20260  27304

                  --------+---------+---------+---------+-

Dollar Cost Aver                 (----*---)

Value Investing                  (----*----)

Conservative Value Alg                             (----*---)

                  --------+---------+---------+---------+-

                     -15000         0     15000     30000


Figure 5.   Comparing Random investing against the remaining methods.

	Dollar Cost Averaging subtracted from:

                  Lower  Center  Upper

Value Investing   -6928     116   7160

Conservative Value Alg  10558   17602  24646

                  --------+---------+---------+---------+-

Value Investing                (----*----)

Conservative Value Alg                           (----*---)

                  --------+---------+---------+---------+-

                     -15000         0     15000     30000


Figure 6.   Comparing DCA against the remaining methods.

	Value Investing (at 2 months) subtracted from:

                  Lower  Center  Upper

Conservative Value Alg  10442   17486  24530

                  --------+---------+---------+---------+-

Conservative Value Alg                           (----*---)

                  --------+---------+---------+---------+-

                     -15000         0     15000     30000


Figure 7.   Comparing Value investing with the Conservative Value algorithm.
Figures 2-7 show that the Conservative Value method outperforms each of its benchmark methods of comparison to a very high level of statistical significance.  Furthermore, the benchmark methods have been shown to return a statistically equivalent amount of money on investments.  However, there are other differences in the methods which are not necessarily captured in the models or in the ANOVA testing of the results.  The Conservative Value and Contrarian Value investing methods are at a disadvantage to the casual investor because they require precise tracking of the market, which takes time and involves many transactions.  When compared with buying savings bonds, these methods of investing are incredibly time intensive and require a dedication to continue with an investment plan through the end of the chosen time period.  When considering factors such as taxes and transaction fees (which the models do not take into account) an investor may be intimidated and prefer the simplicity of savings bonds or DCA.  The ease of investing in savings bonds or DCA may make them attractive to both the casual and safe investor.  Furthermore, each method carries different corresponding risk.  Although the Conservative Value algorithm has been shown to do extremely well in managing risk, the potential of a market-wide collapse makes the Conservative Value algorithm riskier than government securities (Savings Bonds). 
V.
improvements and further research

There are several areas in which this research can be improved or  pursued further.  One of the most noticeable areas is the time period selected for observation and testing.  The period chosen includes the turbulent market that immediately followed September 11th, 2001.  This was an intentional decision to measure the strength of the various methods in an extremely volatile market, the type of market in which the Conservative Value algorithm was designed to excel.  However, the algorithm was also designed to do well, competing with its traditional counterparts during times of stable markets, and an analysis of the models during less volatile times could offer important additional information.  Two options for change would be to additionally inspect a time period such as 1990 through 1999, or to expand the period observed to create a larger, more accurate long-term investment picture.  


Another change could be to expand the selection of stocks reviewed.  The stocks chosen were all large, well-established stocks, mostly among those in the S&P 500 index.  The research would be stronger and the results more conclusive if it considered smaller and less well-known stocks, stock from various markets and indices, and possibly even investments outside of stocks, such as commodities or index funds.  The expanded selection may well produce vastly different results for the various methods of investing.  

Another factor in picking the large, well-established stocks is that they tend to be “winners.”  Stocks in the S&P 500 or that have been around and performing well for years are less likely to fail unexpectedly, and by ensuring that stocks have at least seven years of data, I was sure not to pick any stocks that had died during that time period.  Delta Airlines provides an exception, although it did not die completely, and may yet recover.  This trend of positive stocks supports evidence that the Conservative Value algorithm outperforms its benchmarks.  Had dying stocks been included, the algorithm would likely have protected the investor from their catastrophic downfall, while the other methods, particularly Contrarian Value, would have followed them to the portfolio’s demise.  

Finally, the Contrarian Value and Conservative Value methods could be reviewed for improvements.  Many decisions could be changed to enhance performance, one being the time period used to determine the value increase or decrease of the stock.  This is currently set at six months, but the models may perform somewhat differently if a new time period is used.  One may also attempt to optimize this time interval.  With each of these changes, a knowledge of the economics, politics, or other factors driving the optimum solutions could also be considered and applied to the research as a whole to make improvements.  

Vi.
conclusion

This research compared four existing methods of investing based solely on the amount of money they returned, and proposed and compared a new method, known as the Conservative Value algorithm.  This new method was shown to be statistically superior to each of the other models during the period of observation.  It accomplished its purpose of pursuing value conservatively in order to capitalize on market inefficiencies while avoiding disasters.  Ironically, its “conservative” approach yielded dramatically superior profits, given the volatile market conditions in the period of study.  There remain several areas of further testing to determine how well the algorithm works on a larger scale, but the research presented here shows that it performs extremely well in a turbulent market, and this research provides a solid foundation for future study.
appendix a

	Category Number
	Name
	Group

	1
	Ford
	Transportation

	1
	General Motors
	Transportation

	1
	Norfolk Southern
	Transportation

	1
	Ryder
	Transportation

	1
	Union pacific
	Transportation

	2
	Bank of America
	Banking/Investing

	2
	Goldman Sachs
	Banking/Investing

	2
	Morgan Stanley
	Banking/Investing

	2
	Wachovia
	Banking/Investing

	2
	Wells Fargo
	Banking/Investing

	3
	Alcoa
	Metals/Mining

	3
	Allegheny Technologies
	Metals/Mining

	3
	Freeport-McMoran
	Metals/Mining

	3
	Newmont
	Metals/Mining

	4
	AT&T
	Communication

	4
	Citizens Communication
	Communication

	4
	Sprint Nextel
	Communication

	4
	Verizon
	Communication

	5
	Exxon
	Oil/Energy

	5
	Kinder Morgan
	Oil/Energy

	5
	Schlumberger LTD
	Oil/Energy

	5
	Sonoco
	Oil/Energy

	6
	Gap
	Retail

	6
	Home Depot
	Retail

	6
	Kohl’s
	Retail

	6
	JC Penney
	Retail

	7
	Coca Cola
	Edibles

	7
	Kraft
	Edibles

	7
	McDonalds
	Edibles

	7
	Starbucks
	Edibles

	8
	Black and Decker
	Appliances/PCs

	8
	Dell
	Appliances/PCs

	8
	General Electric
	Appliances/PCs

	8
	Hewlett Packard
	Appliances/PCs

	8
	Texas Instruments
	Appliances/PCs

	8
	Xerox
	Appliances/PCs

	9
	Amazon
	Internet

	9
	eBay
	Internet

	10
	Clorox
	Consumables

	10
	Colgate
	Consumables

	10
	International Paper
	Consumables

	10
	Johnson and Johnson
	Consumables

	11
	Delta Airlines
	Hotels/Leisure

	11
	Disney
	Hotels/Leisure

	11
	Hilton
	Hotels/Leisure

	11
	Marriott
	Hotels/Leisure

	12
	Boeing
	Military/Industry

	12
	General Dynamics
	Military/Industry

	12
	Lockheed Martin
	Military/Industry

	13
	Electronic Arts
	Other


appendix b

	 
	Name
	Category Number

	
	Group 1
	

	1
	Norfolk Southern
	1

	2
	eBay
	9

	3
	Marriott
	11

	4
	General Electric
	8

	5
	Wells Fargo
	2

	
	Group 2
	

	1
	AT&T
	4

	2
	Kinder Morgan
	5

	3
	Clorox
	10

	4
	Xerox
	8

	5
	Gap
	6

	
	Group 3
	

	1
	Goldman Sachs
	2

	2
	International Paper
	10

	3
	Citizens Communications
	4

	4
	Alcoa
	3

	5
	Dell
	8

	
	Group 4
	

	1
	Boeing
	12

	2
	McDonalds
	7

	3
	Verizon
	4

	4
	Colgate
	10

	5
	Union Pacific
	1

	
	Group 5
	

	1
	Black and Decker
	8

	2
	Hilton
	11

	3
	Johnson and Johnson
	10

	4
	Home Depot
	6

	5
	Bank of America 
	2

	
	Group 6
	

	1
	Exxon
	5

	2
	General Motors
	1

	3
	Amazon
	9

	4
	Allegheny Technologies
	3

	5
	Coca Cola
	7

	
	Group 7
	

	1
	Schlumberger LTD
	5

	2
	Hewlett Packard
	8

	3
	JC Penney
	6

	4
	Electronic Arts
	13

	5
	Freeport-McMoran
	3

	
	Group 8
	

	1
	Lockheed Martin
	12

	2
	Texas Instruments
	8

	3
	Newmont
	3

	4
	Kraft
	7

	5
	Sprint Nextel
	4

	
	Group 9
	

	1
	Sonoco
	5

	2
	Delta Airlines
	11

	3
	Kohl’s
	6

	4
	Wachovia
	2

	5
	Ryder
	1

	
	Group 10
	

	1
	General Dynamics
	12

	2
	Morgan Stanley
	2

	3
	Ford
	1

	4
	Starbucks
	7

	5
	Disney
	11
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