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TSS. A Trading Strategy System
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This report presents TSS - a Trading Strategy 8ysteveloped to let traders
define arbitrarily complex trading strategies ire thava programming language and
evaluate them using historical stock informatiom.alddition, TSS provides access to
Google Trends data for use in meta-strategy defmitand has the ability to return the
best strategy from a family of strategies usingadatning algorithms. Finally, TSS is
highly extensible - we can integrate new data fésdsimply extending the interface and

database.
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Introduction

Trend analysis and prediction play an importane ol stock trading. Traders
often predict the future prices of stocks (and mgemerally commodities, bonds,
currencies, options, and futures) using a varietyinbormation sources including
historical stock prices, technical indicators (fimes of the underlying time series),
fundamentals, and news sources. Traders use toalsalyze data for patterns, generate
trading signals, and back-test trading strategiesupport trade decisions. The accuracy
and timing of these tools are vital to traders.

The stock market refers to the organized tradingcompany stocks and
derivatives, including options and futures, on é&lgumarket. The stock price refers to
the amount of money required to purchase a siriglees The current price of the stock is
the price the last trade was executed. The bicpsithe highest price any brokerage firm
will pay for shares of the stock; the ask priceghe lowest price a brokerage firm is
willing to sell the stock for. The bid-ask-spreashcept is heavily rooted in supply and
demand concepts. The price difference betweenithara ask is referred to as spread.

Over a given period, the number of stocks tradeeferred to as volume. In this
period, the stock price fluctuates depending onketaconditions. The maximum price
the stock reaches during this period is callechigh, while the lowest price is referred to
as the low. Furthermore, the price of the stodkatbeginning of the period is called the
opening price, while the price of the stock at émel of the period is called the closing
price.

Figure 1 illustrates the bid and ask requests enfeghe market for the INTC
stock symbol. Each request has a timestamp, sizepiace. A number of methodologies

are used to analyze the stock market.



Technical Aalysis, a popular method of predicting future stock priaesg time
series data [1].

Eile  Configure
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Underlying Exchange Description Position Bid Ask Last Change  Cl Low
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© Chart
Date Time © Bid Size Bid

Asl Ask Size Last Last Size

Figure 1: Bid and asks entering the mat



A number of back-testing tools exist from majodirgy firms such as Fidelity [2],
Ameritrade [3], and Scottrade [4]. All these tob&sse a common limitation: the user can
define limited trading strategies using only higtak stock prices and simple technical
indicators. However, the Internet is rich with aiigty of data sources. For example,
Google Trends [5] provides users with a Search Melundex - an index that describes
the number of searches performed on the speciggd/érds daily, and News Reference
Volume — describes the number of times the specKieywords appeared in a Google
news story. Another limitation of the tools in [2-B that they do not provide the
flexibility of allowing a user to define a strategy a general purpose programming
language.

TSS is a system that evaluates arbitrary tradirgesggies using historical price
data. TSS provides users the ability to define aditg strategy using the Java
programming language. Historical stock prices, mézdl indicators, and chart analysis
functions are available to the user trading stiategn addition, trading strategies have
access to information from Google Trends, as weltlata mining features such as the
ability to build classification models. The resulfsthe evaluation are presented on visual
charts using Google's Visualization API [6]. Alagsers can browse Google News [7]
headlines related to the current symbol while vieptheir trading strategy results.

The report organization is as follows: We begindegcribing the implementation
of TSS. After that, we will focus on user stories fwo stock traders with different
trading philosophies in the Case Study section. iBS%ed to provide solutions to both
stock traders and present results in the contextheoftwo user stories. Finally, we will
conclude with a list of future extensions for T&%e provide low level documentation

for TSS in the Appendix.



I mplementation

We used a combination of technologies to implentbet TSS Client-Server
architectural model [8]. TSS'’s client, a web-basesdr interface, is hosted from the TSS
custom web server. The web page communicates héttweb server to submit trading
strategies and retrieve strategy test results. ifgadtrategies are written in the Java
programming language and are passed on to thee@gr&rocessor from the web server
after a trading strategy submission. The Strataggd3sor compiles the trading strategy
and launches the Testing system. The Testing systamthe compiled trading strategy
against the symbols available in the database. @astng is complete, the web server
passes the results to the web page. The followegims describes in detail the

components of TSS and their interaction shown gufé 2.

TSS Web
Page

Strategy
Processor

C
SQLite Testing
DB System

Figure 2: Diagram of TSS system components
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WEB-BASED USER INTERFACE

Users submit trading strategies for evaluation &ed their results using TSS’s

Web-based user interface, shown in Figure 3.

Trading Strategy System

Trading Strategy:

BOT 9 [op  FvJ2@ @

for (int i = 0; i < quotescount(); i++) { =
for( Position pos = getFirstopenPosition(}; pos != null; pos = getNextdpenPosition () }
{
if ({close(i) > (close(i-1) * 1.02)) && (close(i) > pos.quote.getClose{)} } {
sellAtMarket (i, pos);
i
i
if (close(i) < (close(i-1) * 0.98)) {
DuyAtMarket (i, 1000);
i
i
Postern  Ln13,cn2 Toat ni3,chaan P
¥ Toggle editor
Submit

Figure 3: Screen shot of TSS web page
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The code editor text box uses the EditArea [9] Savipt library which provides

text formatting, search and replace, and real-gyr@ax highlighting. Once the strategy

is written, the Submit button is used to send thdihg strategy for evaluation.

AJAX, Asynchronous JavaScript, and XML are usedcaonmunicate with the

server using POST or GET HTTP methods [10]. The isseever redirected to another

web page, and only the contents of the web pageupdated providing a seamless

experience to the user.



GET methods are commonly used by web applicationsttieve resources from
a server. In TSS, the AJAX GET method is used tioenge the results symbol names, the
symbol chart data, and files required to view tlebwage. POST methods are generally
used to submit HTML form data to the server. Onadihg strategy submission, the web
page sends the trading strategy within the mesbadg of the AJAX POST request to
the server for processing and evaluation. Whilenthb server is processing the request, a
loading graphic is shown to the user. After theveecompletes the request, the loading
graphic is removed and a search box is presentéldetaiser. Users can search for the
results of a particular symbol by entering the sghmame in the search text field and

pressing the Get Results button shown in Figure 4.

Results:
i Get Symbol |
ICE
IFF
15T
IMTC
IMTL —
1P
IPG
IRM hd

Figure 4: Searching the available symbols

Once the Get Results button is pressed, a regaiessnt to the server via AJAX
for the specified symbols results. The symbolsItesre loaded into a Google Chart as

shown in Figure 5.



Results:
Iguog Get Symbal |

Zoom:1ld 5d 1m 3m Em 1w Max # Closing Price 595.30 # Profit 393.50 k | April 13, 2010
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400 k
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— shares.

Y. Buy Eought 1000

e
B M s o e e

2009 U. Buy Eought 1000
2009 I — 2010 — shares.
]/_ 1 b Eall SmlAl AT e -
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Figure 5: Google Chart displaying evaluatioruhessfor a single stock symbol

In addition, Google News is integrated via a HTMErame into TSS to show

news related to the current stock selected, asiadégure 6.

Yeb Images Yideos Maps Mews Shopping Grail more -
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o ) plunging 65% year-over-year ta RMB1.13 billion (US$165.7 millian). This significant
b i
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IMewvs Oroma Index - Apr 30, 2010
Google's first-quarter earnings and revenue topped some analyst estimates, signaling
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Portfalios

Stock screener

Google Domestic Symantec Acguires Encryption Provider PGP For $300 Million
Trends Farbes - Apr29, 2010
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A
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Figure 6: Google News search of current stock
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WEB SERVER

A custom multi-threaded web server was developed &S to consume HTTP
POST and GET requests. When a GET request is eztethe contents of the file
specified is returned. When a POST request isveddhe server assumes that a trading
strategy was submitted. The trading strategy isaete¢d from the POST payload and sent
to the Strategy Processor. Once the Testing is [&i@)dhe strategies output is returned

in the client's POST request response.

TRADING STRATEGY LANGUAGE

Users write trading strategies using Java and axeded access to the Java Util
package; therefore, users have the ability to @da structures such as Lists and Maps
contained in the Collections framework, and usefasses such as Date and Calendar. In
addition, users have access to a number of datatstes for manipulating historical

stock quote data, functions to make trades, andqpedata mining tasks.

Series

This class provides a generic container for anyasfavalues of the same type. A
Series of the specified type is constructed frommgout array. Values of a series are
accessed using accessor functions, and variousitatiindicators can be applied to the
series data. For example, if a user wanted to adtes18' value in the Series s, they

would call the functiors. get ( 10) .



The Series class uses TA-lib [11], a technical ysisllibrary, to perform the
technical analysis calculations. Table 1 in the épfix provides a summary of the

available methods of the Series class.

Quote

This class encapsulates a stock's historical @&8. uses daily stock data; thus, a
single stock quote refers to the set of informatapen, close, low, high, and volume of a
single given day. For instance, if a user requttedopening price from the Quote class
g, they would call the method. get Open() . Table 2 in the Appendix provides a

summary of the available methods of the Quote class

Quotes

This class contains a single stock's complete tistio data available in the
database. There are number of methods availaldecess the data. For example, a user
can request a specific attribute of the stock saslOpening price for a particular day
using the functioropen(i ndex), where index represents the day. Each daily quote
corresponds to a numerical index, such that tls d¢uote is 0, and the last quote is n.
The quotes are sorted by date in ascending or@daleT in the Appendix describes the

methods available for the Quotes class.

WekaClassifier

Weka [12] is an open source Java library implenmgné set of machine learning
algorithms for data mining tasks. The TSS Weka@ias<lass provides access to the

Weka's classification and regression analysis toets example, a user can build a
9



classifier by supplying training data, classifieranme, and range to
Bui | dQ assi fier() method. After that, a user can classify test datmg the
G assi fy() method. Table 4 in the Appendix summarizes thehous of the
WekaClassifier class.

We provide an example of the WekaClassifier in @sse Study section of this

report.

Trading System Utility Functions

The trading strategy can submit various types de for entering and exiting
positions. A position object contains the numbeslwdires purchased and the daily stock
Quote that was purchased. Table 5 describes thkonwtaccessible for opening and

closing positions.

Method Description
voi d buyAt Mar ket (i nt Buy the specified number of stocks at the
quot el ndex, int number O Shares) | closing price of the specified trading day
voi d sel | At Market (i nt Sell the opened position with the specified
quot el ndex, Position pos) trading day closing price.

Table 5: Methods for entering and exiting posis

In addition, TSS provides the methods in Table Bémipulate opened positions.

Method Description

Posi tion getFirstQpenPosition() Returns the first open position.

Returns the next open position. If there are

Posi tion get Next OpenPosition o
g > O no more open positions, return null.

Table 6: Position manipulation methods

1C



Default Data

For each stock symbol available in the database,ttéding strategy is run.
During that run, the default stock symbol's datadsessible without the need to create a

Quotes class.

STRATEGY PROCESSOR

The web server invokes the Strategy Processor @ti@ling strategy submission
is identified. The Strategy Processor inserts thding strategy coded in Java into a
UserProgram class, and compiles the created UggdPnoobject using Java’'s Runtime
class — essentially invoking a shell and running Java compiler on UserProgram and
then executing UserProgram on a JVM. The UserPnoglass inherits the Quotes class
such that default stock data is available withia thsserProgram. In addition, the trading
system utility methods are defined by the UserRnaogelass. If compilation is successful,
the Testing System is launched; however, if the pitation fails, the error(s) are

returned to the web server to be returned to tHepage.

TESTING SYSTEM

The Testing System is launched by the Strategyd3smr once compilation of the
UserProgram is successful. The system is respenfiblretrieving stock data from the
database and executing the compiled UserProgranegoh available symbol. Once
execution is complete for a single stock, the tatisns generated during the run are
evaluated. The results of the evaluation are writte files stored on the web server.
These files are retrieved by the web page whereareguests the results for a particular

stock.

11



DATABASE

The UpdateDatabase class is used to manipulate L&teS23] database that's
populated with historical stock quote data pulledrom Yahoo Finance [14]. SQLlIite is
a popular software library that implements a selitained, serverless, zero-
configuration, transactional SQL database engine.

The database schema is as follows:

* There is a table calletli st of synbol s - which has one symbol per
row.

* For each symbol in i st of synbol s, there is a table, which has a
number of rows - each row corresponds to data farticular day.

Table 7 in the Appendix describes the database puktion methods for the
Updat eDat abase class.

The updat eSynbol method sends queries describing the contents @f th
requested data to Yahoo Finance to download a Gi8Vcéntaining historical stock
guotes. For example, consider the following query:

http://ichart.finance.yahoo.com/table.csv?s=INTC88&b=1&c=2009&d=11&

e=31&f=2009&9=d

When submitted, Yahoo Finance returns a CSV filgaiaing the daily historical
stock quote data for the symbol INTC from Januar2009 to December 31, 2009. Each
row in the CSV file corresponds to 1 day of stockotg data. The default data returned
contains the following information:

» Date - Trading day date

* Open - The stock’s opening price

* High — The stock’s maximum price for the time inedr
* Low — The stock’s minimum price for the time intarv

12



» Close — The stock’s closing price

¢ Volume — The volume of stock traded

Case Study

In this section, we will examine two trading stgiés that take advantage of

TSS's features.

THE DIP BUYER

A dip buying strategy generates a buy signal wimencurrent price is a specific
percentage below the previous day's closing pAcsell signal is identified when the
closing price is a specific percentage above tl®ipus day's closing price. Thus, the
stock trader buys on the lows and sells on theshigigure 7 illustrates the dip buyer

strategy in TSS.

HoD [1opt =] Iz @
for {int 1 = 0; 1 « quotescount(); i++) | -
for{ Position pos = getFirstOpenPosition(}; pos != null; pos = getNextOpenPosition{) }

{
/4 If today's closing price is 2% more than yesterday’s closing price,
/4 =ell the stock at the high if profit can be made.
if {f{close(i) » (close(i-1) * 1.02)) && [close(l) > pos.quote.getClose(l) ) {
sellAtMarket (1, pos);
H
}

/4 If today's closing price is less than 2% of yesterday’™s closing price,
/¢ buy the stock at the dip.
1f {close (i) < {(cleose{i-1) * 0.98)7 {
buyAtMarket (i, 1000} ;
}

b

Postion: Ln17,ch2 \ Total: Ln17, Ch 572 \ P

Figure 7: TSS Dip Buyer Strategy
13



The trading strategy can be broken up into twoisest In the first section, lines
14 to 17 in Figure 7, the system buys the stockarket price (the close price) if the
current day’s closing pricec( ose(i)) is 2% below the previous day’s closing price
(cl ose(i-1)). An open position of 1000 shares is created aluta to the positions
array.
In the second section, lines 3 to 10 in Figure &,l@op over any open positions
and sell if the position meets the criteria to:sell
1. Today's closing price is 2% above the previoussdegsing price.
2. A profit can be made.
The results of the trading strategy run for theclsteymbol INTC is shown in
Figure 8. The strategy was run on 1 years wortiNGIC data. We see that if the stock

trader followed the trading signals indicated, waud have made $30.71 K in profit.

Zoom:ld 5d 1m 2m Em 1y Max ® Closing Price 24.22 ® Profit 30.71 k | &pril 14, 2010

J. Sell Sold 1000 shares.

30k

| _J"'__- l.| Sell Sold 1000 shares.
| — 20 k

H. Sell Sold 1000

Wﬂ#ﬁfﬂrﬁﬂl#n#@jj;;;L g el

G. Buy Eought 1000
shares.

2009 R 2010 =]
e F.| Sell Sold 1000 shares.
< ) I > El

Figure 8: Dip Buyer chart for INTC

[}
2009
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THE DATA MINER

In this example, we will look at a more complexdiray strategy using TSS's data
mining functions. The data miner uses Logistic esgion [15] to classify input data to
derive future buy and sell signals. Logistic regies is a popular method to describe the
relationship between explanatory variables and a@lddm outcome. The Boolean
outcome variable is expressed as a probability éetmtwo possible outcomes. In this
case, the explanatory variables are technical &dis, and the outcome is an up or down
trend. A subset of the available historical stoekadis used as training data to generate
the regression coefficients. These coefficientsstoeed in the built classifier for use in
future classification of test data. The data mumsgs the generated trend signals to make
trading decisions. In Figure 9, we show an exartrplging strategy using the data mining

functions.

15



int count = quotescount () ; -

int trainingCount = {count * 66} / 100;
try {
WekaClassifier ¢ = new WekaClassifier();
String[] columnTitles = {"SMA{15)", "RST(15;", "l-day =slope"};

String[] classData = new Stringl[count];

/4 Build class data, 1-day lookahead (slope)
for {int i = 0; 1 < count; i++) |
1f (close (i) < close{i+l}) |

classData[i] = "true";
} else |
classData[i] = "false";

}
1

Series<3trings classDataferies = new Seriles<3trings(classDatal:
Series[] data = new Series[3];

data[0] = closeSeries () .85MAR(15);
data[l] = closeferies{} .R3I{13);
data[2] = classDataSeries;

/4 Build classifier with training set
c.Buildclassifier ("weka . classifiers . functions.Logistic", data, columnTitles, 0, training

// Test the classifier using the test set
string[] result = ¢.Classifyidata, columnTitles, trainingCount, count):

c.PrintInformation () ;

// Trade using the classified result.
for (int j = 0,1 = trainingCount: 1 < count: j++, 1++) |
for( Position pos = getFirstOpenPosition({); pos != null; pos = getlNextOpenPosition |
{
if {result(j].equals("false™) && (pos.quote.getClosel) < close(i)) | |
sellAtMarket (1, pos):
)
}

if {result([j].equals("trus"})
i
buyhtMarket (i, 10003 ;
}
)

} catch [Exception e} |
e_printitackTrace () ;

}

Figure 9: Trading Strategy using Logistic regies

The trading strategy must first assemble the imad& used to train the classifier
model. For the independent or explanatory variahlesstrategy uses the simple moving
average with a 15 day period, and a Relative Stheimglex with a 15 day period shown
on lines 19 and 20 respectively. The 3rd columthefinput data is the classification we

want to achieve. To build this series, we simplynpare the current day's close price

16



with the next day’s close price. If the slope isifige, we classify the {SMA, RSI} tuple
as true; otherwise, the slope is negative, andlassity the tuple as false.

On line 24, we make the call to build the Logistiassifier. Note that we classify
the input data from O to trainingCount. That is, spéit the available historical stock data
into a training set and a test set. In this cageyuse 66% of the available data to train the
classifier model. Even though we passed in thereerdrray of generated data, the
BuildClassifier function will only look at the dataithin the specified start and end
range.

Once classification is complete, we test the di@sgising the remaining 33% of
historical stock data. Note that the data arrathés same for building and classifying.
This allows us to generate a percentage that descrihow accurate the classifier
predicted the test data. On line 29, the classifiedel and the prediction percentage,

shown in Figure 10, is printed.

Logistic Regression with ridge parameter of 1.0E-8
Coefficients...

Class
Varisbhle false
SMA(1S) -0.0853
B3I (15) 0.026
Intercept -0.0605
Odds Ratios...

Cla=s
Varishle falze
SMA(1S) 0.9152
R3I(15) 1.0264

Classifier correct percentage: 41.85151581581818181

Figure 10: Output of Classification

17



We see that during this run the model correcthyniified 41% of the test data.
Using the classification results, we make tradirgisions for buying and selling the

stock. The outcome of these decisions is showngaré 11.

Results:
|intc Get Symbol |
Zoorn:1d 5d im 3m &m 1y Man ® Clozing Price 24.22 » Profit 430 | March 23, 2010

B. Sell =old 1000
400 shares.

A. Buy Bought 1000
200 shares.

)

ik

|
2009

2010
1
< >

Figure 11: Chart using classified trade signals

From the chart, we see that if we followed the éra@jnals generated, we would
have made $430. Note that, TSS assumes that thbasfinite income available.

TSS's strength lies in how easily we can modify tiilaeing strategy and launch
another run. Instead of using a 15 day period fotASfor one of the explanatory
variables, let us change it to SMA(5). In this rwe see that only 39% of the test data
was predicted correctly. However, we see in Fidgitéhat we would have made $2,890

in profit.

18



Results:
|int|: Get Syrmbol |

Logistic Regression with ridge parsmeter of 1.0E-85

Coefficients...

Class
Variskble false
SMA(1E) -0.0018
R3I(15) 0,008
Intercept -0.383¢6
Odd=s Ratios...

Class
Varisble false
SMA(15) 0.9952
R3I(15) 1.0069

Classifier correct percentage: 39.05905020502050%9

Figure 12: Chart using slightly modified tradisigategy
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Summary

In this report, we described the architecture amglémentation of TSS - a system
to evaluate trade strategies written in Java. Weathstrated TSS’s viability through two
case studies: one using technical indicators, laaadther data mining tasks.

TSS can be extended in many ways.

FUTURE WORK

+ Realistic Settings:

o Liquidity: TSS ignores some fundamental tradingiess For example, we
assume that there is an unlimited amount of stotkme as well as
money to purchase the stocks. Thus we would likedtbfeatures for
specifying the initial cash pool and only makinades when funds are
available.

o Slippage: When an order is filled, there can béfarénce or spread
between the price of what the user put the manidgrdor, and the price
that fills the order. This slippage is a featurewaild like to add to TSS.

o Trade Commissions: We would like to add the abflitya user to specify
a trade commissions in TSS.

o Cash Interest: In reality, funds that are heldastcwill accumulate
interest.

+ When a trade strategy evaluation is complete, T&S dot report any positions
that are still open. TSS should report any opeitipos to the user, and factor
them into the profit.

« Multiple User Accounts: At the moment, a singlerusay use the system to

generate evaluations. We would like to extendghish that multiple users may
20



submit trading strategies to TSS, and their peréorce can be reported in
sortable order.

TSS only supports the types of orders: buy at ntarkdeie, and sell at market
value. We would like to add additional order tygeash as buy at limit.

TSS uses daily historical stock quote data. We ditiké to extend the model to
use real-time intraday quote data, and allow usaa trading strategy on it
automatically.

Once TSS has the ability to automatically run tngditrategies, we would like

TSS to alert users when a trade signal is idedtifie
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Appendix

Method

Description

voi d Series<T>(T input[])

Creates a Series of type T from the inputted

array.

Seri es<Doubl e> SMA(i nt peri od)

Returns a Series of type Double that
contains the Simple Moving Averages of
the contained Series data using the
specified period.

Seri es<Doubl e> EMA(i nt peri od)

Returns a Series of type Double that
contains the Exponential Moving Averag
of the contained Series data using the
specified period.

T get (int index)

Returns the value found at the specified
index position.

int size()

Returns the size of the Series.

Seri es<Doubl e> RSl (i nt peri od)

Returns a Series of type Double that
contains the Relative Strength Index of tf
contained Series data using the specifieg
period.

Seri es<Doubl e> TRI MA(i nt
peri od)

Returns a Series of type Double that
contains the Triangular Moving Average
the contained Series data using the
specified period.

Table 1: Methods for Series class

Method

Description

Dat e get Dat e()

Returns the trading Date for the quote.

doubl e get Open()

Return the trading day's opening price.

doubl e get Hi gh()

Return the trading day's maximum stock
price.

doubl e get Low()

Return the trading day's minimum stock
price.

doubl e get d ose()

Return the trading day's closing price.

| ong get Vol une()

Return the trading day's volume.

doubl e get Adj d ose()

Returns the trading day's closing price
adjusted for dividends and splits.

Table 2: Methods for Quote class
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Method Description
Date date(int index) Returns the trading day's date for the
specified trading day index.
. . Returns the trading day's opening price f
doubl e open(int index) the specified trading day index.
. . Returns the trading day's lowest price for
double low(int index) the specified trading day index.
doubl e hi gh(int index) Returns the trading day's highest price fg

the specified trading day index.

-

doubl e cl ose(int index)

Returns the trading day's closing price for

the specified trading day index.

| ong vol une(i nt index)

Returns the trading day's volume for the
specified trading day index.

doubl e adj d ose(i nd i ndex)

Returns the trading day's adjusted closing

price for the specified trading day index.

Seri es<Dat e> dateSeries()

Returns a Series class of all the Date's of

the stock.

Seri es<Doubl e> openSeri es()

Returns a Series class of all the Opening
prices of the stock.

Seri es<Doubl e> | owSeri es()

Returns a Series class of all the low's of
stock.

Seri es<Doubl e> hi ghSeri es()

Returns a Series class of all the high's of
the stock.

Seri es<Long> vol umeSeri es()

Returns a Series class of all the volume's

the stock.

D

Seri es<Doubl e> cl oseSeri es()

Returns a Series class of all the closing
price's of the stock.

public Series<Doubl e>
adj C oseSeries()

Returns a Series class of all the adjusted
closing price's of the stock.

Quot e get Quote(int index)

Returns a Quote class for the specified
trading day index.

int size()

Returns the number of trading day's
available.

String get Synbol ()

Returns the stock symbol for the Quotes
class.

i nt quotescount ()

Returns the number of Quotes (trading
days) available.

void Quotes(String synbol)

Creates and populates a Quotes class w|

—

data for the specified stock symbol.

Table 3: Methods for Quotes class

23

the

of

h



Method

Description

voi d Buil dd assifier/(
String classifierNane,
Series[] in_data,
String[] columTitles,
int start,
i nt end)

Build the specified classifier with the
provided training data.

String[] dassify(
Series[] in_data,
String[] columTitles,
int start,

i nt end)

Return the results of the classification on
the provided test data.

void Printlnformation()

Print information about the built classifier.

voi d PrintSource()

If the classifier is sourcable, print the
source code that implements the build
classifier.

voi d set DebugCQut put ( Bool ean
val ue)

Enable or Disable printing of debug
information during the building of the
classifier.

Table 4: Methods for WekaClassifier class

Method Name

Description

cr eat eDat abase

Creates the database, deleting data that
existed previously.

addSynbol Add a symbol into the listofsymbols table.
Create a table for the symbol and popula
it with the symbol’s historical stock quote
data.

del et eSymbol Remove a symbol from the listofsymbols

table and drop the table for the symbol.

updat eSynbol

Populate the symbol’s table with historice
stock quote data.

=

Get Dat abaseAsMap

Get the database as a map from symbols
(e.g., "XOM") to a list of QuoteRecords.
These records are sorted in ascending o

5

rder

by date.

Table 7: Database manipulation methods
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