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DTREG (pronounced D-T-Reg) builds classification and regression decision
trees, neural networks, support vector machine (SVM), GMDH polynomial
networks, gene expression programs, K-Means clustering, discriminant analysis
and logistic regression models that describe data relationships and can be used
to predict values for future observations. DTREG also has full support for time
series analysis.

DTREG accepts a dataset containing of number of rows with a column for each
variabl e. One of the variables 1is
modeled and predicted as a function of the fpredictor variablesa DTREG
analyzes the data and generates a model showing how best to predict the values
of the target variable based on values of the predictor variables.

DTREG can create classical, single-tree models and also TreeBoost and
Decision Tree Forest models consisting of ensembles of many trees. DTREG
also can generate Neural Networks, Support Vector Machine (SVM), Gene
Expression Programming/Symbolic Regression, K-Means clustering, GMDH
polynomial networks, Discriminate Analysis, Linear Regression, and Logistic
Regression models.

DTREG includes a full Data Transformation Language (DTL) for transforming
variables, creating new variables and selecting which rows to analyze.
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Data Mining and Modeling

iPredicting the future i s hard, espec
i Yogi Berra
Data Mining

The processf extracing useful information from a set of data values c datal e d
miningd. Many techniques have bedeveloped for data mining, atttere is an art to
selecting and applying the best method for a particulartsitua

DTREG (pronounced BT-Reg)builds classification and regressidecisiontrees neural
networks, support vector machine (SVMgne expression programming (GER),
Means clusteringdiscriminant analysis and logistic regression motteds describelata
relationships and predict values for future observations.

DTREG also has full support for time series analysis. Most of the model types such as
neural networks, gene expression programming and SVM can be used to model time
series using lag variablgenerated by DTREG.

Data mining has great commercial and scientific value. Consider these cases:

1. A company has collected data showing how much of their product consumers
buy. For each consumdhe company hademographic and economic
information suchas agegendey educationhobbiesincome and occupation.
Since the company has a limited advertising budget, they walatérmine how
to use the demographic data to predibtch people are the moBkely buyers of
their productothey carfocus tkeir advertising onthat group. A decision tree is
an excellent tool for this type of analysis becausaatxs which combination of
attributesbest predict theurchasef the product.And, adecision tree can be
used to Ascor eod mnkshent by thd probability thatitreeyvalll s an d
respond positively to a marketing effofor information about how Lift and
Gain tables and charts are used for customer targeting, please sé8%age

2. A political campaign wants to maximize the turnout of their supporters on
Election Day. Exit polling has been done during previous elections giving a
breakdown of voting patterns by precinct, race, gender, age and other factors.
DTREG can analyze this dadad generate a decision tree identifying which sets
of voters should be targeted for @eit-the-vote efforts for upcoming elections.

3. A bank wants to reduce the default rate on personal loans. Using historical data
collected for pevious borrowers, the bank can use DTREG to generate a decision
tree that can then be use@rddictthe likBlihoodr e 0 c an
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that they will default on their loans.

4. An emergency roornreats patientwith chest pan. Based on factors such as
blood pressure, aggender severityof pain,location of pain, and other
measurementshe caregiver must decidehether the pain indicates a heart attack
or some less critical problem. A decision tree can be generateditte dvhich
patients require immediate attention.

Data Modeling

One of the most useful applications of statistical analysis is the development of a model
to represent and explain the relationship between data items (varidbasy.types of
models have been developéttluding linear and nonlinear regression (function fitting),
discriminant analysidpgistic regressionsupport vector machineseural networksand
decisiontrees. Each method has its advantatiese is no single adeling method that

is best for all applications. DTREG provides the best,-stfatke-art modeling methods
includingneural networksglecisiontrees, TreeBoost, decision tree forests, support vector
machines (SVM)gene expression programmi{;Means tustering,discriminant
analysisand logistic regressiorBy applying the right method to the problem, the analyst
using DTREG should be able to match or exceed the predictive ability of any other
modeling program.

Supervised and Unsupervised Machine Leaing

Met hods for analyzing and modelsupengsedd at a can
learningda n dinsupervised learning Supervised learning reqes input data that has

both predictor (independent) variables and a target (dependent) variable whose value is to

be esti mated. By various means, the process
the target variable based on the predictor varsabl@ecision trees, regression analysis

and neural networks are examples of supervised learning. If the goal of an analysis is to

predict the value of some variable, then supervised learning is recommended approach.

Unsupervised learning does not ideptiftarget (dependent) variable, but rather treats all

of the variables equally. In this case, the goal is not to predict the value of a variable but
rather to look for patterns, groupings or other ways to characterize the data that may lead
to understandg of the way the data interrelates. Cluster analgsiselation, factor
analysig(principle components analysahd statistical measures are examples of
unsupervised leaing.

Time Series Analysis

A time series is a sequence of values occurring over a period of time. Often time series
describe economic conditions such as price fluctuations, hotel occupancy, airline
passenger load, etc. DTREG can build models usingauetsuch as neural networks,

gene expression programming and SVM to model time series and make future forecasts.

12



Classes of Variables

You can specify three classes of variables when performing analyses:

Target variable-- The At arget variableod is the variabl
and predicted by other variables. It is analogous to the dependent variable (i.e., the

variable on the left of the equal sign) in linear regm@ssiThere must be one and only

one target variable.

Predictor variable-- A fipredi ctor variableo is a variabl
predict the value of the target variable. It is analogous to the independent vdriahles

the variables on the right side of the equal sign) in linear regression. There must be at

least one predictor variable specified, and there may be many predictor variables. If more

than one predictor variable is specified, DTREG will determine thevwpredictor

variables can be combined to best predict the values of the target vaFiabtene

series analysis, DTREG can automatically generate lag variables that can be used as

predictor variables.

Weight variable -- Optiorm| | y, you can specify a fAdweight v
is specified, it must a numeric (continuous) variable whose values are greater than or

equal to 0 (zero). The value of the weight variable specifies the weight given to a row in

the datasetFor example, a weight value of 2 would cause DTREG to give twice as much

weight to a row as it would to rows with a weight of 1; the eféectodel trainings the

same as two occurrences of the row in the dataset. Weight values may be real (non

intege) values such as 2.5. A weight value of O (zero) causes the row to be ignored. If

you do not specify a weight variable, all rows are given equal weight.

An integer weight value has the same effect on model training as duplicating rows the
equivalent nmber of timesn the training data Since the goal of model training is to

tune parameters to minimize the overall error (or variance) of the training data, weighted
(or duplicated) rows that are misclassified add a greater amount taahertor tharun-
weighted rowsso they have an increased influence on the model.

While duplicating rows is equivalent to integer weighting during the training process,
there is a difference during the testing and validation process. If you manually duplicate
rows inthe training data and specify that you want DTREG to use cross validation for
testing or you want it to hold out a subset of the data for testing, some of the duplicated
copies of the rows may be used for training, and some duplicate copies of the same row
may be used in the test/validation data. This results in the testing data using some of the
same data used for training, and it renders the test résulieh are supposed to be

based on independent datmvalid. For this reason, if you manuallyalicate rows

rather than usingreighting, you must do the validation using the Score function (see
pagel64) rather than using cross validation or Roldt validation.
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Types of Variables

Variables may be of two typesontinuousandcategorical

Continuous variables with ordered values-- A continuous variable has numeric values
such as 1, 2, 3.145, etc. The relative magnitude of the values is gt (e.g., a

value of 2 indicates twice the magnitude of 1). Examples of continuous variables are
blood pressure, height, weight, income, age, and probability of illness. Some programs
cal l cont i naderadsii ovrad ifi éa i ® wsmoddtonio variables. If a
variable is numeric and the values indicate relative magnitude or order, then the variable
should be declared as continuous evehafnumbers are discrete and do not form a
continuous scale.

Categorical variables with unordered values-- A categorical variable has values that
function as labels rather than as numbers. Some programs call categorataésari
finominab v a r Fa éxdnyle, .a categorical variable for gender might use the value

1 for male and 2 for female. The actual magnitude of the value is not significant; coding
male as 7 and female as 3 would work just a. wAs another example, marital status
might be coded as 1 for single, 2 for married, 3 for divorced and 4 for widowed. DTREG
allows you to use nenumeric (character string) values for categorical variables. So
your dataset couled lavde fittfeenad terni mgs nMMMaland T
categorical gender variable. Because categorical values are stored and compared as
string values, a categorical value of 001 is different than a value of 1. In contrast, values
of 001 and 1 would be equal for contimsovariables.
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Using DTREG

Once you understand the conceppaddictive modelsit is very easy to use DTREG to
analyze data and buildany types of models.

Installing DTREG

To install DTREG, run the installation prograramedDTREGsetup.exe A wi zar d o
screen will guide you through the installation proceésu can accept the default
installation location@:\Program files\DTREG) or select a different folder locatioW/hen

the installation finishes, you shld seehis iconfor DTREG on your desktop:

Shortcut to
DTREG.exe

To launch DTREG, doublelick the Shortcut to DTREG icon on your desktop.

DTREGGs Main Screen
When you launch DTREGts main screen displays:

= DTREG - Predictive Modeling o ] .
F[Ip Edit View Tools Help vsis: View-tree  Charts  Enter-key
ECIE bR 8 -v|?

[+ Model

- Results

Ready 4

From this screen, you can
1 Create a newnpject to build anodelby clicking ja
1 Open an existingroject by clicking =
1 Set options and enter your registration key.

15



Setting DTREG Preferences

To set DTREG preferences, click ATool sdo on t
the dropdown menu.

System preferences e |

Default type of model to build

Single decision tree j

Multi-core CPU execution control

Max. execution threads: | 4 -

Execution pricrity

Lo j

] | Cancel |

Default type of model to build: Select which type of model you would like
DTREG to create for new projects (single tree, SVM neural network, etc.). You can
always change the tyjmé a model later by modifying its properties.

Max. execution threads: Specify how many execution threads you want DTREG

to use during its computations. If you have a mQRU system, you can increase the
speed of calculation by allowing DTREG to use more than one CPU, but this will place a
heavier load on your system.

Execution priority: Specify the preferred executiéor DTREG to use during an

analysis. Currently the execution priority is only applied to neural network training
processes.

16



Entering DTREG Registration Key

When you register DTREG, you will receive a registration key. To enter your key, click
AEnkegd on the main menu and enter your key i

X

Enter DTREG registration informatien

Plese enter your DTREG registration information in the fields below.

Registered name: l

Reaistration key: I

oK Cancel

17



Creating a New Project

To create a new projedtlick the leftmost icon on the toolb#ratlooks like this: ja

Prg ect

looks like this:

— Title of project

A wi z a rgdide yaucthroegh seting wa the project. The first screen

— Input data file
I Browse Files |
Note: The first line of the data file must have the names of the variables.

—Character used for a decimal point in the input data file
(¢ Period: 7 ¢ Comma: '}

—Character used to separate columns
{¢ Comma: ') { Semicolon: 7 { Space { Tab ("Otherzl

— Data subsetting
(* Use all rows in the data file

" Randomly select this percent of the rows: Img

I~ Store data in a vitual memory disk file.  Memary cache [ME]: |°

— File where information about this project is to be stored
I Browse Files
[~ Wiite a report of the analysis to a project_Log txt disk file

—Notes about this project

=

There are several fields on this page.

T
T

Title of project T This is an optional field. If you wish, you can specify a title to

be displayed for thiproject.

Input data file 7 This is a required field. Specify the device, folder and name of
the file containing the input (learning) dataset to be used to build theTinee.

data must be in a comma separated value (CS\Wyittethe names of the

18



variables on the first line. Please see @E&@®r detailed information about the
format of input data files. You can clic
the file rather than typing in.

1 Character used for a decimal point in the input data filei Select whether a
period or a comma will be used to indicate the decimal point in numeric values in
the input data file. The American standard decimal point marker is a period while
the European standard is a comma. This setting affects only data read from the
input file; a period always is used as the decimal point marker in the generated
report.

1 Character used to separate columns Select the character that will be used to
separate columns in the input file. The default separator is a comma, but you may
select any character you wish to use.

91 Data subsettingi If you wish, you can tell DTREG to use only a subset of the
records in the data file for the analysis. This speeds up the analysis and is useful
when experimenting with different model settings. If you tell DTREG tause
subset of the data, specify the percentage of the rows that you want it to use.
Since random selection is used to select the rows, the actual noimbesused
may be slightly different than the percent you specify.

1 File where information about this project is to be storedi This is a required
field. Specify the name of the project file where DTREG will store parameters
and computed values for the project. DTREG project files are stored with the
t ypdrofor ex drimgud.pYoudanc!l i ck the fABrowse fil e
browse for the directory where you want to store the file.

1 Notes about this projecti This is an optional field. You camnter any notes that
you want to store with the project data.

After you finish filling in these fields, cl i«
to advance to the next screerhe following property pages will be displayed:

1 Time series/Regular predictive model (see pte

1 Variables (see pagé0)

New Project Example

To il lustrate the process of creating a new
look at the steps involved in setting up a DTREG project to classify species of irises

basedn measurements of the planihe data we will use is from the classic study

devised by R. A. Fisher in 193Bischer, 1936) First, we need to prepare a data file to

be read by DTREG. Such an example data file is provided hetDTREG distribution

and installed in the Examples directory under the DTREG installation directory. The

name of the file igris.csv. Here are a few lines from that file:
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Species,"Sepal length","Sepal width","Petal length","Petal width"
Setosa,5.1,3.5 ,1.4,0.2

Setosa,4.9,3,1.4,0.2

Setosa,4.7,3.2,1.3,0.2

Versicolor,7,3.2,4.7,1.4

Versicolor,6.4,3.2,4.5,1.5

Versicolor,6.9,3.1,4.9,1.5

Virginica,6.3,3.3,6,2.5

Virginica,5.8,2.7,5.1,1.9

Virginica,7.1,3,5.9,2.1

The first line of the file has the names loé tariables separated by whatever character
you selected as the column delimiter (by default it is a commathis case, there are 5
variables: Species, Sepal length, Sepal width, Petal length and Petal agiidible
names and values that contain spase¢le column separator characséould be
enclosed in quote mark3.he records following this are the actual data observamres
per plant) There is one value for eaohthe fivevariables. See pag&6 for additional
information about the format of data files.

I n this example, we are tryingadcdaegonqrcaledi ct t h
target variable. The other four variables @vatinuougredictor variables.

20



Here is the first screen we set up fdstproject:

|Fisher's lris data.
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On the second screen specify whether this is a time series analysis or a regular predictive
model. Also, select the type of model to build (single tree, TreeBoost, neural network,
etc.)

Time series

Hange of lag values

rimimum lag: | k=

Lag, moving average and other generated varables

ity of forvsal

I~ | Walidate predic! W Forecast futu yond end of:

Humber of value: SE Number of values to forecas : I

22



On the thirdscreen, specify information about thariables:

—Yariables
Wanable | T arget | Fredictor | Wweight | Categancal |
Species = O O 5]
Sepal length O £ O O
Sepal width O £ O O
Petal length O E] O O
Petal width O £ O O

Species is the target variable, and it is categorithé other four variables are
continuous predictor variables.

After youfinish the lassetup screefor the project, DTREG asks if yasant to save the
settings for the project:

x

L] ": Save changes ko iris.der?
L

Yes Mo | Cancel |

We wi | | click AYesdO and sawiedrrt he proj ect

23
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Opening an Existing Project

All of the information about a DTREG project is stored in a project datalfdss.

includes parameters that control the analyisiformation about variables, the name of the

data input file, the generated repamd information required to construct and display the
generategbredictive model These project .dffoiMoecanopeave t he f
project fies, examine the repomodify parameters and rerun the analysis.

The actual input data is not stored in the project file but remains in the original comma
separated value (CSV) file. The project file staply the name of th input data file.

To open an existing project file, click tt& icon on the toolbar

| f you are reopening a project that was open
the main menu lineand select the project from the list of recent projects.

Once you open a project, the last report generated for it will be displayed in the right

panel, and the left panel will show a list of property pages you can select to review and
change option settings.
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< DTREG - Iris variety classification R =101 x|
File Edit .sfiew Help Run-analysis View-tree Charts
fed 2R &8 & %
E! Model || Starting analysis at 17-Feb-2005 12:24:14 i,
Data ============ Project Parameters ============
- Yariables 5 - - - o -
- Single tree Pro].ect t}tle: Iris variety t_:la_|551F10at10n
.. TreeBoost IT’ro]eEt F1}el:ﬂc:\gTREQ\Test\1r1s.dtr
ety arget variable: Species
D Tree F k z T
sl Number of predictor varlables: 4
- Class labels a4y
- Tnitial splt Typg of tret_e. §1ngle tree
; 5 Maximum splitting levels: 18
j7-Category weights Type of analysis: Classification
Mfs':!ass'ﬁcat'onc“t Splitting algorithm: Gini
i~ Missing data Category weights: Equal (Balanced)
- Variable weights Misclassification costs: Equal {unitary)
-~ Score data Variable weights: Equal
“ Translate Minimum size node to split: 180
E Results Max. categories for continuous predictors: 288
- Generated tree Use surrogate splitters for missing values: Yes
El ,qnah,s.sreport Always compute surrogate splitters: Yes
- Project parameter: Tree pruning and validation method: U-fold
- Input data Number of folds: 18
- Variables Tree pruning criterion: Hinimum cost complexity
- Categories (0.080 S.E.)
Tree size ============ ============
Mode splits == Lhput Datd
cTerminalnodes || ypput data file: C:\DTREG\Test\Iris.csv
M'SC'aS.S'F'cat"’"f Number of variables (data columns):
 Confusion matrix Data subsetting: Use all data rows
~Focuscategory || Number of data rows: 150
ﬂ | » Total weiqht for all rows: 158 ;]
Ready NUM 4

Example Projects Installed With DTREG

The DTREGetupinstallation program installs a set of example projects in a folder

named AExampl esd under t hTisiBCI\RRdgr&n i nst al | ati o
files\DTREG\Examples, unless you selected a different folder during installatidrgood

way to get started using DTREG is to browse the examples in that directory and run some

of them. See pag8&71for additional information about example analyses.
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Running an Analysis

Once you have created a new project anmal an existing project, you can tell DTREG
to perform aranalysis To do this, click the=> icon on the toolbarYou can alsalick

ARbwamMmal ysi s06 on the main menu.

While an analysis is running, a progress screen similaigavilh be displayed:

Analysis progress i

Tree size

Maximum tree depth: |19
Number of terminal nodes: |83

Analysis time: IUIJ:EH :33

IBuiIding the tree

{ Current activity

Stop Analysis

When the analysis finishes, the new report will be displayed in the main right panel.
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Viewing the Generated Decision Tree

Once an analysis has been completed, you can view the generated decision tree by
clicking the @& toolbariconorbyc | i ¢ ki Ag efe\i eow
decision tree in a jpg, png or bmp disk file, click the disk icon. To print the decision tree,

click the printer icon.

£ DTREG - Iris variety classification

=101 x|

t Aesavathe n

= &l 2

Node 1
[Entire Group)
N =150, W =150

Species = Setosa
Misclassification = 66.67%

"Node 2 (Node 3
Petal length <= 2.45 Petal lenagth > 2.45
N =50, W =50 — N =100, W =100

Species = Versicolor
Misclassification = 50.00% |

Species = Setosa
Misclassification = 0.00%

Species =Yersicolor
Misclassification = 9.26%

Node 4 "Node 5
Petal width <= 1.75 Petal width > 1.75
N =54, \W =54 N = 46, W = 46

Species = Yirginica
Misclassification = 2.17%

Command Line Operation

b

In production environmenismay be useful to operate DTREG in commdind mode
to build models. Model building parameters are stored in a command file and in a

itempl ate projecto. DTREG

can

then be

(.bat) file to build new models. @umand line operation is available only in the

Enterprise Version of DTREG.

menu.

r

In order to use DTREG in command line mode, three things are required: (1) a template
project describing the analysis; (2) a command file providingrimétion about files and

operations; (3) a command line to invoke DTREG.

The Template Project

Because DTREG has many types of models and many options and parameters for each
type of model, it is impractical to have a command language to describe a&sef th
features. Instead,eemplate Projecis used to describe the type of model to be created
and to specify options and parameters for theration. To createtamplate project, run

27
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DTREGIn interactive modespecify a data file with the variableslte analyzed, select
the type of model to build, and select options and parameters. Then save the project in a
standard DTREG project file (.dtr file).

The Command File

The command file is a text file that contains commands that control the model building
process. You can use Notepad, Wordpad or any other text editor to create the command
file. The suggested file type is .cmd, but you can use any extension you wish.

The following commands may be placed in a command file. Some commands are
required, angdome are optional.

FOLDER (optional)i Specifies a default folder where all of the files are specified. If the
FOLDER command is not specified, you must specify the folder as part of the file
specification on each command.

Syntax: FOLDER device_and_folder

Example:FOLDER C:\Work\Campaignl

PROJECT (required)i Specifies the name of the file with the template project.
Syntax:PROJECT file_name

Example:PROJECT C:\Campaign1\AdModel.dtr

OUTPUT (optional)i Specifies the name of the file where the generated model is to be
written. If noOUTPUT command is specified, then the model is not saved. If you
simply want to use the template project to score data, it is not necessary to specify an
OUTPUT command.

Syntax:OUTPUT file_name

Example:OUTPUT C:\Campaign1\AdTreeBoost.dtr

DATA (optiona) T Specifies the name of the data file that will be used to train the model.
If you are just performing scoring and not building a model, then yoorartheDATA
command.

Syntax:DATA file_name

Example:DATA C:\Campaignl\Tennessee.csv

28



REPORT (optional)i Specifies the name of the file where the analysis report is to be
written. If you do not use REPORT command, then the anaig report is not saved.

Syntax:REPORT file_name

Example:REPORT C:\Campaignl1\Tennesseelog.txt

SCOREINPUT (optional)i Specifies the name of a data file is to be used as input for
scoring by the generated modé#iyou want scomg done, you must specify both a
SCOREINPUT and aSCOREOUTPUT command.Omit theSCOREINPUT and
SCOREOUTPUT commands if you are building a model and do not want scoring done.
Syntax:SCOREINPUT file_name

Example:SCOREINPUT C:\Campaign1\Nashville.csv

SCOREOUTPUT (optional)i Specifies the name of the data file where output from the
scoring function (with predicted target values) is to be written.

Syntax:SCOREOUTPUT file_name

Example:SCOREOUTPUT C:\Campaign1\NashvillePredict.csv

BUILDMODEL (optional)i Specify this command if you want DTREG to build a new
predictive. Ifyou only want to use the templaisoject to do scoring, you should omit
the BUILDMODEL command.

Syntax BUILDMODEL

REM (optional)i Comment line.

Example:REM Analysis of Tennessee data

Example Command Files

This is an example command file to build a model:

REM Build a new model whose name is NewProject.dtr
FOLDER C:\Campaignl

PROJECT OriginalProject.dtr

OUTPUT NewProject.dtr

DATA TrainingData.csv

BUILDMODEL

29



This is an example file that does scoring using an existing project but which does not
build a new project:

REM Score the Tennessee.csv file
FOLDER C:\Campaignl

PROJECT ResponseModel.dtr
SCOREINPUT Tennessee.csv
SCOREOUTPUT TennesseeScore.csv

The Command Line
The command file to start DTREG in command line mode is:

DTREG / ¢ mdommand_filed ogtidns]

The/ ¢ mdommand_fileoswitch specifies the name of the command file that is to be
executed. You should provide a full file specification including device and folder. For
example:

DTREG [/ c\@ampdg8l\Bui | dModel . cmdo

Options:

The following optional switches may be specified:

/MINIMIZE T Start DTREG in minimized mode so thatldes not display its screen.

/HIDE T Do not display the execution screen at all.
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Specifying Properties for a Model
You can specify properties for a model when you create it initially or you can change the
properties for a project you have alreadgated. The properties for a model display in
the left panel and correspond to the project property screens.

To specify propertiekor a model, clickoneof t he i tems shown under i
panel:

The Model scren displays with tabs for each property, similar to the one shown below:
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