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DTREG (pronounced D-T-Reg) builds classification and regression decision
trees, neural networks, support vector machine (SVM), gene expression
programs, 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
vari abl 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, Discriminant Analysis 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 particular situation.

DTREG (pronounced BT-Reg)builds classification and regressidecisiontrees neural
networks, support vector machine (SVMgne expression programming (GEP),
discriminant analysis and logistic regression motteds describe data relationships and
predict vales 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 variables generated by DTREG.

Data mining las 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 such as aggender 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 their advertising otihat group. A dcision 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 fAscoreo a set of individuals and
respond positively to a marketing effofor information about how Lift and
Gain tables and charts are used for custoargeting, please see pabé2

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

3. A bank wants to reduce the default rate on personal loans. Using historical data
collected for previous borrowers, the bank can use DTREG to generate a decision
tree that can then be userddcttthe likéitoodor e 6 c an



that they will default on their loans.

4. An emergency roorreats patientwith chest pain. 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 generated to decide which
patients require immediate attention.

Data Modeling

One of the most useful applications of statistical angsligsihe development of a model

to represent and explain the relationship between data items (variddbasy.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 modeling method that
is best for all applications. DTREG provides the best,-stfatke-art modeling methods
includingneual networksdecisiontrees, TreeBoost, decision tree forests, support vector
machines (SVM)gene expression programmirgscriminant analysiand logistic
regression.By applying the right method to the problem, the analyst using DTREG
should be abléo match or exceed the predictive ability of any other modeling program.

Supervised and Unsupervised Machine Learning

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

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

be estimated. Byvarius means, the process @Al earnso how
the target variable based on the predictor variables. Decision trees, regression analysis

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

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

Unsupervised learning does not identify a target (dependent) variable, but rather treats all
of the variables equally. In this case, the goal is not to predict the valnvauadlale but

rather to look for patterns, groupings or other ways to characterize the data that may lead
to understanding of the way the data interrelates. Cluster anatysilation, factor
analysis(prinaple components analysiahd statistical measures are examples of
unsupervised learning.

Time Series Analysis

A time series is a sequence of values occurring over a period of time. Often time series
describe economiconditions such as price fluctuations, hotel occupancy, airline
passenger load, etc. DTREG can build models using methods such as neural networks,
gene expression programming and SVM to model time series and make future forecasts.
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Classes of Variables

You can specify three classes of variables when performing analyses:

Targetvariable-- The @At arget variableo is the variabl
and predicted by other vables. It is analogous to the dependent variable (i.e., the

variable on the left of the equal sign) in linear regression. There must be one and only

one target variable.

Predictor variable-- A Aipredi ct or veahdaseviallieswillbe sseddo var i abl
predict the value of the target variable. It is analogous to the independent variables (i.e.,

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

least one predictor variable specifietid there may be many predictor variables. If more

than one predictor variable is specified, DTREG will determine how the predictor

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

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

predictor variables.

Weight variable-- Opt i onal |l y, you can specify a dwei gl
is specified, it must a numeric (continuous) variable whose valueseategthan or

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

the dataset. For 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, thfecfis the same as two

occurrences of the row in the dataset. Weight values may be reahfeger) 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.

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 significant (e.g., a
value of 2 indicates twice the magnitude of 1). Examples of continuous variables are
blood pressure, height, weight, incenage, and probability of illness. Some programs
call cont i narderadsii o/rad iiiieabll @ ,smodidtodi® variables. If a
variable is numeric and the values indicate relative magnitude or order, then the variable
should be declared as continuous even if the numbers 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 categorical variables
finominab v a r Fa éxanple, .a categorical variable for gender mightthe 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 as well. As another example, marital status
might be coded as 1 for single, 2 for married, 3 for divorceddadndwidowed. DTREG
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allows you to use nenumeric (character string) values for categorical variables. So

your dataset could have the strings fAMal eodo a
categorical gender variable. Because categorical values are stdrednapared 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 continuous variables.
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Using DTREG

Once you understand the concept of decision trees, it isasgyto use DTREG to
analyze data and buitiecisiontrees to model data.

Installing DTREG

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

the installation finishes, you should gb& iconfor DTREG on your desktop:

Shorkcut bo
DTREG.exe

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

DTREGGs Main Screen
When you launch DTREGts main screen displays:

= DTREG - Predictive Modeling Prograr =10l ]
File - Edit  Wiew Tools Help Run-analysis  Yiew-tree  Charks  Enker-kew
S I IR

--Mu:u:lel

- Resulks

Ready i

From this screen, you can
e Create a new project to builddecisiontreeby clicking 7]
¢ Open an existinglecisiontree project by clickingﬁ
e Set options and enter your registration key.
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Setting DTREG Preferences

To set DTREG preferences, click ATool so
the dropdown menu.

System preferences x|

— Default type of model to build

— Multi-core CPU execution control

b ax. execution threads: I 2 "I

— Execution pririty

I Lo ;I

] I 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 type of 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 calcutaon by allowing DTREG to use more than one CPU, but this will place a
heavier load on your system. Note: Currently, multiple execution threads are only used
for cross validation of neural networks.

Execution priority : Specify the preferred execution for DTREG to use during an

analysis. Currently the execution priority is only applied to neural network training
processes.
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Entering DTREG Registration Key

When you register DTREG, you will receiveeamjistration key. To enter your key, click

AEnkeyo on the main menu and

Enter DTREG registration information .

Fleze enter pour DTREG regiztration information in the fields below,

enter

X

Fegiztered name; |

Feqgiztration key: I

F, Cancel
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