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1. Introduction
Welcome to the Quick user’s guide to TIMi Modeler.

This document will guide you through the process of creating and interpreting a predictive model
using TIMi Modeler. This guide is designed for beginners, and while the vocabulary used may
sometime be a little bit technical, you don’t need to be a specialist with 10 years of training in intricate
mathematical abstractions to understand this document.

Discovering new insights about your customers should be fun and easy, and the TIMi Suite has been
designed with this goal in mind. The TIMi Suite lets you easily explore terabytes of data to extract
some useful knowledge. There is a whole new world waiting to be discovered, hidden inside your
databases that you can now easily explore with TIMi Modeler.

The “TIMi Suite” consists of four tools: Anatella (TIMi’s ETL), Startdust (TIMi’s Data Visualization and
Segmentation tool), Kibella (unlimited Bl) and TIMi Modeler, the fastest automated predictive
modeling tool currently available. This document focuses only on TIMi Modeler, please refer to the
appropriate tutorial for the other tools.

During the course of this document we will analyze together a dataset named “census-income” (in
statistics data-tables are usually named “datasets”). This dataset contains information about the
financial characteristics of residents of the United State of America. Here is an extraction of this
dataset:

Is taxable
income countr weeks
. . y
key | amount | age education marital stat race |sex : worked
above of birth | .
in year
$50K ?
1 0 73 | High school graduate Widowed White F USA 0
2 0 58 | Some college but no degree Divorced White M | USA 52
3 0 18 | 10th grade Never married Asian F Vietnam 0
4 0 9 | Children Never married White F USA 0
5 0 10| Children Never married White F USA 0
6 0 48 | Some college but no degree Married-civilian Indian F USA 52
7 0 42 | Bachelors degree(BA AB BS) Married-civilian White M | USA 52
8 1 28 | High school graduate Never married White F USA 30
9 0 47 | Some college but no degree Married-civilian White F USA 52
10 0 34 | Some college but no degree Married-civilian White M | USA 52
11 0 8| Children Never married White F USA 0
13 0 51 | Some college but no degree Married-civilian White M | USA 52
14 1 46 | High school graduate Divorced White F Columbia 52
15 0 26 | Bachelors degree(BA AB BS) Never married White F USA 52
16 0 13| Children Never married Black F USA 0
17 0 47 | Bachelors degree(BA AB BS) Never married White F USA 52
18 0 39 | 10th grade Married-civilian White F Mexico 0
19 0 16 | 10th grade Never married White F USA 0
20 0 35 | High school graduate Married-civilian White M | USA 49

Table 1: Data Struture

During the course of this tutorial, we will explore the relationship between the column “Is taxable income
amount above $50K ?” and all the other columns of the dataset (age, education level, race,...) . The column “Is
taxable income amount above $50K?” is the “column to explain” inside our dataset. The “column to explain”
is named, in technical term, the “Target Column”.
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As it is often the case in machine learning problem, only a small percentage of this population belongs
to the target group, and each individual (each record, or each observation) within this group is named
“a target”. In terms of data, the “Targets” (i.e. all the people with a taxable income amount above
S50K) are identified with a value of ‘1’ in the “Target Column”.

Within the “census-income” dataset, the “Target Column” contains only two different values: 0 or 1.
This is called a “Binary Target”. Note that TIMi Modeler can analyze datasets with three types of
targets:

e “Binary Targets”,

e “Continuous Targets” and

e  “Multi-class Targets”.

In this document, we will focus primarily on the census-income dataset, which contains a “Binary
Target”. However, in section 8 we will extend the notions learned on a “Binary Target” problem to a
“Continuous Target” problem. In this section, we will focus on the prediction of the weight of a person
using only various body circumference lengths.

The “census-income” dataset contains another special column: the “primary key” column or primary
key variable. This “primary key” contains a unique value for each line of the dataset. This allows us to
uniquely identify each record (i.e. each row or observation) in our dataset. The concept of “primary
key” is well known in the database world: Should you require additional information on the topic, we
recommend you to read any introductory books on the “data management/data base” topic, or simply
ask anyone in your IT department. The “primary key column” in our dataset is named “key”, and we
recommend (although it’s not mandatory) using this convention for automatic type recognition.

Modeler is able to process datasets stored in many formats. These datasets can be stored inside
Anatella Gel files (.gel_anatella files ; this is the preferred format), relational databases (like Oracle,
Teradata, Microsoft SQL server, Informatix, MySQL,...), or simple “flat files” (text files). The preferred
storage format for Modeler is a .gel_anatella file which offer a good compression algorithm and the
fastest reading speed (.csv files compressed in RAR are also good).
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2. TIMi Modeler Installation

TIMi Modeler is part of the TIMi Suite. To install the TIMi Suite on a machine, the easiest way is to
download and run the automated installer available here:
https://timi.eu/downloads/
For more details, you can also refer to the document “TIMi_Deployment.pdf” available here:
http://download.timi.eu/docs/TIMi_Deployment.pdf

Along with the TIMi Suite, there are some other useful third party softwares included in the package:
e IrFanView: “TIMi Modeler” generates many charts and graphics that allows you to explore
your data in a colourful-user-friendly way. Most of these graphics are PNG files. The
“IrFanView” software allows you to rapidly browse through thousands of PNG-graphic-files
generated with TIMi. This is a nice complement to the picture viewer integrated inside
Windows. Visit http://www.irfanview.com/ for more information.

o EditPadLite7: Some reports generated with TIMi can be extremely large files. The
“EditPadLite” software is one of the few TEXT editors that is able to open and edit 100 MB
unicode text reports. This is very handy when working with dataset files containing more than
10,000 columns because, then, the TIMi-reports can become really huge (more than 80 MB
size). An even better alternative to EditPadLite is EmEditor: Visit https://www.emeditor.com/
for more information about EmEditor.

By default, The TIMi Suite installation software also installs some sample datasets (“Census-Income”
and other) inside your “{My_documents)\TIMi\DATASETS” folder or inside
“c:\soft\TIMi\AnatellaDemo\datasets”. Inside this tutorial, we will analyze with TIMi Modeler the
dataset “Census-Income”.

3. Directory Structure
When working with TIMi Modeler, we suggest to adopt the following directory structure:

e A data lake: One “Central Dataset Repository” directory

The “dataset” directory is a central repository that will contain all the datasets that you will
analyze. Dataset files are usually very large files (several gigabytes) and it’s better to avoid
duplication of these files in various directories on your system. To prevent duplication, we use
a central repository that contains the “one and only” copy of our dataset files.

If you are working on a distributed file system, you’ll most certainly have a “central-network-
drive” shared by all the analysts. | suggest you to create the dataset repository on the shared
drive to prevent duplication of the data. TIMi Modeler has been designed to minimize the load
on the network and it will read your data files at the lowest possible frequency. Typically, once
the first “read” is completed, the work happens locally which reduces the load from the
central server.

Note that you can easily change this directory by simply selecting another one in the standard
Mode Interface.
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e One “working directory” for each different analysis

The first thing to do when starting a new analysis with TIMi Modeler is to create a working
directory that will contain all the reports and, in general, all the results of the data mining
process. The TIMi Suite installation software automatically creates the directory
“{My_documents\TIMi\ INCOME”, which will be used as “working directory” during the
course of this tutorial.

By default, the “Central Dataset Repository” is the directory:
e C:\soft\TIMiPortable\AnatellaDemo\datasets when using the standard TIMi installer.
o {My_documents\TIMi\DATASETS when using the Wizard-based off-line installer.

Here is a screenshot of our default demo “Central Dataset” Repository:
(It contains our demo-dataset: “Census-Income.rar”)

[~ s | C\soft\TIMi\AnatellaDemo\datasets — ] X
Home  Share  View -]
&« v « Systéme (C) > soft » TIMi > AnatellaDemo » datasets v O O Search d
~

Name Size Type

BB brazil zip 174 KB WinRAR ZIP archive

B census-income.rar 4,140 KB WInRAR archive

=] census-income_doc.txt 15 KB  Text Document

B8 continu_weight.rar 22 KB WinRAR archive

=B continu_wine.rar 5KB WIinRAR archive

5 items =

Figure 1: Central Dataset Repository Content

)

As you see in the sceenshot above, our “Central Dataset Repository” directory contains several “.rar
files. Each “.rar” file actually contains one compressed Text/CSV files (see appendix A about
compressed CSV files). TIMi is able to read natively compressed CSV files: The compression formats
that are supported are “.rar”, “.zip”, “.gz” (the compressed archive must always contain one unique
Text file). When TIMi uses these file formats, it does NOT decompress the files on the Hard Drive: TIMi
decompresses the dataset “on-the-fly” in central core memory, thus reducing:

- theload on the hard drive

- the hard-drive consumption required to do the analysis.

The “Census-Income” dataset has been prepared for you by an expert data miner so that it’s directly
“ready to use” for predictive analytics purpose.

You can use Anatella (included inside the “TIMi suite”) to easily build such dataset. Technically, all we
need is the creation of a target column, although many transformations are often required to generate
high quality models. Please refer to the following document to have more information about the
(many) data preparation steps and how to construct a good Dataset:

http://download.timi.eu/docs/DataPreparation Churn.pdf
http://download.timi.eu/docs/DataPreparation PropensityToBuy.pdf
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4. The TIMi Modeler Modeling Process

As mentioned earlier, the “Census-Income” dataset originates from the American Census Bureau (it’s
an open source dataset freely available online). Each line represents a person. The target column is a
binary variable, that is true (1) when the income level for a person is above $50K and false (0)
otherwise. The objective of our modeling exercise is to identify which USA residents will have “Target=
TRUE”, using all the information available.

With TIMi modeler, the process to create a new predictive model consists of three steps:

1- Step 1: Where is my dataset?

We need to set the location of the dataset to analyze. Typically, our dataset will be inside the
“Central Dataset Repository” directory. This dataset can be a text file, a .gel_anatella file, the
result of a query on a SQL database, or any file format we mentioned above. The information
about the location of your dataset is stored inside a “.DSourceXML” file.

At the end of this first step, TIMi Modeler attempts to guess the type of each column/variable
in the dataset based on some heuristics. Based on these guesses, it will produce a “.TypeXML”

file (see next step to know more about this file)

2- Step 2: What are the types of the columns inside the dataset?

We now need to set the type of the columns. There are basically five types of columns:
a. Value type. Examples are: Age, Size, Cost, Price,...

Nominal type. Examples are CarlLabel, Region, Sex, ...

Binary type. Examples are: isMale, isForeigner,...

Target type. What is the “Target Column”?

Key type. What is the “Primary Key” column?

oo o

The information about the type of the columns is stored inside a “.TypeXML"” file. This file is
the end-result of the previous step (step 1). You (normally) have to carefully check it do the
necessary changes if some column’s types were not guessed properly by Modeler during the
step 1.

At the end of this step, TIMi Modeler generates several reports about the data quality of the
dataset, some statistics about the content of every column, and some charts. It also generates

a “.CfgXML” file (see the next step to know more about this file).

3- Step 3: Who are my targets?

We now need to set the selection of lines and of columns inside your dataset that we want to
analyze. Most of the time, no sub-selection is needed as you will analyze all the lines and all
the columns of your dataset, so you don’t have to provide anything here (You can leave the
default values “as is”). Your selection is saved inside a “.CfgXML” file.

At the end of this step, Modeler generates an “analyst” report that explains how we can
identify the “Targets” (in our example: how to recognize somebody that has an income level
above $50K). This “analyst” report contains information about the exact profile of a US
resident with an income level above $50K.

|II

TIMi Modeler also generates a “predictive model”. This model is using all the information
contained inside the columns of your dataset to guess if a person is “inside the target” or not.
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Typically, Modeler constructs a “predictive model” using no more than 15 to 25 columns of
the dataset to perform the guess. Why such a small number of Columns? Because, usually, the
columns that are ignored by TIMi Modeler simply do not contain any other additional relevant

information compared to the columns already used by the model.
At this stage, the model creation process is complete. However, several steps must be taken to fully
deploy the models and put it into production. Such steps are usually completed using Anatella. A TIMi
predictive model can be:
e ..used directly inside Anatella (this is the easiest for the deployment of your models and also
the recommended way to put your models in production).
e ..used directly on the command-line (in a batch script)
e ..exported:

o

O
O
O
O

...to “SAS base” code

...to simple ‘SQL” code that runs in almost any database engine.

...to Python

...to VBA (to run your models inside an Excel Sheet)

...to HTML and Javascript (to run your models inside your Internet Browser)

5. Running TIMi Modeler.

Let us now begin our analysis of the “census-income” dataset

After the installation process of TIMi is completed, you should have on your desktop the following

icon:

A

Double-click the above TIMi icon and the “Main Window” of TIMi Suite appears:

I TIMi Suite - Main Menu X

PTIMi

CREATIVITY THROUGH EFFICIENCY

Main Manage TIMi System

The Tools

BoModeler WKibella
data in motion # automated modeling multiveri iate 3D segmentation P unlimited self service Bl

Predictive Modeling with TIMi Modeler
Standard Mode for Modeling

Predictive
modeling process

Select Audit Create Use
Data Source Data Predictive Models Predictive Models

|

Run Simple Modeling Wizard

Figure 2: The TIMi Suite Main Menu

The TIMi Suite offers three different interfaces. Each interface is adapted to the degree of technicity
of the user. Note that no previous knowledge of algorithm design or statistical modeling is required
for either of the three levels.
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We will focus on the Predictive Modeling Process area, which consists of 4 tasks:
e Data selection

e Data Audit and validation

e Model Creation

e Model Application

5.1 Three levels of user’s interface

1. The « Simple WIZARD » Interface

This simple interface is designed for users with limited experience (or no experience) in
datamining/Modeling.

The user is guided through a standard wizard in which all the steps of the model building process are
included, and the creation of the directory structure is automated. At each screen, the user answers
a simple question and then clicks « NEXT ». At the end, a predictive model is generated, with the
accompanying report. These predictive models can then be used “in production” through a set of
automated tools.

This interface allows you to solve 90% of the « classical » datamining problem:s.

& The Intelligent Mining Machine - WIZARD - Default ? X

Projects
hd Default == %
| = FEEEEE = r = Vi =D =
3 .

&Enter Project Name
|

(9%
|

1: Project Name 2: Dataset 3: View 4: Col. Type 5: Audit 6: Create Model 7: Validate Model 8: Aapdhih;

Project Name:

< >
Create New
Manage Categories
and Projects
Refresh Panels
Show Previous Next
Main Menu
Figure 3: Simple Wizard Interface
& W i Sales!@tlml.eu www.timi.eu
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2. The « Standard Mode » Interface.

This interface requires a bit more experience in terms of data structure, yet gives the user a bit more
freedom and control when steering the wheel. You can easily create predictive models for binary
targets (risks models, fraud detection, appetency, etc.), for continuous targets (profitability models,
share-of-wallet, etc.) and for multi-class targets.

With TIMi Modeler, you can spend your time understanding your data instead of spending time
understanding the parameters of the datamining software that analyzes your data!

All the parameters available in this mode have a “business” sense that is easy to understand (i.e. there
are no “impossible to understand”, intricate parameters linked to an incomprehensible internal
algorithm that you did know it existed). Using the « Standard Mode » interface, it's almost impossible
to wrongly set the parameters of TIMi Modeler: We always obtain a relevant predictive model (with
the corresponding analysis report).

This current document (TIMi Modeler Quick User’s Guide) gives a detailed explained of the « Standard
Mode » Interface.

File Toocls Additional panels  Windows  Help

TIMi Select Variables ~ SelectLines /Segment  Target Definition CREATE MODEL Apply model Execution Log
Line/Segment Selection
(®) Boolean Expression () External file () StarDust Segmentation Model

Standard Parameters Help

9 TIMi Config - F/TIMi/income/census-income. CigXML - O

add'_n_' as input var

veterans benefit.. W

All Columns: o Add Variable 277 parser Q) Remove Variable
Column Name Type * k|| CastToMNumber ColumnMame  xpression VarMame  Current Value Meta-Type
num persans w... ¥
h 4
own business or...

=T
v Functions on Mumbers ~ | |function on Strings -
year
Expression: Truncate table on first failed row
age v
v
Filter: | =

Debug

W% ? | Value (debug): |

Figure 4: Standard Mode Interface

3. The « Expert Mode » Interface.

This interface allows you to modify almost all the internal parameters of the algorithms used by TIMi
Modeler. A detailed knowledge of the algorithms used by TIMi Modeler is required to understand and
properly adjust these parameters.

In most situations, the defaults values of the parameters already generate very efficient predictive
models. If you want to “extract” a “few percent more” from your data and create slightly better
predictive models, you can adjust these meta-parameters but, in general, the gain is really marginal,
unless rare problems of over-fitting arise.

Please refer to the TIMi Modeler “Advanced User Guide”, to have more information on the algorithms
used by TIMi Modeler and to know how to parameterize them correctly.
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&» TIMi Config - F:/TIMifincome/ census-income, CfgkML

File Tools Additional panels Windows Help

TIMi Model Parameters (1) Select Variables Select Lines [ Segment Target Definition CREATE MODEL Apply model

Execution Log

Standard computation modes for model construction
(O Build model for efficiency (with many variables) (®) Build standard model for "Insight™ () Build high-guality model for “Insight”

Model Penalization for Elastic NET
Penalization Type (Alpha)

(®) Use specific user value:  PURE RIDGE: T T T T T T T T T T
(O Use optimal value

Penalization Factor (Lambda)

1 :PURELASSO k)

() Use specific user value T T T T T T T T

-100

Yo

(®) Use optimal value with & model with no more than _[l

Ijl variables

(O Use optimal value 0
[ Perform third optimization pass

Parameters for backward stepwise pruning

() Mo pruning

(C) Mo Pruning {multivariate importances are computed)

(® Fast Pruning: when removing a variable from the model, no variable can “enter” the model to replace the “removed variable™

(O Slow Pruning: when removing a variable from the model, it is possible that a new variable "enters” the model to replace the “removed variable™

Remove all variables with Multivariate Importance below |3
Quality Computation for pruning (AUC)

Completely use Lift curve until T T T T
0

Completely ignore Lift curve after T T T T

o

Figure 5: Advanced Mode Interface

Let us now focus in details on the « Standard Mode » Interface. There are three main components

inside this interface:

The DataSource Editor. (Step 1)
The Type Var file Editor. (Step 2)
The Config File Editor. (Step 3)

Those three components correspond to:
1. The three steps described in the introduction section.

2. The first three buttons on the Data Mining Process on the TIMi Main Menu:

P TIMi Suite - Main Menu

Predictive Modeling with TIMi Modeler
Standard Mode for Modeling

Main Manage TIMi System
CREATIVITY THROUGH EFFICIENCY
The Tools
data in motion gb Mggﬁl er multivariote 3D segmentation g¢) 5!,9 Sc!' a||'0

Predictive Models

Use

Select Audit Create
Data Source Data Predictive Models
* Run Simple Modeling Wizar
Step 1 Step 2 Step 3

We'll also talk about the fourth, very important, step: the “Apply Model” Step:

sales@timi.eu
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5.2 Command-Line Help Menu

TIMi

You can check your version of TIMi in the following way: inside the “main window of TIMi” click on

the Manage TIMi System tab

and on the "Get Modeler Engine Version Number" button:

/

BB TIMi Suite - M%Meﬂu

Main Manage TIMi System

| Enter TIMi License

&«

Get Modeler Engine Version Number

Sound Active Sound Theme: extended ~

Copyright (c) 2008 Frank Vanden Berghen
Commercialized by TIMi.eu on behalf of Frank Vanden Berghen

Install Dir:
D:/Windows/buildXx64

Version Number:
Anatella v2.22
TIMi Modeler v12.27
Stardust v0.17

Release Date: 2020/09/03

Update TIMi

Re-Start TIMi Servers

The version number is inside the new window:

Ew TIMi Version Number *
The Intelligent Mining macbit - (c)Frank Vanden Berghen
Application is registered. Hardware-|D : £ ATA
Registr. Mame: T Licence info: 0x7ED
Release Date : 2019/11/02. Expiry Date : 2022/12/03.
Serial: | 176
- sales@timi.eu www.timi.eu
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6. Predictive Modeling with TIMi Modeler

6.1 Data Selection: The DataSource Editor (Step 1)

Select
Click on the Data Source button of the TIMi main window.

The following window appears:

&) TIMi Data Source Editar = O X
File Windows Help
Main Show DataSource Execution Log
Character used for Dedmdl Mark : l:l
Data Source Definition

® csv file/TxT fle (OlAnatella fle () 545 fle () ODBC Link () OleDEB link () SQLite file

y . Browse Dataset| | Browse Last
FileName: | ‘ Repository Used Dir

@ commal O HasH (D) SEMICOLON () Tabulation

() other: l:l

The first line of CSV filejcontains the column names
[ character encoding is UJF-8

Separator:

RAR password (optional): |

TIMi datamining project Settibgs
Working directory containing ll the Analysis Results:

i . ] . Make andor
(0) Use dataset directory| (® Use: |F.;‘I‘IM|,."|nc0me Browse Dir

Project Name (. TypeXML): | ‘ | Browse

. Faveor predsion over high-compression-ratio
]
Read all the + | lines to gerform the guess for in-memory dataset storage

Start Analysis
(Generate . TypeXML File)

The first step of the analysig is obviously to open the dataset file on which we will work on. Using the
DataSource editor, you can|specify the location of the dataset that you want to analyze. The default
storage is CSV/Text file (CSVE“Comma Separated Value” text file).

It is important to properly set the separator character when working with text file. It can be a comma

,”, a Hash “#”, a Semicolon {;”a TAB character, or any other which you may specify. When in doubt,
click on “Show Datasource” ! and TIMi Modeler will display the first 100 lines.

Please also note the presence of the parameter named “character used for decimal mark”. The default
setting is “.”. It means that a column containing “3,14” won’t be recognized as a “value” column but
rather as a “nominal” column because of the comma. If you want that TIMi Modeler sees “3,14” as a
number you must:
1. Change the parameter named “character used for decimal mark” to the value “,”.
2. In particular: This will NOT work:
Manually changing the type of the variable from “nominal” to “value” inside the “Type
Var Editor” (see next section) will not work.
Alternatively, a better solution might be to use Anatella to replace the “,” comma character with a “.”

dot character (using the E!E] ReplaceStrings action).
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\’ Note about UNICODE:
Ideally, the character encoding of your text

file is Unicode UTF-8. Unicode allows you to manipulate

datasets containing any kind of characters: Cyrillic, Chinese, Greek, etc. If unicode is used, TIMi

Modeler automatically produces unicode ve

If the first 3 bytes of your text dataset are 0

rsion of the reports in MSWord and MSExcel.

xEF, 0xBB, 0xBF (This is the Byte-Order-Mark for utf-

8 encoded text file) then TIMi Modeler automatically switches to the Unicode mode. By default,
Anatella always produces utf-8 unicode text files with a correct utf-8 BOM (Byte-Order-Mark) header
(so that everything is automated and transparent for the end-user when using Anatella).

Browse Dataset

Let us go back to the “census-income” example: Click on the | “repestary | bUtton, go to the “Central

Dataset Repository” directory, and select the

“census-income.rar” file (see appendix A about

compressed CSV files). See the illustration below:

&> Open csvfile X
&« M <« AnatellaDemo > datasets v & Search datasets
Organize v Mew folder ==« [ o
~
~ Name Size Date modified
3 Quick access o
brazil zi 174KB 28/
[ Desktop p
E CENSUS-INCOMme.rar 4140 KB
¥ Downloads =] census-income_doc.txt 15 KB
=| Documents B continu_weight.rar 22 KB
| Pictures B continu_wine.rar 5KB
Anatella_guick_s
v £ >
File name: | v| [anea v

Once you click “Open” the connection is established./

Note that the dataset can also be stored inside an Anatella .gel file, a .sqlite database file or inside any
database accessible through ODBC or OLEDB technique.

The next step is to set the working directory that
to use the current directory (where the source fil
on the |Makeandlor  Kutton and create/select a

Browse Dir

“f:\TIMi\income3” directory):

contains the analysis results. You can either choose
e is located) or any directory of your choosing. Click
working directory (here below, we selected the

9 Select Project Directory

Look in: F:\TIMi\jncome3

s My Computer

a frank

Directory: |

=

Files of type: | Directories

- Cancel

You can also change the name of the project to something more meaningful, like “demolncome” (the
same “working directory” can contain several projects, if they have different names). You should now

have something like this:

| 13
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&) TIMi Data Source Editar = O X
File Windows Help

Main Show DataSource Execution Log

Character used for Dedmal Mark : l:l

Data Source Definition

® csv file/TxT file () Anatella fle () 545 fle () ODBC Link () OleDEB link () SQLite file

’ . R " . Browse Dataset) | Browse Last
FileName: |C.fsoft,."l'[Ml,.’AnahellaDemofdatasetsfcensus-mcome.rar Repository Used Dir

@ comma (O HASH (D) SEMICOLON () Tabulation

() other: l:l

The first line of CSV file contains the column names
[] character encoding is UTF-8

Separator:

RAR. password (optional): |

TIMi datamining project Settings
Working directory containing all the Analysis Results:

- " Make andjor
(O) Use dataset directory (8 Use: |F:,."I1M|ﬂncome3 Browse [{ir
Project Name (. TypeXML): |census-income | Browse
- T Faveor predsion over high-compression-ratio
Read all the lines to perform the guess for in-memory dataset storage
Start Analysis
(Generate . TypeXML File)
. Start Analysis . . .
Click the (Generate TypeXML File) button and wait for a few seconds (it can be a few minutes on very

large dataset files). You should pretty soon see the following message:

9 Guess process finished success fully X

0 Proceed to next step?

(this will open the new TypeXML file for editing)

The first step of the analysis is now complefed. TIMi Modeler performed a first analysis of your dataset
in an attempt to guess what'’s the typeof each column of your dataset. Based on this guess, it produced
a “.TypeXML” file that appearedifiside the “working directory”.

Click the button” The TIMi Modeler “.TypeXML file Editor” appears. Alternatively, you can
also double-click the “demolncome.TypeXML” file inside your working directory:

FATIMitincormne3 = O *
<« v » ThisPC » TEMP({F) » TIMi » income3 v | B O Searchi..
MName - Size Type Date modified
9 census-income TypeXML TKB  TIMi TypeXML file 244972020 17:52

Double-click the .TypeXML file

1 item =

| 14
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6.2 Review and Audit Data: The Type Var file Editor (Step 2)

The goal of this step is to validate the type of the variables inside our dataset. These variables are used
for the whole remainder of the analysis, so we’d better check carefully their type!

<y

There are three ways to start the .TypeXML file Editor:
1. Create a new .TypeXML file using TIMi Modeler and open it directly after creation (this

is normally what you just did in the previous section)

Daka

2. Click the Audit button inside the main menu of TIMi.

Double-click on a “*.TypeXML” file inside a “MSWindow File Explorer” window.

6.2.1 Variable Types: Review and Implications

Using the “Type Var Editor”, you can specify the type of each column of the dataset.
There are basically five types of columns:

a.

Value type. Examples are: Age, Size, Cost, Price, ...

This type of column can only contain numbers and exhibits an ordering property. For
example, a six-year old boy is younger than a twelve-year old boy and a twelve-year old
boy is younger than an eighteen-year old boy. There is an order. So, a column containing
the age of a person should be of type “value”. On the contrary, a column containing the
zip code of the house of a person should be of type “nominal” because the zip code 1050
is NOT smaller or bigger than the zip code 1210. There is no order inside the zip code.

Binary type. Examples are: isMale, isForeigner, ...
This type of column can only contain a “true/false”, “yes/no” semantic. These columns

contain only two modalities (T/F) or three modalities (T/F/missing).

Nominal type. Examples are CarlLabel, Region, ...
This type of column contains anything that is not “value type” or “binary type”.

Target type. What is the “target column”?

Key type. What is the “primary key column”?

| 15
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The Type Var Editor window is divided in three zones: See the illustration below:

ﬁ TIMi Type Var File Editor - F/TIMi/income3/ census-income. TypeXML — O s
File Actions Windows Help
Editor Validator Analysis Execution Log —
. Filter 1 Filter 2 Filter 3
Mo Filter = [ activate l“—l Invert [] [ activate ,“—| Invert [] [ activate | ListVar | Invert [] s
Standard Parameters Advanced Parameters
Column Name Type Ignore Graph Dummy lllustrative Comment 63
age Value O O ndcc= 91
class of worker Nominal O O Not in universe,Self-employed-not...
detailed industry code Value O O nOcec= 52
detailed occupation code Value O O nOcc= 47
education Mominal O O nOce= 17
wage per hour Value O O nOcc= 1240
enroll in edu inst last wk Mominal O O Mot in universe, High school, Colle...
marital stat Nominal O O Widowed, Divorced, Never married, ...
major industry code Meminal O O ndcc= 24
major occupation code Nominal O O nOcec= 13
v
=
Select Variable activatejignore Variable Type Chart & Graph Create Dummy
All Activate Ignore Value MNominal Binary [ force Yes No Yes No

The Green Zone contains information about all the columns of your dataset.

Inside this zone, you can see the column “Type” that contains all the column’s type inside your dataset.
The dataset column’s type is based on a guess done by TIMi Modeler, and (as it is the case with
everything that’s coming out of a heuristic) guesses can sometime go wrong. For example: a postal
code will be detected as “value type”, but it is in reality a “Nominal type”. You should check the
column’s type to see if the guess was OK.

If a column containing the number “3,14” is incorrectly detected as the “nominal”, you must go back

“n

to the DataSource Editor and change the “character used for decimal mark” parameter to “,”.

“n «n

Alternatively, a better solution might be to use Anatella to replace the “,” comma character with a “.
dot character (using the mE] ReplaceStrings action).

Note that TIMi Modeler will work fine even if some types are wrongly defined. However, if there are
too many errors in the column’s type then the quality of the predictive model (the quality of the lift)
might be a little bit lower.

Usually, TIMi Modeler’s guesses are fine (except for zip and other numeric “code” type of variable).
So, don’t worry if you do not want to look at the type of ten thousand variables. You can proceed
directly to the next step to construct a “predictive model”.

Remark: Once | have a predictive model, | check carefully the type of the few columns (usually no
more than 25) that are actually really used to perform the prediction. As a general rule of thumb, it’s
never a good idea to spend a lot of time cleaning and “tuning” all the dataset’s columns. You should
focus only on the columns that are used by the predictive model. TIMi Modeler is pretty robust to un-
cleaned data, so don’t worry too much about having a “perfectly” correct .TypeXML file.
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You can edit directly the table to change the column’s type. For example, the column “detailed industry
code” is a code and thus should be a “nominal value”. Change column’s type as illustrated below:

g% TIM Type Var File Editor - DADocuments\TIM\DEMO-INCOME\demalncome.TypeXML [E=NE

File Actions Windows

Type Var Editor | Analysis © Execution Log

Filter 1 Filter 2 Filter 3
activate |*indu* Invert []  [] activate |** Invert [ [C] activate Invert [7] 2

Standard Parameters ]

NoFiker =

Column MName bype Ignore  Graph  Dummy  Ilustrat... Comments
v W
[} ] |nOce= 24

major industry code

. Variable activate/inactivate Variable Type Chart & Graph Create Dummy
elec

Al [ Activate ][ Inactivate ] [ Value H Naominal ][ Binary ]DForce [ Yes H Mo ] [ es ][ Mo ]

e s

Please note that the manipulation described in this note is only an example. This manipulation has NOT
been performed in the rest of this document.

The red zone: This zone contains some filter that allows you to search easily inside the central table
in the green zone. Some examples:
- Ifyou enter “*code” inside the Filter 1, you will get all the columns with a name that ends with

“code”.

- If you enter “code*” inside the Filter 1, you will get all the columns with a name that starts with
“code”.

- Ifyou enter “*code*” inside the Filter 1, you will get all the columns with a name that contains
“code”.

The blue zone: This zone is used to apply changes on the selected lines of the central table in the
green zone.

An example of usage of the red and blue zone: We want to set to the “nominal” type all the columns
that contain “code”:
1. Enter “*code*” inside the Filter 1.

2.Clickthe =% putton / and then the  nominal button/

See the illustration below:

& TIMi Type Var File Editor - F:/TIMi/incomeffcensus-income. TypeXML

File Actions Windows Help

Editor alidator Analysis Executigh Log
Filter 1

TORIET Y A actvate [Fece ]

Standard Parameters  Advanced Bframeters

Filter 2 ilter 3

et [ Cactvate = |1wert (] f[actvate | Lstvar | Tvert [] °

Column Name

detailed industry code

G

detailed occupation code
major industry code

major accupation code
migration code-chanr e in msa
migration code-che 1ge in reg

migration code-n .ove within reg

=

Z|lZz|z2|l2|lZ2|=|=s
g|lg|g|eg|g |8 ||
3 3 3 3 3 c c
(2|22 |2 |5 |F
2 |a|a|a|& i

Variable activate/ignore Variable Type Chart & Graph Create Dummy
Activate Ignore Value Nominal Binary [ force Yes No Yes No
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Please note that the manipulation described in this note is only an example. This manipulation has NOT

been performed in the rest of this document.

You must define the column that contains the primary key. In our example the primary key is the

column “Key”. See illustration:

9 TIMi Type Var File Editor - F/TIMi/income3/census-income. TypeXML -
File Actions Windows Help
Editor Validator Analysis Execution Log
Filter 1 Filter 2 Filter 3
Mo Filter =

activate Invert []

Standard Parameters

[ activate l:l Tnvert [] [ activate | ListVar | Invert [ ]

Advanced Parameters

Column Name Type Ignore Graph  Dummy lllustrative Comment
Walue
Mominal
Sdect Variable activate fignore Variable Type Chart & Graph Create Dummy
All Activate Ignore Value MNominal Binary [ force Yes No Yes No

We also have to define the column containing the target. In this example the target is of type Binary
True/False: We select inside the .TypeXML the column “taxable income amount” as TargetB (“B”

stands for “Binary” target). See illustration:

9 TIMi Type Var File Editar - F/TIMi/income3/census-income. TypeXML — O X
File Actions Windows Help
Editor Validator Analysis Execution Log
: Filter 1 Filter 2 Filter 3
Mo Filter ~ activate Iwert [] [ activate l:l twert (] [ activate | LstVar | wert [ 2
Standard Parameters Advanced Parameters
Column Name Type Ignore Graph  Dummy lllustrative Comment
tax filer stat Nominal O O Nonfiler,Head of household, Joint ...
Mominal
Binary
Select Variable activatefignore Variable Type Chart & Graph Create Dummy
Al Activate Ignore Value MNominal Binary [ force Yes No Yes Mo
The other parameters available inside the .TypeXML File editor are not important at this time. You
can leave them at their default value.
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6.2.2. Generate the Data Audit

Click on the “Analysis” tab:/ ...and then on the “Run Univariate Analysis” button:/

TIMi

&> TIMi Type Var File Editor -

TIMifincome3/census-income, TypeXML

Continuous Target

Explore Results
Open AUDIT report

Run Univariate Analysis

maxMemConsumption =

Discard Nominal Variables with more than 8000 modalities

0%

Comments

File Actions Windows elp
Editor Validator Analysis Execution Log
Binary Target / min Modality size= 0.0001

ME

M5 WORD M5 EXCEL TXT

Start Multivariate Prediction analysis

Start Segmentation Analysis

After a few seconds you obtain:

9 Execution Log

ﬁ Analysis finished successfully,

s

Your working directory now contains:
| & = | FATIMitincome3 - O X
Home Share View o
« M » ThisPC » TEMP(F) » TIMi » income3 v O Search i...
MName - Type Date modified
census-income_univPlot File folder

9 census-income CfgiML
ab census-income.DescXML
0 census-income, TypeXML
#| census-incom e AUDIT.doc
~ census-income AUDITixt
@ census-incom e AUDITxlsx

. census-income AUDITxml

8 items

29KB

190 KB
92 KB
103 KB
55 KB

5KB TIMi Config file

TIMi Description file
TKB  TIMi TypeXML file
Microsoft Word 97 -...
Text Document
Microsoft Excel Wor...

XML Document

The “census-income.CfgXML” file will be described in the next section.

The “census-income.DescXML” file is required to do a segmentation and a prediction analysis. The
“.DescXML” files are not editable and contain only information used internally by TIMi Modeler and

sales@timi.eu
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StarDust. The “.DescXML” files contain information about the distribution and the recoding of the
different variables that is required by TIMi Modeler and Stardust to correctly process the data.
The “census-income_AUDIT.doc”, “census-income_AUDIT.txt” and “census-income_AUDIT.xml” files
have all the same content. The only difference between these files is: « Most of the time, the .doc file
is the one you are interested in. The .txt file is faster to open but it does not contain any images. The
“.xml” is only useful for the automatic generation of commercial reports. ». Let us have a first look at

our dataset! Click on the “MS-Word” button here:
Explore Results
Open AUDIT report
THT

MS WORD M5 EXCEL

|”

This button is a simple shortcut to open the .docx file. Alternatively, you can double-click on the
“census-income_AUDIT.doc” file!

You should see something like this inside Microsoft Word:

TI M i- The Intelligent Mining Machine hb Audit report v12.27
o

WARNING: Press <CTRL+A>, <CTRL+SHIFT+F9>, <CTRL+S>
before sending this word document by mail.

General Counts

File Name: census-income
Number of audited variables = 42
Number of rows in dataset = 198523

Target variable = taxal incoms unt
Number of rows in Target = 1238 ( 6.21 %)

e

The important information here is the percentage of target inside the dataset: 6.21%. It means that if
you pick at random a row (a person) inside your dataset, you have 6.21% of chance of to find
somebody that is a target (i.e. that has an income level above $50K). “6.21%” is named the “a priori
probability” (to be a Target) or “natural density” of targets.

Let us scroll down a little inside the AUDIT document. Let us look at the information extracted from
the column “age”. You can use the “Navigation Panel” to directly access the variable “age”. You should
see the following:
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census-income_AUDIT.doc [Compatibility Mode] - Ward

Home Insert Design Layout References Mailings Review Help g Tell me what you want to do

m I:I [=] Outline Dj\) I |(:_|E| ] Ruler q I:;)u DDD B2 New Window | [T ED'_] D:r

B [=] Draft - [ Gridlines H Arrange Al EE]
Read Print Web Immersive | Vertical Side L Zoom 100% . Switch Macros | Properties
Mode Layout Layout Reader to Side Navigation Pane ‘B split Windouws -
Views Immersive Page Mavement Show Zoom Window Macros SharePoint ~
-
Navigation T % | 5)age
‘S n . o Median= 33
earch documen -
Mean= 34.4942
Headings Pages Results f:{dDe"[’): 22.3109
n=

1) num persons worked for em... Max= 90

e RS AN Number of different values= 91

3) veterans benefits code M 3 )

ax Quantile limit= 40
4) year . , . ,
4 CONTINUOUS Variables 73.8461 15 s
min Bin Size = 199

=3 66.4615

) capital gains

T) capital losses

8) detailed industry code click here

9) detailed occupation code

10) dividends from stocks
11) instance weight
12) wage per hour 25,5385

36,9231

13) weeks worked in year 221538

Page 4 of 40  6275words  English (United States)

If the “Navigation Panel” is not visible, you can activate it in the “View” menu by clicking he;\
When you scroll down a little further, you see a red/green histogram chart.

6.2.3. Interpretation of the red/green histogram charts.
Let us go back to the variable “age”.

The histogram chart allows you to visualize the relationship that exists between the variable age and
the Target (here: the target is: “the people with a taxable income amount above S50K”).

nLine=199523 nModality=16 targetMean=E.2U

30000 -
- 18
25000 | o
zoooo b - 12
- 10
15000 -
14000 <« - B
10000 = 6
-4
5000 - 3%
-2
430 <+ 0
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What do we see on the above chart?

TIMi Modeler automatically discretized the variable “age”: it regrouped together the values inside the
column ‘age’ into small “bins” or “modalities”. In the chart above, there are 15 modalities. Let’s focus
our attention on the modality “72<=v” (that includes all the individuals with an age greater or equal
than 72).

You can see on the chart (looking at the green bar), that there are approximately 14 000 records
matching this condition. Amongst those 14 000 people, there are 430 targets (look at the very small

bar). It means that if you pick randomly somebody that is older than 72, there is 430/14 000=.03=
3% chance that this person is a target. The red line on the graph represents the probability that a
person is a target in function of its age (for the statisticians: it’s the conditional probability P(target=1|
a<=age<=b) ). For example, looking at the red line above, we can see that, for the modality “72<=v",
the probability to be a target is 3% (the red and blue lines refer to the vertical axis on the right and
the green and bars refer to the vertical axis on the left).

The red line is the most important part of this chart. It allows you to see “trends” and “pattern” linking
some specific variables to the target.

The blue line represents:
- The “a priori probability” to be a target or the “natural density” of the target.
- The probability to be a target if you pick somebody at random.

What can we conclude?

In USA, the wealthiest people are between the ages of 47 and 53 (inclusive) (because the red line is
the highest in this range). Between the ages of 29 to 61, the red line is above the blue line. It means
that, between the ages of 29 to 61, you are wealthier than the common, average guy.

6.2.2. Introduction to the lift curves.

Inside the AUDIT report, TIMi Modeler also reports many LIFT charts: i.e. One lift chart for each
different variable in the dataset. These lift charts represent graphically the accuracy of a “univariate”
predictive model that is built using the “current” variable. A “univariate” predictive model is a
predictive model that uses only one variable to compute its predictions. For example, for the column
“age”, the LIFT chart is:

age

100 T 0.16
o0 | .
4014
B0 | .
4 012
70 | .
0 L 1 0.1
50 - <4 0.08
40 - 4
4 0.06
30 | .
4 004
20 | .
nTarget=12382.000000 -
10 nline=199523.000000 7 0-02
AUC=0.571130
o | | | | | | S S R
0 10 20 30 40 50 60 70 B0 90 100
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To explain the lift chart, let us assume that we have a “perfect” predictive model that makes no
mistakes. This “perfect” predictive model detects without doing any error, all the targets inside your
population. In our example, here, the target size is 6% of the population (i.e. there is 6% of the
population that earns more than $50K per year). This “perfect” predictive detects 100% of our targets
selecting only 6% of the population. The quantity of “detected targets” is displayed on the Y axis while
the size of the selection is displayed on the X axis. This “perfect” predictive model is illustrated with
the green curve. This green curve goes through the point of coordinates (6% ; 100%) meaning that it’s

able to predictive detects 100% of our targets selecting only 6% of the population*

Vertical Axis= Percentage
of targets found

Coordinates: (6% ; 100%): The perfect predictive model needs
to select only 6% of the population to find 100% of the targets.

age

Coordinates: (70% ; 100%): The univariate
predictive model built using the “age”
variable needs to select 70% of the
population to find 100% of the targets.

= 0.08

Lift Index is 2.4 . 0.06

- 0.04

nTarget=12382. 000000 S

10 nline=199523.000000 0.02
AUC=0.571130 | Horizontal Axis= size
0 ' ' . - 3 of selection

10 20 30 40 50 60 70 a0 90 100
H . o/ . /). H : .
Coordinates: (20% ; 50%): The univariate Coordinates: (50% ; 50%): The random
. . . . “ ”
predictive model built using the “age predictive model needs to select 50% of

variable needs to select 20% of the whole
population to find 50% of the targets.

A “normal” predictive model is forced to “recruit” a lot more than the minimum 6% of the population
to find 100% of the target. For example, the univariate predictive model built using the “age” variable

the population to find 50% of the targets.

A

must select 70% of the population in order to find all the targets:

If we only want to find “half the target” (i.e. 3% of the population that are inside the target) using the
above univariate predictive model, we will need to select 20% of the population.l

The worse predictive “model” that we can create would “select” people at random. It is illustrated
with the yellow line in the lift chart above. This “random” model needs to select 50% of the population

to “find” 50% of the targets (it finds them by pure luck).
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Inside TIMi Modeler, the accuracy of the (binary) predictive models is always illustrated using a lift
curve (in the chart above: look at the blue curve). The (blue) lift curve of the predictive model is always
“in-between” the “perfect model” curve (in green) and the “random model” curve (in ). The

curve and the curve thus represent the upper and lower bounds of the accuracy
reachable by TIMi Modeler. The higher the (blue) lift curve, the higher the accuracy of the predictive
model (but you can never go “above” the green curve).

III

6.2.3. How to Measure the Accuracy of a predictive model

Out of the lift chart, we can extract several indexes that characterize the accuracy of the predictive
model.

The most common index is the “lift index” or, in short, the “lift”. In the chart above, the “lift index” is
2.4 (=24/10): If we use our predictive model to select 10% of the population, our selection is 2.4 times
better than the “random model” selection because we will "find" 24% of the targets (instead of only
10% of the targets for the “random model”). The “lift index” represents “how much better” you are
doing compared to the “random model” selection. By convention, it is always expressed for a selection
of 10% of the dataset. Here are some examples:

Delilwerrd Memdel naliwruate Bl ivrred Runiel

| -l .
L | r
1 - ¥,

L

Great Model E
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The “lift index” is very often used but it’s not very representative of the accuracy of the predictive
model because it only represents one point of the lift curve (the point for the “10% selection”). There

“

exists a better index named AUC: “Area Under Curve”. The AUC is the measure of the area “in

between” the blue lift curve and the line. This area is illustrated in grey in the following chart:
age
100 0.16
90 r -
1 0.14
80 .
= 012
70 .
60 - 7 01
50 - = 0.08
an - .
4 0.06
30 .
- D0.04
20 m -
nTarget=12382.000000 1
10 rline=199523.000000 7 0-02
AUC=0.571130
o . . . . . . N R NN
o] 10 20 30 40 50 60 70 80 90 100

By definition, the AUC of the “perfect” predictive model is AUC=100%.

By definition, the AUC of the “random” predictive model is AUC=0%.

In the chart above, the AUC of the univariate predictive model built using the “age” variable is 57.1%
(the area below the blue curve is 57.1% of the area between the green curve and the line).

For many applications (e.g. cross-sell models, up-sell models, churn models), there is only one part of
the lift curve that is of any interest: the very beginning of the lift curve, on the left. This is why, inside
TIMi, we introduced a new notion named the “AUCtop”. Here is the definition of the “AUCtop”:

168 T T T T T T T T

98 -

ga -

7@

68

58

48

EL]

28 -

18 [

_ W1 w|2 1 1 1 1
° a 108 @ 30 45 Ja [i:] 78 80 :T:]
blue area blue area
AUC = ——————— (classical definition of the AUC) AU CtOp = —— (improved definition)
green area green area
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The “AUCtop” only appears inside the TIMi Modeler Analyst Reports: you won’t see it inside the Audit
reports. The AUCtop of a model is defined using two parameters that are named “w1” and “w2”. These
two parameters are defined inside the panel “Pruning” inside the “.CfgXML” editor (by default, this
panel is hidden). To know more about the “AUCtop” of a predictive model, the parameters “w1” and
“w2”, please refer to the TIMiModelerAdvancedGuide.pdf.

6.2.4. Univariate Importance of a Variable

We will define the “Univariate Importance” of a variable X as the AUC of the univariate predictive
model built using only the variable X. The “Univariate Importance” of the “age” variable is thus 57.1%.

The last section of the audit report generated with TIMi Modeler contains a table with all the
“Univariate Importance” of all the variables in the dataset:

Variables sorted on the importance

100.00 % : taxable income amount

(976 % ducation . . .
69.21 % tion code The Univariate importance of the
69.10 % : major occupation © R “ . e

variable “education” is 69.76%

59.66 % : major industry code
57.64 % : weeks worked in year

57.11%: age

55.42 % : detailed industry code

54.74 % : detailed household and family stat
52.88 % : num persons worked for employer
51.75 % : tax filer stat

51.61 % : class of worker

51.22 % : detailed household summary in household
42.95 % : marital stat

33.32 % : dividends from stocks

32.63 % : sex

31.53 % : full or part time employment stat
29.53 % : family members under 18

25.79 % : veterans benefits code

18.86 % : capital gains

10.80 % : country of birth father

T

It means that, if we use the information contained in the column “education” alone to predict the
target, we will get a lift with a AUC=69.75%. Let us have a look at the lift chart of the (univariate) model
built using only the column “education”:

education
- 0.5
- 0.4
- 0.3
1 0.2
4 0.1
nTarget=12382.000000

10 nline=199523.000000
AUC=0.697554

D I 1 I 1 1 1 1 1 1 1 1 1 n 1 1 1 - 1 - 1 D
0 10 20 30 40 50 &0 70 g0 Q0 100
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education

nLine=199523 nModality=18 targetMean=6. 205801 %

a0000 -
BO000 | = 50

70000 ~ -
- 40

60000 - -
50000 F = 30

40000 - -
30000 | - 20

20000 -
- 10

10000

m .

|

12th grade no dip..
11th grade

7th and 8th grade
10th grade

1st 2nd 3rd or 4t..
5th or &th grade
9th grade

Less than 1st gra..
Children

missing

Bachelors degree(.. { -

Masters degree(MA.. 1 .

Prof school degre.. ||
Doctorate degree(.. ||
Associates degree..
Associates degree..
Some college but ..
High school gradu.. 1

What can we conclude about the education level of a person?

A higher education means a higher chance to be wealthy on adult age. Interestingly, the “Doctorate
degree” (the second from the left) study does not seem to pay off at the end. So, if you want to be
wealthy, you should study for a long time and stop before the “Doctorate degree”. Apparently, too

much studies fries your brain!

Is the gender of the person related to its income?

Let us have a look at the column “sex”. We observe:

«£xX
nLine=199523 nModality=3 targetMean=6.205801 %
200000 f -
- 10
150000 [ _—
- 6
100000 F -
-4
50000 f -
-2
0 &= 0
&
Univariate RUC= 32.63 % Count % Count Proba %
Dataset DataSet Target Target Index
Male 95539 47.9 9719 10.2 163.9
Female 103934 52.1 2663 2.8 41.3
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It appears that the “Males” have a lot more chances to be wealthy than “Females”.
We could say this chart contradicts the hypothesis of gender equality quite a bit!

We can continue to analyze the dataset, column by column, for a long time. In one way or another,
almost every variable has some impact and could be (more or less) well suited to predict if a person is
wealthy or not (i.e. to predict if a person is “inside the target”). In reality, only a small subset of the 42
columns is really needed to predict accurately the target. In this “demo” situation, we only have 42
columns but most real-life datasets often have hundreds or thousands of columns/variables. In the
CRISP-DM methodology, a careful review of every variable is required prior to a predictive modeling
exercise. With TIMi Modeler, while are careful review of some variables is still needed, the process
tends to be much faster.

To figure out which variables are really important, the easiest way is to find out which can be included
inside a predictive model.

Let us then proceed to the next step: open the “Config File editor”: click on the
Start Multivariate Prediction analysis button:

£ TIMi Type Var File Editor - F:/TIMifincome3feensus-income. TypeXML - ] ®
File Actions Windows Help

Editor Validator Analysis Execution Loy

min Modality size= 0.0001

MB

Rbin Univariate Analysis maxMemConsumption=

Discard Mominal Varizbles with more than | 2000 modalities

0%

Explore Results Comments
Open ALIDIT report

MS WORD MS EXCEL T

Start Multivariate Prediction analysis

Start Segmentation Analysis

You can now close the “Type Var Editor” application and the “Microsoft Word” application (the file
“census-income_AUDIT.doc” was still visible inside Microsoft Word).

6.3. Build a Predictive Model: The Config File Editor (Step 3)

There are three ways to start the Config File Editor:

7 1. Create a new Config File using TIMi Modeler and open it directly after creation (this is
normally what you just did)

Create
2. Click the | predictive Models = button in the main menu of TIMi.

3. Double-click on a “*.CfgXML” file inside an explorer window.
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Here is an illustration of the “Config File editor”. You can directly Click on the “CREATE MODEL" tab:

& TIMi Config - F:/TIMifincome3/census-income. CigXML - [m| X
File Tools Additional panels  Windows Help
TIMi Select Variables Select Lines [ Segment Target Definition CREATE MODEL Apply model Execution Log

By TIM

automated modeling

Open config file
TIMi: D:/Mindows buildxs4 Description file: F:{TIMiljincome3census-income. DescXML
INTERFACE LEVEL: advanced
... then click on the “Run TIMi Modeler” button:
¥ TIMi Modeler Config - F:/TIMi/income3/census-income. CfgXML — O *

File Tools Additional panels Windows Help
TIMi Select Variables Select Lines / Segment Target Definition CREATE MODEL Apply model Execution Log

Purpose of Predictive Model

; - . Performance/Efficiency Insight | Yse Smart Activate
Build predictive model for : O (with many variables) ® (with few variables) for Performance Mode

Run TIMi Modeler

0%
GroupBox
View Word View Excel View HTML Open latest Proceed With
Analysis Report Analysis Report Analysis Report output directory Segmentation Analysis
Charts
Overfitting Check 2 Final Model

After a few seconds of computation, you should see this message:

‘ﬂ' Execution Log >

ﬁ Analysis finished successfully,
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The working directory now contains one additional subdirectory named “census-income_000": see
the illustration below:

| & = | FATIMiNincome3 — O X
Home Share View 0
« N <« TEMP(F:) » TMi » income3 v O L2 Search income3
MName - Size Type Date modified
census-income_000 File folder 7, 021 11:03

census-income_univPlot File folder 021 11:00

Fa census-income. CfgaML 5KB TIMi Config file 021 11:00
census-income.DescXML 29KE  TIMi Description file

Be census-income, TypeXML TKB  TIMi TypeXML file

B census-income_AUDIT.doc 190 KB  Microsoft Word 97 -...

.J census-income_ AUDI Tt 92 KB Text Document

B census-income_AUDITxlsx 103 KB Microsoft Excel Wor...

= census-income_AUDITxml 55KB XML File

9 items =

And now a small explanation about what just happened: We just asked TIMi Modeler to build a
predictive model using all the lines and all the columns of our dataset. This newly created predictive
model will be used to compute, for each individual in the dataset, the probability to be “inside the
target” (to have an income level above $50K). The results of all these computations are stored inside
the directory “demolncome_000":

| & = | FATIMiNincome3\census-income_000 — O e
Home Share View o
<« A <« TIMi » income3 » census-income_000 ] £ Search census-inc...

MName Size Type
histo File folder
si‘ census-income Model XML A5KB  TIMi Model file
E census-income_3_OverPruningControl.png 16 KB ACDSee PNG Image
E census-income_4_CheckOverfitting2.png 16 KB ACDSee PNG Image
E census-income_5_FinalModel.png 15KB  ACDSee PNG Image
E census-income_6_ScoreToProba.png 11KB  ACDSee PNG Image
¥ census-income_analysisReport.doc 334 KB Microsoft Word 97 - 2003 ...
B census-income_analysisReport.xlsx 43 KB Microsoft Excel Worksheet
£ census-income_analysisReportxml 41KB  XMLFile
£ census-income_graphsxml 107 KB XMLFile
10items =

|”

The “census-income_analystReport.doc” and “census-income_analystReport.xml” files have the same
content. The only difference between these files is: « Most of the time, the .doc file is the one you are
interested in. The “.xml” is only useful for the automatic generation of commercial reports. ».
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Let us have a look at the “census-income_analystReport.doc”:

[5a)

census-income_analysisReport.doc [Compatibility Mode]

Home Insert  Draw  Design  Llayout  Referances  Mailings  Review Help  ACROBAT ~ Q Tell mewhat youwant todo

I: .] D E‘@ [=] Outline [1 ID gg ] Ruler Q [‘; [E] One Page D’EI E D [ View Side by Side ED"] DI;T
= Draft [ Gridlines El [ Multiple Pages
Read | Print | Web Immersive | |Vertical| Side Zoom 100% New Arrange  Split Switch | Macros | Properties
Mode [Layout| Layout Reader to Side Navigation Pane 0 Page Width Window Al Windows ~ ~
Views Immersive Page Movement Show Zoom Window Macros SharePoint o~
Navigation M S
Search document - - P -
s 1- The Intelligent Mining Machine ‘b Analyst report v12.29
Headings  Pages  Results
oo Colipog oo i fTa rget: Column: taxable income amount
Discriminative Variables ranking
Lifts
General Counts H i H 3 H
Discriminative Variables ranking
Variables that have been pruned Importance Univ.Import. correlation Weight In INDEX [%] Mecdalities
G 151 1 with Target[#]  Medel[%] Min Max  Highest Positive Discrim.
uspicious Variables (removed..
Variable Ignored 1 capital gains 5.8 18.5 14.4 100.0 3.8 " 1425.0 18481<v<=95898 I
4 Statistics for Variables in Model 2 detailed occupation code 5.6 73.5 14.4 8.7 41 A AN~ 1102.2 G<ve=T
o 3 dividends from stocks 2.8 34.3 19.8 64.2 6.3 1087.1 14857<v<=98895 [
capital gains 4 sducation 4.2 89.7 4.2 58.7 z.0 £70.9  Prof schocl degree (MD .. | [ ]
detailed occupation code 5 veterans benefits code 3.8 25.8 22.8 -53.4 130.4 /S 187.8 Deve=l o I
dividends from stocks 6 capital losses 3.2 8.6 8.4 57.8 12.5 N 1164.6 1974<ve=1oe0 M
P 7 detailed household and family stat 2.9 54.5 25.0 30.4 0.1 S 237.6 Houssholder Jall |
8 age 2.8 58.1 23.8 26.5 0.6 o e 275.6 46<v<=47 D
veterans benefits code S wage per hour 2.7 5.8 1.5 19.8 12.2 7 581.3 1999<v<=9959
capital losses 10 weeks worked in year 2.4 57.7 43.8 13.4 6.4 2335 51<v<=52 1
A e e ] 11 enroll in edu inst last wk 2.4 6.5 34.1 -16.0 12 N\ 106.5 Not in universe
alled heusenald andia.. 12 detailed industry code 2« ] e1.c EEED 250 E ] 133 ] 5.5 A A~ 43700 24<v<=25
age
wage per hour
weeks worked in year .
T Lifts
detailed industry code .
Highest Univariate Quality of v Pruned Model on Test Set Final Model
Model Original Variable Weight census-income Pruned Mode! on testBCreation set census-income Final Model
Gain chart on Test set 100
T T T T 2 14 T — 14
Gain chart on Full set I i
|
A oL | —
J 412 {12
80 1 ]
, 41 41
70 4 1 ]
60 ( 408 408
50 4 4
EE ERD
40 H 1 1
] 04 Joa
30 H 1 1
Var=12 Var=12
2 WI=020 02 wi=0z0 102
w2045 1 | w2=048
StdDevAUC=0.00540 (test) StDevAUC=0.005340 (test)
10 stdDevAUCtop=0.007958 {test) stdDevAUCtop=0.007958 (test){
q 0
o s L . L I L L . L 0 L L . s L L L . L
0 EU T ) 50 60 70 80 90 100 ] 0 20 30 40 50 60 0 80 90 100
test(blue)  AUC=0.858975  AUCtop=0.765514 nline=39905  nTarget=2475. 000000 testllight)  AUC=0.858975  AUCtop=0.766514 rLine=39805  rTorget=2476.000000
qeat(red)  AUC-0.860788  AUCop=0.764597 nLine=15%18  Target=9904.000000 Fulldak)  AUC-0861532  AUCtop=0.764973 nLine-=199523  nTarget=12382000000
< »
Page1of14  3711words  Ehglish (United States) B Display settings B2 B - ———]+ 160
To see the left panel inside Microsoft Word here I click in the toolbar on the category menu “View”
p insi i , click i gory u “View

and then check the checkbox named “Navigation pane”:
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Let us see what are the best columns used to predict accurately the target. During a predictive
modeling exercise, the columns of the dataset are sometimes referred as “variables”. Our predictive
model does not use all the “variables” or “column” of our dataset to compute its prediction: i.e. It only
uses 12 columns out of 42. Theses 12 columns have each a different importance: Some columns are
*very* useful to predict the target, some other are nearly useless. Click in the “Document Explorer”
panel on “Discriminative Variables ranking”. See illustration:

Importance Univ.Import. correlation Weight In INDEX [%]

Modalities

%] %] with Target[%] Model [%] Min Max Highest Positive Discrim.
1 capital gains .8 1o.sl 1 el ] 1coo N :.: " 1425.0 13481<v<=09392 I
2 detailed occupation code & 73.5 14.4 88.7 21 A~ 11022 [
3 dividends from stocks .8 34.3 19.8 64.2 62.8 1087.1 14357<v<=99335 |
4 sducation .2 £9.7 4.2 58.7 2.0 870.8  Prof school degres (MD .. T | [
5 Yeterans bensfits code .6 25.: 1 23] -s3.: ] 130.2 187.6 o<ve=1 o M
& capital losses .2 8.6 8.4 57.8 12,5 N 1164.6 1974<v<=1820 I
7 detailed household and family stat .9 54.5 25.0 30.4 0.1 rm— 237.8 Householder l.l - 1
3 age .8 58.1 23.8 26.5 0.6 o T 275.8 g6<cve=a7 [0 ——
9 wage per hour .7 5.8 1.5 1 19l ] 1z2.2 " 591.3 1988<v<=5999
10 weeks worked in vear .4 7.7 43.3! 13.4 E 8.4 e~ 2385 S5leve=52 | 1
11 enroll in edu inst last wk -4 6.5 34.1 -16.0 1.2 \_, 106.5 Not in universe N
12 detailed industry code .4 1.4 as.o 1 133D ] 8.5 A~ Ao~ 83700 24<ve=25 |
H H o H H 4 7 H
We can see that one of the best column to predict the target is “capital gains”. That’s not a surprise!
. “« ” - . . . . . .
The variable “age” has a non-negligible importance. One possible interpretation of this high
importance is that you have to wait to have the right age to be wealthy. Young people have very little
chance to be wealthy.
. 1% ” P
Let us have a closer look at the variable “age” again:
=] census-income_analysisReport.doc [Compatibility Mode] - Ward
File  Home Inset Draw  Design  Layout  References  Mailings  Review  View  Help  ACROEAT G Tell mewhatyou wanttodo £ Share
Navigation v & age
Search document o census-income age
rline=195523 Modalty=90 targetMean=6.205801 %
Headings  Pages  Results s
Target: Column: taxable incom... 000 |- - 16
Discriminative Variables ranking
Lifts so00 | - 14
General Counts 12
Technical Parameters 000 |
Variables that have been pruned 10
Suspicious Variables (removed.. 3000 | 8
Werrat =l 111
4 Statistics for Variables in Model 2000 | e
capital gains 4
detsiled occupation code 1000 | )
dividends fram stocks
education o0 Lebidsce - o
veterans benefis code gliiiviis EERRE EE
—— Ll PyyivEYeYIYeIey
Srcitha g v VUYUUNVEIINIL YLy
detailed household and fa... eSS 22 RRARRARGRG
== Univariate AUC= 58.10 % Count Count. Proba %
wage per hour Dataset DataSet Target Targst Index
weeks worked in year — e 2 = o =
enroll i edu inst last wk O<ve=1 3128 1.6 a 0.0 0.0
detailed industry code é“ii 3;?5 i-z g 8-3 g-g
Highest Univariate Quality of v... e el e = o ¥
Model Original Variable Weight 4<ve=s 3332 1.7 0 0.0 0.0
T —— 5<v<=6 3171 1.6 0 0.0 0.0
feve=T 3218 1.6 0 0.0 0.0
Gaihatotlups T<v<=8 3187 1.6 0 0.0 0.0
Bev<=a 3162 1.6 0 0.0 0.0
gev<=10 3134 1.6 0 0.0 0.0 -
4 o i e 0 - c c L4
Page 80114 3711 words  English (United States) =3 B Display Settings ) B ———H——+ 160%
. . . . . . “« ” o
Note that TIMi Modeler has now decided that it needed to cut/discretize the variable “age” in 90
s ” “" i ” H H H H H o 4
bins” or “modalities” to obtain a good prediction accuracy (compare this with the chart of the “age
generated for the AUDIT report: we had only 15 modalities/bins).
}‘_‘ b W Sales@tlml.eu www.timi.eu
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Let us have a look at the quality of prediction of the model produced by Modeler! On the “Document
Map”, click on the “Lifts” section. Look at the dark blue line.

s

census-income_analysisReport.doc [Compatibility Mode] - Word Sign in

Home Inset Draw  Design  Layout  References  Mailings  Review  View  Help  ACROBAT (@ Tell me what you want to do

Navigation v

5 Lifts

Headings  Pages  Results Pruned Model on Test Set
T s T 2T R census-income Pruned Model on test8Creation set
Discriminative Variables ranking
Lifts —

General Counts

Technical Parameters

Variables that have been pruned
Suspicious Variables (removed...

Variable Ignored

n

Statistics for Variables in Model
capital gains
detailed occupation code
dividends from stocks
education
veterans benefits code

capital losses

detailed household and fa...

age

wage per hour

weeks worked in year

enroll in edu inst last wk

detailed industry code
P : FUUETOUUN FOURY U DUUESUORY FOUUU-SUON SUVRRTOUOP! ODUEIOTTN PRIt Gt

Model Original Variable Weight Wi=020 N

Gain chart on Test set S w2=045 .

Gain chart on Full set stdDevAUC=0.005840 (te st)
sdDevAUCtop=0.007958 (test)-

0 L L
0 10 20 30 40 50 60 70 80 90 100
test(blue) ~ AUC=0.858975  AUCtop=0.766514 nline=39905  nTarget=2478.000000
creat(red) AUC=0.860788 AUCtop=0.764597 nLine=159618 nTarget=9904.000000
4 »
Page 1of14  3711words  English (United States) B2 B Display Settings ~ EF B -——+ 190%

The model produced by TIMi Modeler has a AUC= 85.8% (on the test set). This is quite good. You can
now close the “Microsoft Word” application (the file “demolncome_analystReport.doc” was visible
inside Microsoft Word).

| 33

sales@timi.eu www.timi.eu


mailto:sales@timi.eu
http://www.timi.eu/

TIMi

7. An example for a Continuous target

We will now build another kind of predictive model: a predictive model that predicts a continuous
value, in opposition to the other sections above where the target was binary (0/1). We will study the
dataset named “continu_weight”. This dataset contains on each line a different person. For each
person (on each line of the dataset), we measured various body circumference lengths. Based on these
lengths, we want to predict the weight of each individual. Let us start by defining where is located our
dataset! Run the Datasource Editor and enter the following:

L¥ TIMi Modeler Data Source Editor — O x
File  Windows Help
Main Show DataSource Execution Log
Character used for Decmal Mark : I:l
Data Source Definition

@ Csv file/TXT fle (O Anatella fle (O SAS fle (O ODBCLink () OleDBlink () SQLite file

Browse Dataset| | Browse Last

FileName: |C:fsn&fl‘lMi,’AnahellaDemn,fdatasets,fcnnhnu_wewghtrar Repasitory Used Dir

@ comma (O HasH (O SEMICOLON () Tabulation

S —
The first line of CSV file contains the column names
[ character encoding is UTF-8

Separator:

RAR password (optional): |

TIMi Modeler project Settings
Working directory containing all the Analysis Results:

() Use datsset directory (@) Use: |F:,|"I'IM\,i'weight Browse

Project Name (. TypeXML): |cont|nu_wa|ght ‘ Browse

Favar predsion over high-compression-ratio
]
Read all the « | lines to perform the guess for in-memory dataset storage
Start Analysis
{Generate . TypeXML File)

Press the button to generate a new .TypeXML and edit the newly generated .TypeXML file. Enter the
following:

&> TIMi Type Var File Editar - F:/TIMi/weight/continu_weight. TypeXML - O X
File Actions Windows Help
Editor Validatar Analysis Execution Log
Filter 1 Filter 2 Filter 3
Mo Filter - ) ) ; 26
[ activate l:l Invert [ [ activate l:l Ivert (] [ activate | ListVar | Invert [
Standard Parameters Advanced Parameters
Column Name Type Ilgnore Graph  Dummy Ilustrative Comment 2

( key ) O O nOce= 507

Biacromial_diameter Value Il O nOce= 113

Wrist_minirmurn_girth Value Il O nOcc= 64

Age Value Il O ndcc= 44

. Value
Height Nominal [l O nQce= 147
Binary
Gender Key [ O 1.0 w
} } erPITERE
Select Variable activatefignore ‘ ToractC Chart & Graph Create Dummy
All Activate Ignore ‘ Mominal Binary [ force Yes Mo es Mo
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We just selected the column “Weight” as our “Continuous Target” and the column “key” as our
primary key. Run the “Univariate Analysis”. You obtain a “weight_AUDIT.doc” file. Open this file and

look at the variable “age”:

nLine=507

a0

80

70

60

nModality=16

Age

targetMean=69.147535

- 78

50

40

30

20

10

i L4
.ﬁ-‘&

X

'y
£ FF
.r-.r-,,ill-.ﬂ-
AR AR R R

- 66
64
62

60

What do we see on the chart above? When we look at the green bar, we see that there are inside our
dataset 50 people that are between 32 and 34 years old. Looking at the red line, we see that these

=] (LI

File Home Insert Draw

Navigation SRS

Search document o~
Results

Headings  Pages

Target: Column: Weight
Discriminative Variables ranki.
Graphics
General Counts
Technical Parameters
Variables that have been pru
Suspicious Variables (remove.
Variable Ignored
4 Statistics for Variables in Mo.
Height MEAN
Waist_girth.MEAN
Bicep_girth. MEAN
Calf_maximum. MEAN
Hip._girth. MEAN
Thigh_girth. MEAN
Chest_diameterMEAN
Elbow_diameter MEAN
AgeMEAN
Chest_depth. MEAN
Model Original Variable Weight
Gain chart on Test set
Gain chart on Full set

same persons have a weight of 68.9 Kg in average.

Open the newly generated “.CfgXML” file editor and run the multivariate analysis: click on the “Run
TIMi Modeler” button. Open the final Analyst report inside MS Word. You should get something like

this:

continu_weight_analysisReport.doc [Compatibility Mode] - Word

Design  layout  References  Mailings  Review  View  Help  ACROBAT Q' Tell me what you want to do
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Interestingly, the model does NOT use the variable “gender”. Some physicians claim that Males have
bigger and heavier bones than Women and thus are inherently heavier. The results presented here
contradict this hypothesis since the variable “gender” is not used by the predictive model to do the
prediction (Note that this effect could be the result of the relatively small size of our sample: i.e. our
sample could be slightly biased).

Let us look at the first graphics (usually named “dot cloud graphic”):

continu_weight final model on Full
T T T T T T T
110 -
+
100 + ¥ n
* +
+
+
+ R +
90 - ++-h- + -
AT
#- +
+ +*
+
+ + +
B0 | + +r -
+ + +
++ +H*
+ +
70 . =
et
+
+ % -H}
60 | -
+
Py
50 ¢ -
7
T+
1t 1 I I 1 I I 1
G 60 70 BO 90 100 110
MAE=1.70643 RSquared=0 969604 nLine=507 rvar=10
RMEE=Z=446

Each point in the “dot cloud graphic” represents a prediction for one individual. The X-coordinate of a
point represents the real value to predict. The Y-coordinate of a point is the prediction value. If all
predictions are perfects, all the points are aligned on the blue diagonal. We see on the graphic above
(look at the red circle) the following: For the people that have very high weight (above 95 Kg), the
predictions are too low: the prediction under-evaluate the real weight.

When we apply the model on the whole (full) dataset, the “Mean Absolute prediction Error” (MAE) is
1.70 Kg. It means that, in average, the predictions are wrong by an offset of 1.70 Kg.

On the graphic, you also see a red horizontal line centered at 69 Kg. This is the average weight of the
people inside the dataset. On some difficult problems (not this one), it is impossible to predict
anything. In such difficult situation, TIMi Modeler delivers a predictive model that always predicts the
same constant value: i.e. The average of the target (and then, all the points will be aligned on the red
horizontal line).

To summarize:
- when the predictions are easy  to do: All the points are aligned on the blue diagonal line.
- when the predictions are difficult to do: All the points are aligned on the red horizontal line.
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Let us look at the second graphic:

continu_weight | Pruned Mode on Test Set

10 F T T T

i

50 55 60 63 70 75 B0 B35 90 95

Red:eror
Blue: abs error MAE=1.79687 RSquared=0.963613 nLine=102 mdar=10

What do we see on the graphic above?

For the people around 55 Kg (on the X-axis), the absolute prediction error is (95% of the time)
between 2.6 Kg (point 1) and .04 Kg (point 3). For these persons, in average, the absolute
prediction error is 1.3 Kg (point 2).

For the people above 80 Kg, the red line is clearly below the zero axis (point 4). It means that
the predictions for these persons have strong negative errors: the predictive model under-
evaluate the real weight of the persons (this is confirmed by the analysis we did on the
previous “dot-cloud” graphic).

For the people around 77 Kg, the red line is clearly above the zero axis (point 5). It means that
the predictions for these persons have strong positive errors: the predictive model over-
evaluate the real weight of the persons.

The dark blue line is higher on the right than on the left: it means that the errors of prediction
are higher for heavy persons.

8. Optional steps for binary targets

8.1. Deployment of a predictive model on unknown datasets

Usually, predictive models for binary target are used for applications like customer acquisition, cross-
selling, up-selling, churn prevention, etc.

The predictive model that we built in section 7 of this document is typically used for fraud prevention.
Using this model, we want to detect people that cheated when they answered to the question “Do
you earn more than S50K per year?” on their IRS form. The taxation is higher for people that earn
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more than 50.000 dollars per year and thus people are always tempted to cheat and say: “/ earn less
than 50.000 dollars per year”.

Using our predictive model, we can compute the probability to be inside the target (i.e. “to earn more
than 50.000 dollars per year”) for all the persons in a given dataset. The persons that are not inside
the target (i.e. the persons that said: “I earn less than 50.000 dollars per year”) and for which the
predictive model still says that they have a very high probability to be inside the target (i.e. “to earn
more than 50.000 dollars per year”) are suspicious (Don’t worry! This will be re-explained in more
detail on an example later).

Let us apply the model on a dataset and find out the persons that are suspicious!

Re-open the “Config File editor”, go to the “Apply Model” panel, click the “Use latest model” button
and click the “Run Apply” button: See the illustration below:

£F TIMi Modeler Config - F/TIMi/income3/census-income,CigkML — [m} >

File Tools Additional panels  Windows Help

TIMi Select Variables Select Lines [ Segment Target Definition CREATE MODEH Apply model ecution Log

< Use Latest Model del |F:ﬂ'{MiﬁncnmeE,"census-incnme_DDD,."census4ncnmE.Mnde|¥ML Browse Model

Data Source

(@) CSV/TXT Separator: | COMMA v () Anatella File () sAS file () Standard Edit

Browse Dataset| | Browse Last
Repository Used Dir

FileMame: | C: fsoft/TIMi64/AnatellaDemo datasets /census-income. rar

Output
Output Directary |F:,."I'IMiﬁncomercensus-incnme_DDD | Browse Dir

generate XML drift report generate MS WORD drift report  [_] force apply

Apriori correction

Mode: Mo correction (Target Density in Apply Dataset is the same as in Learning Dataset.) -

Command:

D: Mindows buildX64/timi.exe -adw census-income. ModelXML - COMMA C: fsoft/TIMi64/AnatellaDemo /datasets /census-income. rar

< Run Apply > Open output directory Save command in Batch File

After a short time, you should see:

£¥ Execution Log *
ﬂ' Model Apply finished successfully.

By default, the predictive model will be applied on the same dataset that was used to create the model
(here: “census-income.rar”). Most of the time, you will have to change this default settings to apply
your model on the latest version of your customer database. The datasets on which we apply our
models are commonly named the “apply datasets” or “scoring datasets”. Click the “Browse Dataset
Repository” button to change it.
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If you only have the predictive model file (the “.ModelXML” file), you can still apply directly
your predictive model using the “Use Model” window.

There are two ways to open the “Use Model” window

1. Click the “Use Predictive Models” button inside the TIMi main menu:

b TIMi Suite - Main Menu X

Main Manage TIMi System

CREATIVITY THROUGH EFFICIENCY

The Tools

B>Modeler T Kibella

autemated modeling muitivariote 30

o

data in motion

service Bl

Predictive Modeling with TIMi Modeler
Standard Mode for Modeling

Select Audit Create v Use
Data Source Data Predictive Models Predictive Models

Run Simple Modeling Wizard

2. Double-click on your “.ModelXML” file inside the MS-File Explorer.

This window should open:
£ TIMi Use Madel - m] x

Windows Help

Model: | | | Browse

Apply Model Profit Explorer Model Exportation Execution Log

Data Source

(®) CSV/TXT Separator: | COMMA ~ () Anatella File () sAS file () standard Edit

. . Browse Dataset| | Browse Last
FileName: | | Repository Used Dir

Qutput
Output Directory | | Erowse Dir
generate XML drift report generate MS WORD drift report [ force apply

Apriari correction

Mode: |Mo correction (Target Density in Apply Dataset is the same as in Learning Dataset.) -

Command:

Run Apply Open output directory Save command in Batch File
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After “applying” your model on your (scoring) dataset, there are now five more files inside the output
directory “demolncome_000":

i = Manage FATIMivincome3icensu... — O *
Home Share View Picture Tools o
&« v 4 4 iNCO.. * CENSUS-INCO.. v | 0 /2 Search census-income_000
MName - Size Type
DriftOut File folder
histo File folder

Omitted files

¥ census-income_On_census-income_drift.doc 598 KB  Microsoft Word 97 - 2003 ...
= census-income_On_census-income_driftxml 38KB XML File

= census-income_On_census-income_graphs.xml 3KB XML File

E census-income_On_census-income_Lift.png 13KB  ACDSee PNG Image

B census-income_On_census-income_prediction.csv 5768 KB Microsoft Excel Comma 5.

16iterms 1 item selected 14.3 KB =

The “demolncome_appliedOn_census-income_lift_apply.png” file is a graphics of the lift that
represents the performance of the model on the specified dataset. Double-click the ‘.png’ file:

d-ernoIncome_Dn_census-incole' M k___ ‘.;-5- apply
e
100 - T T " T " T T T T - : " 1

S0

80

70

60

50

40

30

20

10

0 H | H | H | H | - | H | H | H | H | H 0
0 10 20 30 40 50 60 70 80 a0 100
nLine=199523 wil=0.20 w2=0.45

nTarget=12382.000000 AUC=0.860380 AUCtop=0.7645966

|”

The “*_graph.xml” file can be deleted (it is an intermediate file to produce the “.png” file). Double
click the “demolncome_appliedOn_census-income_customerListApply.csv” file! (Microsoft Excel
might complain that the file is too big but it doesn’t matter).
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You should now see inside Microsoft Excel the following:

s census-income On_census-income prediction.csv - Excel  [|EPTE B -

File Home Insert Page Layout Formulas Data Review View Developer Help Q Tellme 1 Share

-“-D % Calibri RRREE = % EfZ) Conditional Formatting ~ = o
ERy ~ ~ | A A 2] -

Paste EE oo A A Alignment | Number ':Format =jeis Cells Editing

. oS- A = = [57 Cell Styles~ = =
Clipboard & Font [F] Styles ~
Al30 - fx 124431 v

A B i« D E F G H -

1 |key PROBABILITY BAND BAND_QUANTILE_:BAND_PROBA TARGET ~

139| 194454 0.914527617
140| 182260 0.91445716
141 143242 0.913910518
142 84153 0.913841439
143 60215 0.912285441
144| 180494 0.912130041
145 96489 0.911883796
146 51245 0.911848991
0.911702398
0.911073784
0.910930816
0.910527639

L i

SRR R R R R R R RRRRPRRRBRRRRRRRRBRBRB
PR R RPRPRRPRRPRRPRPRPRPRRPRRERRPERRRREP BB BB P

B R R R R R R R R R R R R R RBRRBRRRBRBERERBRH®R

151 48905 0.910468785 1

152 58346 0.910332966 1

153 3272 0.910249486 1

154 111727 0.910171768 1

155 2152 0.910171768 1

156 191302 0.910016009 1

157 52269 0.910016009 1

158, 176021 0.909920425 1

159 120866 0.909887162 1

160, 128533 0.909727814 1

161 194489 0.909727814 1

162 7097 N ANA?R1AAR 1 -

i  On_ i - ® 4 3

Ready F® =i M -—a—+ 120%

Each line of the Customer-List file represents a line of our “apply dataset”. Thus, in our case each line
represents a person.

Look at the line 139: it means that the person with the primary key “194454” has 91.45% chances to
be a target (i.e. has 91.45% chances to have an income level above $50K). You also see that the person
“194454” was a target inside our dataset (i.e. the cell F139 is “1”).

The person with a primary key “18945” on line 149 is NOT marked as a target inside the “apply
dataset” (see the cell F149). Strangely, the TIMi Modeler predictive model has estimated that this
same person has a probability of 91.09% to be a target. This is very suspicious. My guess is that the
person “18945” declared a low income (below $50K) to avoid paying heavy taxes. He is cheating.

8.2. Profit Explorer

Most of the time, Predictive modeling techniques are used to acquire new clients during a marketing
campaign. Let us now assume that we want to sell a product to a list of potential clients. The target to
predict is “Will this client buy my product?”

Inside this context (and referring to the Microsoft Excel view above), the prospect “18945” does not
have my product (yet), because the cell F149 is 0, but he has 91.09% chances to buy my product if |
propose my product to him. He is a very good potential customer. We should contact him! We should
also contact all the other persons that have a “high” purchase probability. But what is a “high”
purchase probability? Is it 90% or 70%? Obviously, there is a choice to be made. The “Profit Explorer”

| 41

sales@timi.eu www.timi.eu


mailto:sales@timi.eu
http://www.timi.eu/

TIMi

application will help you to make this choice. Open now the “Profit Explorer”. Simply click on the
“Profit Explorer” tab inside the “TIMi Use Model” Window:

£ TIMi Use Model — O X
Windows Help

Model: | | Browse

Apply Model Profit Explorer Model Exportation Execution Log

Data Source
(@) CSV/TXT Separator: | COMMA ~ ) Anatella File () sas file (O standard Edit

y . Browse Dataset| | Browse Last
FileName: | Repository Used Dir

Output
Output Directory | | Browse Dir
generate XML drift report generate MS WORD drift report  [_| force apply

Apriori correction

Mode: Mo correction (Target Density in Apply Dataset is the same as in Learning Dataset.) -

Command:

Run Apply Open output directory Save command in Batch File

There are two ways to open the “TIMi Use Model” window

1. Click the “Use Predictive Models” button inside the TIMi main menu:

B TIMi Suite - Main Menu X

PTIMi

CREATIVITY THROUGH EFFICIENCY

Main Manage TIMi System

The Tools

»Kibella

service Bl

B>Modeler

automated modeling mudtivariote 3D

-

data in motion

Predictive Modeling with TIMi Modeler
Standard Mode for Modeling

Select Audit Create v Use
Data Source Data Predictive Models Predictive Models

Run Simple Modeling Wizard

2. Double-click on your “.ModelXML” file inside the MS-File Explorer.

Let’s now assume that you have already applied your predictive model on a dataset that contains all
the persons susceptible to be mailed for your marketing campaign. You just obtained a Customer-List
file. The first lines of this file contain the “good” prospects that will be contacted (see the previous
section on how to generate the required Customer-List file).
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Let us analyze our Customer-List file to discover how many prospects we should contact! As an
example, we will use the Customer-List generated at the previous step (on the “census-income”

dataset). Click on the radio-button “Lift from Custome
and select our Customer-List file. You should see:

2

FU) and thereafter on the “Browse” button:

£ TIMi Use Model — [u] b4
Windows Help
Model: Browse
Apply Model  Profit Explorer  Model Exportatiop,” Execution Log
O Lift from Test Set () Lift from Full Set Lift from Customer List () Lift from Extrapolation on Customer List
Customer List ‘F:mwﬁncomal{censuswncomajﬂﬂ,’cansus1'ncome70n7cansus1'ncomejredicﬁon‘csv Browse
Profit Plus 0.00807624 | euros  Max Campaign Size 199523 > | prospects
1] 0.001 0.002
] F Perfect Model
1004 - Reference Model
4 ]
EL 0.8 Campaign Cost
b g
— Model
80 L Probability
h - 0.6
1 A
'
60 — '
A r Y]
1 4 3
o &
[o] 1 [}
3 L pam
] 8
2
40
il o2
20
min prob;
o ! =il o
T T T T T T T T T 1
0 20 40 60 80 100
% population -->
Campaign size= 196530,2( 98.5%) Target Tpuched=12382(100.0%) Min Proba= 0.00%
Met Profit= 100.0 campgain cost= 0.4 lift=1.02 NetProfit for random selecton=  98.5
\ Reference
Profit:
I T T T T T T T T 1
0.985
1 2 \ 3 4 5 6

There are now two parameters to adjust:

1. The “ProfitPlus” parameter (ROI): \This parameter is the amount (in euros, dollars, pounds,...)
of money that you will receive if the prospect accept to purchase your product.

2. The “ProfitMinus” parameter (Contact Cost): This parameter is the contact cost. It’s the
amount (in euros, dollars, pounds,...) of money that you have to spend to contact a prospect.

Let us assume that ProfitPlus=“8 euros” and ProfitMinus="1 euros”. Enter these two values inside the

“Profit Explorer”. You should now see:

sales@timi.eu
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¥ TIMi Use Model — O X
Windows  Help
Model: |F:/TIMifincome3/census-ncome_000 /census-income. ModelXML Browse
Apply Model ~ ProfitExplorer  Model Exportation ~ Execution Log
() Lift from Test Set () Lift from Full Set (@) Lift from Customer List () Lift from Extrapolation on Customer List
Customer List |F:,FI'IMiﬁnmmeS{oensus-inmme_OOO[census-inmme_On_oensus-inmmeJ:lredicﬁon.csv Browse
Profit Plus euros  Max Campaign Size 199523 5 | prospects
s0,000 ]| NS e s e Eoonne F I Perfect Model
1 = I Reference Model
7 [=}
1 ; 0.8 I Campaign Cost
i E
50,000 I— Model
B I Probability
40,000 - 0.6
] A
A 1
] S/ L i
A s 0
H 7 \ =
' 30,000 / : [=]
(= i S . o
e ] » Campaign cost : 28900€ 0.4 0
« 3
] &
7 e
20,000 r
7 - 0.2
10,000 N \ ) . F -
] e Ly, Lowest probability
1 of purchase: 11 %
04 -0
I e e e S e e e LA T
0 10 20 30 40 50
% population -->
Campaign size= 28930.8( 14.5%) Target Touched=9747( 78.7%) Min Proba=0.11%
Met Profit= 58792.2 campgain cost= 28930.8 lift= 5.43 Met Profit for random selection= -12772.3
- > =
Profit:
I T T T T T T T T 1 i
1 2 3 4 6 127723

You can adjust precisely, in real-time, the ProfitPlus & ProfitMinus parameters (use the slider!) and
the campaign size to match your desire. The statistics in the lower part of the window are linked to
the position of the optimal campaign size. It is amusing to see that, in the example above, if you don’t
use any predictive technique at all and simply contact randomly 28930 persons, you will actually loose
around 12172 euros instead of gaining 58800 euros!

9. Conclusions
This concludes our (very) brief introduction to TIMi Modeler.
| hope you enjoyed the ride! @

| invite you to play a little more with TIMi Modeler to answer the following question: « Can we predict
if a person will be wealthy at adult age based only on information available when he leaves school? »
Open the “Config file editor”, ignore all variables except these 4 variables:

education

major industry code

marital stat
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sex
..., sSwitch to “performance mode”, and then run TIMi Modeler.

We obtain the following lift:

dd Final Model
100 T T T T _-_Fll_'—l__,_,_,——-—-—
.'_’_.- -
3y | / 407
_ S |
80 /, 4 0.6
70 _’, - 0.5
/ 1
80 | : -
-4 0.4
50 ] —
- 0.3
¢
40 1
402
30 -
mfar=20 q 0.1
20 W1=020 7
w2=045
sdDevAllC=0007175 (test) 0
10 stdbevAUClep=0-009364-(test)—
o 1 1 1 1 1 1 1 1 1 = -0.1
0 10 20 30 40 50 &0 70 80 90 100
testi{light) ALC=0.784570 AlUCtop=0.654862 nLine=39905 nlarget=2478 000000
Full{dark ) AUC=0.790117 AUCtop=0.654337 nLine=199523 rlTarget=12382.000000

The performance of this last model should normally be low because we only used columns that contain
very “generic” information. But since the target is very easy to predict, we still get a decent lift. | can
even say that we get a pretty good lift compared to the optimal lift generated previously! Does this
means that our whole (financial) life is decided for us once we leave school? Is it a possible
interpretation of these results? | hope not! What’s your opinion? | now leave you thinking about these
serious reflections about the Life, the Universe and Everything (don’t forget: the answer is ‘42’11).
See you!

Frank Vanden Berghen, CEO and Founder of TIMi.

! See “The Hitchhiker's Guide to the Galaxy” by Douglas Adams - September 27, 1995.
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Appendix A: The compressed-CSV-file format
The compressed-CSV-file format is one of the most efficient way to store a dataset that will be used
inside TIMi modeler. The abbreviation CSV means “comma-separated value”. TIMi Modeler reads

natively datasets compressed in RAR, ZIP, and GZ. The preferred compression format is RAR.

An example: The following table

Is taxable

income . . country weeks

key | amount | age education marital stat race |sex . worked
above of birth in year

50K ?

1 0 73 | High school graduate Widowed White F USA 0
2 0 58 | Some college but no degree Divorced White M | USA 52
3 0 18 | 10th grade Never married Asian F Vietnam 0
4 0 9 | Children Never married White F USA 0
5 0 10 | Children Never married White F USA 0
6 0 48 | Some college but no degree Married-civilian Indian F USA 52
7 0 42 | Bachelors degree(BA AB BS) Married-civilian White M | USA 52
8 1 28 | High school graduate Never married White F USA 30
9 0 47 | Some college but no degree Married-civilian White F USA 52
10 0 34 | Some college but no degree Married-civilian White M | USA 52
11 0 8 | Children Never married White F USA 0
13 0 51| Some college but no degree Married-civilian White M | USA 52
14 1 46 | High school graduate Divorced White F Columbia 52
15 0 26 | Bachelors degree(BA AB BS) Never married White F USA 52
16 0 13 | Children Never married Black F USA 0
17 0 47 | Bachelors degree(BA AB BS) Never married White F USA 52
18 0 39 | 10th grade Married-civilian White F Mexico 0
19 0 16 | 10th grade Never married White F USA 0
20 0 35 | High school graduate Married-civilian White M | USA 49

... is equal to a “.csv” file containing:

key#ttaxable income amountttagetteducation#tmarital stat#racettsexttcountry of birth#tweeks worked in year

1#0#73#High school graduate#Widowed#White#F#USAHO

2#0#58#Some college but no degree#Divorced#White#M#USAH#52

3#0#18#10th grade#Never married#Asian#F#Vietnam#0

4#0#9#Children#Never married#White#F#USAH#O
5#0#10#Children#Never married#White#F#USA#0
6#0#48#Some college but no degree#Married-civilian #Indian#F#USA#52

7#0#42#Bachelors degree(BA AB BS)#Married-civilian #WhitetM#USA#52

8#1#28#High school graduate#Never married#White#F#USA#30
9#0O#4A7#Some college but no degree#Married-civilian #White#F#USA#52

10#0#34#Some college but no degree#Married-civilian #White#M#USA#52
11#0#8#Children#Never married#White#F#USAH#O

13#0#51#Some college but no degree#Married-civilian #White#M#USA#52
14#1#46#High school graduate#Divorced#White#F#Columbia#52
15#0#26#Bachelors degree(BA AB BS)#Never married#White#F#USA#52
16#0#13#Children#Never married#Black#F#USAH#O

17#0#47#Bachelors degree(BA AB BS)#Never married#White#F#USA#52
18#0#39#10th grade#Married-civilian #White#F#Mexico#0

19#0#16#10th grade#Never married#White#F#USAHO

20#0#35#High school graduate#Married-civilian #White#M#USA#49

The first line contains the name of the columns. Each field (inside a line) is separated from the next
field using a separator character. In the example above, the separator character is ‘#'. In a classical
“.csv” file the separator character is the ‘,’.
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After RAR compression, the size of the file “census-income.csv” is reduced to 4.1 MB. It's a
compression ratio of more than 95% (Usually dataset files are very easy to compress). TIMi Modeler
is able to work directly with datasets in their compressed form (in other word, you never have to
decompress yourself your datasets). The economy in hard drive space is substantial. If your dataset
files are stored on a remote network drive, the compression mechanism of TIMi Modeler allows to
reduce substantially the network bandwidth used when manipulating your datasets.

See the document “DataPreparation churn.doc” to have more information about the construction
of a good Dataset.
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